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Abstract

Multimodal foundation models (MFMs) now show strong representation and generation capa-
bilities. Adapting them to recommender systems is a natural and increasingly central research
direction, since items often contain rich multimodal signals such as text, images, videos, and
audio. Yet MFMs are designed for general representation and generation tasks, making specific
recommendation-oriented adaptation a key challenge. This thesis addresses this challenge from
two connected perspectives: representation adaptation and generation adaptation.

The first perspective studies end-to-end adaptation of continuous and discrete representa-
tions. Continuous representation adaptation jointly trains the MFM representation-learning
pipeline and recommender through real-valued representations, making efficiency a central chal-
lenge. IISAN uses cached decoupled parameter-efficient fine-tuning to reduce computation over-
head. Building on IISAN, we investigate adaptation depth and breadth. IISAN-Versa extends
it to deeper, larger, asymmetric multimodal encoders, particularly pairing a large LLM-based
text encoder with a smaller vision encoder. CROSSAN broadens it to multiple modality-specific
foundation models through cross-modal gated side adaptation. We then consider unified single-
tower embedding models, whose general-domain capabilities pose a distinct challenge: existing
multi-tower methods often become shallow side adapters and struggle with deep-layer adapta-
tion. Stresa addresses this limitation through stream-aware residual adaptation. For discrete
representation adaptation, jointly learning semantic-ID construction and the generative recom-
mender introduces challenges, particularly non-differentiability and codebook collapse. DIGER
tackles these using differentiable semantic IDs and an exploration mechanism that promotes
codebook utilisation while maintaining end-to-end adaptation performance.

The second perspective addresses a gap in the literature: recommendation-oriented gener-
ation adaptation remains underexplored from platform and user perspectives. On the platform
side, although generation can complete missing modalities for item presentation and recom-
mendation model training, its effectiveness in recommendation settings lacks evaluation. MM-
PCBench addresses this gap by benchmarking MFMs on multimodal product content comple-
tion. On the user side, generated content can enter the recommendation ecosystem, yet little is
known about optimising it for engagement. LLMPopcorn investigates the popularity of MFM-
generated content and explores LLMs for popularity-oriented micro-video creation. Across
seven works, this thesis studies MFM adaptation across representation and generation.
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Chapter 1

Introduction

Recommender systems have become essential infrastructure for modern digital platforms, alle-
viating information overload by recommending personalised items from large-scale user inter-
action histories and rapidly expanding pools of user-generated and AI-generated content. Mod-
ern recommender systems increasingly operate in content-rich environments, where products,
micro-videos, music, news articles, and services are described and presented through text, im-
ages, videos, audio, attributes, and their combinations. Conventional recommender models,
however, have typically been built around ID-based interaction embeddings, which makes it dif-
ficult to fully exploit the rich semantic information contained in complex textual, visual, and
multimodal item content (X. He et al., 2017; Hidasi, Karatzoglou, Baltrunas, & Tikk, 2015).
Recent multimodal foundation models (MFMs), including large language models, vision trans-
formers, vision–language models, and multimodal large language models, have demonstrated
strong transferable representation and generation capabilities (Alayrac et al., 2022; Brown et al.,
2020; Devlin, Chang, Lee, & Toutanova, 2018; Dosovitskiy, Beyer, et al., 2020; Jia et al., 2021;
C. Li et al., 2024; J. Li, Li, Savarese, & Hoi, 2023; Y. Liu et al., 2019; Radford, Kim, Hallacy, et
al., 2021). These capabilities make MFMs a natural interface between multimodal item content
and recommender systems: they can encode heterogeneous item content into transferable repre-
sentations and generate new multimodal content for recommendation-oriented applications.

Their relevance to recommendation arises from two capabilities. First, MFMs can encode
item text, images, videos, audio, and multimodal inputs into continuous representations in a real-
valued embedding space for personalised ranking and sequential prediction. Second, MFMs can
generate multimodal content, including product descriptions, captions, images, prompts, and
videos. These generative capabilities support recommendation from both platform-side and
user-side perspectives. On the platform side, MFMs can complete incomplete product records
by inferring missing modalities from available ones, improving item presentation and providing
additional content signals for recommendation-model training. On the user side, especially on
recommendation-driven social media platforms, MFMs can assist users in creating videos and
other content intended to attract engagement and enter the recommendation pool (HaCohen et
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al., 2024; Kondratyuk et al., 2023; Ramesh, Dhariwal, Nichol, Chu, & Chen, 2022; Ramesh et
al., 2021; Z. Yang et al., 2024; P. Zhou et al., 2024).

The direct use of MFMs creates a recommendation-oriented adaptation gap. MFMs are usu-
ally pretrained with broad objectives such as masked language modelling, contrastive image–
text alignment, next-token prediction, visual instruction following, retrieval, or generative like-
lihood. Recommender systems optimise task-specific objectives such as next-item prediction
and personalised ranking. A representation learned for semantic alignment may organise items
according to general visual or textual similarity. A recommendation representation must organ-
ise content according to the distinctions that drive user choice, sequence transitions, and ranking
outcomes. Two products with close visual semantics may differ in function, price, brand, or us-
age context. Two micro-videos with similar topics may receive different engagement because of
pacing, editing style, audio, or creator-side presentation. Recommendation-oriented adaptation
is required to make MFM-derived item representations and generated output serve personalised
objectives.

The representation adaptation gap is also a systems problem. Full fine-tuning can align
foundation encoders with downstream recommendation losses, but it becomes computationally
expensive when item catalogues are large, user histories repeatedly reuse the same items, and
multiple raw modalities must be processed. Parameter-efficient fine-tuning methods such as
adapters, LoRA, and BitFit reduce the number of trainable parameters (Houlsby et al., 2019;
E. J. Hu et al., 2021; Zaken, Ravfogel, & Goldberg, 2021), and recent recommender-system
studies have adopted PEFT for large-model adaptation (Bao et al., 2023; Fu, Yuan, et al., 2024;
Peng, Burns, Chen, Parthasarathy, & Ning, 2023). However, adapter- and LoRA-based em-
bedded PEFT methods still require backpropagation through the large backbone computation
graph, leaving training time and GPU memory as major bottlenecks. This thesis addresses this
efficiency challenge through a series of decoupled PEFT methods, including IISAN, IISAN-
Versa, CROSSAN, and Stresa. These methods separate trainable side networks from frozen
multimodal foundation backbones, enabling cached hidden-state reuse and reducing the practi-
cal cost of end-to-end representation adaptation. The representation adaptation gap also appears
in the emerging generative recommendation paradigm (Rajput et al., 2023). In this setting, items
are represented by discrete semantic identifiers, which are usually derived by encoding multi-
modal item content with MFMs, mapping it into real-valued embeddings, and then applying
quantisation. Directly adapting this semantic-ID construction pipeline is challenging because
quantisation blocks gradient propagation, while directly adopting the default straight-through
estimator (Bengio, Léonard, & Courville, 2013) can lead to codebook collapse. To address this
bottleneck, this thesis further develops DIGER, which introduces differentiable semantic iden-
tifiers with exploratory codebook learning. DIGER enables end-to-end adaptation of semantic
IDs for generative recommendation while improving the stability and expressiveness of semantic
identifier learning.
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The generation capability of MFMs introduces a second, application-driven adaptation prob-
lem. Unlike representation adaptation, which mainly focuses on optimising MFM representa-
tions toward recommendation objectives, generation adaptation concerns how MFM-generated
content can support different applications within recommendation platforms. This thesis studies
this problem from both platform-side and user-side perspectives. On the platform side, MFMs
can be used for multimodal product content completion, such as generating product descrip-
tions from images or generating product images from textual information. When the gener-
ated content is used for product presentation, the key requirement is faithfulness: the generated
modality should recover item information from the available modalities and remain consistent
with the original product. When it is used for recommendation-model training, the key require-
ment is downstream utility: the generated content should provide effective multimodal signals
that improve recommendation performance. Missing-modality and incomplete-content prob-
lems in e-commerce therefore motivate recommendation-oriented product content completion,
where generation must be evaluated through both content fidelity and recommendation effec-
tiveness (H. Li et al., 2020; F. Liu, Cheng, Zhu, Liu, & Nie, 2022; Malitesta, Rossi, Pomo,
Di Noia, & Malliaros, 2024; K. Wang, Shao, Zhang, Chen, & Huo, 2023; B. Zhao, Zhang, &
Zou, 2025). On the user side, generation adaptation focuses on popular short-video creation
in recommendation-driven social media platforms, where MFMs can assist users in producing
titles, prompts, and videos that enter the recommendation pool. We propose LLMPopcorn, an
empirical study that explores MFM-assisted generation of popular micro-videos.

The central question of this thesis is:

How can the broad representation and generation capabilities of multimodal foun-
dation models be adapted for recommender systems?

This thesis addresses the question through two connected perspectives: recommendation-

oriented representation adaptation and recommendation-oriented generation adaptation. The
first perspective studies how MFM-derived item representations can be learned against recom-
mendation objectives. It covers continuous representation adaptation of MFMs and discrete
representation adaptation, both guided by the recommendation objective. The second perspec-
tive studies how MFM generation can support recommendation from both platform and user
sides. On the platform side, generation completes missing product modalities for item presenta-
tion and recommendation-model training. On the user side, generation creates content that may
enter a recommendation platform and compete for engagement.

1.1 Terminology and Scope

Representation adaptation. This thesis studies recommendation-driven adaptation of MFM-
based representation learning in two settings: continuous representation adaptation and dis-
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crete representation adaptation. Both pursue joint optimisation of the trainable representation-
learning components and the recommender.

Continuous representation adaptation. The MFM-based representation-learning pipeline is
trained under a recommendation objective and produces real-valued embeddings ev ∈ Rd for
item v. The term continuous refers to this real-valued representation space. The recommendation
loss is backpropagated through the differentiable representation-learning path to jointly optimise
the trainable parameters of the representation pipeline and the recommender. In Chapters 3–6,
this is implemented through parameter-efficient side adaptation: the MFM backbones remain
frozen, while the side-adaptation modules and recommender are jointly trained end to end.

Discrete representation adaptation. Discrete representation adaptation jointly learns the
semantic-ID construction module and the generative recommender under recommendation
supervision. In Chapter 7, item content is encoded and quantised into a finite sequence of
codebook indices, cv = (cv,1, . . . ,cv,L), where cv,` ∈ {1, . . . ,K`} and K` is the number of entries
in codebook `. Each integer selects a codebook entry, and the resulting sequence forms the
item’s semantic identifier (SID). The recommender receives histories expressed using these IDs
and predicts the IDs of the next item. DIGER addresses the non-differentiable assignments and
codebook collapse through differentiable approximations and exploratory codebook learning,
retaining discrete code indices at inference.

Generative recommendation and content generation. Generative recommendation predicts
identifiers of existing catalogue items, as in Chapter 7. Content generation produces text, images
or videos, as in Chapters 8 and 9. Generating a semantic identifier therefore has a different output
and evaluation target from generating product content or a micro-video. These two meanings of
generation are distinguished throughout the thesis.

Recommendation-oriented adaptation. In this thesis, adaptation means making a founda-
tion model’s representations or generated content useful for a recommendation-related objec-
tive. Representation adaptation changes the trainable components that map item content to rec-
ommendation representations. Generation adaptation includes the evaluation, prompting and
training strategies studied for missing product modalities and content creation.

1.2 Thesis Statement

The thesis advances the following statement:

This thesis argues that recommender-system ecosystems can benefit from multi-
modal foundation models when their representation and generation capabilities are
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adapted to recommendation-oriented objectives.

This statement has two implications. First, this thesis argues that effective adaptation of mul-
timodal foundation models for recommendation requires aligning both representation and gen-
eration with recommendation-oriented objectives. Representation adaptation must account for
diverse item representation forms, MFM architectures, encoder designs, and modality settings,
while generation adaptation must ensure that MFM-generated content serves its specific role
within the recommendation platform. On the platform side, generated content should support
faithful product content completion and improve downstream recommendation-model training.
On the user side, generated content should support content creation for recommendation-driven
platforms, where popularity, engagement, and exposure are central outcomes. Together, these
two implications define adaptation as the process of making MFM representation and generation
capabilities useful for recommender systems.

1.3 Research Questions

Following the two-perspective structure, this thesis addresses seven research questions.

RQ1: How can multimodal foundation models be efficiently adapted through end-to-end joint
optimisation with a recommender in the continuous representation setting? Addressed in

Chapter 3.

RQ2: How can continuous representation adaptation be scaled from paired encoders to larger
and asymmetric foundation encoders? Addressed in Chapter 4.

RQ3: How can multiple modality-specific foundation models be jointly adapted with a recom-
mender in the continuous representation setting? Addressed in Chapter 5.

RQ4: How can deep unified single-tower multimodal embedding models be adapted for recom-
mendation? Addressed in Chapter 6.

RQ5: How can semantic-ID construction and a generative recommender be effectively aligned
through joint optimisation? Addressed in Chapter 7.

RQ6: How should multimodal foundation models be evaluated and adapted for platform-side
missing-modality completion, supporting both item presentation and recommendation-
model training? Addressed in Chapter 8.

RQ7: How can foundation-model-assisted content generation be studied and improved on the
user side when the generated content is intended to gain popularity? Addressed in Chap-

ter 9.
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1.4 Research Progression and Connections

Starting from efficient continuous representation adaptation. The research began with
continuous representation adaptation of multimodal foundation models (MFMs). The objective
was to adapt the MFM-based representation-learning pipeline end to end with the recommender,
using recommendation gradients to shape its real-valued representations. The first obstacle iden-
tified was efficiency: updating large multimodal encoders through the recommendation loss was
expensive in both training time and GPU memory. IISAN (Chapter 3) addresses this obstacle
through decoupled side adaptation and cached frozen-backbone states, allowing the trainable
adaptation modules to be jointly optimised with the recommender.

Extending IISAN to different backbone architectures. IISAN then motivated three comple-
mentary extensions, each targeting a different change in the available foundation-model back-
bones:

• Scale and asymmetry: IISAN-Versa (Chapter 4). The increasing use of large language
models motivated adaptation of larger text encoders alongside smaller visual encoders.
IISAN-Versa extends the architecture to these asymmetric backbones, handling differences in
depth and hidden dimensions.

• Modality breadth: CROSSAN (Chapter 5). CROSSAN extends adaptation from an image–
text pair to four modalities—text, image, video and audio—with separate modality-specific
backbones. It studies how to preserve cross-modal interaction while adapting this wider col-
lection of encoders efficiently.

• Deep unified encoders: Stresa (Chapter 6). As embedding models moved towards larger
LLM-based single-tower architectures that jointly encode multimodal content, the adaptation
problem changed from connecting separate towers to using deep hidden states within a uni-
fied model. Stresa develops stream-aware side adaptation to preserve and update information
across those layers.

These studies share the principle of joint optimisation under recommendation supervision. Their
overlapping background reflects this common starting point, while their research questions ad-
dress scale and asymmetry, modality breadth, and deep unified architectures respectively.

Extending joint optimisation to semantic-ID generative recommendation. In recent years,
semantic-ID-based generative recommendation has gradually become a mainstream research
direction, with representative developments such as OneRec (Deng et al., 2025) and ETE-
GRec (E. Liu et al., 2024). This shift motivated extending the same joint-optimisation objective
to the evolving recommendation paradigm. In this setting, real-valued content vectors are con-
verted into discrete codebook indices, and the recommender generates the IDs of the next item.
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The research focus therefore expanded from efficient continuous representation adaptation to
enabling joint optimisation when a semantic-ID construction module lies between the content
encoder and the recommender.

Two obstacles arise at this interface: hard code assignments are non-differentiable, and
a naive straight-through estimator can cause codebook collapse during joint training. DI-
GER (Chapter 7) addresses these obstacles through differentiable semantic-ID learning and
exploratory codebook optimisation, aligning semantic-ID construction directly with the recom-
mendation objective. This lays a methodological foundation for a unified large recommendation
model trained end to end across the following pipeline:

MFM content encoder / adaptation −→ semantic IDs −→ generative recommender.

The longer-term goal is to jointly optimise content encoding, semantic-ID construction and gen-
erative recommendation within one model. Stable differentiable training through the semantic-
ID interface is necessary for the recommendation loss to reach the upstream trainable MFM
components. DIGER tackles the fundamental differentiability and codebook-stability problems
at this interface; building and evaluating the complete unified model remains future work. Within
this broader direction, combining DIGER with IISAN-style side tuning is one possible route to
efficient adaptation of the upstream content features.

Exploring MFM generation within the recommendation ecosystem. Having studied rep-
resentation adaptation, the research also considered how the generation capabilities of MFMs
could serve recommendation applications. This required application-level problem definitions
and empirical evidence about the usefulness of generated content. The thesis therefore presents
two empirical studies organised around two roles in the recommendation ecosystem.

From the platform side, MMPCBench (Chapter 8) selects missing-modality completion as
a representative application: a platform uses the available product information to generate a
missing description or image. The study defines this problem and evaluates both the fidelity
of the completed content and its usefulness for downstream recommendation. From the user
side, LLMPopcorn (Chapter 9) selects popular content creation as a representative application:
a creator uses MFM-generated prompts and micro-videos to produce content intended to at-
tract engagement. These studies explore how generation serves the different goals of platforms
maintaining item catalogues and users creating content.

The thesis consequently develops two connected perspectives: recommendation-oriented
representation adaptation in Chapters 3–7, and recommendation-oriented generation adaptation
in Chapters 8–9. Within the first perspective, continuous representation adaptation and discrete
representation adaptation share the objective of joint optimisation; DIGER addresses the differ-
entiability and training-stability obstacles introduced by semantic IDs, contributing foundations
for a future unified model trained end to end. The second perspective investigates how the same
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class of foundation models can generate content for different participants in the recommendation
ecosystem.

1.5 Contributions

The seven studies in this thesis form a cumulative progression. They are organised according to
the two perspectives that structure the thesis argument.

1.5.1 Recommendation-Oriented Representation Adaptation

Continuous representation adaptation: establishing efficient adaptation. Chapter 3 intro-
duces IISAN, which decouples trainable side-adapted networks from frozen multimodal back-
bones. By caching backbone representations and excluding the backbone from the backward
computation graph, IISAN establishes a practical form of parameter-efficient adaptation for
recommendation-driven continuous representation learning. This work provides the efficiency
basis for the subsequent representation chapters and exposes limitations in architectural depth
and breadth.

Continuous representation adaptation: supporting larger and asymmetric encoders.
Chapter 4 introduces IISAN-Versa. It extends cached decoupled adaptation to modern multi-
modal encoder pairs whose depths, dimensions, and representation capacities are unbalanced,
including settings with a large LLM-based text encoder and a smaller vision encoder. This
chapter moves the thesis from a relatively fixed two-encoder setting to scalable and asymmetric
MFM adaptation.

Continuous representation adaptation: extending to multiple modality-specific foundation
models. Chapter 5 introduces CROSSAN. It expands the framework from image–text encoder
pairs to settings containing multiple modality-specific foundation models, including text, image,
video, and audio encoders. CROSSAN uses cross-modal gated side adaptation to coordinate
modality-specific representations and preserve useful cross-modal interaction.

Continuous representation adaptation: adapting unified single-tower embedding models.
Chapter 6 introduces Stresa for large unified multimodal embedding models. In this architec-
ture, side-adapter implementations developed for multi-tower models transfer poorly and may
degenerate into shallow adapters that underuse deep hidden representations. Stresa introduces
stream-aware residual mechanisms to preserve and update representation streams across depth,
enabling more effective deep-layer adaptation.
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Discrete representation adaptation: differentiable code learning. Chapter 7 introduces DI-
GER, which extends recommendation-oriented representation adaptation to the learning of dis-
crete representations. Generative recommendation has motivated token-like item representations
and semantic coding schemes (Rajput et al., 2023). DIGER makes semantic codes differentiable
so that the discrete indexing space can be shaped by the generative recommendation objective.
Its design addresses both gradient blocking caused by discrete assignments and codebook col-
lapse during joint learning.

1.5.2 Recommendation-Oriented Generation Adaptation

Platform-side generation. Chapter 8 introduces MMPCBench, a benchmark for multimodal
product content completion. It studies whether MFMs can reconstruct a missing text or image
modality from the available modality and evaluates the resulting content in relation to both
product presentation and downstream recommendation-model training. The chapter positions
missing-modality generation as a platform-level adaptation and evaluation problem.

User-side generation. Chapter 9 introduces LLMPopcorn, which studies generated content at
the point of creation. It investigates the popularity of MFM-generated micro-videos and explores
how LLM-generated titles and prompts, including popularity-oriented prompt enhancement, can
support the creation of content intended for engagement. The chapter extends recommendation-
oriented generation from catalogue maintenance to content production.

Taken together, these contributions provide a structured study of MFM adaptation for
content-native recommendation: across continuous representation adaptation and discrete rep-
resentation adaptation, from multi-tower to single-tower architectures, from paired modalities
to multiple modality-specific foundation models, and from platform-side content completion to
user-side content creation.

1.6 Source Publications, Thesis Format and Author Contri-
butions

1.6.1 Source Material and Adaptation to the Thesis

Chapters 3–9 originate from seven separate co-authored publications or manuscripts: six ac-
cepted or published papers and the CROSSAN manuscript under review. Each chapter presents
a self-contained study with its own motivation, research questions, methods and evaluation.
IISAN-Versa (Chapter 4) is a journal extension of the IISAN conference paper (Chapter 3).
Chapters 1, 2 and 10 provide the thesis-level framing, background and synthesis.
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This publication-based organisation retains some repetition of background, literature reviews
and methodological context, especially across Chapters 3–5. This allows each study to remain
understandable as an individual publication, while Section 1.4 explains the progression of ideas
and the different motivations of the papers.

The research content was incorporated directly from the source papers and manuscript when
the original thesis was assembled. The original paper abstracts were not rewritten. Thesis-
specific presentation includes chapter titles, publication notes, chapter-positioning paragraphs,
chapter-based numbering and cross-references, and a shared bibliography. The chapters do not
present the paper abstracts as separate abstract sections. The changes made during the minor
revision are set out in Section 1.6.4, including the movement of Related Work in Chapters 3
and 5.

1.6.2 Contribution Statement

Across the publications in this thesis, Junchen Fu’s contributions include: Conceptualization;
Methodology; Investigation; Validation; Writing – original draft; Software; Project adminis-
tration; Visualization; and Data curation. These describe his contributions to the research de-
sign, methods, investigations and validation, implementation, project coordination, figures, data
preparation and initial manuscripts. The entries below specify the exact roles for each individual
study.

The following statements specify each author’s contributions to the individual publications.
CRediT role1 names retain their standard spelling.

1.6.3 Publication-by-Publication Outline

Lengths below refer to the identified publication or manuscript version, not the number of pages
occupied by its thesis chapter. Where only a preprint length is verified, it is labelled explicitly
and is not presented as the final publisher page count.

Chapter 3: IISAN (Fu, Ge, et al., 2024)

Junchen Fu, Xuri Ge, Xin Xin, Alexandros Karatzoglou, Ioannis Arapakis, Jie Wang and Joe-
mon M. Jose. “IISAN: Efficiently Adapting Multimodal Representation for Sequential Recom-
mendation with Decoupled PEFT.” Proceedings of the 47th International ACM SIGIR Confer-
ence on Research and Development in Information Retrieval (SIGIR), 2024. (Chapter 3)
Type, venue and length. Full paper, Research Track, SIGIR 2024, pp. 687–697 (11 pages).
DOI: https://doi.org/10.1145/3626772.3657725.

1http://elsevier.com/en-gb/researcher/author/policies-and-guidelines/
credit-author-statement

https://doi.org/10.1145/3626772.3657725
http://elsevier.com/en-gb/researcher/author/policies-and-guidelines/credit-author-statement
http://elsevier.com/en-gb/researcher/author/policies-and-guidelines/credit-author-statement
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Study focus. Efficient continuous representation adaptation of image–text MFMs through de-
coupled side networks jointly trained with the recommender and cached backbone states.
Junchen Fu. Conceptualization; Methodology; Investigation; Validation; Writing – original
draft; Software; Project administration; Visualization; Data curation.
Xuri Ge. Writing – review & editing; Methodology.
Xin Xin. Writing – review & editing.
Alexandros Karatzoglou. Writing – review & editing; Supervision.
Ioannis Arapakis. Writing – review & editing; Supervision.
Jie Wang. Writing – review & editing.
Joemon M. Jose. Supervision; Resources; Writing – review & editing.

Chapter 4: IISAN-Versa (Fu, Ge, Xin, Karatzoglou, et al., 2025)

Junchen Fu, Xuri Ge, Xin Xin, Alexandros Karatzoglou, Ioannis Arapakis, Kaiwen Zheng,
Yongxin Ni and Joemon M. Jose. “Efficient and Effective Adaptation of Multimodal Foun-
dation Models in Sequential Recommendation.” IEEE Transactions on Knowledge and Data
Engineering (TKDE), 2025. (Chapter 4)
Type, venue and length. Regular journal paper (conference extension of IISAN), IEEE Trans-
actions on Knowledge and Data Engineering, 37(12), 2025, pp. 7076–7089 (14 pages). DOI:
https://doi.org/10.1109/TKDE.2025.3608071.
Study focus. Scalable adaptation for larger and asymmetric text and image encoders, extending
the earlier IISAN study.
Junchen Fu. Conceptualization; Methodology; Investigation; Validation; Writing – original
draft; Software; Project administration; Visualization; Data curation.
Xuri Ge. Writing – review & editing.
Xin Xin. Writing – review & editing.
Alexandros Karatzoglou. Writing – review & editing; Supervision.
Ioannis Arapakis. Writing – review & editing; Supervision.
Kaiwen Zheng. Writing – review & editing.
Yongxin Ni. Writing – review & editing.
Joemon M. Jose. Supervision; Resources; Writing – review & editing.

Chapter 5: CROSSAN (Fu, Ni, et al., 2025)

Junchen Fu, Yongxin Ni, Joemon M. Jose, Ioannis Arapakis, Kaiwen Zheng, Youhua Li and
Xuri Ge. “CROSSAN: Towards Efficient and Effective Adaptation of Multiple Multimodal
Foundation Models for Sequential Recommendation.” arXiv preprint, 2025. (Under review for
IEEE Transactions on Knowledge and Data Engineering.) (Chapter 5)

https://doi.org/10.1109/TKDE.2025.3608071
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Type, venue and length. Regular journal paper submitted to IEEE Transactions on Knowledge
and Data Engineering; currently under review. The available manuscript, arXiv:2504.10307v2
(2025), has 12 pages. Source: https://arxiv.org/abs/2504.10307v2.
Study focus. Efficient adaptation of multiple modality-specific encoders through cross-modal
side adaptation and modality-expert fusion.
Junchen Fu. Conceptualization; Methodology; Investigation; Validation; Writing – original
draft; Software; Project administration; Visualization; Data curation.
Yongxin Ni. Writing – review & editing.
Joemon M. Jose. Writing – review & editing; Supervision; Resources.
Ioannis Arapakis. Writing – review & editing; Supervision.
Kaiwen Zheng. Writing – review & editing.
Youhua Li. Writing – review & editing.
Xuri Ge. Writing – review & editing.

Chapter 6: Stresa (Fu, Zheng, et al., 2026)

Junchen Fu, Kaiwen Zheng, Ioannis Arapakis, Wenhao Deng, Xin Xin, Joemon M. Jose and
Xuri Ge. “Stream-aware Side Adaptation for Large Pre-trained Multimodal Embedding Models
in Sequential Recommendation.” Proceedings of the 34th ACM International Conference on
Multimedia (ACM MM), 2026. (Accepted) (Chapter 6)
Type, venue and length. Regular paper, Research Track, accepted by ACM Multimedia 2026.
The available manuscript, arXiv:2607.10909v1, has 10 pages; these are manuscript pages, not
assigned proceedings pages. Source: https://arxiv.org/abs/2607.10909v1.
Study focus. Deep side adaptation for unified multimodal embedding models, using stream-
aware fusion and residual stream adapters.
Junchen Fu. Conceptualization; Methodology; Investigation; Validation; Writing – original
draft; Software; Project administration; Visualization; Data curation.
Kaiwen Zheng. Writing – review & editing.
Ioannis Arapakis. Writing – review & editing; Supervision.
Wenhao Deng. Writing – review & editing.
Xin Xin. Writing – review & editing.
Joemon M. Jose. Writing – review & editing; Supervision; Resources.
Xuri Ge. Writing – review & editing.

Chapter 7: DIGER (Fu, Ge, Karatzoglou, et al., 2026)

Junchen Fu, Xuri Ge, Alexandros Karatzoglou, Ioannis Arapakis, Suzan Verberne, Joemon
M. Jose and Zhaochun Ren. “Differentiable Semantic ID for Generative Recommendation.”
Proceedings of the 49th International ACM SIGIR Conference on Research and Development
in Information Retrieval (SIGIR), 2026. (Chapter 7)

https://arxiv.org/abs/2504.10307v2
https://arxiv.org/abs/2607.10909v1
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Type, venue and length. Full paper, Research Track, SIGIR 2026, pp. 369–379 (11 pages).
DOI: https://doi.org/10.1145/3805712.3809641.
Study focus. Differentiable learning of discrete semantic identifiers for generative recommen-
dation, with exploratory code learning and uncertainty decay.
Junchen Fu. Conceptualization; Methodology; Investigation; Validation; Writing – original
draft; Software; Project administration; Visualization; Data curation.
Xuri Ge. Writing – review & editing.
Alexandros Karatzoglou. Writing – review & editing; Supervision.
Ioannis Arapakis. Writing – review & editing; Supervision.
Suzan Verberne. Supervision; Writing – review & editing.
Joemon M. Jose. Supervision; Resources; Writing – review & editing.
Zhaochun Ren. Supervision; Resources; Writing – review & editing.

Chapter 8: MMPCBench (Fu, Deng, et al., 2026)

Junchen Fu, Wenhao Deng, Kaiwen Zheng, Ioannis Arapakis, Yu Ye, Yongxin Ni, Joemon M.
Jose and Xuri Ge. “Benchmarking Multimodal Large Language Models for Missing Modality
Completion in Product Catalogues.” Pattern Recognition, 180(A):114020, 2026. (Chapter 8)
Type, venue and length. Regular journal research paper, Pattern Recognition, volume 180,
Part A, article 114020, 2026 (16 pages). DOI: https://doi.org/10.1016/j.patcog
.2026.114020.
Study focus. Evaluation of missing product text and image completion, considering both con-
tent fidelity and downstream recommendation.
Junchen Fu. Conceptualization; Methodology; Investigation; Formal analysis; Data curation;
Software; Resources; Project administration; Writing – original draft; Writing – review & edit-
ing.
Wenhao Deng. Writing – review & editing; Visualization.
Kaiwen Zheng. Writing – review & editing.
Ioannis Arapakis. Writing – review & editing.
Yu Ye. Writing – review & editing.
Yongxin Ni. Writing – review & editing.
Joemon M. Jose. Writing – review & editing; Supervision.
Xuri Ge. Writing – review & editing.

Chapter 9: LLMPopcorn (Fu, Ge, Zheng, et al., 2026)

Junchen Fu, Xuri Ge, Kaiwen Zheng, Alexandros Karatzoglou, Ioannis Arapakis, Xin Xin,
Yongxin Ni and Joemon M. Jose. “LLMPopcorn: Exploring LLMs as Assistants for Popu-
lar Micro-video Generation.” IEEE International Conference on Acoustics, Speech and Signal
Processing (ICASSP), 2026. (Chapter 9)

https://doi.org/10.1145/3805712.3809641
https://doi.org/10.1016/j.patcog.2026.114020
https://doi.org/10.1016/j.patcog.2026.114020
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Type, venue and length. Regular paper, research programme, ICASSP 2026, pp. 12007–12011
(5 pages). DOI: https://doi.org/10.1109/ICASSP55912.2026.11463708.
Study focus. An empirical study of LLM-assisted micro-video creation and prompt enhance-
ment, assessed through predicted popularity and a user study.
Junchen Fu. Conceptualization; Methodology; Investigation; Validation; Writing – original
draft; Software; Project administration; Visualization; Data curation.
Xuri Ge. Writing – review & editing.
Kaiwen Zheng. Writing – review & editing.
Alexandros Karatzoglou. Writing – review & editing; Supervision.
Ioannis Arapakis. Writing – review & editing; Supervision.
Xin Xin. Writing – review & editing.
Yongxin Ni. Writing – review & editing.
Joemon M. Jose. Writing – review & editing; Supervision; Resources.

1.6.4 Changes Made for the Minor Corrections

The following chapter-by-chapter record identifies changes from the source publications and
manuscript. The revision adds thesis-level definitions, the research narrative, publication details
and author-contribution statements to Chapter 1, and aligns the framing in the abstract, Chap-
ter 2, the introduction to Part II and Chapter 10. Spelling has been standardised to UK English
throughout the thesis.

Chapter 3: IISAN
Related Work is moved before Methodology and the experiments, to Section 3.2. The Chapter
Positioning paragraph uses continuous representation adaptation to describe end-to-end adapta-
tion of MFM-based representation learning.

Chapter 4: IISAN-Versa
The LayerDrop caption, ablation discussion and hyperparameter-analysis punctuation receive
minor editorial corrections.

Chapter 5: CROSSAN
Related Work is moved before the preliminary study and technical development, to Section 5.2.
The independent-variant experiment table (Table 5.12) is kept with its experimental discussion
in Section 5.8. Generic backbone notation is introduced in Section 5.5; Equation 5.2 uses the
current backbone layer i and previous adapter outputs at i−1. Section references, model/dataset
names and the missing year of Wang et al. are corrected.

Chapter 6: Stresa
In Section 6.3.3, dr is defined after Equation 6.11 as the routing query/key dimension, and the
square-root scaling is explained.

https://doi.org/10.1109/ICASSP55912.2026.11463708
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Chapter 7: DIGER
The Chapter Positioning paragraph explains how DIGER addresses non-differentiable code as-
signments and codebook collapse, laying a methodological foundation for a future unified large
recommendation model trained end to end. Loss subscripts in Section 7.4.3 and ablation nota-
tion in Section 7.7 are corrected. The unsupported training-time comparison is removed from
Section 7.6.2.

Chapter 8: MMPCBench
The Publication Note gives the journal name in full; the model name and human-evaluation
wording receive minor editorial corrections.

Chapter 9: LLMPopcorn
Section 9.3 clarifies that the thesis author, assisted by a co-author, manually checked all gener-
ated videos. Model naming, citation punctuation and redundant wording in the conclusion are
corrected.

1.7 Thesis Organisation

Chapter 2 develops the background and related-work structure required by the two thesis
perspectives. It first reviews recommender systems, sequential recommendation, multimodal
recommendation, and multimodal foundation models. It then discusses the recommendation-
oriented adaptation gap, emphasising the difference between general MFM capabilities and
recommendation-specific objectives, data, and deployment constraints.

The first technical part, Chapters 3–7, develops recommendation-oriented representation
adaptation. Chapter 3 establishes efficient cached decoupled continuous representation adapta-
tion of MFMs. Chapter 4 scales this idea to larger and asymmetric encoders. Chapter 5 extends
the framework to multiple modality-specific foundation models. Chapter 6 studies deep stream-
aware adaptation for unified single-tower embedding models. Chapter 7 studies joint learning
of discrete representations and a generative recommender for generative recommendation.

The second technical part, Chapters 8 and 9, develops recommendation-oriented generation
adaptation. Chapter 8 studies platform-side missing-modality completion for product content.
Chapter 9 studies user-side popularity-oriented micro-video generation. Chapter 10 concludes
the thesis and identifies future directions for integrating representation and generation adaptation
in recommender systems.



Chapter 2

Background and Related Work

Recommender systems increasingly operate in environments where items are not only identi-
fiers in an interaction log but also multimodal objects. A product may be described by a title,
a detailed specification, a price, an image, reviews, and structured attributes, whereas a micro-
video may combine visual frames, a cover, an audio track, captions, topics, and engagement
traces. News articles, music, local services, and educational resources exhibit the same separa-
tion between behavioural interaction data and content that expresses item meaning. This chapter
reviews the literature needed to explain why multimodal foundation models (MFMs) are useful
in such settings and why their use requires recommendation-oriented adaptation.

The discussion follows the same two perspectives as the thesis: representation adaptation,
in which MFMs encode item content into real-valued vectors used directly by recommendation
models or quantised into semantic-ID sequences for generative recommendation; and generation
adaptation, in which MFMs produce descriptions, images, prompts, videos, or other missing or
newly created content. In both cases, an MFM becomes useful to a recommender only when
its output supports the relevant platform function, such as presentation, retrieval, ranking, or
engagement. The central issue is therefore shared across the two perspectives: a model trained
for general semantic representation or generation does not automatically produce outputs aligned
with user behaviour, item transitions, catalogue structure, and deployment constraints.

This chapter is organised to build that argument step by step. It first revisits recommender
systems and content-rich items, then reviews multimodal foundation models and multimodal
recommendation systems. The middle sections discuss continuous representation adaptation and
discrete representation adaptation, following the definitions in Section 1.1. The final sections
review generation adaptation and the datasets, biases, and evaluation metrics that shape evidence
in this area.

16



CHAPTER 2. BACKGROUND AND RELATED WORK 17

2.1 Recommender Systems and Content-Rich Items

Recommender systems predict which items should be retrieved, ranked, or shown to a user.
Early collaborative filtering work framed the problem through the user–item interaction matrix.
Matrix factorisation represented users and items in a shared latent space and became a standard
model for sparse preference prediction (Koren, Bell, & Volinsky, 2009). Neural collaborative
filtering extended this formulation by replacing the inner product with nonlinear matching func-
tions (X. He et al., 2017). Graph-based collaborative filtering then used the user–item bipartite
graph directly; LightGCN simplified graph convolution and showed that much of the gain in
graph recommendation comes from neighbourhood propagation (X. He et al., 2020). These
methods established the core idea that user preference can be learned from interaction structure.

At industrial scale, this interaction-centric view expands into multi-stage recommendation
systems. Covington et al. described the YouTube recommendation architecture as a candidate-
generation and ranking pipeline, making clear that large-scale recommendation is a systems
problem as well as a modelling problem (Covington, Adams, & Sargin, 2016). Yi et al. studied
sampling-bias-corrected neural modelling for large item corpora, showing that the construction
of negatives and sampled candidates can affect both training and evaluation (Yi et al., 2019).
These works connected model design with throughput, latency, candidate selection, and training-
data construction, a connection that is particularly important for MFM-based recommendation
because large content encoders can improve item semantics while also increasing training and
serving costs.

Sequential recommendation extends this formulation by modelling the temporal structure
of user behaviour. Hidasi et al. introduced GRU4Rec for session-based recommendation and
showed that recurrent neural networks can model short-term behavioural intent from ordered
sessions (Hidasi et al., 2015). Tang and Wang proposed Caser, a convolutional sequence-
embedding model that captures local sequential patterns (J. Tang & Wang, 2018); Kang and
McAuley proposed SASRec, which uses self-attention to model user histories and became a
widely used baseline for next-item prediction (Kang & McAuley, 2018); and Sun et al. intro-
duced BERT4Rec by adapting bidirectional masked modelling to recommendation sequences
(F. Sun et al., 2019). Zhou et al. further proposed S3-Rec, using self-supervised objectives to
improve sequential representation learning (K. Zhou et al., 2020). Together, these methods made
sequence order a central modelling signal in modern recommendation.

Most classical and sequential recommenders rely on item IDs, whose embeddings are pow-
erful because they absorb collaborative signals from user behaviour but remain limited when an
item is new or rarely consumed. A new product or newly uploaded video may have too few in-
teractions to support a reliable ID embedding, and the embedding does not explain whether
two items are similar because of attributes, appearance, language, audio, or video content.
Content-rich recommendation addresses these weaknesses by combining behavioural evidence
with item-side information. He and McAuley introduced Visual Bayesian Personalised Ranking
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(VBPR), showing that visual features can improve implicit-feedback recommendation (R. He &
McAuley, 2016). In micro-video recommendation, Wei et al. proposed MMGCN to incorpo-
rate visual, acoustic, and textual signals through graph convolution (Y. Wei et al., 2019), while
Wei et al. later proposed GRCN to refine multimedia recommendation with graph structures
(Y. Wei, Wang, Nie, He, & Chua, 2020). Zhang et al. studied multimodal session recommen-
dation beyond simple item co-occurrence (X. Zhang et al., 2023). These studies helped move
recommendation from purely collaborative signals toward content-aware ranking.

Recent datasets and empirical studies made this shift more explicit. Ni et al. released Mi-
croLens, a content-driven micro-video recommendation dataset containing multimodal content
and user behaviour (Y. Ni et al., 2023), while Zhang et al. proposed NineRec as a benchmark
suite for transferable recommendation across domains (J. Zhang et al., 2023). Yuan et al. re-
visited ID-based and modality-based recommenders and showed that each signal has a different
strength: ID embeddings are strong when behavioural data are dense, whereas modality features
improve transfer and cold-start settings (Yuan et al., 2023). Li et al. further studied ID-agnostic
multimodal sequential recommenders and examined when content-only representations can be
competitive (Y. Li et al., 2024). Collectively, these works discourage a simple replacement view:
item content does not remove the need for collaborative learning, but supplies a complementary
source of generalisation that must be aligned with user behaviour.

Accordingly, this thesis treats behavioural and content signals as complementary. Content-
rich items make MFMs attractive because these models can encode text, images, video, audio,
and their multimodal combinations. At the same time, recommendation objectives differ from
general semantic objectives: a representation that clusters items by visual appearance may not
capture substitutability, sequence transition, price sensitivity, brand preference, or engagement.
The background problem is therefore not only how to obtain strong multimodal item embed-
dings, but also how to adapt them so that they support recommendation.

2.2 Multimodal Foundation Models

Foundation models are large pretrained models whose representations or generation capabilities
can be reused across tasks. In language, BERT introduced bidirectional transformer pretraining
with masked language modelling (Devlin et al., 2018). RoBERTa refined this paradigm through
stronger pretraining design (Y. Liu et al., 2019), and DeBERTa improved contextual language
representation through disentangled attention and enhanced pretraining (P. He, Gao, & Chen,
2021; P. He, Liu, Gao, & Chen, 2020). Autoregressive large language models then showed that
next-token prediction at scale can produce broad few-shot and instruction-following abilities
(Achiam et al., 2023; Brown et al., 2020; Touvron et al., 2023). These models supplied the
language side of modern MFM pipelines: titles, descriptions, reviews, attributes, and user-facing
text can all be encoded or generated with pretrained language models.
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In vision, ResNet established deep residual learning as a standard backbone for visual rep-
resentation (K. He, Zhang, Ren, & Sun, 2016). Vision Transformer (ViT) later showed that
images can be modelled as patch token sequences with transformer architectures (Dosovitskiy
et al., 2020). Swin Transformer introduced hierarchical shifted-window attention for scalable vi-
sion modelling (Z. Liu et al., 2021). Dehghani et al. studied the scaling of vision transformers to
very large parameter counts (Dehghani et al., 2023). These works changed how item images can
be encoded: product covers, fashion images, food images, and video frames can be represented
by large pretrained visual backbones instead of handcrafted features or small CNNs.

Vision–language pretraining provides a shared representation interface between visual and
textual item content. CLIP, proposed by Radford et al., learned visual representations from
natural-language supervision through image–text contrastive learning and became a standard
encoder for cross-modal retrieval and zero-shot transfer (Radford, Kim, Hallacy, et al., 2021).
ALIGN scaled noisy image–text contrastive learning and showed that very large weakly su-
pervised data can produce strong aligned representations (Jia et al., 2021); BLIP-2 connected
frozen image encoders with large language models for image–text understanding and gener-
ation (J. Li et al., 2023); and Flamingo demonstrated few-shot visual-language learning with
interleaved image and text inputs (Alayrac et al., 2022). Recent surveys summarise how mul-
timodal pretraining, adaptation, and generation have become connected research directions for
recommendation and related tasks (Q. Liu, Zhu, et al., 2024). For recommendation, this line of
work provides a practical bridge between item media and semantic text descriptions.

Audio and video models extend MFM coverage to richer recommendation objects. wav2vec
2.0 learned speech representations through self-supervision (Baevski, Zhou, Mohamed, & Auli,
2020). The Audio Spectrogram Transformer (AST) applied transformer modelling to audio
spectrograms and became a useful audio encoder (Gong, Chung, & Glass, 2021). SlowFast net-
works captured different temporal rates for action recognition (Feichtenhofer, Fan, Malik, & He,
2019), and VideoMAE used masked autoencoding for data-efficient video representation learn-
ing (Tong, Song, Wang, & Wang, 2022). These models matter for short-video recommendation
because a video item is rarely explained by a single frame or title. Audio, rhythm, motion, and
scene progression can all affect engagement.

Beyond encoding existing content, MFMs can generate new modalities and candidate items
or media. DALL-E generated images from text prompts (Ramesh et al., 2021), and later text-to-
image models improved image fidelity and controllability (Ramesh et al., 2022). VideoPoet,
CogVideoX, HunyuanVideo, and LTX-Video represent recent progress in text-to-video and
video generation (HaCohen et al., 2024; Kondratyuk et al., 2023; Kong et al., 2024; Z. Yang
et al., 2024). These systems turn language instructions into visual or video content that can
fill missing product modalities, create item-side descriptions, or help users produce content that
enters a recommendation pool.

Recent embedding models further blur the boundary between representation learning and
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ranking. Sentence-BERT made transformer sentence embeddings efficient for semantic simi-
larity tasks (Reimers & Gurevych, 2019), and weakly supervised contrastive text embedding
models strengthened general text retrieval (L. Wang et al., 2022). Qwen3-VL-Embedding and
Qwen3-VL-Reranker integrate multimodal representation, retrieval, and ranking in a unified
model family (M. Li et al., 2026). Such models are directly relevant to this thesis because they
expose hidden states and embeddings that can be reused as item representations. Their strength
also creates a new difficulty: a stronger general embedding model may be deeper, larger, and
less aligned with a specific recommendation objective.

For this thesis, the term MFM covers modality-specific encoders, paired image–text en-
coders, multimodal large language models, unified embedding models, and multimodal genera-
tors. These models share one property: they process recommended-item content at a scale and
generality beyond traditional task-specific feature extractors. Their capabilities enter recommen-
dation through two interfaces: a representation interface, in which the MFM produces embed-
dings or hidden states, and a generation interface, in which it produces missing or newly created
content. The remaining sections examine how these interfaces have been used and adapted in
recommender systems.

2.3 Multimodal Recommendation Systems

Multimodal recommendation studies how item modalities should be represented, fused, and used
for ranking. The early direction used pretrained visual or textual features as additional item in-
puts. VBPR showed the value of visual signals in implicit feedback settings (R. He & McAuley,
2016). MMGCN and GRCN extended this idea to graph-based multimodal recommendation
by propagating modality features through user–item graphs (Y. Wei et al., 2020, 2019). These
models had a clear impact on the community: they showed that visual and acoustic item content
can improve recommendation even when the final objective is behavioural ranking.

Later work moved from simple feature concatenation to modality-aware representation
learning. This progression includes TransRec for transferable recommendation from mixture-of-
modality feedback (J. Wang et al., 2022), MISSRec for pretraining and transferring multimodal
interest-aware sequence representations (J. Wang et al., 2023), multimodal self-supervised
learning (W. Wei, Huang, Xia, & Zhang, 2023), bootstrapped latent representations (X. Zhou
et al., 2023), and knowledge-perceived multimodal pretraining in e-commerce (Y. Zhu et al.,
2021). These methods established that multimodal features should not merely be appended to
ID embeddings, but can be pretrained, aligned, contrasted, and transferred.

Fusion is a central design problem because simple concatenation, although efficient and
often strong, treats all modalities as uniformly reliable. Gated or attention-based fusion can
instead model item-specific and user-specific modality importance. Hu et al. proposed adaptive
multi-modality fusion for sequential recommendation (H. Hu, Guo, Liu, & Kan, 2023) and
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later studied lightweight modality adaptation through correlation supervision (H. Hu, Liu, Li,
& Kan, 2024); Li et al. examined dynamic user interests under modality imbalance (Z. Li
et al., 2026); and Guo et al. proposed a mixture-of-modality-experts design for multimodal
sequential recommendation (X. Guo, Zhang, Xue, et al., 2025). Together, these studies show
that modalities are not always complementary: a modality may be noisy, missing, redundant, or
weak for a particular item, so the model needs an explicit mechanism to control its contribution.

Benchmark development also shaped multimodal recommendation by changing which adap-
tation questions could be evaluated. MicroLens made raw video, audio, cover images, titles, and
user interactions available for micro-video recommendation (Y. Ni et al., 2023, 2025); Cheng
et al. provided an image dataset for benchmarking recommenders with raw pixels (Y. Cheng et
al., 2023); and NineRec supported evaluation across domains and transfer settings (J. Zhang et
al., 2023). Whereas earlier work often relied on frozen features extracted by CNNs or language
encoders, these raw multimodal datasets make it possible to study end-to-end adaptation of the
content encoder itself.

Recent multimodal recommendation surveys organise the area around modality represen-
tation, fusion, pretraining, adaptation, and generation (Q. Liu, Hu, Xiao, Gao, & Zhao, 2023;
Q. Liu, Zhu, et al., 2024). This perspective is useful because the field now includes several over-
lapping directions, including graph-based and sequential multimodal recommendation, multi-
modal CTR prediction, multimodal pretraining, MLLM-based recommendation, and generative
recommendation. Within this landscape, the thesis focuses not merely on fusion modules inside
a recommender, but on adapting MFM encoders and generators themselves to recommendation-
oriented objectives.

A key distinction is whether the multimodal encoder is frozen, fully fine-tuned, or adapted
through a lightweight module. Frozen features are easy to cache and deploy, but they cannot
change under recommendation loss. Full fine-tuning can align item representations with ranking,
but it becomes expensive when each item contains images, video frames, audio, and text. End-
to-end image-based fashion recommendation and raw-pixel recommendation studies show the
benefit of directly training content encoders (Y. Cheng et al., 2023; Elsayed, Brinkmeyer, &
Schmidt-Thieme, 2022). Li et al. and Yuan et al. showed that modality-based recommendation
can be strong when content encoders are trained or adapted appropriately (Y. Li et al., 2023;
Yuan et al., 2023). The practical problem is how to obtain this alignment without making training
infeasible.

The MLLM-based recommendation literature adds another layer. VIP5 connected multi-
modal inputs with the P5 language-processing recommendation framework (Geng, Tan, Liu, Fu,
& Zhang, 2023). Recent work studies how large vision-language models and multimodal large
language models can be used for multimodal sequential recommendation (Z. Wang et al., 2025;
Ye et al., 2025; P. Zhou et al., 2025). These studies show that recommendation can benefit from
stronger perception and reasoning models, but they also expose cost and alignment problems. A
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powerful MLLM can describe an item well, but recommendation requires scoring, ranking, and
repeated computation over large catalogues.

The field has therefore progressed from appending visual or textual features to collaborative
models, through modality-aware fusion and pretraining, to the current problem of adapting very
large representation and generation models to recommendation-specific objectives and systems
constraints. The next two sections examine continuous representation adaptation and discrete
representation adaptation, both guided by recommendation supervision.

2.4 Continuous Representation Adaptation for Recommen-
dation

Continuous representation adaptation jointly optimises the MFM-based representation-learning
pipeline and recommender through a differentiable training path over real-valued representa-
tions. In a typical setting, an item encoder maps product text, image, video, audio, or multi-
modal content into a vector. A sequential model then predicts the next item using user history
and candidate item embeddings. The simplest strategy is to freeze the item encoder and train
only the recommender. This strategy is efficient, but the representation remains organised by
the pretraining objective. A CLIP embedding, for example, may reflect image–text alignment,
while the recommender needs a space where sequence transitions and user choices are easy to
model.

Full fine-tuning provides direct alignment because the recommendation loss updates the
MFM and reshapes item representations toward ranking, but its computational cost is high.
Transformer encoders store activations for backpropagation, and multimodal recommendation
repeatedly processes the same item content across many user histories. When the catalogue is
large, recomputing or backpropagating through a large encoder at every training step wastes
this repeated-use structure. Efficient adaptation is therefore not a secondary consideration; it
determines whether MFM adaptation can be studied and deployed at scale.

Parameter-efficient fine-tuning (PEFT) methods reduce trainable parameters. Houlsby et al.
proposed adapters as small bottleneck modules inserted into pretrained transformers (Houlsby
et al., 2019). Hu et al. proposed LoRA, which updates low-rank matrices while freezing the
main weights (E. J. Hu et al., 2021). Zaken et al. proposed BitFit, updating only bias terms
(Zaken et al., 2021). Pfeiffer et al. developed AdapterHub as a framework for adapter-based
transfer (Pfeiffer et al., 2020), and Karimi Mahabadi et al. proposed Compacter to further re-
duce adapter parameters (Karimi Mahabadi, Henderson, & Ruder, 2021). Dettmers et al. in-
troduced QLoRA for efficient fine-tuning of quantised LLMs (Dettmers, Pagnoni, Holtzman, &
Zettlemoyer, 2023). These methods had a large impact in NLP and vision because they made
downstream adaptation cheaper and easier to store.

Recommendation research adopted PEFT rapidly. TALLRec aligns large language models
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with recommendation tasks efficiently (Bao et al., 2023); M6-Rec shows that generative pre-
trained language models can act as open-ended recommenders (Z. Cui, Ma, Zhou, Zhou, &
Yang, 2022); and Peng et al. study efficient adaptation of large language models for sequential
recommendation (Peng et al., 2023). Fu et al. further show that adapters can be effective for rec-
ommender systems but require careful design (Fu, Yuan, et al., 2024), while VIP5 uses adapters
in a multimodal foundation-model recommender (Geng et al., 2023). These studies helped the
community move beyond treating LLMs and MFMs solely as offline feature extractors.

However, trainable parameter count does not fully describe practical efficiency. Adapter
and LoRA modules are usually embedded inside the backbone. The backbone remains in the
forward and backward computation graph, so GPU memory and training time can remain high
even when only a small number of parameters are updated. Cai et al. summarised this issue
with the phrase “reduce memory, not parameters” and argued that activation memory is often
the bottleneck (H. Cai, Gan, Zhu, & Han, 2020).

IISAN applies this decoupled principle to multimodal sequential recommendation by sep-
arating trainable intra-modal and inter-modal side-adapted networks from frozen multimodal
backbones (Fu, Ge, et al., 2024). Cached hidden states avoid backpropagation through the
full encoder, while the distinction between intra-modal adaptation and inter-modal adaptation
preserves both modality-specific refinement and image–text interaction. Methodologically and
practically, IISAN shows that multimodal item encoders can be aligned with a recommendation
loss without paying the full cost of end-to-end fine-tuning.

IISAN-Versa extends this direction to larger and asymmetric encoders. Modern MFM
pipelines rarely contain balanced towers. A recommender may use a large LLM-based text
encoder and a smaller vision encoder, with different depths and hidden dimensions. We
addressed this by introducing layer selection and dimensional alignment for asymmetric
multimodal encoders (Fu, Ge, Xin, Karatzoglou, et al., 2025). The finding is significant
for the field because scaling the text encoder can improve recommendation, but only when
the adaptation method handles architectural mismatch. This shifts the adaptation question
from “which foundation model is strongest?” to “how should different foundation models be
connected to the recommendation objective?”

CROSSAN then moves from two modalities to multiple modality-specific foundation mod-
els. We proposed cross-modal side adapters and a mixture-of-modality-expert fusion mechanism
for text, image, video, and audio encoders (Fu, Ni, et al., 2025). The method argues that inde-
pendent side adapters can miss useful cross-modal dependencies. Cross-modal gating allows
modality-specific side branches to exchange information while preserving the efficiency of de-
coupled adaptation. This contribution is important for content-rich recommendation because
real item content often contains more than two modalities. A method designed only for text and
image cannot fully exploit micro-video content, where visual motion and audio can affect user
response.
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Unified embedding models create another adaptation setting. A single-tower multimodal
embedding model can encode text, image, document image, and video into one representation
space (M. Li et al., 2026). Multi-tower side-adapter designs do not transfer directly because
there are no separate modality towers to fuse. Deep adaptation also becomes delicate: adding
more adapted layers can overwrite useful earlier representations or destabilise the side memory.
Recent work on Hyper-Connections studies stream-aware residual designs in large models (Xie
et al., 2025; D. Zhu et al., 2024). Stresa builds on this idea by treating deep side adaptation as
a memory-preserving process. Instead of simple residual addition and sigmoid fusion, it uses
stream-aware residual mechanisms to preserve and update representation streams across depth.
This places depth stability alongside efficiency and modality interaction as a core design issue
for continuous representation adaptation.

Continuous representation adaptation therefore involves several connected problems: align-
ing MFM embeddings with behavioural objectives, controlling training cost, handling asymmet-
ric encoder architectures, coordinating multiple modalities, and preserving deep hidden infor-
mation. The thesis chapters on IISAN, IISAN-Versa, CROSSAN, and Stresa follow this pro-
gression. They all treat frozen-backbone adaptation as a way to combine strong MFM content
representations with the repeated-use and efficiency constraints of recommender systems.

2.5 Discrete Representation Adaptation for Generative Rec-
ommendation

Generative recommendation changes the representation interface. Instead of scoring each can-
didate item through a vector dot product, a generative recommender produces item identifiers as
token sequences. This idea is related to neural retrieval and differentiable search indexes, where
documents or items are retrieved by generating IDs (Lewis et al., 2020; Tay et al., 2022). Geng
et al. proposed P5 and framed recommendation as language processing, unifying several rec-
ommendation tasks through prompts and text generation (Geng, Liu, Fu, Ge, & Zhang, 2022).
Rajput et al. introduced generative retrieval for recommender systems and made semantic item
IDs a central design component (Rajput et al., 2023). This line encouraged the recommendation
community to treat item indexing as a learnable representation problem.

Item-ID inputs may use arbitrary IDs, collaborative IDs, content-derived IDs, or semantic
IDs. Arbitrary IDs are easy to assign but do not expose item meaning to the model. Collabora-
tive IDs can encode behaviour but struggle with cold-start items. Content-derived semantic IDs
use item text, image, or multimodal representations to construct token-like identifiers. Hou et
al. proposed learning vector-quantised item representations for transferable sequential recom-
menders (Y. Hou, He, McAuley, & Zhao, 2022). Hua et al. studied how to index item IDs for
recommendation foundation models (Hua, Xu, Ge, & Zhang, 2023). These works established
that item tokenisation is not a preprocessing detail; it changes what the generative model can
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learn.
Recent work has explored stronger tokenisation schemes. Liu et al. proposed a generative

recommender with end-to-end learnable item tokenisation (E. Liu et al., 2024). Wang et al.
studied learnable item tokenisation for generative recommendation (W. Wang et al., 2024). Zhai
et al. developed a contrastive framework for item tokenisation (Zhai et al., 2025). Lin et al.
proposed order-agnostic identifiers for LLM-based generative recommendation (X. Lin et al.,
2025). Zheng et al. studied pretraining generative recommenders with multi-identifier item to-
kenisation (Zheng et al., 2025). Zhang et al. converted semantic codebooks to textual document
identifiers for generative search (Y. Zhang et al., 2025). Hou et al. generated long semantic IDs
in parallel (Y. Hou, Li, et al., 2025). These methods helped make tokenisation a major research
theme in generative recommendation.

Semantic IDs are especially relevant to MFM-based recommendation. An MFM can encode
item text, image, video, and audio into a real-valued vector; a quantiser can then map the vector
to a sequence of discrete codes. The resulting codes give a generative recommender a token
vocabulary that reflects item content. This is useful for cold-start and transfer settings because
new items can be assigned codes from their content. It also connects representation adaptation
with generation: the item embedding space and the generated item-token space become linked.

The main difficulty is optimisation because quantisation is non-differentiable, preventing
recommendation gradients from directly updating the discrete assignment. Bengio et al. stud-
ied gradient estimators for stochastic neurons, including straight-through estimators (Bengio et
al., 2013), and Jang et al. proposed the Gumbel–Softmax trick for differentiable categorical
sampling (Jang, Gu, & Poole, 2016). Residual and stochastic quantisation methods have also
been used in representation learning and image generation (D. Lee, Kim, Kim, Cho, & Han,
2022; Takida et al., 2022). These tools are useful, but recommendation adds a further require-
ment: code usage must remain stable, expressive, and aligned with item ranking or generative
retrieval.

Codebook collapse is one of the main risks. If only a small subset of codes is used, semantic
IDs lose capacity and many items become difficult to distinguish. If the code assignments change
too abruptly during training, the generative recommender sees an unstable target vocabulary.
Recent generative recommendation work tries to address this through disentangled semantic-
collaborative modelling, multimodal semantic IDs, or industrial-scale tokenisation frameworks
(Han et al., 2025; C. Liu et al., 2025; Y. Wang et al., 2025; J. Zhu et al., 2025). These studies
show that discrete item representation is not only a modelling problem; it also affects training
stability, indexing, and deployment.

DIGER follows this line by asking how semantic IDs can be adapted under the recommenda-
tion objective itself. The key idea is to make semantic ID learning differentiable enough for joint
optimisation while avoiding collapse. In the broader literature, this position sits between vector-
quantised representation learning and generative recommendation. It keeps the MFM-derived
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content signal, but lets the discrete code space respond to behavioural recommendation loss.
This matters because a static content quantiser may group items by general semantic similarity,
while a recommender needs codes that preserve distinctions users act on.

Continuous representation adaptation trains the MFM-based representation-learning pipeline
and recommender through real-valued representations. Discrete representation adaptation ex-
tends the joint-learning objective to semantic-ID construction and generative recommendation.
Both adapt trainable representation-learning components under recommendation supervision,
with semantic-ID learning introducing the additional challenges of discrete assignments and
codebook stability.

2.6 Generation Adaptation for Recommender Systems

MFMs can generate recommendation-relevant content and, in some settings, the candidate items
themselves. Generation in recommendation is therefore not limited to explanations or conversa-
tional responses: it can complete catalogue fields, alter item presentation, supply content signals
for model training, or create videos that enter the recommendation pool. The adaptation question
is consequently role-specific. A generator may produce fluent text, plausible images, or visually
appealing videos, but the recommender-system setting asks whether the output is faithful, useful
for ranking, and appropriate for the engagement objective through which it will be evaluated.

Platform-side generation often starts from missing or incomplete item content, such as absent
product descriptions, attributes, or images. Aspect-aware multimodal summarisation shows that
product text generation should preserve item attributes and user-facing aspects (H. Li et al.,
2020); attribute-aware graph models and MPKGAC address missing attributes in e-commerce
(F. Liu et al., 2022; K. Wang et al., 2023); and missing-modality studies show that affected items
should not simply be removed from multimodal recommendation datasets (Malitesta et al., 2024;
B. Zhao et al., 2025). Kim et al. further study disentangling and generating modalities when
product modalities are missing (J. Kim, Kang, Kim, Kim, & Park, 2025). Together, these works
establish product completion as a recommendation problem rather than merely a data-cleaning
operation.

Classical imputation methods such as MICE and MissForest are useful for tabular fields
(Stekhoven & Bühlmann, 2012; van Buuren & Groothuis-Oudshoorn, 2011), but they are not
designed to reconstruct a faithful product image from a description or to write a description from
an image. Multimodal generators are more suitable for these free-form modalities: a text-to-
image model can synthesise visual content, an image-to-text model can describe a product, and
an MLLM can connect attributes, images, and text. Their flexibility also creates a hallucination
risk. A description that invents a material, size, or function may be fluent but damage user trust
and downstream ranking, while an image that changes the product may appear attractive while
misrepresenting the item. Recommendation-oriented generation must therefore evaluate factual
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consistency and downstream utility together.
MMPCBench is motivated by this platform-side completion setting and treats missing prod-

uct text and missing product images as complementary forms of catalogue repair. The task
requires the generated modality to recover item information from the available modality, sup-
port product presentation, and provide useful signals for recommendation-model training. This
evaluation framing connects content fidelity with recommendation effectiveness and addresses a
gap in general MFM benchmarks, which rarely ask whether generated content improves ranking
when inserted into a recommender pipeline. User-side generation concerns candidate content—
including titles, prompts, and micro-videos—created by users or creators before it enters a rec-
ommendation ecosystem. Once generated, a video and its associated title become candidate
items that the platform may rank, expose, and use to collect feedback for future training. Micro-
video analysis surveys describe how short-video content depends on visual, audio, textual, tem-
poral, and social signals (J. Guo et al., 2024); popularity-prediction studies use multimodal fea-
tures and retrieval augmentation to estimate engagement (J. Lu et al., 2024; Zhong et al., 2024);
and advertising or traffic-optimisation studies show that exposure and revenue objectives shape
short-video ecosystems (Ran et al., 2022). These works provide the behavioural foundation for
user-oriented generation.

The content-creation side is enabled by generative video models such as VideoPoet,
CogVideoX, HunyuanVideo, and LTX-Video, which show progress toward higher temporal
coherence and lower latency (HaCohen et al., 2024; Kondratyuk et al., 2023; Kong et al., 2024;
Z. Yang et al., 2024). Surveys of generative AI for video summarise rapid advances in video
generation, understanding, and streaming (P. Zhou et al., 2024). For recommender systems,
these models make it possible to generate not only descriptions of items but also the items
themselves, allowing an AI-generated micro-video to compete for exposure with human-created
content.

LLMPopcorn studies this user-side setting by asking whether LLMs and video generators
can assist popularity-oriented micro-video creation through title generation, prompt construc-
tion, and prompt enhancement. Unlike platform-side product completion, the central objective
is engagement under a platform-like popularity model rather than product faithfulness alone,
which makes evaluation more difficult. Popularity predictors are trained on historical exposure
and interaction data and therefore inherit platform biases; a generated video that receives a high
predicted score may exploit shallow cues or dataset artefacts. User-side generation consequently
requires careful offline and online evaluation of diversity, authenticity, creator incentives, and
long-term user satisfaction.

Generation adaptation thus extends the role of MFMs across two positions in the recom-
mendation ecosystem. On the platform side, generation repairs incomplete catalogues and sup-
plies missing modalities for representation learning; on the user side, it changes the supply of
candidate content. In both cases, the generator participates in a feedback loop with ranking,
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exposure, user behaviour, and future data collection rather than operating as an isolated model.
This ecosystem role is why generation adaptation in this thesis is treated as a recommendation-
oriented problem.

2.7 Datasets, Biases, and Evaluation Metrics

Evaluation is where the different adaptation problems in this thesis become separable. A real-
valued MFM-derived item vector is evaluated by whether it improves ranking under a fixed
recommendation protocol. A discrete semantic ID is evaluated by whether it forms a useful
item vocabulary for generative recommendation and remains stable during joint optimisation. A
product-completion generator is evaluated by whether the completed modality is faithful enough
for presentation and useful enough for downstream recommendation. A micro-video generator
is evaluated by whether the generated content is likely to receive popularity or engagement.
These settings share the same recommendation data regime, but they should not be compressed
into a single list of metrics.

All four evaluation settings share the same starting point: implicit feedback, in which a click,
view, purchase, like, comment, or watch event records an observed user–item interaction after
exposure without revealing every item the user would have liked. Unobserved interactions are
therefore not clean negative labels, and offline test sets inherit exposure bias, popularity bias,
position bias, platform-policy bias, and previous-recommender bias. Yi et al. studied sampling
bias in large-corpus item recommendation, and Krichene and Rendle showed that sampled rank-
ing metrics may be misleading when the sampled candidate set does not match the full-ranking
task (Krichene & Rendle, 2020; Yi et al., 2019). For this reason, the representation chapters
use a standard leave-one-out protocol where possible: the last item in each sequence is reserved
for testing, the penultimate item for validation, and earlier interactions for training. HR@K,
Recall@K, NDCG@K, and related top-K metrics then provide reproducible evidence for short-
term next-item ranking, but not a complete measure of user satisfaction.

The available dataset determines which adaptation question can be studied credibly and
which modality interactions can be observed. Amazon product data combines user interac-
tions with product text and images (J. Ni, Li, & McAuley, 2019); MicroLens provides user
behaviour together with titles, cover images, videos, and audio for content-driven micro-video
recommendation (Y. Ni et al., 2023, 2025); NineRec supports transfer and larger-scale domain-
generalisation studies (J. Zhang et al., 2023); and raw-pixel datasets test whether recommenders
can benefit from images without reducing the modality to fixed shallow features (Y. Cheng et al.,
2023). These datasets are not interchangeable: product recommendation tests catalogue seman-
tics and incomplete product information, micro-video recommendation tests richer temporal and
audio-visual signals, and transfer benchmarks test generalisation beyond one domain.
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Continuous representation adaptation. For continuous representation adaptation, the evalu-
ation target is an adapted item embedding. The central question is whether raw content encoded
through an MFM, after adaptation, improves next-item ranking compared with ID-only models,
frozen content features, full fine-tuning, and embedded PEFT. In the IISAN and IISAN-Versa
settings, Amazon categories such as Industrial and Scientific, Musical Instruments, and Office
Products provide paired text–image product data. In CROSSAN, MicroLens makes it possible
to evaluate more than two modality-specific foundation models, including text, image, video,
and audio. In Stresa, unified multimodal embedding backbones such as Qwen3-VL-Embedding
motivate evaluation on single-tower embedding models (M. Li et al., 2026).

The main performance metrics for this part are HR@10 and NDCG@10, sometimes ex-
tended to HR@20 and NDCG@20 when broader ranking lists are reported. HR measures
whether the target item is retrieved within the top-K results, while NDCG gives more credit
when the target appears nearer the top of the list. These metrics directly match the represen-
tation objective and allow fair comparison across encoder choices when the downstream se-
quential encoder, data split, and candidate set are fixed. Representation quality alone is not
sufficient evidence, however, because efficiency is part of the evaluation standard for MFM-
based recommenders. IISAN distinguishes trainable-parameter efficiency from training-system
efficiency through training time, trainable parameters, GPU memory, and the composite TPME
metric (Fu, Ge, et al., 2024); IISAN-Versa and CROSSAN further evaluate cached hidden-state
storage, feasible batch size, and the cost of adapting larger or multiple encoders (Fu, Ge, Xin,
Karatzoglou, et al., 2025; Fu, Ni, et al., 2025). A small NDCG gain is less meaningful if the
method cannot be trained or refreshed on a large catalogue.

The continuous representation setting also exposes modality bias. Text often carries dense
product semantics, while images, videos, and audio may be noisy, redundant, or missing. A
modality can appear useful simply because it is more complete for popular items or for profes-
sionally maintained categories. CROSSAN-style evaluation therefore needs modality ablations,
fusion ablations, and efficiency comparisons in addition to final HR/NDCG values. Stresa adds
another diagnostic: when adapting deeper hidden states, the evaluation should test whether more
depth actually helps or whether conventional side adapters degrade because earlier information
is overwritten. In other words, evaluation of continuous representation adaptation asks not only
“which model ranks better?”, but also which modality, layer, adapter path, and caching strategy
produces that result.

Discrete representation adaptation for generative recommendation. Generative recom-
mendation changes the evaluation object from a learned continuous representation to a sequence
of discrete item-code indices. In models such as TIGER, items are mapped into semantic IDs
and the recommender predicts the next item by generating an ID sequence (Rajput et al., 2023).
Later work studies learnable item tokenisation, multi-identifier tokenisation, and semantic-ID-
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based recommendation, showing that the item vocabulary itself has become a modelling com-
ponent (Y. Hou, Li, et al., 2025; X. Li et al., 2025; E. Liu et al., 2024; W. Wang et al., 2024;
Zheng et al., 2025). For this setting, ranking metrics such as Recall@K and NDCG@K remain
necessary, because the final system still recommends items. They are not sufficient, because a
semantic ID can produce acceptable ranking for the wrong reason while using a collapsed or
unstable codebook.

Discrete adaptation therefore requires representation-level diagnostics in addition to ranking
metrics. Code usage reveals whether the codebook is balanced or dominated by a small sub-
set of entries; codebook capacity and semantic-ID length test whether the identifier space is too
small, too large, or unnecessarily long; SID drift measures how often item identifiers change dur-
ing training; and train–inference agreement measures whether stochastic training assignments
match deterministic inference-time IDs. These diagnostics are especially important for differen-
tiable semantic IDs because gradient-based learning must pass through a discrete bottleneck. A
method that improves Recall@10 while collapsing most items into a few codes has not solved
the representation problem; it has hidden the problem inside the item-token space. DIGER is
therefore evaluated through both downstream recommendation performance and codebook sta-
bility.

Platform-side generation adaptation. For platform-side generation, the output is a missing
product modality. The evaluation question is no longer whether an embedding ranks well by
itself, but whether a generated description or product image can serve the role of the missing
modality. Missing-modality studies show that incomplete or imbalanced modalities are common
and should not be handled only by dropping affected items (Malitesta et al., 2024; C. Wang,
Niepert, & Li, 2018; B. Zhao et al., 2025). Product attribute completion work also shows the
practical importance of reconstructing incomplete e-commerce information (K. Wang et al.,
2023). MMPCBench follows this line but evaluates open-ended multimodal product completion
instead of only feature-level imputation.

This setting requires two complementary evaluation layers, the first of which measures con-
tent quality. For Image-to-Text completion, lexical and semantic metrics such as token overlap,
METEOR, BERTScore, MoverScore, SBERT similarity, and TF–IDF-based similarity measure
whether the generated description is close to the reference and semantically aligned (Banerjee
& Lavie, 2005; T. Zhang, Kishore, Wu, Weinberger, & Artzi, 2019; W. Zhao et al., 2019). For
Text-to-Image completion, PSNR, SSIM, MSE, LPIPS, FID, and CLIP-based similarity mea-
sure reconstruction quality, perceptual similarity, distributional realism, and semantic alignment
(Heusel, Ramsauer, Unterthiner, Nessler, & Hochreiter, 2017; Hore & Ziou, 2010; Radford,
Kim, Hallacy, et al., 2021; Z. Wang, Bovik, Sheikh, & Simoncelli, 2004; R. Zhang, Isola, Efros,
Shechtman, & Wang, 2018). Human evaluation remains necessary because automatic metrics
do not fully capture product faithfulness, attribute preservation, visual plausibility, commercial
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readiness, or whether a description is useful to a shopper (Van der Lee, Gatt, Van Miltenburg, &
Krahmer, 2021). The human dimensions in this thesis therefore reflect the product role: factual
accuracy, completeness, and marketing appeal for text, and visual plausibility, attribute fidelity,
and commercial readiness for images.

The second layer measures recommendation utility, because a generated modality can look
plausible while remaining unhelpful for ranking. Conversely, a generated description may dif-
fer from the reference at the word level while preserving the semantic attributes used by the
recommender. RecBench therefore evaluates generated modalities as substitutes in downstream
multimodal recommendation, using VBPR, BM3, and FREEDOM and reporting Recall@K and
NDCG@K (R. He & McAuley, 2016; X. Zhou & Shen, 2023; X. Zhou et al., 2023). This sep-
aration is important because CQBench measures whether the content is faithful and plausible,
whereas RecBench measures whether it carries sufficient recommendation signal. A weak cor-
relation between content-quality and recommendation metrics is not a contradiction; it indicates
that recommendation models may rely on semantic-level signals and remain robust to some
low-level generation noise.

User-side popularity generation. For user-side generation, the output is not a completed
product field but a candidate micro-video that may enter the recommendation pool, so the evalu-
ation target becomes popularity or engagement potential. General video-generation datasets and
quality metrics are useful for checking visual plausibility, temporal coherence, and prompt fol-
lowing (Chivileva, Lynch, Ward, & Smeaton, 2024; P. Zhou et al., 2024), but they do not show
whether a generated video is likely to attract engagement on a short-video platform. Micro-video
popularity prediction provides a more suitable proxy by modelling engagement from multimodal
content and behavioural traces (J. Lu et al., 2024; Zhong et al., 2024). LLMPopcorn adopts this
view by using a pretrained MMRA popularity evaluator (Zhong et al., 2024) to score generated
title–video pairs, operationalising popularity through an engagement proxy such as the median
number of comments.

The popularity setting also benefits from pairwise evaluation because absolute predicted
scores can be sensitive to the evaluator scale. Win rate compares two videos generated for the
same prompt and asks which is predicted or judged to be more popular, supporting comparisons
among LLMs, prompt-enhancement strategies, and video generators. Blind human comparison
provides an additional check. Nevertheless, offline popularity remains a proxy learned from
historical exposure and interaction data that encode platform bias, creator bias, and content-
distribution bias. Popularity-oriented generation must therefore be interpreted cautiously: opti-
mising predicted popularity can improve engagement signals while also encouraging repetitive
styles, overfitting shallow cues, or reducing content diversity.

Bias takes different forms across the four evaluation settings. In continuous representa-
tion adaptation, popularity and missingness can make a modality appear stronger than it is; in
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semantic-ID learning, codebook collapse can reduce the expressiveness of the item vocabulary
even when ranking metrics remain acceptable; in platform-side generation, automatic metrics
can reward surface similarity without ensuring product faithfulness or downstream usefulness;
and in user-side generation, popularity predictors can reproduce platform exposure feedback
loops. These limitations do not make offline evaluation useless, but they define the claims that
offline evidence can and cannot support.

The evaluation principle followed in this thesis is therefore role-specific: an MFM used
as an encoder should be evaluated through ranking accuracy and practical adaptation cost; an
MFM used to build discrete item tokens should be evaluated through both recommendation per-
formance and token-space stability; a model that completes missing product content should be
evaluated through content fidelity, human judgement, and downstream recommendation utility;
and a model that generates micro-videos should be evaluated through predicted popularity, pair-
wise win rate, and human preference, while acknowledging that online exposure remains the
final test. This role-specific view keeps the evidence aligned with the adaptation problem and
connects the datasets, biases, and metrics directly to the methods developed in the rest of the
thesis.



I. Recommendation-Oriented
Representation Adaptation

The first technical part of the thesis develops recommendation-oriented representation adap-
tation. It treats multimodal foundation models not as offline semantic feature extractors, but as
representation infrastructures that must be adapted within an end-to-end joint-optimised pipeline
to align with recommendation objectives.

IISAN first addresses the efficiency of continuous representation adaptation, jointly train-
ing MFM side-adaptation modules and the recommender under recommendation supervision.
IISAN-Versa, CROSSAN and Stresa extend this approach along three architectural directions:
larger asymmetric encoders, broader modality coverage, and deep unified single-tower embed-
ding models. DIGER carries the same joint-optimisation objective into semantic-ID-based gen-
erative recommendation. By addressing non-differentiable code assignments and codebook col-
lapse, it lays a methodological foundation for a unified large recommendation model that can
jointly optimise MFM-based content encoding, semantic-ID construction and generative rec-
ommendation end to end. Developing this full model, including possible use of efficient side
tuning, remains future work.
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Chapter 3

IISAN: Efficient Decoupled Adaptation of
Multimodal Representations

Publication Note

This chapter is adapted from: Junchen Fu, Xuri Ge, Xin Xin, Alexandros Karatzoglou, Ioannis
Arapakis, Jie Wang, and Joemon M. Jose. IISAN: Efficiently Adapting Multimodal Represen-
tation for Sequential Recommendation with Decoupled PEFT. SIGIR 2024.

Chapter Positioning

This chapter establishes the first step in representation adaptation in the thesis. It asks how a
recommendation model can use raw image and text signals from multimodal foundation mod-
els without incurring the cost of full fine-tuning. IISAN introduces decoupled PEFT, separates
frozen backbones from trainable side networks, and proposes a caching strategy to further en-
hance performance, thereby providing the efficiency foundation for the later chapters on contin-
uous representation adaptation.

3.1 Introduction

Large foundation models such as GPT-4 (Achiam et al., 2023), DALL-E (Ramesh et al., 2022),
LLaMA (Touvron et al., 2023), and CLIP (Radford, Kim, et al., 2021), are at the forefront
of AI innovation, captivating the entire AI community. These models have become pivotal
in AI research areas such as Natural Language Processing, Computer Vision, and Multimodal
Learning Tasks.

In particular, their superior ability to generate universal representations is highly advanta-
geous for sequential recommendation tasks that have recently shifted from traditional reliance
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Figure 3.1: Comparisons among Full Fine-tuning (FFT), Embedded PEFT and Decoupled PEFT
for feature representation learning. The traditional Embedded PEFT (EPEFT), e.g., Adapter
(Houlsby et al., 2019) and LoRA (E. J. Hu et al., 2021), embed the additional trainable param-
eters into the foundation models, reducing trainable parameters but still having heavy computa-
tion graph during backpropagation. The proposed IISAN belongs to Decoupled PEFT (DPEFT),
which significantly reduces the size of the computation graph by decoupling the PEFT from
backbones and maintains the latest trainable parameters by freezing backbones.

on IDs (Identifiers) (X. He et al., 2017; Hidasi et al., 2015) to multimodal item content (Text,
Images, etc.)

While this paradigm shift is undeniably successful, it introduces significant challenges.
Large foundation models, characterised by their extensive parameterisation, incur substantial
costs when applying traditional full fine-tuning (FFT) methods (Devlin et al., 2018). This partly
explains why much research focuses on text modality (Y. Hou, He, et al., 2022; Y. Hou, Mu, et
al., 2022; C. Wu, Wu, Qi, & Huang, 2021a; L. Wu et al., 2020) – the training cost for visual
modality is even higher. For instance, vision encoders like ViT have long sequence lengths (up
to 197), compared to less than 50 in typical text scenarios.

Longer sequence length can significantly increase the activations in GPU memory, which we
will explain in Section 3.4.3. This high training cost is even more pronounced in multimodal sce-
narios, combining text and visual information, which significantly increases model size and data
input. Nevertheless, despite such efficiency issues, the intuitive advantage of multimodal repre-
sentation lies in its ability to comprehensively integrate information, thereby enhancing overall
performance. Therefore, optimising efficiency in multimodal recommendation is of paramount
importance.

We identified two additional key challenges in the costly training of large foundation mod-
els: GPU memory and training time. The substantial expense of GPU memory, such as that
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required for advanced GPUs like A100 and H100 80G, poses a barrier for researchers and en-
gineers interested in developing large foundation models but lack access to these resources.
Moreover, the issue of training time encompasses not only extended waiting periods but also
the escalation of electricity expenses. Crucially, the energy consumed during lengthy training
processes directly contributes to higher carbon emissions, a matter of significant global environ-
mental concern (L. Chen et al., 2022; Williams et al., 2021).

In response to the FFT’s efficiency problem, many researchers have turned to parameter-
efficient fine-tuning (PEFT) methods, such as LoRA (E. J. Hu et al., 2021), Adapter (Houlsby
et al., 2019) and Bitfit (Zaken et al., 2021), etc. Note that, adapter-based approaches have
shown performance comparable to FFT in sequential RS, as discussed in (Fu, Yuan, et al., 2024).
However, a critical question arises: Does the parameter efficiency represent the practical
model efficiency, i.e. lower parameter → lower GPU memory & faster training speed?
PEFT was initially proposed to reduce trainable parameters (Houlsby et al., 2019), aiming to
save storage by reducing the need for multiple copies of foundation models for various tasks (Fu,
Yuan, et al., 2024; Houlsby et al., 2019). For instance, as shown in Figure 3.1, popular PEFT
methods (Houlsby et al., 2019; E. J. Hu et al., 2021; Karimi Mahabadi et al., 2021; Pfeiffer et
al., 2020) embed new trainable parameters into the foundation models, namely Embedded PEFT
(EPEFT). However, the computation graph of these EPEFTs, such as Adapter and LoRA, shows
no significant reduction (H. Cai et al., 2020; Sung, Cho, & Bansal, 2022). Consequently, the cost
of backward propagation, i.e. GPU memory and training time, does not decrease appreciably,
which continues to be a primary bottleneck during the training stage, as detailed in Section 3.4.

As mentioned before, we argue that two intuitive key issues exist in PEFT research:

• Current embedded PEFT methods are inherently flawed, i.e., the heavy computation graph
in backpropagation.

• In the PEFT research methodologies, there is a misconception that parameter efficiency
directly translates to overall efficiency, and the model efficiency evaluation (only focusing
on the size of trainable parameters) is lopsided.

Current research in multimodal sequential recommendation is suffering from these critical issues
(Z. Cui et al., 2022; Fu, Yuan, et al., 2024; Geng et al., 2023). Motivated by this, we conduct
our research. Specifically, we develop a simple yet efficient Intra- and Inter-modal Side Adapted
Network (IISAN) to adapt the multimodal foundation models more efficiently. Compared to
traditional EPEFT (Adapter and LoRA, etc.), IISAN’s innovations encompass three aspects:
(1) We adopt the advanced Decoupled PEFT (DPEFT) structure, described in Figure 3.1, to
largely reduce the computation graph; (2) Drawing from our insights into the characteristics
of the DPEFT, we further propose to improve efficiency by implementing a caching strategy, as
detailed in Section 3.3.1; (3) Based on the traits of multimodality, we embrace the capabilities of
both unimodality (intra-SAN) and multimodality interactions (inter-SAN) for better multimodal
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representation learning.
Additionally, we correct the misconception that "parameter efficiency is equal to model prac-

tical efficiency" in two aspects. First, we undertake a thorough yet accessible analysis in Section
3.4. This analysis focuses on the practical efficiency of various prevalent approaches, including
full fine-tuning (FFT), EPEFTs (such as LoRA (E. J. Hu et al., 2021) and Adapter (Houlsby et
al., 2019), etc.), and DPEFT (IISAN). The evaluation encompasses three key facets: training
speed, trainable parameters, and GPU memory usage. Second, to unify the point of evaluating
the practical model efficiency, we introduce a metric named TPME (Training-time, Parameter,
and GPU Memory Efficiency), which comprehensively considers the above three critical factors
to address the second aforementioned issue in PEFT research.

Overall, the major contributions of our paper are threefold:

• We introduce a novel Intra- and Inter-modal Side Adapted Network (IISAN) following
the decoupled PEFT paradigm for end-to-end sequential recommendation tasks based on
pre-trained multimodal foundation models. IISAN is allowed to employ caching strategy
to further improve efficiency due to its DPEFT property.

• We propose a new practical efficiency metric (TPME), harmonising the costs of training
time, trainable parameters, and GPU memory, which offers a holistic measure of model
efficiency.

• We provide a detailed and accessible analysis for understanding the high efficiency of the
PEFT mechanism. It positions the IISAN as a theoretically superior architecture in terms
of practical efficiency compared to prevalent PEFT.

Extensive experiments validate that IISAN achieves comparable performance over the FFT and
the state-of-the-art PEFT methods on three widely-used multimodal recommendation datasets,
while also delivering a notable enhancement in GPU memory and training time efficiency.
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Figure 3.2: An Overview of the IISAN for sequential recommendation. The framework takes
the pre-trained text encoder BERT (Devlin et al., 2018) and image encoder ViT (Dosovitskiy et
al., 2020) as an example, which contains 12 Transformer-blocks (TRMs) respectively. IISAN
proposes intra- and inter-modal side adapted networks, where the intra-modal SANs mainly con-
struct independent adaptive representation learning within two modalities and the inter-modal
SAN focuses on the efficient multimodal interactions between layer hidden states in multimodal
networks. SANs consist of multiple SAN blocks (SANBs) and learnable fusion gates. Each
SANB receives the hidden states from the corresponding layers and makes an adaptive learning
optimisation for the final recommendation task by a unified objective function. Notably, we
leverage LayerDrop to further omit redundancy.
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Figure 3.3: Caching strategies comparison. The input for the DPEFT remains constant and, in
theory, can be cached. On the other hand, the input for the EPEFT is subject to change as it is
influenced by parameter updates in the last block.
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3.2 Related Work

Modality-based Sequential Recommendation (MoRec). The recommendation with various
modality information has increasingly fascinated the Recommender System community
(Y. Cheng et al., 2023; H. Hu et al., 2024; R. Li et al., 2025; Q. Liu, Chen, Sakai, & Wu, 2024;
Y. Liu et al., 2023; Y. Ni et al., 2023; Z. Qu et al., 2023; R. Sun et al., 2020; J. Wang et al.,
2022, 2023; W. Wei et al., 2023; C. Wu, Wu, Qi, & Huang, 2021b; Yuan et al., 2023; J. Zhang
et al., 2023). They deploy the large-scale pre-trained foundation models Brown et al. (2020);
Devlin et al. (2018); K. He et al. (2016); P. He et al. (2021, 2020); Radford, Kim, et al. (2021)
from NLP and CV (Dosovitskiy et al., 2020; Z. Liu et al., 2021), and CLIP (Radford, Kim, et
al., 2021) to encode texts and images. The sequential encoder stays unchanged as the traditional
sequential architectures, including SASRec (Kang & McAuley, 2018), GRU4Rec (Hidasi et
al., 2015), and BERT4Rec (F. Sun et al., 2019), etc. In addition, IDA-SR (Mu, Hou, Zhao, Li,
& Ding, 2022), UniSRec (Y. Hou, Mu, et al., 2022), and VQ-Rec (Y. Hou, He, et al., 2022)
realised MoRec by learning item representation from the foundation model in NLP. In terms of
image representation in RS, (Y. Wei et al., 2019) and (L. Meng, Feng, He, Gao, & Chua, 2020)
fed the RS model with image features extracted from the ResNet-50 (K. He et al., 2016). On
the other hand, (Elsayed et al., 2022; Y. Li et al., 2023; Y. Ni et al., 2023; Yuan et al., 2023)
have collectively demonstrated that the MoRec framework, when applied through end-to-end
learning, significantly enhances performance over previous methods that rely on offline feature
extractors. Specifically, (Y. Li et al., 2024, 2023) highlighted that end-to-end training, which
integrates both image and text modalities, considerably surpasses systems based solely on a
single modality.

However, a significant limitation observed in these end-to-end research studies is their con-
tinued reliance on full fine-tuning of large-scale multimodal encoders. This approach often
results in a lack of efficiency.
Parameter-efficient Fine-tuning (PEFT). In the domains of NLP and CV, significant efforts are
being devoted to investigating PEFT methods. These approaches aim to address the challenge
of managing the extensive number of trainable parameters present in large-scale pre-trained
models. Foundational works in this area include Adapter (Houlsby et al., 2019), LoRA (E. J. Hu
et al., 2021), and BitFit (Zaken et al., 2021). Building on this paradigm, a variety of alternative
strategies have been proposed, as evidenced by studies such as (Z. Chen et al., 2022; P. Gao
et al., 2023; X. He, Li, Zhang, Yang, & Wang, 2022; Karimi Mahabadi et al., 2021; Pfeiffer
et al., 2020; R. Wang et al., 2020; D. Yang et al., 2023; R. Zhang et al., 2021). Nevertheless,
these methods predominantly employ Embedded PEFT (EPEFT) and concentrate chiefly on
parameter efficiency, rather than practical efficiency factors like training speed and GPU memory
consumption.

To address these limitations, (H. Cai et al., 2020) introduced the concept of "Reduce Mem-
ory, Not Parameters", suggesting a reduction in activations. LST (Sung et al., 2022) introduces
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a memory efficiency approach that tries to decouple PEFT modules from the encoder-decoder
T5 (Raffel et al., 2020). This emerging trend in NLP and CV research is increasingly pivoting
from the earlier focus on EPEFT to DPEFT, as exemplified by recent studies (Y.-B. Lin, Sung,
Lei, Bansal, & Bertasius, 2023; M. Xu, Zhang, Wei, Hu, & Bai, 2023a, 2023b).

For the usage of PEFT in the realm of modality-based sequential recommender systems
(RS), significant progress has been demonstrated by M6-Rec (Z. Cui et al., 2022), Tallrec (Bao
et al., 2023), and SSNA (Peng et al., 2023). These studies show that PEFT approaches can
achieve performance comparable to traditional fine-tuning methods. Additionally, (Fu, Yuan, et
al., 2024) provides an empirical study of adapters in MoRec. Although many current methods
in the field continue to utilise the conventional EPEFT, they often overlook aspects of practical
efficiency. The adoption of DPEFT in RS remains limited, with only a few exceptions, such
as a concurrent preprint (Peng et al., 2023). Furthermore, these methods mainly concentrate
on single-modality analysis, missing the opportunity to exploit the rich multimodal information
available in RS. In contrast, VIP5 (Geng et al., 2023) explores the multimodal recommendation
using adapters within the P5 backbone. However, its implementation primarily utilises adapters
for text encoders, leaving the image encoder unchanged and dedicated solely to feature extrac-
tion. This approach differs from our focus, as adapting the image encoder incurs higher costs
compared to the text encoder.

To the best of our knowledge, little research investigated practical efficiency issues of using
DPEFT approaches for multimodal representation adaptation for recommendation tasks. Util-
ising multimodal information can certainly boost recommendation performance (Y. Li et al.,
2023), while further increasing the practical efficiency issues. Therefore, the research of study-
ing DPEFT approaches to address the real efficiency problems in this field is a novel and urgent
direction.

3.3 Methodology

The overall framework of the proposed IISAN is shown in Figure 3.2. We depart from the
mainstream multimodal representation learning models (Fu, Yuan, et al., 2024; Ge et al., 2021;
J. Wang et al., 2022; C. Wu et al., 2021a; L. Wu et al., 2020; Yuan et al., 2023) to introduce
a novel high-efficiency paradigm for personalised fine-tuning in sequential recommendation—
referred to as decoupled parameter-efficient fine-tuning (decoupled PEFT, DPEFT). This inno-
vative approach specifically addresses a critical aspect: the efficient adaptation of pre-trained
large-scale multimodal models as item encoders. Initially, we propose to decouple the new
trainable side adapted networks (SAN) and the frozen multimodal backbones. This decoupling
is designed to optimise the extensive computation graph of backpropagation, effectively tack-
ling challenges in training time and GPU memory encountered when transitioning large-scale
models to downstream tasks. Leveraging the unique features of DPEFT, we introduce caching
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strategies for IISAN to significantly enhance its practical efficiency. Furthermore, capitalising
on the intrinsic nature of multimodal representations, the proposed IISAN architecture intro-
duces two independent intra-modal SANs for visual and textual modality adaptation, along with
an inter-modal SAN for handling interactions between the two modalities. The decoupled intra-
and inter-modal SANs adeptly transfer pre-trained large-scale multimodal foundation models,
such as BERT (Devlin et al., 2018), DEBERTA (P. He et al., 2021, 2020), ViT (Dosovitskiy et
al., 2020), and CLIP (Radford, Kim, et al., 2021), to downstream multimodal recommendation
tasks while maintaining multifaceted efficiency. Moreover, we pioneer a new efficiency metric—
TPME—to evaluate the practical training efficiency of models, diverging from a reliance solely
on trainable parameters.

3.3.1 IISAN

Given a recommendation dataset D = {U ,V }, where U and V denote the user and item sets,
respectively, we aim to predict the next item that user u will interact with from their previous n

interactions. In multimodal recommendation, each item v contains two modal representations,
i.e. text (vtext) and corresponding image (vimage). We feed the texts and images of items into
two pre-trained textual and visual foundation models, such as BERT (Devlin et al., 2018) for
texts and ViT (Dosovitskiy et al., 2020) for images, which consist of an embedding layer (word
embedding for texts and patch embedding for images) and multiple transformer blocks respec-
tively. Through the pre-trained multimodal backbones, we can obtain the textual and visual
embeddings from the embedding layers and the multiple hidden states ({htext

i } and {himage
i })

from the transformer blocks ({T RMi}), where i denotes the i-th layer of the backbone.
Our main innovation is the Intra- and Inter-modal Side Adapted Network (IISAN), which

aims to maximise the use of knowledge from pretrained models for multimodal sequential rec-
ommendation under a decoupled PEFT paradigm. Specifically, we decouple the trainable pa-
rameters into three separate towers, which are the textual-modality side adapted network for text
representation training, the visual-modality side adapted network for image representation train-
ing and an inter-modal side adapted network for image-text interactive representation training.
Similar to Adapter (Houlsby et al., 2019), each side adapted network (SAN) consists of multiple
SAN blocks (SANBs), each of which contains Upsample layers and downsample layers based
on fully-connected network.1 As shown in Figure 3.2, the structure of textual SAN, visual SAN
and inter-SAN have structure symmetry, due to the consistency of the backbone models. Taking
the textual SAN as an example, different from complex fusion ways (Ge, Chen, Shen, & Ji,
2019), a learnable gate mechanism is employed to fuse the information {hBintra

i−1 } from the last

1SANB, a network unit of SAN, utilises the network block similar to Adapter (Houlsby et al., 2019). However,
unlike the Adapter’s embedded approach, SANB is implemented in a decoupled way.
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SANB and the current hidden state {htext
i }, as the formula:

hBintra

i = SANBintra
(

µ
text
i ∗hBintra

i−1 +(1−µ
text
i )∗htext

i

)
(3.1)

where µ text
i ∈ [0,1]. Note that the first SANB only inputs the text embeddings and the visual

SAN employs similar operations. For the inter-SAN, we employ a similar gating method.
We design a fusing mechanism to fuse the hidden states of two modalities and sum the

information from the last SANB, as the formula:

hBinter

i = SANBinter
(

βi ∗himage
i +(1−βi)∗htext

i +hBinter

i−1

)
(3.2)

where βi ∈ [0,1]. Note that the first inter-SANB only inputs the text embedding and the visual
embeddings.

Additionally, to further enhance network efficiency and address issues of layer redundancy,
we introduce a LayerDrop technique, like (A. Fan, Grave, & Joulin, 2019; Sung et al., 2022),
to save the number of SAN blocks. Specifically, we group two transformer blocks together and
drop the first hidden state to the SANs, which can save half the amount of SANBs. Moreover, we
also explore different LayerDrop schemes in Section 3.6.4, i.e. dropping different hidden layer
states, to achieve the best balance between efficiency and effect, which reflects the significance
of different encoder layers for the final modality representation.

Finally, we obtain efficient new multimodal item representations from the intra- and inter-
modal SANs, including the textual representations {etext}, the visual representations {eimage}
and the textual-visual interacted representations {einter}. A linear-based fusion layer (FL) is
added to ensure the consistency of the output dimensions of the item embedding and input
dimensions of the sequential encoder for the final recommendation, as follows:

eitem = FL([eimage : einter : etext ]) (3.3)

where [:] means the feature concatenation. Then, we input the eeeitem into the sequential encoders
and calculate the final predicted score for user u to i-th item as ŷyyui, which is the product of the
output sequential encoder and corresponding item embedding.

In terms of training details, we exploit the in-batch debiased Cross-Entropy loss function
LCE (Ji et al., 2023; Yi et al., 2019; Yuan et al., 2023) widely adopted in both academic literature
and industrial systems.

Dui = exp(ŷui− log(pi))+ ∑
j∈[B], j/∈Iu

exp(ŷu j− log(p j)) (3.4)

LCE =− ∑
u∈U

∑
i∈[2,...,n+1]

log
exp(ŷui− log(pi))

Dui
(3.5)
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where p is the popularity of the item, Iu and B stand for the item set interacted by user u and
the batch. n+1 item denotes the predicted item for user u. Dui is an auxiliary variable used to
simplify Equation (3.5).

Introducing an innovative approach to enhance efficiency, we suggest a caching technique
as a refinement strategy (Y. Chen, Liu, Zhao, & Zhu, 2020; Karedla, Love, & Wherry, 1994).
As shown in Figure 3.3, this is possible because the decoupled PEFT mechanism separates
the frozen pretrained backbone from the trainable adaptation network. This technique entails
the storage and reuse of item hidden states extracted from pre-trained multimodal backbones,
minimising the necessity for repeated forward passes of foundational models during training.
This approach is not applicable to embedded PEFT methods because the input to each PEFT
module changes after updates to preceding modules, making the hidden states unsuitable for
caching.

3.3.2 New Efficiency metric: TPME

In this thesis, we propose a new composite metric2 (termed TPME) to evaluate the practical
efficiency of different PEFT methods, e.g. Adapter, LoRA, etc. It integrates the efficiencies
of training time, trainable parameters, and GPU memory into a unified evaluation metric by
adjustable practical factors. Specifically, assuming we evaluate the efficiency of i-th model
among K models, TPME is calculated based on their training time T = {t1, ..., tK}, trainable
parameters P = {p1, ..., pK} and GPU memory M = {m1, ...,mK} as follows:

tnorm
i =

ti−minT
maxT −minT

(3.6)

pnorm
i =

pi−minP
maxP−minP

(3.7)

mnorm
i =

mi−minM
maxM−minM

(3.8)

T PMEi = α1tnorm
i +α2 pnorm

i +α3mnorm
i (3.9)

α1 +α2 +α3 = 1 (3.10)

where α denotes the weighting assigned to each term, tailored to specific circumstances. For
example, in scenarios where only a limited GPU capacity is available for model training, it’s
advisable to significantly augment the weight of M. Within the scope of this thesis, we’ve
adjusted the values of α1 and α3 to 0.45, and α2 to 0.1. This adjustment reflects our focus on
two key practical aspects: training speed and memory efficiency. It is crucial to understand that

2The composite metric, frequently used in social statistics, measures levels across multiple dimensions. The
well-known Human Development Index (HDI) (Sagar & Najam, 1998), employed by the United Nations, incor-
porates dimensions of education, longevity, and income. Our TPME follows the HDI’s fundamental calculation
principle, integrating various dimensions for a comprehensive evaluation.
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Table 3.1: Efficiency Comparison of FFT and PEFT. In the Training-time metric, the FP/ f p,
BP/bp, and WU/wu represent the training time of the forward pass, backward propagation,
and weight update respectively. Within the Parameter metric, T P/t p symbolises the model of
trainable parameters. Concerning the GPU memory metric, MP/mp and A/a denote the model
parameters and activations, respectively. Notably, in every instance, the lower case variables
(e.g., f p, bp, wu) are significantly less than (�) their upper case counterparts (e.g., FP, BP,
WU). We utilise ">" and "=" to denote relationships of greater and equal magnitude, respec-
tively.

Metric FFT Adapter LoRA IISAN (Uncached) IISAN (Cached)

Training-time O(FP+BP+WU) > O(FP+BP+wu) = O(FP+BP+wu) > O(FP+bp+wu) > O( f p+bp+wu)
Parameter O(T P) > O(t p) = O(t p) = O(t p) = O(t p)

GPU Memory O(MW +A) = O(MW +A) = O(MW +A) > O(MW +a) > O(mw+a)

the Training-time, Parameter, and GPU Memory Efficiency (TPME) framework is specifically
intended for the comparative analysis of a minimum of two methodologies. For example, this
could involve a comparison between methodologies such as FFT and IISAN.

For each individual factor, it’s crucial to ensure consistency in value derivation by conducting
evaluations within the same experimental environment and setup, thus preserving the integrity
and relevance of the results. An example of calculation is provided in Section 3.6.1.

3.4 Analysis of Efficiency

This section analyses the detailed composite efficiency of training downstream tasks, such as
recommender systems and cross-modal retrieval, etc., with PEFTs based on pre-trained large-
scale multimodal foundation models to compensate for filling in the absences in the existing
literature3. While quantifying exact values in Transformer-based architectures is complex, we
provide approximate values with an upper bound O, facilitating comparative analysis with vari-
ous approaches in Table 3.1. In this comparison, we keep different dimensional variables inside
O and diminish the smaller variables within the same dimension and constant coefficients using
"≈", following the algorithm’s fundamental principles (Skiena, 1998).

3.4.1 Training-time Efficiency

Inspired by (Larochelle, Bengio, Louradour, & Lamblin, 2009; Safayenikoo & Akturk, 2021),
we analyse the time spent on three key components, i.e. forward passes (FP), backward passes
(BP) and weight updates (WU), of one training iteration. First, we define the aforementioned
three components for the large-scale foundation model as O(FP), O(BP) and O(WU), and
for the smaller PEFT network as O( f p), O(bp), and O(wu), where FP� f p, BP�bp and
WU�wu. Consequently, the total training time of one iteration in full fine-tuning (FFT) is

3Note that we only study from the model perspectives, other engineering approaches such as Quantisation
applied in QLoRA (Dettmers et al., 2023) is not in our scope.
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around O(FP+ BP+WU). For LoRA (E. J. Hu et al., 2021) and Adapter (Houlsby et al.,
2019), their forward and backward pass involves both foundation models and PEFT compo-
nents. In addition, since the foundation model is frozen, the weight update time includes only
the PEFT model O(wu). So the total training time for LoRA/Adapter is:

O(FP+ f p+BP+bp+wu)≈ O(FP+BP+wu) (3.11)

However, for IISAN, due to its decoupled structure, we can omit the backward propagation
through the large foundation models. So the total training time is:

O(FP+ f p+bp+wu)≈ O(FP+bp+wu) (3.12)

Moreover, as discussed in Section 3.3.1, IISAN (Cached) approach can further save the forward
pass time of the foundation models, i.e., training time is O( f p+bp+wu).

3.4.2 Parameter Efficiency

The parameter efficiency is considered as a determinant of model efficiency in many research
papers (Fu, Yuan, et al., 2024; Houlsby et al., 2019). The more trainable parameters a method
has, the less parameter-efficient it becomes. Therefore, we analyse the entire backbone models
with O(T P) parameter sizes when FFT, while the PEFT components (including Adapter, LoRA,
and IISAN, etc.) only contain the negligible O(t p) trainable parameters, where t p� T P. As
mentioned in (Fu, Yuan, et al., 2024; Houlsby et al., 2019), the main reason for the parameter
efficiency being a concern is due to storage inefficiencies during downstream task model migra-
tion, especially on mobile. However, with the popularity of cloud-based storage, we believe that
this should not be the only focus for recommendation model training, the training time and GPU
memory efficiencies are more important in practice.

3.4.3 GPU Memory Efficiency

Different from existing methods, a detailed analysis of GPU Memory efficiency –on-GPU mem-
ory composite– is given to explain why traditional PEFTs cannot reduce much GPU memory,
while IISAN can.

The consumption of GPU memory is primarily distributed across five aspects4, i.e. (i) model
weights, (ii) gradients, (iii) optimiser states, (iv) forward activations saved for gradient com-
putation, and (vi) other components (temporary buffers, functionality-specific memory, etc.).
The main sources of GPU memory usage are the first four components. The fifth component is
usually a relatively small one that is omitted here.

4The Anatomy of Model’s Memory Section from https://huggingface.co/docs/transformers/
v4.18.0/en/performance

https://huggingface.co/docs/transformers/v4.18.0/en/performance
https://huggingface.co/docs/transformers/v4.18.0/en/performance
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In particular, we first equate the model’s gradients with its trainable weights5, denoting them
as O(MW ) for the backbone model and O(mw) for the PEFT modules, where MW�mw. Sec-
ondly, the optimiser states take the standard Adam optimiser (Kingma & Ba, 2014) as an ex-
ample. It doubles the parameter count for calculating first and second momentum orders, so
the optimiser states are O(2MW ) for backbone models and O(2mw) for PEFT modules. Ad-
ditionally, we denote the activations for the backbone models and the PEFT modules by O(A)

and O(a) respectively, where A� a. As stated in (H. Cai et al., 2020; L. Gao, Zhang, Han,
& Callan, 2021; Gomez, Ren, Urtasun, & Grosse, 2017), the activations mainly depend on the
computation graph’s size6. This is because backpropagation requires storing the activations of
the network in GPU memory, the memory cost that is proportional to the number of units in the
network. Finally, we can represent the total GPU memory of FFT by:

O(MW +MW +2MW +A) = O(4MW +A)≈ O(MW +A) (3.13)

For the LoRA/Adapter-based approach, they reduce the trainable parameters from O(MW ) to
O(mw), but the computation graph as shown in Figure 3.1, has not been reduced. Therefore, the
total GPU memory for LoRA/Adapter is:

O(MW +mw+mw+2mw+A+a) = O(MW +4mw+A+a)≈ O(MW +A) (3.14)

Note that while the LoRA and adapter share the same theoretical complexity as the FFT,
they can still save up to three times the GPU memory when the model parameters are the bot-
tleneck7, as highlighted in (E. J. Hu et al., 2021). On the other hand, IISAN can further save the
computation graph of the backbone model. Consequently, the total GPU memory required for
IISAN would be:

O(MW +mw+mw+2mw+a) = O(MW +4mw+a)≈ O(MW +a) (3.15)

Furthermore, applying the caching strategies, the IISAN (cached) alleviates memory constraints
for storing foundation model weights. Consequently, the GPU memory allocation for IISAN
(Cached) is as follows:

O(mw+mw+2mw+a) = O(4mw+a)≈ O(mw+a) (3.16)

5Gradients normally equal to 4 bytes * number of trainable model weights, we denote them as equal value for
simplicity

6Activations are also influenced by sequence length, hidden size and batch size, etc
7Typically, GPU memory usage is influenced by either model size or activations. In the context of

Multimodality-based sequential recommendation scenarios, where sequences tend to be lengthy (item token length
∗ sequence length ∗ batch size ∗ types of modalities), activations often become the bottleneck. Consequently, IISAN
demonstrates significant efficiency in the multimodal recommendation, particularly in scenarios characterised by
extensive activations.



CHAPTER 3. IISAN 47

Table 3.2: Dataset Description

Dataset Users Items Interaction Content

Scientific 12,076 20,314 81,711 Text&Image
Instrument 10,000 19,246 75,022 Text&Image

Office 10,000 22,785 71,276 Text&Image

Table 3.3: Comparisons of efficiency-performance balance. Two key categories of evaluation
metrics are used, i.e. “Performance" and “Efficiency". All results of HR@10 and NDCG@10
are denoted in the percentage (%). The ’Training’, ’Parameter’, and ’GPU Memory’ denote
training time (seconds for each epoch), trainable parameters and max GPU memory usage,
respectively. “Relative Improvement" means the result differential between IISAN and FFT.
Larger values (↑) of the Performance metric indicate better performance, while smaller values
(↓) of the Efficiency metric reflect better efficiency. “*” denotes that the improvements of IISAN
compared with FFT are significant at the level of 0.05 with paired T-test. To clearly represent
the difference between uncached IISAN and cached IISAN (in blue), we divided them into two
separate columns. The best results are in bold.

Dataset Category Metric FFT Adapter LoRA BitFit IISAN (ours) Relative Improvement
Uncached Cached Uncached Cached

Scientific

Performance(↑) HR@10 6.62 6.61 6.62 6.37 6.83∗ +3.07%
NDCG@10 4.06 3.91 4.09 3.76 4.14∗ +1.93%

Efficiency(↓)
Training-time 443s 354s 378s 403s 179s 22s -59.59% -95.03%

Parameter 195M 5M 0.8M 0.4M 4M 4M -97.89% -97.89%
GPU Memory 46.76G 37.82G 39.07G 36.97G 8.32G 3.11G -82.19% -93.35%

TPME 100% 71.50% 75.14% 70.82% 22.34% 0.19% -78.10% -99.80%

Instrument

Performance(↑) HR@10 8.76 8.82 8.43 8.65 9.06∗ +3.31%
NDCG@10 6.76 6.83 6.64 6.71 7.01∗ +3.57%

Efficiency(↓)
Training-time 369s 295s 308s 287s 142s 18s -61.52% -95.12%

Parameter 195M 5M 0.8M 0.4M 4M 4M -97.89% -97.89%
GPU Memory 46.76G 37.82G 39.07G 36.97G 8.32G 3.11G -82.19% -93.35%

TPME 100% 71.55% 74.28% 69.40% 21.46% 0.19% -78.54% -99.81%

Office

Performance(↑) HR@10 6.30 6.65 6.55 6.78 6.80∗ +7.35%
NDCG@10 4.58 4.85 4.78 4.87 4.92∗ +6.91%

Efficiency(↓)
Training-time 355s 296s 308s 288s 140s 19s -60.56% -94.65%

Parameter 195M 5M 0.8M 0.4M 4M 4M -97.89% -97.89%
GPU Memory 46.76G 37.82G 39.07G 36.97G 8.32G 3.11G -82.19% -93.35%

TPME 100% 73.12% 75.80% 70.93% 21.77% 0.19% -78.23% -99.81%
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3.5 Experiment Setup

Datasets. In this thesis, each item for a user sequence is represented by its raw image and text
modality. We perform the preprocessing following (Fu, Yuan, et al., 2024; R. Li et al., 2025;
Yuan et al., 2023). To evaluate our methods on items with both raw image and text modality,
we adopt the Amazon review datasets (J. Ni et al., 2019). We adopt three widely used datasets
from it, “Industrial and Scientific”, “Musical Instruments”, and “Office Products”.8 Due to
the constraint of GPU memory, we follow (Fu, Yuan, et al., 2024; Yuan et al., 2023) and set the
sequence length to 10. After the preprocessing, the details of the datasets are shown in Table 3.2.
Performance Evaluations. Drawing on prior studies (X. He et al., 2017; Yuan et al., 2023), our
approach involves dividing the datasets using a leave-one-out method. This involves using the
final item in the interaction sequence for testing, the item before the last is used for validation,
and the remaining items for training purposes. For assessment, we use HR@10 (Hit Ratio) and
NDCG@10 (Normalised Discounted Cumulative Gain) (Y. Hou, He, et al., 2022; Yuan et al.,
2023) as the primary metrics. Unless otherwise specified, all reported results pertain to the test
set. Additionally, it’s important to note that the predicted item is compared against the entire set
of items (Krichene & Rendle, 2020).
Implementation Details. The "bert-base-uncased", "vit-base-patch16-224", "clip-vit-base-
patch16", and "deberta-v3-base" from the Huggingface platform (Jain, 2022) are used as the
text and image encoders in this research, respectively. The dimension of hidden representations
of the sequential encoder is searched in {32,64,128} and set to 64. The number of the sequential
encoders’ Transformer blocks and attention heads is fixed to 2. We apply Adam as the optimiser
without weight decay throughout the experiments and extensively search the learning rate from
1e-5 to 1e-3 while keeping the dropout probability at 0.1.

We search the batch size in {8, 16, 32, 64, 128} and obtain the largest optimal batch size
to maximise GPU memory. The hidden dimension of the adapter networks and LoRA rank are
carefully searched in {8, 16, 32, 64, 128}, respectively. All hyper-parameters are determined
according to the performance in the validation data. All results are reported in the test set. We
perform all the experiments on an A6000 GPU.

3.6 Experiment

• RQ3.1: How does the performance of the proposed IISAN compare to FFT and exist-
ing PEFT methods? Can IISAN achieve significant efficiency without sacrificing perfor-
mance?

8We only keep the items with both images and text information. Due to the massive amount of data for "Of-
fice" and "Instrument", we randomly sampled 10,000 users from the remaining datasets to align with "Scientific"
following (Fu, Yuan, et al., 2024).
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Figure 3.4: Performance comparisons between FFT and IISAN with different multimodal back-
bones on Scientific dataset.

• RQ3.2: How robust is IISAN on different multimodal backbones?

• RQ3.3: How do the components of the proposed IISAN affect the recommendation per-
formance and efficiency, including the LayerDrop, modality selection, gated fusion, and
SANB implementation?

• RQ3.4: This proposed IISAN explores multimodal scenarios; does it have any advantages
over unimodal methods?

3.6.1 Efficiency-Performance Balance (RQ3.1)

We perform extensive experiments on three multimodal sequential recommendation datasets and
compare IISAN with full fine-tuning (FFT) based on (Fu, Yuan, et al., 2024) in terms of model
efficiency and performance. Furthermore, we also include the state-of-the-art PEFT approaches,
such as Adapter (Houlsby et al., 2019), LoRA (E. J. Hu et al., 2021), and BitFit (Zaken et al.,
2021). The Adapter (Houlsby et al., 2019) adopts the classic Houlsby architecture which has
been proven to be the most effective PEFT approach for unimodality-based recommendation in
(Fu, Yuan, et al., 2024). The LoRA (E. J. Hu et al., 2021) is widely used due to its smaller train-
able parameters. BitFit, a common baseline for PEFT-based recommendation research (E. J. Hu
et al., 2021; Karimi Mahabadi et al., 2021; Sung et al., 2022), updates only the bias layers
within the entire network to achieve the minimum trainable parameters. Notable, the current
mainstream PEFT method in the recommendation is embedded PEFT (EPEFT) (Houlsby et al.,
2019; E. J. Hu et al., 2021; Zaken et al., 2021), and the proposed IISAN belongs to the decoupled
PEFT (DPEFT).

Table 3.3 indicates that the proposed IISAN not only surpasses the performance of the FFT
model on all datasets but only uses 22%
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of the relative costs in terms of TPME. Furthermore, IISAN consistently outperforms all
PEFT methods in both performance and practical efficiency under the same batch size (32). In
particular, compared to the FFT model, using IISAN significantly improves the recommendation
performances, e.g. by 3.07%, 3.31%, and 7.35% of HR@10 and by 1.93%, 3.57%, and 6.91%
of NDCG@10 on Scientific, Instrument, and Office datasets, respectively. For model practical
efficiency comparisons, IISAN achieves the best efficiency, whether compared with FFT or
any EPEFT models. Without the caching strategy, IISAN can reduce the Training time and
GPU memory by around 60% and 82%. Equipped with the caching strategy, the numbers even
rise to 94% and 93%. While the EPEFT methods significantly reduce the number of trainable
parameters, they do not substantially decrease the crucial aspects of model training, i.e. training
time and GPU memory costs. According to the new balanced efficiency metric (TPME), IISAN
only uses about 22% TPME cost of FFT, but the Adapter, LoRA and BitFit require around 71%,
75% and 70% respectively. Furthermore, IISAN with a caching strategy further reduces training
costs and only needs 0.2% TPME.

(Answer to RQ3.1) IISAN can achieve the most competitive performance with the high-
est efficiency and the TPME effectively uncovers the practical efficiency levels of each
model. These experiments suggest that IISAN is a promising and efficient choice for rep-
resentation learning tasks that involve multimodal item representation for recommendation.

3.6.2 Robustness Evaluation (RQ3.2)

To better understand the robustness of the proposed IISAN method, we evaluate it with four
different combinations of state-of-the-art multimodal encoders based on (Fu, Yuan, et al., 2024),
which includes BERT+ViT, BERT+CLIPViT, DEBERTA+ViT, and DEBERTA+CLIPViT in
Figure 3.4. We observe that on the Scientific dataset, although the contribution of different
backbones to multimodal recommendation is inconsistent, the proposed IISAN can always re-
main ahead of the FFT model. For example, when changing the text encoder and image encoder
to DEBERTA and CLIPViT respectively, IISAN still exceeds the FFT model by 0.12 in H@10
and 0.10 in NDCG@10.

(Answer to RQ3.2) These results validate that IISAN maintains excellent robustness
on different fundamental models. This has reference implications for the model migration of
IISAN.

3.6.3 Ablation Study (RQ3.3)

To comprehensively answer the RQ3, we perform extensive ablation studies. We demonstrate
how each component affects the overall performance and efficiency of IISAN. Note that the
decoupled structure and caching strategy are the main contributors to the efficiency gains as
described in Section 3.4. Table 3.4 presents component ablation studies focusing on the various
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Table 3.4: Ablation study for IISAN on Scientific Dataset. IISAN mainly contains four key
components: LayerDrop, Modality Gate, Intra- and Inter-modal towers. "-" represents TPME is
not applicable for the frozen Backbone.

Method HR@10 NDCG@10 TPME
-w/o LayerDrop 6.73 4.04 22.81%

-w/o Modality Gate 6.58 3.89 22.02%
Frozen Backbone 6.00 3.53 -

-w/o Inter-modality 6.38 3.89 21.31%
-w/o Intra-modality 6.41 3.83 20.67%

IISAN 6.83 4.14 22.34%

Table 3.5: LayerDrop in IISAN on Scientific Dataset. The number of blocks in the Method
column represents that keep this number of blocks and drop the others.

Method Number of blocks HR@10 NDCG@10 TPME

IISAN

2 blocks 6.46 3.88 22.05%
3 blocks 6.79 4.12 22.06%
4 blocks 6.57 3.98 22.10%
6 blocks 6.83 4.14 22.34%
12 blocks 6.73 4.04 22.81%

modules within IISAN, including (1) Modality selection, (2) LayerDrop strategies, (3) Gated
fusion, and (4) Implementation of SANB.

(1) Modality selection. Table 3.4 highlights that although employing separate intra-modal
SAN (Line 4) or inter-modal SAN (Line 5) can slightly improve efficiency, it will clearly reduce
the recommendation effects. However, compared with the frozen pretrained backbones in Line
3, both the intra-modal SAN and the inter-modal SAN significantly improve performance, and
their combination performs best. It reflects that intra- or inter-modal SAN can improve feature
adaptation within each modality and inter-modal feature interaction adaptation.

(2) LayerDrop strategies. IISAN’s layers exhibit a degree of redundancy, allowing the
utilisation of LayerDrop to enhance performance effectively. First, when we remove the Lay-
erDrop, both HR@10 and NDCG@10 decrease absolutely by 0.1% and the cost slightly rises
by 0.5% on TPME, which demonstrates the effectiveness of LayerDrop. Second, we study the
effect of different LayerDrop strategies as described in Table 3.5. We adopt the even number
(2,4,6, ...12) transformer-blocks (6 blocks), which skip the odd number layers. It achieves the
best performance-efficiency balance.

(3) Gated fusion. To deepen our understanding of the differences in information usage
between textual and visual modalities in our research, we analysed the gate weights at the op-
timal checkpoint. These gate values, ranging from 0 to 1, imply that values above 0.5 denote
a stronger focus on a specific modality as discussed in Section 3.3.1. The data indicate that in
the realm of multimodal recommendations, the weights assigned to visual modality gates con-
sistently ranged from 0.2 to 0.4. This trend suggests a predominant reliance on textual modality
within our multimodal approach.



CHAPTER 3. IISAN 52

Table 3.6: Implementation of SANB (Side Adapted Network Block) on Scientific Dataset. We
get the TPME of uncached approach.

Model Implementation HR@10 NDCG@10 TPME

SANB
Adapter Block 6.73 4.04 22.81%

PHM 5.95 3.59 22.34%
LowRank 4.79 2.83 22.47%

(4) Implementation of SANB. Table 3.6 demonstrates the notable superiority of the classic
adapter block in terms of performance compared with other more recent PHM (Parameterised
Hypercomplex Multiplication) block (Karimi Mahabadi et al., 2021) and Low-Rank adapter
blocks (Yin et al., 2023). Their performance, as indicated by HR@10, is significantly lower than
6.62 (FFT), suggesting that their adaptation is unsuccessful. This phenomenon is corroborated
by findings in (Fu, Yuan, et al., 2024) where PHM shows a performance drop compared to
traditional adapters. Notably, both PHM and LowRank models, despite having merely half the
trainable parameters of an adapter block, exhibit comparable training time and GPU memory,
resulting in similar TPME.

(Answer to RQ3.3) In this section, we conclude with three key findings of the IISAN’s
components: (1) Optimal performance is achieved through the placement of both intra-
and inter-modal Side Adapted Networks (SANs). (2) The best efficiency and performance
balance is achieved by dropping half of the SANBs in the Intra- and inter-modal SANs. (3)
Text-image interaction is effective, but text modality plays a more crucial role in recom-
mendation, where inter-modal SAN can effectively maintain the dominance of text modal-
ity and integrate image information.

3.6.4 Multimodality vs. Unimodality (RQ3.4)

The concept of PEFT in modality-based recommendation research is relatively nascent, with
limited literature directly comparing multimodal and unimodal scenarios. Driven by this cu-
riosity, we conduct experiments on the performance of FFT and various PEFTs across different
modality scenarios.

Table 3.7 presents comparisons between unimodal and multimodal scenarios. First, the
PEFT models (such as Adapter, LoRA, and BitFit) exhibit performance comparable to FFT
in text-based and multimodal scenarios, but poor image-based performance. Additionally, the
text-based adapter significantly outperforms FFT, indicating its high suitability for text-based
recommendation. This may be caused by the inherent bias in the modal transfer from the foun-
dation models in multimodal recommendation tasks where images are more difficult. This ob-
servation is corroborated by our analysis of information usage in the gated fusion (in Section
3.6.3), where text modality is dominant in the inter-modal interaction. Second, each adaptation
approach based on multimodal representations demonstrates superior performance, underscor-
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Table 3.7: Multimodality vs. Unimodality.

Modality Method HR@10 NDCG@10

Image
FFT 5.81 3.47

Adapter 5.47 3.18
LoRA 5.49 3.34
BitFit 4.97 3.03

Text
FFT 5.80 3.44

Adapter 6.55 3.88
LoRA 6.14 3.61
BitFit 5.92 3.56

Multimodality
FFT 6.62 4.06

Adapter 6.61 3.91
LoRA 6.62 4.09
BitFit 6.37 3.76

IISAN (ours) 6.83 4.14

ing the importance of integrating multiple modalities. In particular, IISAN achieves the best
results due to the novel intra- and inter-modal adapted networks.

(Answer to RQ3.4) The findings suggest that multimodality is more advantageous than
relying solely on unimodality.

3.7 Conclusion and Future Work

In this study, we present a novel Decoupled-PEFT architecture, named IISAN, for recommenda-
tion task adaptation of pre-trained large-scale multimodal foundation models. IISAN leverages
advantages inherent in DPEFT to separate the trainable intra- and inter-modal adaption net-
works from the multimodal backbones, thus minimising the computational graph and allowing
for caching strategies. These allow IISAN to optimise in terms of model practical efficiency. Be-
sides, the new intra- and inter-modal SANs in IISAN achieve comparable performance to the full
fine-tuning model by combining both intra- and inter-modal information adaptive interactions.
In addition, we introduce a balanced efficiency metric, –TPME–, to evaluate the multi-faceted
practical model efficiency between different methods. Finally, experimental results on three rec-
ommendation datasets have shown the superiority of both efficiency and effectiveness of IISAN.
And the efficiency analysis also proves its high efficiency.

Future work includes the exploration of more potential applications, such as multimodal
retrieval(Ge, Chen, Xu, Tao, & Jose, 2023; Ge, Xu, et al., 2024) and visual question answering
(VQA) (Y. Zhou et al., 2021), etc., by the IISAN paradigm. Moreover, many more modality
representations can be applied by the novel intra- and inter-modal SANs, e.g. image, text audio,
etc., to further adapt the multimodal real-world scenarios.
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IISAN-Versa: Scalable Adaptation of
Asymmetric Multimodal Encoders

Publication Note

This chapter is adapted from: Junchen Fu, Xuri Ge, Xin Xin, Alexandros Karatzoglou, Ioannis
Arapakis, Kaiwen Zheng, Yongxin Ni, and Joemon M. Jose. Efficient and Effective Adaptation
of Multimodal Foundation Models in Sequential Recommendation. TKDE 2025.

Chapter Positioning

Building on IISAN, this chapter studies what happens when the foundation encoders are larger,
asymmetric, and more varied in scale. IISAN-Versa extends the thesis from efficient adaptation
of a fixed multimodal pair toward scalable adaptation of modern text and vision encoders whose
depths, dimensions, and representation strengths differ.

4.1 Introduction

Recent advancements in recommendation algorithms have demonstrated that utilising power-
ful large language models (LLMs) and vision encoders like GPT, Llama1, and CLIP (Radford,
Kim, et al., 2021) can achieve state-of-the-art recommendation performance (Y. Hou, He, et al.,
2022; Y. Li et al., 2024, 2023; Q. Liu, Chen, et al., 2024; Yuan et al., 2023). These types of
models typically combine a recommender model as the user encoder with multimodal founda-
tion models (MFMs)2 to encode the items. Many studies (Y. Li et al., 2024, 2023; Yuan et al.,

1https://www.llama.com/, https://openai.com/index/hello-gpt-4o/
2The definition of multimodal foundation models (MFMs) may vary. In this thesis, we focus on separately pre-

trained text and image encoders, following the approach in (Fei et al., 2022; Radford, Kim, et al., 2021), where the
representations of image and text are learned in an end-to-end manner. Other MFM paradigms, such as (Alayrac et
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https://www.llama.com/
https://openai.com/index/hello-gpt-4o/
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2023) have shown that fine-tuning the item encoder can lead to optimal performance. However,
these approaches are highly inefficient due to the immense computational resources required to
fine-tune such large encoders.

A popular paradigm (Fu, Yuan, et al., 2024) for resolving the efficiency problem includes
methods such as Adapter (Houlsby et al., 2019) and LoRA (E. J. Hu et al., 2021), BitFit (Zaken
et al., 2021). These approaches integrate tunable neural network modules into the backbone mul-
timodal foundation models, collectively referred to as embedded parameter-efficient fine-tuning
(EPEFT) (Fu, Ge, et al., 2024). While EPEFT methods have gained popularity for addressing the
efficiency of trainable parameters, they still face practical efficiency challenges, such as training
time and GPU memory consumption. The introduction of the IISAN (Fu, Ge, et al., 2024), with
its decoupled structure and caching strategy for multimodal encoders, addresses these practical
efficiency issues, outperforming both traditional full fine-tuning and EPEFT methods in terms
of both performance and efficiency. We refer to this decoupled, parameter-efficient fine-tuning
approach as DPEFT. It significantly reduces GPU memory usage by up to 15 times compared
to FFT and 12 times compared to EPEFT (Adapter/LoRA). Additionally, it accelerates training
time per epoch by up to 20 times compared to FFT and 16 times compared to EPEFT.

IISAN leverages both intra- and inter-modal information from multimodal foundation mod-
els by exploiting the hidden states within the layers of backbone models to achieve fine-grained
information merging. Despite these advancements, merging multimodal hidden states from two
different encoders presents two limitations: (1) it can only be conducted for symmetrical mul-
timodal transformer encoders; (2) due to the first limitation, it is hard to explore whether
scaling the text encoder in IISAN with recent state-of-the-art LLMs could yield perfor-
mance improvements. These limitations do not align with the current research trend, where
text encoders are often larger and more complex than visual transformers, as shown in Figure
4.1, which compares the state-of-the-art text and visual transformers. While vision transform-
ers like ViT-22B (Dehghani et al., 2023) have billions of parameters, they are all closed-source
models. Therefore, the most commonly used vision transformers currently have fewer than 1
billion parameters (Dosovitskiy et al., 2020). Larger pre-trained transformers generally offer
better performance according to the scaling effect (Rosenfeld, 2021). To maximise the poten-
tial of pre-trained models, it is advantageous to use larger models. However, finding a vision
transformer that matches the size of a text encoder (LLM) is nearly impossible due to the dis-
parity in model sizes. Therefore, addressing the issue of asymmetrical merging is of paramount
importance.

In this thesis, we present an extension of the IISAN framework (Fu, Ge, et al., 2024)
called the Intra- and Inter-model Side Adapted Network for Versatile Multimodal Representa-
tion (IISAN-Versa). We specifically categorise IISAN-Versa into two variants: the symmetrical

al., 2022; Geng et al., 2023), which use a large language model (LLM) as the backbone and input image encoder
features into the LLM, are beyond the scope of this thesis.
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Figure 4.1: Comparisons of model sizes for various popular text transformers (T-TRM) and
visual transformers (V-TRM) on a logarithmic scale. Closed-source models are indicated by
“(Closed)" in the figure; all other models are open-source.

IISAN-Versa (IISAN-VS), which follows the standard IISAN configuration, and the newly pro-
posed asymmetrical IISAN-Versa (IISAN-VA), which is capable of incorporating a larger text
encoder to address asymmetry between text and vision pre-trained models. For IISAN-VA, we
address the challenge of asymmetric multimodal backbone networks by proposing a simple yet
effective strategy that combines group layer-dropping with dimension transformation alignment.
The IISAN-VA variant, with a larger text encoder, significantly outperforms the standard sym-
metrical IISAN-VS, which uses BERT-base text encoders, while maintaining high efficiency.
This demonstrates IISAN-Versa’s effectiveness in accommodating a larger and more powerful
model. Moreover, we extend and validate the IISAN-Versa framework to a wider range of mul-
timodal scenarios, particularly focusing on multimodal text, thereby validating its scalability.
This extension involves the integration of diverse text forms (named multimodal text), such as
titles, text captions from image covers, and video content, utilising an open-source video rec-
ommendation dataset MicroLens (Y. Ni et al., 2023).

We summarise the main changes made in this study compared to our published conference
version in SIGIR2024 (Fu, Ge, et al., 2024) as follows:

• We revise the Introduction and Related Work sections to emphasise the motivation of
achieving the versatility of the new IISAN-Versa, rather than focusing only on the effi-
ciency of IISAN.

• We expand the methodology section by categorising IISAN (Fu, Ge, et al., 2024) as
the symmetrical IISAN-Versa (IISAN-VS) and introduce the asymmetrical IISAN-Versa
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(IISAN-VA) to incorporate LLMs as encoders.

• We validate the effectiveness of the IISAN-VA, which incorporates state-of-the-art LLMs
as text encoders, demonstrating significant performance improvements. Furthermore, we
fully explore the effect of scaling laws on text encoders, observing that larger pre-trained
text encoders typically lead to better performance.

• To gain a clearer understanding of efficiency improvement during the training process,
this thesis analyses it from the perspectives of forward and backward propagation.

• We further validate IISAN-Versa’s performance on MicroLens, a public multimodal rec-
ommendation benchmark, achieving state-of-the-art performance.

• We also utilise pre-trained captioning models to generate multimodal texts from raw im-
ages and videos from MicroLens and validate IISAN-Versa’s versatility in this multimodal
text scenario.

Our main contributions are the following:

• We propose a versatile paradigm, IISAN-Versa, which adapts existing mainstream sym-
metric and asymmetric multimodal foundation models to enable efficient and effective
multimodal sequential recommendation. It ensures the flexibility of multi-structure model
adaptation and the efficiency of PEFT through minimal modifications of dimension trans-
formation layers with LayerDrop.

• We identify a scaling effect in our novel asymmetric IISAN-Versa by scaling the text
encoder from a smaller language model to a larger language model. This provides a new
inspiration that scaling LLMs with appropriate approaches, e.g. our IISAN-Versa, can
effectively and efficiently improve multimodal recommendation.

• We construct a new multimodal text recommendation scenario by extending the open-
source MicroLens dataset, i.e., generating captions from its original videos and images
using a pre-trained video captioning generator, to validate the multi-scenario adaptation
capabilities of the proposed IISAN-Versa. The new reconstructed dataset will be released
to facilitate future research for the multimodal recommendation community.

4.2 Related Work

Multimodal Foundation Models. Recent work in multimodal learning focuses on leverag-
ing pre-trained models for downstream tasks to enhance performance and reduce pre-training
costs (Z. Chen et al., 2024). BERT (Devlin et al., 2018) pioneered the pretraining and fine-
tuning paradigm in NLP, using Masked Language Modelling and the Next Sentence Prediction
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to understand context and sentence relationships. Following this, the Vision Transformer (ViT)
(Dosovitskiy et al., 2020) adapted transformer architecture for image classification, demonstrat-
ing competitive performance by treating image patches as tokens. CLIP (Radford, Kim, et al.,
2021) further bridged vision and language, training a multimodal foundation model to match
images with their textual descriptions through contrastive learning, enabling powerful zero-shot
learning capabilities (Radford, Kim, et al., 2021). The evolution continued with large-scale mod-
els like GPT-4, and multimodal variants such as Flamingo (Alayrac et al., 2022). These models,
characterised by their vast scale and diverse training data, perform a wide array of tasks, pushing
the boundaries of AI’s multimodal understanding and processing capabilities.
Modality-based Sequential Recommendation (MoRec). The Recommender System commu-
nity has shown a growing interest in incorporating various modality information into recom-
mendation systems (Y. Cheng et al., 2023; Q. Liu, Zhu, et al., 2024; Y. Ni et al., 2023; J. Wang
et al., 2022; Yuan et al., 2023). These systems utilise large-scale multimodal foundation mod-
els (Devlin et al., 2018; Radford, Kim, et al., 2021; J. Wang et al., 2022) from NLP and CV
(Dosovitskiy et al., 2020; Z. Liu et al., 2021) to encode text and image data. The sequential en-
coder remains consistent with traditional architectures like SASRec (Kang & McAuley, 2018),
GRU4Rec (Hidasi et al., 2015), and BERT4Rec (F. Sun et al., 2019). Furthermore, models such
as IDA-SR (Mu et al., 2022), UniSRec (Y. Hou, Mu, et al., 2022), and VQ-Rec (Y. Hou, He,
et al., 2022) have advanced MoRec by developing item representations using NLP foundation
models. For image representation in recommender systems, studies such as (Y. Wei et al., 2019)
and (L. Meng et al., 2020) have integrated image features extracted from ResNet-50 (K. He et
al., 2016) into the models.

Furthermore, research (Y. Li et al., 2023; Y. Ni et al., 2023; Yuan et al., 2023) has shown that
the MoRec framework, applied through end-to-end learning, significantly outperforms previous
methods that rely on offline feature extraction. Specifically, (Y. Li et al., 2024, 2023) emphasised
that end-to-end training, which integrates both image and text modalities, significantly surpasses
the methods that rely solely on a single modality. Although directly learning the raw content
showcases tremendous performance, a significant limitation of these end-to-end studies is their
ongoing reliance on fully fine-tuning large-scale multimodal encoders, which often leads to
inefficiency.
Parameter-efficient Fine-tuning (PEFT). In the fields of Natural Language Processing (NLP)
and Computer Vision (CV), substantial research efforts are focused on investigating Parameter-
Efficient Fine-Tuning (PEFT) methods. These methods aim to tackle the challenge posed by
the vast number of trainable parameters in large-scale pre-trained models. Foundational works
such as Adapter (Houlsby et al., 2019), LoRA (E. J. Hu et al., 2021), and BitFit (Zaken et al.,
2021) have laid the groundwork in this area. Building on these foundational works, a variety of
alternative strategies have emerged, as seen in studies like (R. Wang et al., 2020). Despite the
advancements, these approaches primarily utilise Embedded PEFT (EPEFT) and focus largely
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on parameter efficiency, often overlooking practical efficiency concerns such as training speed
and GPU memory usage.

To overcome these limitations, (H. Cai et al., 2020) proposed the concept of “Reduce Mem-
ory, Not Parameters," advocating for a reduction in activations. Additionally, LST (Sung et al.,
2022) offers a memory-efficient strategy aimed at decoupling PEFT modules. A notable shift in
recent NLP and CV research is the transition from an emphasis on Embedded PEFT (EPEFT)
to Decoupled PEFT (DPEFT), as illustrated by recent works (Y.-B. Lin et al., 2023; M. Xu et
al., 2023a, 2023b). This shift reflects an evolving understanding that focuses more on practical
efficiency instead of trainable parameters.

In modality-based sequential recommender systems (RS), PEFT methods have also shown
significant progress, as demonstrated by M6-Rec (Z. Cui et al., 2022), Tallrec (Bao et al., 2023),
and SSNA (Peng et al., 2023). These studies indicate that PEFT approaches can achieve per-
formance levels comparable to traditional fine-tuning methods. However, most such methods
still rely on conventional EPEFT, often ignoring practical efficiency aspects. The adoption of
DPEFT in recommender systems remains limited. Moreover, these methods generally focus on
single-modality analysis, missing opportunities to leverage the abundant multimodal informa-
tion in recommendation scenarios. VIP5 (Geng et al., 2023) investigates multimodal recom-
mendations using adapters within the P5 framework, though it primarily utilises adapters for
text encoders and leaves image encoders unchanged for feature extraction. This contrasts with
our approach, as adapting multiple modality encoders incurs greater costs than only using the
text encoder. We initially introduced IISAN (Fu, Ge, et al., 2024), an efficient Decoupled PEFT
approach designed for symmetrical multimodal foundational models in sequential recommen-
dation. However, it has limitations in effectively handling asymmetrical MFMs, preventing it
from leveraging the capabilities of recent state-of-the-art large language models.

Overall, little research has delved into the practical efficiency challenges of using DPEFT
approaches for versatile multimodal representation adaptation in recommendation tasks. While
multimodal information can significantly enhance recommendation performance (Y. Li et al.,
2023), it also intensifies practical efficiency challenges. Consequently, investigating DPEFT
strategies to address real efficiency issues in this domain represents a novel and pressing research
direction. Although IISAN partially resolves this problem, it still suffers from the limitation
of incorporating asymmetrical MFMs. In this thesis, we extend IISAN into a more versatile
framework that improves its ability to incorporate large and asymmetrical MFMs.

4.3 Methodology
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4.3.1 Overview

The proposed IISAN-Versa framework, shown in Figure 4.2, is designed to adapt both symmet-
rical and asymmetrical structures of multimodal foundation models, enabling versatile repre-
sentation generation. By separating the new trainable side-adapted networks (SAN) from mul-
timodal backbones, we optimise the backpropagation computation graph, addressing practical
efficiency in adapting large-scale multimodal foundation models to downstream tasks, which
will be further explained in Section 4.4. Leveraging the decoupling features of IISAN-Versa,
the hidden states of the multimodal foundation models can be cached to enhance IISAN-Versa’s
efficiency. The architecture introduces independent intra-modal SANs for visual and textual
modalities and an inter-modal SAN for managing their interactions. This framework allows the
efficient adaptation of pre-trained MFMs like BERT, Llama, and ViT to downstream multimodal
recommendation tasks.

In this thesis, IISAN-Versa’s innovation lies in proposing versatile intra- and inter-modal
side-adapted networks to efficiently and effectively adapt both symmetrical and asymmetrical
multimodal foundation models. For symmetrical MFMs, IISAN-Versa adopts balanced adap-
tation following IISAN (Fu, Ge, et al., 2024). The main challenge tackled in this thesis is the
adaptation of asymmetrical structures of MFMs, which present two primary issues: (1) incon-
sistent embedding dimensions and (2) imbalanced hidden layers. This thesis is dedicated to
proposing simple yet effective solutions to resolve them. To address the first issue, we adopt
a dimension transformation layer to align the differences between the large language model
(LLM) and the smaller image encoder. For the second issue, we employ a group LayerDrop
strategy to resolve the imbalance in hidden layers.

4.3.2 Problem Formulation

Given a recommendation dataset D = {U ,V }, where U and V denote the set of users and the
set of items, respectively, we aim to predict the next item interacted with by a user u in a multi-
modal sequential recommendation task by exploiting their n past behaviours. In multimodal rec-
ommendation, each item v contains two modal representations, i.e., text (vt) and corresponding
image (vv). These texts and images are fed into two pre-trained multimodal foundation models,
such as BERT (Devlin et al., 2018) or Llama (Touvron et al., 2023) for texts and ViT (Dosovit-
skiy et al., 2020) for images, which consist of an embedding layer (word embedding for texts and
patch embedding for images) and multiple transformer blocks, respectively. Through these pre-
trained multimodal backbones, we obtain textual and visual embeddings from the embedding
layers and multiple hidden states ({ht

i} and {hv
i }) from the transformer blocks ({T RMi}), where

i denotes the i-th layer of the backbone. Specifically, for IISAN-Versa, we decouple the train-
able parameters into three separate towers: the textual-modality side-adapted network for text
representation, obtaining the final text embedding et; the visual-modality side-adapted network
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Figure 4.2: An Overview of the IISAN-Versa for Sequential Recommendation. The IISAN-
Versa model introduces versatile intra- and inter-modal side-adapted networks (SANs) designed
for adapting symmetrical and asymmetrical multimodal foundation models in sequential rec-
ommendation. These networks consist of multiple SAN blocks (SANBs) and learnable fusion
gates, merging two asymmetrical structures. IISAN-Versa employs dimension transformation
layers (DTLs) to align the embedding dimensions. Notably, we leverage LayerDrop to further
eliminate redundancy. The asymmetrical framework utilises an even-numbered group Layer-
Drop technique, which drops K blocks per group. This approach ensures that the large text
encoder aligns seamlessly with the image encoder.
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for image representation, obtaining the image embedding ev; and an inter-modal side-adapted
network for image-text interactive representation, obtaining the inter-modality embedding einter.
A linear-based fusion layer (FL) is added to ensure the consistency of the output dimensions of
the item embedding and input dimensions of the sequential encoder following (Y. Hou, Mu, et
al., 2022; Yuan et al., 2023) for the final recommendation, as follows:

eitem = FL([ev : einter : et ]) (4.1)

where [:] means the feature concatenation. Then, we input the eeeitem into the sequential en-
coders and calculate the final predicted score for user u to i-th item as ŷyyui, which is the product
of the output sequential encoder and corresponding item embedding.

4.3.3 Intra-model Side Adapted Network

Each side-adapted network (SAN) consists of several SAN blocks (SANBs), which include
Upsample and Downsample layers built on a fully connected network. Each SANB, a unit
within the SAN, serves as a network block. In this research, we adopted the adapter block as
the basic unit of the SAN, termed SANB. Unlike the insertion from Adapter Tuning (Houlsby
et al., 2019), SANB is implemented in a decoupled manner. For instance, in the textual SAN,
a learnable gate mechanism is utilised to fuse the information hBintra

i−1 from the previous SANB
with the current hidden state ht

i, as demonstrated in the following formula:

hBintra

i = SANBintra
(

µ
t
i ∗hBintra

i−1 +(1−µ
t
i )∗ht

i

)
(4.2)

where µ t
i ∈ [0,1]. Note that the first SANB will only take the text embeddings and the

visual SAN employs similar operations. This Intra-SAN is applicable to both symmetrical and
asymmetrical frameworks, the only difference we should make is to enlarge the dimension of
input and output dimensions of SANB to fit the larger encoders.

4.3.4 Inter-model Side Adapted Network

When adapting IISAN-Versa to asymmetrical multimodal foundation models, the key difference
is in handling the fusion of inter-modality. By performing group layer dropping, we transform
the asymmetrical number of hidden states into a symmetrical form, as explained in Section
4.3.5. Following prior work (Fu, Yuan, et al., 2024; Yuan et al., 2023), we adopt a Dimension

Transformation Layer (DTL) to align the high-dimensional embeddings from the LLM with the
lower-dimensional outputs of vision encoders. The DTL is computed as:

z = Wx+b, W ∈ Rdout×din , b ∈ Rdout
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where x ∈ Rdin is the input feature, z ∈ Rdout is the transformed output, din and dout denote the
input and output dimensions respectively, and din > dout.

We then apply a fusion mechanism to merge the hidden states of the two modalities and
sum the information from the last SANB using a gating mechanism similar to Intra-SAN, as
described by the following formula:

hBinter

i = SANBinter
(

βihv
i +(1−βi)Xi +hBinter

i−1

)
(4.3)

where

Xi =

ht
i, for IISAN-VS

DT L(ht
i), for IISAN-VA

(4.4)

Algorithm 1 Group LayerDrop for layer selection
1: function SELECTLAYERS(L,Lv)
2: step← b(L−1)/(Lv−1)c
3: S← [ ]
4: for i = Lv−1 to 0 do
5: append L− step× i to S
6: end for
7: return S
8: end function

Table 4.1: Selected layers S for various total depths L (with Lv = 6).

Number of Layers Selected layers

12 {2,4,6,8,10,12}
24 {4,8,12,16,20,24}
28 {3,8,13,18,23,28}
32 {2,8,14,20,26,32}
48 {3,12,21,30,39,48}
80 {5,20,35,50,65,80}

where βi ∈ [0,1]. Note that the first inter-SANB only inputs the text embedding and the
visual embeddings. We define the symmetrical and asymmetrical IISAN-Versa as IISAN-VS
and IISAN-VA.

4.3.5 LayerDrop

Additionally, to further enhance network efficiency and address issues of layer redundancy, we
introduce LayerDrop techniques, similar to those in (Fu, Ge, et al., 2024; Sung et al., 2022), to
reduce the number of SAN blocks and align asymmetrical MFM. Specifically, for symmetrical
MFM, we group two transformer blocks together and drop the first hidden state to the SANs,
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which can save half the number of SANBs. In the case of asymmetrical MFM, to address the
imbalance between the layers of LLM and vision encoders, we apply a simple yet effective group
LayerDrop technique that groups k layers evenly from the hidden states of the LLM. Suppose
there are Lt and Lv layers in the text encoder and image encoder, respectively. In scenarios of
asymmetrical adaptation, the text encoder is an LLM, thus Lt � Lv. For image encoders, we
continue using the same LayerDrop technique as with symmetrical structures, where we drop
half the number of layers. In this thesis, we design to select the largest k to ensure the maximum
range of cross-layer interaction within the entire LLM. The number k can be represented as
follows:

max
k

(
Lt− k · L

v

2
≥ 1
)

(4.5)

We compute
step =

⌊ L−1
Lv−1

⌋
and select layers as shown in Algorithm 1. The specific selections for various L (with Lv = 6)
are presented in Table 4.1. In Section 4.6.5, we further investigate various LayerDrop schemes,
showcasing the performance impact of dropping different numbers of blocks in both symmetri-
cal and asymmetrical structures.

4.3.6 Caching Strategies

We adopt a caching technique as a refinement strategy for efficiency (Y. Chen et al., 2020;
Karedla et al., 1994). As shown in Figure 4.2, the decoupled PEFT mechanism, consisting of
the separable pre-trained backbone model and the new trainable model, enables this approach.
This technique involves the storage and reuse of item hidden states extracted from pre-trained
multimodal backbones, thereby minimising the need for repeated forward passes of founda-
tional models during training. This method can significantly enhance efficiency for asymmetri-
cal IISAN-Versa. The primary reason is that it fundamentally avoids the necessity of moving the
LLM into the GPUs, thus making it feasible to involve the LLM in the adaptation process even
with very limited resources. Note that all EPEFT methods are not able to be cached due to the
nature of embedding trainable parameters inside the foundation models, which will be further
explained in Section 4.4.

4.3.7 Training Objectives

In terms of training details, we exploit the in-batch debiased Cross-Entropy loss function
LCE (Y. Ni et al., 2023; Yuan et al., 2023) widely adopted in both academic literature and
industrial systems.

Dui = exp(ŷui− log(pi))+ ∑
j∈[B], j/∈Iu

exp(ŷu j− log(p j)) (4.6)
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LCE =− ∑
u∈U

∑
i∈[2,...,n+1]

log
exp(ŷui− log(pi))

Dui
(4.7)

where p is the popularity of the item, Iu and B stand for the item set interacted by user u and
the batch. n+1 item denotes the predicted item for user u. Dui is an auxiliary variable used to
simplify Equation (4.7).

4.4 Efficiency Analysis

During the training of a neural network, the computation involved in backward propagation
and the forward pass often represents a significant bottleneck in terms of both training time
and GPU memory usage. In this section, we provide an efficiency analysis to understand the
differences in the forward and backward propagation processes of full fine-tuning (FFT), Em-
bedded Parameter-Efficient Fine-Tuning (EPEFT) methods such as Adapter and LoRA, and the
Decoupled PEFT, IISAN-Versa, in both its Uncached and Cached approach. We argue that
traditional embedded PEFT does not substantially improve training efficiency because it does
not significantly reduce the computational load of backward propagation. In contrast, the Un-
cached IISAN-Versa approach can save computation in the backward pass, while the Cached
IISAN-Versa can also save time during the forward pass of large foundation models.

To simplify the theoretical analysis, we consider a scenario involving large foundation mod-
els comprising n transformer blocks, where the i-th transformer block is denoted by T RMi. For
each transformer block, all PEFT methods, including Adapter, LoRA, and IISAN, will place
a trainable PEFT module denoted by pe f t. We assume that T RM � pe f t according to the
definition of parameter efficiency.

In the forward pass of full fine-tuning, we denote the final output as Zn. This process can be
represented as follows:

Zn = T RMn(· · ·T RM2(T RM1(x))) (4.8)

To update each neural network module, it is necessary to calculate the gradients, starting from
the initial block T RM1. This leads to the longest propagation chain of the loss L with respect to
the parameters of the first block:

∂L
∂T RM1

=
∂L
∂Zn
· ∂Zn

∂Zn−1
· ∂Zn−1

∂Zn−2
· · · · ∂Z2

∂Z1
· ∂Z1

∂T RM1
(4.9)

For embedded PEFT, the modules are incorporated inside each transformer block. This can
be expressed as:

pn = pe f tn(T RMn(· · · pe f t2(T RM2(pe f t1(T RM1(x))))) (4.10)

We denote the output of the n-th PEFT module as pi and the output of the n-th transformer block
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as Z∗n :
Z∗n = T RMn(· · · pe f t2(T RM2(pe f t1(T RM1(x)))) (4.11)

Thus, the overall forward and backward propagation through the entire foundation model is
expressed as:

∂L
∂ pe f t1

=
∂L
∂ pn
· ∂ pn

∂Z∗n
· ∂Z∗n

∂ pn−1
· · · · ·

∂Z∗2
∂ p1
· ∂ p1

∂ pe f t1
(4.12)

The additional computational cost introduced by PEFT modules is generally negligible because
pe f t� T RM. However, in practice, embedded PEFT can still offer efficiency improvements by
reducing the gradients stored on the GPU and minimising training time during weight updates,
as demonstrated in (Fu, Ge, et al., 2024). Nonetheless, the primary computational challenges
associated with both forward and backward propagation in large foundation models remain.

In contrast, for decoupled PEFT approaches like IISAN-Versa, the training process differs
significantly. The decoupled framework splits the forward pass into two stages. The first stage
involves a forward pass through the backbone model, as shown in Equation 4.8. However, the
key difference is that the outputs (hidden states) of each transformer block layer are cached,
allowing these outputs to serve as constant inputs to the standalone PEFT modules. The forward
pass of decoupled PEFT modules is then defined as:

p∗n = pe f tn(· · · pe f t2(pe f t1(x))) (4.13)

Thus, the backward pass does not need to traverse the large foundation model:

∂L
∂ pe f t1

=
∂L
∂ p∗n
· ∂ p∗n

∂ p∗n−1
·

∂ p∗n−1

∂ p∗n−2
· · · ·

∂ p∗2
∂ p∗1
·

∂ p∗1
∂ pe f t1

(4.14)

For IISAN-Versa (Cached), hidden states are stored in on-disk memory rather than recal-
culated each time during training, further optimising the forward pass and achieving a high
level of efficiency. Therefore, we can further give the definition of DPEFT, which is the PEFT
method whose forward pass can be written as the form of Equation 4.8 and Equation 4.13 with
the backward pass only by Equation 4.14, where the step of Equation 4.8 can be optimised by
caching.

In this analysis, we compared Full Fine-Tuning (FFT), Embedded PEFT, and Decoupled
DPEFT in terms of their efficiency and resource utilisation when training large foundation mod-
els. We found that EPEFT does not significantly boost efficiency because it does not effectively
reduce computational demands in both forward and backward propagation. This approach still
requires traversing the entire model during training, which limits its potential to save compu-
tational resources. In contrast, DPEFT (IISAN-Versa) reduces computational demands by de-
coupling the fine-tuning process, significantly minimising backward propagation through the
foundation models. Moreover, when equipped with a caching strategy, DPEFT can handle for-
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ward propagation more efficiently by performing it once and caching the results for subsequent
use. This combination makes DPEFT a highly efficient and resource-effective approach for
adapting large foundation models.

4.5 Experiment Setup

In this section, we illustrate the used datasets, caption generation, evaluation methods, and im-
plementation details of the IISAN-Versa.

4.5.1 Dataset

In this study, each item in a user sequence is represented by its raw modality information. To
assess our methods on items that include both image and text modalities, we utilise the Amazon
review datasets (J. Ni et al., 2019). Specifically, we employ three widely used datasets from
this collection: “Industrial and Scientific," “Musical Instruments," and “Office Products." These
datasets were adopted following the preprocessing steps outlined in prior works (Fu, Ge, et al.,
2024; Fu, Yuan, et al., 2024; R. Li et al., 2025; Yuan et al., 2023). Furthermore, to explore
the performance of IISAN-Versa compared with other recommendation approaches with a fair
comparison, we also incorporate MicroLens (Y. Ni et al., 2023), a public multimodal video rec-
ommendation benchmark that includes raw text, images, and video content. Since MicroLens
is a dataset rich in modality information, we also explore multimodal text scenarios within this
public benchmark. To improve the evaluation scale, we additionally sampled one million inter-
actions from the publicly available NINERec dataset (J. Zhang et al., 2023).

4.5.2 Multimodal Text Generation

To explore the potential of IISAN-Versa in adapting multiple scenarios, such as multimodal
text scenarios containing cover text and corresponding video texts, we utilise the pretrained
LLaVA model to generate captions for image and video content from the public benchmark
MicroLens datasets, as illustrated in Figure 4.3. For this process, we input the cover image
and extract three evenly spaced frames from each video. In terms of caption models, we use
“llava-hf/llava-v1.6-mistral-7b-hf" for cover image captioning. For video captioning, we apply

Table 4.2: Dataset Description

Dataset Users Items Interactions Content

Scientific 12,076 20,314 81,711 Text&Image
Instrument 10,000 19,246 75,022 Text&Image

Office 10,000 22,785 71,276 Text&Image
MicroLens 100,000 19,738 719,405 Text&Image&Video

NINERec-1M 151,495 104,605 1,035,822 Text&Image
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Figure 4.3: An Overview of Caption Generation. The image or video frames, along with the
corresponding caption prompt, are input into the pre-trained LLaVA caption model. The model,
kept frozen during this process, generates both the cover and the caption simultaneously.

“liuhaotian/llava-v1.6-34b" due to the higher complexity of videos; a larger caption model pro-
vides a more accurate representation of the video content. Our video captioning strategies follow
the preprocessing methods used in Video generation OpenSora3. To enhance LLaVA’s ability
to produce effective representations for postprocessing, we incorporate in-context learning by
including concrete examples in the prompt. We adopt the prompt from the Sora project4 for
video prompts and use the prompt from DALLE25 for cover image prompts.

Finally, these multiple generated captions as well as the original texts will be used as the
multimodal text input to IISAN-Versa to evaluate multi-scenario generalisation ability.

4.5.3 Performance Evaluations.

Based on previous research (Fu, Ge, et al., 2024; Fu, Yuan, et al., 2024; X. He et al., 2017; Yuan
et al., 2023), our methodology employs a leave-one-out evaluation strategy. In this approach,
the final item in the interaction sequence is reserved for testing, the penultimate item is used
for validation, and all preceding items are utilised for training. We evaluate our model using
HR@10 (Hit Ratio) and NDCG@10 (Normalised Discounted Cumulative Gain), consistent with
the evaluation methodologies in (Fu, Yuan, et al., 2024; X. He et al., 2017; Yuan et al., 2023),
as the key performance metrics. Unless stated otherwise, all results reported refer to the test set.

3https://github.com/hpcaitech/Open-Sora
4https://openai.com/sora
5https://openai.com/index/dall-e-2

https://github.com/hpcaitech/Open-Sora
https://openai.com/sora
https://openai.com/index/dall-e-2
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Furthermore, it is crucial to mention that the predicted item is evaluated against the complete set
of items.

4.5.4 Implementation Details.

The pretrained models from the Huggingface platform6, detailed in Table 4.3, are employed as
text and image encoders in this research. Note that due to the limited computing resources, we
adopt the Llama-3-70b with GPTQ 4-bit quantisation. We experiment with hidden representa-
tion dimensions for the sequential encoder from {32, 64, 128} and set it to 64. We fixed the
sequential encoder to include 2 Transformer blocks and 2 attention heads following (Fu, Ge,
et al., 2024; Yuan et al., 2023). Using the Adam optimiser without weight decay, we tested

Table 4.3: Description of the pre-trained models used in this research. L denotes the number of
Transformer blocks, H represents the hidden dimension of the transformer layer, B indicates the
number of parameters in billions, and M indicates the number of parameters in millions.

Modality Pre-trained model Architecture #Param

Text

BERT-tiny L=2, H=128 4.4M
BERT-base L=12, H=768 110M
BERT-large L=24, H=1024 340M
Gemma-7b L=28, H=3072 7B

Gemma-7b-it L=28, H=3072 7B
Mistral-7b L=32, H=4096 7B
Llama2-7b L=32, H=4096 7B

Llama2-7b-chat L=32, H=4096 7B
Llama3-8b L=32, H=4096 8B

Llama3-8b-it L=32, H=4096 8B
Mixtral-8x7b-it L=32, H=4096 47B
Mixtral-8x7b L=32, H=4096 47B

Llama3-70b-GPTQ-it L=80, H=8192 70B
Llama3-70b-GPTQ L=80, H=8192 70B

Image
ViT-tiny L=12, H=192 21M
ViT-base L=12, H=768 86M
ViT-large L=24, H=1024 307M
ViT-huge L=32, H=1280 632M
EVA-ViT L=48, H=5120 11B

learning rates from 1e-5 to 1e-3 while maintaining a dropout probability of 0.1. We explored
batch sizes from {8, 16, 32, 64, 512}, selecting the largest viable option to optimise GPU mem-
ory, and searched for SANB hidden dimensions from {8, 16, 32, 64, 128, 512, 1024, 2048}.
Hyperparameters were searched separately for the MicroLens and Amazon datasets. All hyper-
parameters were finalised based on validation performance, and results were reported using the
test set. The experiments were conducted on one A6000 GPU.

4.6 Experiment

In this section, we explore IISAN-Versa by addressing the following research questions:

6https://huggingface.co/
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Figure 4.4: Scaling effect of IISAN-Versa’s text encoder on Scientific dataset with Hit@10
metric. We group the pre-trained text encoders based on their scale, with each group increasing
in size from left to right. We adopt the vertical red dotted line to separate each group. The
horizontal line represents the average performance of each group.

• RQ4.1: Does Asymmetrical IISAN-Versa’s performance improve when equipped with a
larger text encoder compared to its standard symmetrical IISAN-Versa?

• RQ4.2: If the answer to RQ1 is ”Yes”, does IISAN-Versa exhibit a scaling effect with the
integration of progressively larger LLMs?

• RQ4.3: How does IISAN-Versa compare in performance against established public
benchmarks?

• RQ4.4: How is the efficiency of IISAN-Versa compared with popular EPEFT approaches?

• RQ4.5: What are the key findings about the components affecting the performance of
IISAN-Versa?

• RQ4.6: Would IISAN-Versa show advantages in processing other multimodal scenarios
such as multimodal text using both raw text (title) and the text generated (cover and video
captions) from images or video?

• RQ4.7: How does IISAN-Versa perform under different hyperparameter settings?

4.6.1 IISAN-Versa Performance with larger text encoders (RQ4.1)

To validate RQ1, which is whether incorporating a larger text encoder can enhance the perfor-
mance of IISAN-Versa, this section evaluates the performance of an asymmetrical IISAN-Versa
(IISAN-VA) using the BERT-large as text encoder compared to a symmetrical IISAN-Versa
(IISAN-VS) with a BERT-base encoder. The specifics of the models are detailed in Table 4.3. In
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Table 4.4: Performance (%) comparison across methods on three datasets. Best results in bold,
second-best underlined. “*” denotes significant improvement over the second-best (IISAN-VS)
at 0.05 level with paired T-test.

Method
Scientific Instrument Office

H@10 N@10 H@10 N@10 H@10 N@10
FFT 6.62 4.06 8.76 6.76 6.30 4.58

Adapter 6.61 3.91 8.82 6.83 6.65 4.85
LoRA 6.62 4.09 8.43 6.64 6.55 4.78
BitFit 6.37 3.76 8.65 6.71 6.78 4.87

IISAN-VS 6.83 4.14 9.06 7.01 6.80 4.92
IISAN-VA 7.29∗ 4.41∗ 9.52∗ 7.17∗ 7.02∗ 5.11∗

this section, we fix the image encoder as a ViT-base for a fair comparison, more image encoders
will be further discussed in Section 4.6.2. We also use FFT and popular EPEFT approaches
(Adapter, LoRA, and BitFit) as baselines. FFT and EPEFT methods were applied only to the
symmetrical model due to the high computational cost of EPEFT and FFT. From Table 4.4,
IISAN-VS demonstrates superior performance over traditional full fine-tuning and embedded
PEFT approaches (Adapter, LoRA, and BitFit), as evidenced by its effectiveness across the
three Amazon datasets.

The asymmetrical IISAN-Versa (IISAN-VA) further enhances performance with the larger
text encoder. It achieves a gain of +6.31% in HR@10 and +6.12% in NDCG@10 for the Sci-
entific dataset, +4.83% and +2.23% for the Instrument dataset, and +3.13% and +3.72% for
the Office dataset. These improvements underscore IISAN-VA’s ability to effectively adapt to
larger text encoders, leading to increased recommendation performance. This also demonstrates
that compared to a BERT-base model, asymmetrical IISAN-Versa with a larger text encoder can
generate a more powerful text representation for sequential recommendation tasks.

(Answer to RQ4.1) IISAN-Versa can improve performance when equipped with a
larger text encoder. Furthermore, we conclude the overall findings as the following: (1)
IISAN-VS demonstrates its effectiveness compared to traditional fine-tuning approaches,
including FFT and EPEFT, as shown by its superior performance. (2) The IISAN-VA further
enhances the performance of IISAN-VS, affirming the advantages of using a larger and more
powerful text encoder over symmetrical IISAN-VS for generating powerful text representations
in sequential recommendation tasks. Such a finding further highlights the IISAN-Versa’s
versatility in adapting both symmetrical and asymmetrical structures and their effectiveness.

4.6.2 Scaling Effect (RQ4.2)

In this section, we explore whether the IISAN-Versa exhibits a scaling effect. We perform
experiments on the Scientific dataset, scaling up the text encoder across 14 models ranging
from the basic BERT-base to the gigantic Llama-3-70b model. Since the available ViT models
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Table 4.5: IISAN-Versa Encoders Scaling.

Model structure HR@10 NDCG@10
BERT-base + ViT-base 0.0683 0.0414
BERT-large + ViT-base 0.0729 0.0441
Gemma-7b-it + ViT-base 0.0732 0.0446
Gemma-7b + ViT-base 0.0773 0.0475
Mistral-7b + ViT-base 0.0753 0.0465
Llama2-7b + ViT-base 0.0789 0.0481
Llama2-chat-7b + ViT-base 0.0749 0.0453
Llama3-8b + ViT-base 0.0778 0.0463
Llama3-8b-it + ViT-base 0.0766 0.0474
Mixtral-8×7b-it + ViT-base 0.0798 0.0480
Mixtral-8×7b + ViT-base 0.0781 0.0473
Llama3-70B-GPTQ-it + ViT-base 0.0801 0.0478
Llama3-70B-GPTQ + ViT-base 0.0814 0.0494
BERT-base + ViT-large 0.0688 0.0425
BERT-base + ViT-huge 0.0682 0.0415
BERT-base + EVA-ViT 0.0746 0.0457
Llama3-70B-GPTQ + ViT-large 0.0756 0.0455
Llama3-70B-GPTQ + ViT-huge 0.0776 0.0464
Llama3-70B-GPTQ + EVA-ViT 0.0762 0.0469
Llama3-70B-GPTQ + ViT-tiny 0.0780 0.0478
BERT-tiny + EVA-ViT 0.0744 0.0449

Table 4.6: Performance comparison of IISAN-Versa on a large dataset over 1M interactions. “*”
denotes that the improvements are significant at the level of 0.05 with paired T-test.

Class Model HR@10 NDCG@10

MM VideoRec
Full finetuning 0.0098 0.0048

Adapter 0.0097 0.0048

IISAN-Versa
IISAN-VS (ours) 0.0105 0.0052
IISAN-VA (ours) 0.0111∗ 0.0054∗

are ViT-base, ViT-large, and ViT-huge, we also performed scaling experiments on these image
encoders. To better visualise the recommendation performance alongside the scale of model
size, we categorise the models into four groups: PLM for the BERT model, Base LLM for
models with 7 to 8 billion parameters, MoE LLM for the 8x7b Mixtral LLM, and 70b LLM.

As depicted in Table 4.5, IISAN-Versa equipped with the largest scale of Llama3-70b-GPTQ
model demonstrated the most superior performance. The trend of these results is visualised in
Figure 4.4, which shows the overall trajectory is generally upward. Moreover, the average per-
formance within each group significantly improves with each scale increase, supporting the hy-
pothesis that IISAN-Versa follows a scaling effect for text encoders. This observation validates
the IISAN-Versa framework’s capability to leverage advancements from pre-trained foundation
models in the NLP domain. We can observe that, with the exception of the Mixtral 8x7b model,
most LLMs with instruction tuning typically do not outperform those without it. This reflects
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that the LLM without instruction tuning may generate a more powerful representation.

Table 4.7: Performance comparison of IISAN-Versa on a multimodal public benchmark Mi-
croLens. In this experiment, IISAN-VS and IISAN-VA adopt BERT-base and BERT-large re-
spectively. “*” denotes that the improvements of the best models compared with previous state-
of-the-art GRU4Recv are significant at the level of 0.05 with paired T-test.

Class Model HR@10 NDCG@10

IDRec (CF)
DSSM 0.0394 0.0193

LightGCN 0.0372 0.0177
NFM 0.0313 0.0159

DeepFM 0.0350 0.0170

IDRec (SR)
NextItNet 0.0805 0.0442
GRU4Rec 0.0782 0.0423
SASRec 0.0909 0.0517

VIDRec (Frozen)

YouTubeID 0.0461 0.0229
YouTubeID+V 0.0392 0.0188
MMGCNID 0.0141 0.0065

MMGCNID+V 0.0214 0.0103
GRCNID 0.0282 0.0131

GRCNID+V 0.0306 0.0144
DSSMID+V 0.0279 0.0137

SASRecID+V 0.0799 0.0415

VideoRec
NexItNetv 0.0862 0.0466
GRU4Recv 0.0954 0.0517
SASRecv 0.0948 0.0515

MM VideoRec Full finetuning 0.0926 0.0493

IISAN-Versa IISAN-VS (ours) 0.0960 0.0530
IISAN-VA (ours) 0.0964∗ 0.0533∗

As shown in Table 4.5, replacing ViT-base with ViT-large or ViT-huge yields only minor
improvements, and in some cases even reduces performance—especially when using strong
text encoders like Llama3-70B-GPTQ. To explore further, we include EVA-CLIP-18B which
contains one of the largest publicly available vision transformers. While it significantly boosts
performance when paired with lightweight text models, its impact is limited when the text en-
coder is already strong. This suggests that once strong textual representations are in place, the
value of visual features diminishes—a trend aligned with prior findings (Fu, Yuan, et al., 2024;
Yuan et al., 2023) and supported by our ablation studies showing the dominant role of text in
multimodal recommendation. To further strengthen our analysis, we include extreme archi-
tectural asymmetry—where the text encoder is significantly larger or smaller than the vision
encoder—demonstrating the robustness of our IISAN-Versa.

Beyond model-wise scaling, we evaluate IISAN-Versa on the large-scale NINERec dataset
(over 1M interactions) as shown in Table 4.6. IISAN-VS and IISAN-VA achieve competitive
performance over FFT and Adapter, highlighting the practical effectiveness of our approach.

(Answer to RQ4.2) IISAN-Versa complies with the scaling effect of text encoders, con-
firming its potential to inherit the benefits of advanced pre-trained text transformer mod-
els. This also indicates that researchers can explore LLMs not only as powerful text generators
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but also as effective text encoders in future works, thus reaching more comprehensive repre-
sentations for recommender systems. Further analysis shows that a large vision encoder, such
as EVA-ViT, can effectively compensate when the text encoder is relatively weak, leading to
noticeable performance gains. However, its impact diminishes once the text encoder is already
strong, suggesting that visual enhancements offer limited benefit in such cases. Therefore, scal-
ing the vision encoder is most beneficial in asymmetric setups with lightweight text models, but
less effective when paired with high-capacity text encoders.

Figure 4.5: Comparison of GPU Memory Usage and
Performance Between SASRec and IISAN-Versa.

Table 4.8: Efficiency comparison with
optimal SASRec and IISAN-Versa.
GM represents GPU memory (GB),
TT represents Training time (seconds)
per epoch.

Model GM TT

IISAN-Versa 4.38 51
SASRec 4.96 9

4.6.3 Performance on Public Benchmark (RQ4.3)

To further evaluate IISAN-Versa, we compare it with the public benchmark MicroLens, as
detailed in Table 4.7. This public benchmark (Y. Ni et al., 2023) includes four main types
of baselines: sequential recommendation (IDRec (SR)), collaborative filtering (IDRec (CF)),
and ID-based recommendation with features generated from frozen pre-trained video encoder
(VIDRec (Frozen Encoder)) or end-to-end (E2E) learning encoders (VideoRec (E2E learning)).
The previous state-of-the-art approach, GRU4RecV (Y. Ni et al., 2023), utilises GRU4Rec as the
sequential encoder with a tunable video encoder VideoMAE to encode video content in an E2E
manner directly. To ensure a fair comparison, we directly use the results reported in the original
benchmark (Y. Ni et al., 2023). We also perform a comprehensive comparison by including a
multimodal full fine-tuning of the multimodal VideoRec framework, as applied in (Fu, Ge, et
al., 2024).

Figure 4.5 and Table 4.8 present a comparison between our proposed model and the widely
adopted ID-based baseline SASRec, focusing on both effectiveness and computational effi-
ciency. Although SASRec demonstrates strong performance in sequential recommendation,
our model consistently achieves higher accuracy across all metrics while requiring less GPU
memory. While multimodal processing inherently introduces additional training time, the com-
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Figure 4.6: GPU Memory and Training time comparison. The left figure shows GPU memory
usage under different batch sizes, while the right figure shows training time per epoch.

bination of reduced memory consumption and improved accuracy underscores the practical po-
tential of our approach. These results affirm the real-world viability of our method, particularly
in deployment scenarios where both performance and GPU memory are essential.

As shown in Table 4.7, both IISAN-Versa approaches outperform existing approaches on this
dataset. Notably, IISAN-Versa can significantly reduce training costs compared to VideoRec,
which requires over four times more GPU resources than even full fine-tuning of the multimodal
paradigm. This is due to the high computational cost of video encoders that process multiple
frames during training. Our approach, with its caching strategy, results in IISAN-Versa using
vastly smaller GPU memory. To further validate IISAN-Versa on MicroLens, we also incorpo-
rate the standard full fine-tuning method, which underperforms the IISAN-Versa. Within the
IISAN-Versa paradigm, IISAN-VA demonstrates better performance compared to IISAN-VS,
which is consistent with our previous findings.

(Answer to RQ4.3) IISAN-Versa surpasses state-of-the-art performance on the public
benchmark MicroLens dataset.

4.6.4 Efficiency Analysis (RQ4.4)

In Section 4.4, we provided a comprehensive analysis of various adaptation techniques. This
section presents a detailed evaluation of experimental efficiency, focusing on two key aspects:
GPU memory usage and training speed across full fine-tuning, EPEFT, and DPEFT methods.
We provide details on the time taken per epoch and the GPU memory consumption for each
method. Additionally, we report the on-disk memory usage for the cached hidden states of each
pretrained model.
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Figure 4.7: On-Disk Storage Requirements for Caching Strategy, by Model Size. The x-axis
represents the increasing model size, with the Scientific dataset, comprising 20,314 embedding
files to be cached.

Figure 4.8: GPU memory and Training time usage for IISAN-Versa with different text encoders.
’Full’ represents using the entire cached embedding, whereas ’dropped’ indicates retaining only
the useful cached embeddings.
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Figure 4.6 illustrates the variation in GPU memory usage as the batch size increases from
{1, 2, 4, 8, 16, 32}. We utilise the BERT-base and ViT-base as the fixed text and vision encoders,
respectively. Further studies on the efficiency of various encoder sizes will be discussed in sub-
sequent sections. The results show that IISAN-Versa significantly reduces GPU memory usage
as the batch size grows, indicating that the decoupled PEFT approach employed by IISAN-Versa
effectively minimises activations during training. Since activations are directly proportional to
batch size, this reduction is particularly noteworthy. The EPEFT methods experience a substan-
tial increase as the batch size scales up, making their practical memory savings less impactful
compared to the IISAN-Versa. Additionally, IISAN-Versa also exhibits a significant improve-
ment in training speed.

With the caching strategy, we essentially trade on-disk memory (cached for hidden states) for
enhanced training efficiency in terms of both time and GPU memory. To demonstrate practical
storage requirements, we employ the Scientific dataset as an example and exclude the model
with instruction tuning, given that its hidden state shapes are identical to those of the model
without instruction tuning. As shown in Figure 4.7, the on-disk storage requirement increases
with the model size. The maximum storage required for IISAN-Versa (Cached) is for the Llama-
70b-GPTQ model, which needs 26 GB of memory for the entire Scientific dataset, which is not
excessively large for a cluster machine. If the cluster does not have sufficient on-disk memory,
the storage can be reduced by the number of layers of the model. For example, after applying our
k-group layerdrop strategies mentioned in Section 4.3.5, the Llama-70b-GPTQ model requires
only six layers and 2.4 GB of storage.7

Furthermore, the efficiency of IISAN-Versa (Cached) with different sizes of text encoder is
demonstrated in Figure 4.8. The GPU memory usage increases with the model size, but it can
be slightly reduced by reducing the hidden states of unnecessary layers. Furthermore, it is worth
noting that Llama-70b-GPTQ significantly increases the training cost when we directly use its
full embeddings. Given their substantial size, we have observed that loading and processing
these models on the CPU becomes the primary bottleneck rather than the GPU computation.
Consequently, by reducing the embeddings to only six essential layers, we have achieved a
significant reduction in training time.

(Answer to RQ4.4) IISAN-Versa demonstrates a marked efficiency improvement over
EPEFT approaches in both training time and GPU memory. Furthermore, while the caching
strategy incurs additional on-disk memory costs, these are generally manageable in most cases.
Moreover, these costs can be further reduced by selectively caching only the useful layers after
layer drop. Utilising the useful layers can also significantly enhance efficiency when dealing
with large language model (LLM) encoders.

7The storage of hidden states from Llama-70b-GPTQ is identical to that of Mistral, Llama2, etc., because it uses
float16 as the datatype, whereas other base LLMs use float32. Additionally, the base LLMs have half the dimension
size of the 70B LLM and the same number of layers after removing the unnecessary layers. Consequently, their
storage requirements are the same.
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Table 4.9: Ablation study for IISAN-Versa and IISAN-VA on Scientific Dataset. IISAN-Versa
mainly contains four key components: LayerDrop, Modality Gate, and Intra- and Inter-modal
towers. “Frozen Backbone" refers to keeping the modality backbone frozen, without applying
any adaptation methods.

Method IISAN-VS IISAN-VA
HR@10 NDCG@10 HR@10 NDCG@10

-w/o LayerDrop 6.73 4.04 6.85 4.11
-w/o Modality Gate 6.58 3.89 7.08 4.30
Frozen Backbone 6.00 3.53 5.81 3.37

-w/o Inter-modality 6.38 3.89 6.96 4.21
-w/o Intra-modality 6.41 3.83 7.12 4.43

IISAN-Versa 6.83 4.14 7.29 4.41

Figure 4.9: Visualisation of inter-modality gates in IISAN-Versa. Darker colours indicate higher
gate weights.

Table 4.10: LayerDrop in symmetrical IISAN-Versa on Scientific Dataset. The number of blocks
in the Method column represents that keep this number of blocks and drop the others.

Method Number of blocks HR@10 NDCG@10

IISAN-VS

2 blocks 6.46 3.88
3 blocks 6.79 4.12
4 blocks 6.57 3.98
6 blocks 6.83 4.14
12 blocks 6.73 4.04
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Table 4.11: Ablation Study for blocks of asymmetrical IISAN-Versa. n(uniform_all) refers to
selecting n blocks evenly distributed across all blocks. “top” and “bottom” indicate that the
blocks are drawn from either the upper half or the lower half, respectively.

Method Configuration HR@10 NDCG@10

24 + 12 Full 6.85 4.11

12+12

12(uniform_all)+12(all) 6.96 4.29

12(top)+12(all) 6.96 4.27

12(down)+12(all) 6.82 4.21

Mean (12+12) 6.91 4.26

12+6

12(uniform_all)+6(uniform_all) 7.08 4.44

12(uniform_all)+6(top) 6.80 4.19

12(uniform_all)+6(down) 7.15 4.29

12(top)+6(top) 6.94 4.22

12(top)+6(uniform_all) 7.25 4.37

12(top)+6(down) 6.67 4.04

12(down)+6(top) 7.14 4.30

12(down)+6(uniform_all) 6.84 4.24

12(down)+6(down) 7.26 4.43

Mean (12+6) 7.01 4.28

6+6

6(uniform_all)+6(uniform_all) 7.29 4.41

6(uniform_all)+6(down) 7.21 4.37

6(uniform_all)+6(top) 6.80 4.19

6(uniform_top12)+6(uniform_all) 6.96 4.24

6(uniform_top12)+6(top) 6.95 4.27

6(uniform_top12)+6(down) 6.97 4.25

6(uniform_down12)+6(uniform_all) 7.29 4.44

6(uniform_down12)+6(top) 6.87 4.26

6(uniform_down12)+6(down) 7.35 4.51

Mean (6+6) 7.08 4.33

4.6.5 Ablation Studies (RQ4.5)

In this section, we first demonstrate the importance of the module’s layer dropping for both
symmetrical and asymmetrical IISAN-Versa. The BERT-large is applied as the text encoder for
IISAN-VA’s ablation study. We extensively explore the blocks required for asymmetrical IISAN-
Versa. Specifically, we experiment with the combinations of blocks, ranging from {24+12,
12+12, 12+6, 6+6}, with the former value in each combination indicating the blocks for 24-
layer BERT-large and the latter representing the blocks for 12-layer ViT-base.

(1) Modality Selection. Table 4.9 highlights that using separate intra-modal SAN (Line 4) or
inter-modal SAN (Line 5) clearly reduces recommendation effectiveness. However, compared
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Table 4.12: Performance on Multimodal Text.

Category Method HR@10 NDCG@10

FFT
Title 0.0916 0.0490

Video Caption 0.0878 0.0470

Cover Caption 0.0915 0.0493

Same input
Title x2 0.0917 0.0507

Video Caption x2 0.0866 0.0476

Cover Caption x2 0.0892 0.0491

Multimodal Text
Title-Video Caption 0.0951 0.0517

Title-Cover Caption 0.0934 0.0511

Video-Cover Caption 0.0899 0.0497

Multimodal IISAN-Versa(Text-Image) 0.0960 0.0530

to the pre-trained backbones (Line 3) with frozen layers (where only the sequential encoder is
trained), both intra-modal SAN and inter-modal SAN can significantly improve performance,
performing best when used simultaneously. This reflects that intra- and inter-modal SAN can
enhance feature adaptation within each modality and improve inter-modal feature interaction,
this argument holds for both IISAN-VS and IISAN-VA.

(2) Gated Fusion. To deepen our understanding of the differences in information usage
between textual and visual modalities, we analysed the gate weights at the optimal checkpoint
for both symmetrical and asymmetrical IISAN-Versa. We visualise the gate values in Figure
4.9. Since text gate values are consistently above 0.5, all models primarily rely on text. Vi-
sual gate values stay between 0.26 and 0.42, with IISAN-VA depending on text even more than
IISAN-VS. This trend suggests a predominant reliance on textual modality within our multi-
modal approach.

(3) LayerDrop Strategies for IISAN-Versa. IISAN-VS’s layers exhibit a degree of re-
dundancy, allowing LayerDrop to enhance performance effectively. First, when we remove
LayerDrop, both HR@10 and NDCG@10 decrease by 0.1%, demonstrating LayerDrop’s ef-
fectiveness. Second, we study the effect of different LayerDrop strategies, as described in Ta-
ble 4.10. We adopt the even-numbered (2,4,6, . . . ,12) transformer blocks (6 blocks), skipping
the odd-numbered layers, which achieves the best performance-efficiency balance. In terms of
IISAN-VA, the performance drop is even more significant when LayerDrop is completely re-
moved, indicating that the redundancy is more prominent than in IISAN-VS. To explore how
many blocks should be used for IISAN-VA, we perform extensive experiments on the combina-
tion of the layers and compare their mean values (see Table 4.11). Due to the complexity of the
combination, we study the even selection for layer group of {top, down, all} for the 6+6 com-
bination. When the numbers are asymmetrical such as “24+12” and “12+6”, we adopt the top
hidden states to align with the vision tower for Inter-SAN. The intra-modality stays the same.
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Extensive experiments show that the “6+6” structure has the best overall mean performance
among all structures. This further supports the point that IISAN-VA has more layer redundancy
compared to IISAN-VS, due to its greater number of incorporated layers.8

(Answer to RQ4.5) In this section, we conclude with three key findings regarding IISAN-
Versa’s components: (1) Optimal performance is achieved through the integration of both intra-
and inter-modal SANs for both symmetrical and asymmetrical structures. (2) The best per-
formance is achieved by dropping half of the SANBs in the intra- and inter-modal SANs for
IISAN-VS. For IISAN-VA, the best performance comes from using the least number of blocks,
transforming the number of layers to be symmetrical to the vision encoders.

(3) Text-image interaction is effective, but the text modality plays a more crucial role in
the recommendation, where inter-modal SAN can effectively maintain the dominance of text
modality while integrating image information.

4.6.6 Performance on Multimodal Text (RQ4.6)

Multimodal text encompasses different types of text, such as captions extracted from raw im-
ages and videos. These settings are useful for multimodal recommender systems that lack the
computational resources to process raw images or videos (L. Zhang, Zhou, & Shen, 2023), or
for datasets in which these modalities are unavailable. Therefore, we aim to explore how IISAN-
Versa performs in this scenario. We use the MicroLens dataset (Y. Ni et al., 2023) because its
rich modality information allows us to extract captions from both cover images and video con-
tent. In the multimodal text experiments, we use IISAN-Versa to encode two combinations of
text: raw text (title) and generated caption text (video/cover caption), with each tower encoding
a specific text modality. To isolate the impact of the modality itself and minimise the influence of
the text encoder’s power, we use an IISAN-Versa model with two BERT-base models to evaluate
its performance.

The results, shown in Table 4.12, demonstrate that IISAN-Versa effectively adapts to mul-
timodal text by outperforming both title-based and caption-based approaches. This superior
performance over these three baselines highlights IISAN-Versa’s versatility. Additionally, the
combination of raw text—title and video caption—proves to be the most informative. By learn-
ing from this combination of these texts, we achieve the best overall performance in multimodal
text scenarios. However, it is important to note that no combination of multimodal text outper-
forms the use of titles with raw cover images9, indicating that raw modality remains crucial in
the multimodal representation of sequential recommendations.

(Answer to RQ4.6) (1) IISAN-Versa is a viable option for multimodal text and effec-
8Exhaustively testing all layer combinations, even for smaller models like IISAN-VA (BERT-large + ViT-base),

would require about 68 billion evaluations. Instead, we aim to find a general strategy for larger models. We adopt
the 6(uniform_all) + 6(uniform_all) method as the default for IISAN-VA, which, while not the best, performs above
average among 6+6 combinations in Table 4.11, offering convenience and generality for asymmetrical structures.

9Note that using raw video and audio is beyond the scope.
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Figure 4.10: Learning rate and Embedding Dimension of IISAN-Versa. The first row represents
the performance of IISAN-VS on the Scientific dataset whereas the second row is for IISAN-
VA.

tively incorporates multiple types of text information. (2) According to the experiment, titles
and video captions are the most important sources for IISAN-Versa. (3) Despite the effective-
ness of incorporating multimodal text compared to using only one type of text, we find that
IISAN-Versa with raw multimodality achieves the best performance.

4.6.7 Hyper-parameter Sensitivity Analysis (RQ4.7)

In this section, we address RQ7 by conducting a sensitivity analysis on two key hyperparame-
ters, learning rate and embedding dimension, following the setup in (Fu, Yuan, et al., 2024), to
provide a more comprehensive empirical evaluation of PEFT-based modality recommendation.

As shown in Figure 4.10, both IISAN-Versa variants demonstrate robust performance across
a range of hyperparameter settings. IISAN-VS maintains stable performance regardless of the
learning rate or embedding dimension. IISAN-VA also remains stable overall, but its perfor-
mance slightly degrades when either the embedding dimension or the learning rate is set too
high. The best performance is achieved when both hyperparameters are set to relatively small
values; notably, smaller embedding dimensions can enhance efficiency.

(Answer to RQ4.7) Both IISAN-VS and IISAN-VA exhibit robustness to hyperparameter
variations. However, IISAN-VA requires more conservative tuning, with smaller embedding
dimensions and moderate learning rates yielding improved performance and efficiency.
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4.7 Conclusion and Future Work

This thesis introduces the new IISAN-Versa, an extension of the IISAN framework, which offers
a versatile and efficient architecture for multimodal sequential recommendation tasks. IISAN-
Versa overcomes the previous limitation of being applicable only to symmetrical MFMs, demon-
strating a clear scaling effect where larger text models consistently enhance recommendation
performance. Additionally, IISAN-Versa proves effective in handling diverse multimodal text
scenarios, significantly broadening its applicability.

Future research should aim to overcome current limitations by incorporating additional
modalities such as audio, raw video, or graph information. Furthermore, exploring the potential
of adapting the IISAN-Versa framework to tasks such as Visual Question Answering (VQA)
and video retrieval is a promising direction, as these tasks commonly adopt dual-tower architec-
tures where one tower encodes the visual modality and the other the textual input. IISAN-Versa
naturally fits into this paradigm, with its modality-specific intra-SANs and Inter-SAN facilitat-
ing effective interaction between different modalities. Extending to additional modalities like
audio or video can be easily achieved by adding more intra-SANs for each modality and includ-
ing them in the Inter-SAN computation, enabling flexible multimodal fusion while maintaining
adaptation efficiency. Another promising research direction involves optimising training effi-
ciency by reducing the number of trainable parameters, particularly in large text encoders like
Llama-70B, given their extensive embedding dimensions.



Chapter 5

CROSSAN: Cross-Modal Adaptation of
Multiple Foundation Models

Publication Note

This chapter is adapted from: Junchen Fu, Yongxin Ni, Joemon M. Jose, Ioannis Arapakis, Kai-
wen Zheng, Youhua Li, and Xuri Ge. CROSSAN: Towards Efficient and Effective Adaptation of
Multiple Multimodal Foundation Models for Sequential Recommendation. arXiv 2025; under
review by TKDE.

Chapter Positioning

The first two technical chapters focus on image-text settings. CROSSAN moves the thesis to
richer raw-content environments where recommendation may depend on text, image, audio,
and video foundation encoders at the same time. Its central question is how to adapt multiple
modality-specific foundation models while preserving useful cross-modal interaction.

5.1 Introduction

Multimodal Foundation Models (MFMs) have advanced rapidly, with models like ViT (Doso-
vitskiy et al., 2020), BERT (Devlin et al., 2018), GPT (Brown et al., 2020), VideoMAE (Tong et
al., 2022), and AST (Gong et al., 2021) demonstrating exceptional performance in representing
a wide range of raw modalities. At the same time, the increasing availability of recommendation
datasets (Y. Ni et al., 2023) containing raw multimodal data (e.g., images, text, video, audio, etc.)
provides a natural avenue for exploring how these powerful models can be effectively adapted
for sequential recommendation tasks.

One intuitive approach that preserves sufficient information is to adapt these models to the

84
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raw modalities of recommendation datasets (Y. Li et al., 2023; C. Wu et al., 2021a; Yuan et
al., 2023). Adaptation methods for MFMs that leverage raw modality information, such as
fine-tuning and parameter-efficient fine-tuning (PEFT), are generally recognised for their ability
to achieve better performance compared to traditional feature-based approaches (Y. Li et al.,
2023; Q. Liu et al., 2023; Y. Ni et al., 2023; Yuan et al., 2023). However, these approaches
have been largely sidelined due to the central challenge of the significant computational costs
associated with existing adaptation methods for multiple MFMs. Both full fine-tuning and PEFT
techniques, such as Adapters (Fu, Yuan, et al., 2024; Houlsby et al., 2019) and LoRA (E. J. Hu
et al., 2021), become increasingly expensive as the number of modality encoders grows1. This
computational bottleneck makes it more challenging to investigate the adaptation of additional
MFMs, leaving the potential of these models for sequential recommendation largely unexplored.

Recently, the side adapter paradigm (Fu, Ge, et al., 2024; Sung et al., 2022; M. Xu et al.,
2023b) has garnered significant attention for its superior efficiency in adaptation compared to
traditional adapter-based or LoRA-based approaches. This efficiency stems from its fully de-
coupled design, which eliminates the need for gigantic computational graphs. However, exist-
ing studies on side adapters have primarily focused on single or dual-modal scenarios, leaving
their potential for scalability to additional modalities and the integration of multiple multimodal
foundation models (MFMs) unexplored. This gap highlights the need for further research to
extend their applicability to more complex and diverse multimodal setups.

Motivated by the aforementioned challenges, this study aims to explore the under-explored
area of adapting multiple (>2) multimodal foundation models (MFMs) for sequential recom-
mendation and to propose a solution that enables efficient and effective adaptation. To this end,
we introduce the Cross-modal Side Adapter Network (CROSSAN), a novel plug-and-play ap-
proach that addresses the computational inefficiencies of existing adaptation methods for mul-
tiple MFMs in item representation. To enhance multimodal interactions and improve overall
effectiveness, we propose a cross-modal side adapter network, building on key insights from our
preliminary study (Section 5.3). In our analysis, we demonstrate that cross-modal interaction
enhances mutual information compared with independent side adapters. Moreover, in contrast
to existing methods that fuse item representations through a fully connected layer (Fu, Ge, et al.,
2024), we adopt the Mixture of Modality Expert Fusion (MOMEF). This approach incorporates
a fine-grained gating mechanism that enables the adaptive integration of input modalities, pro-
viding a straightforward yet highly effective solution for capturing intricate multimodal interac-
tions and enhancing representation fidelity. CROSSAN offers a scalable, efficient, and effective
solution, achieving superior performance on public datasets. It outperforms existing efficient
adaptation approaches, with its performance improvement becoming even more significant as
more MFMs are integrated. Our contributions are listed below:

1Recommender systems are typically retrained on a daily or weekly basis (Y. Zhang et al., 2020), making costly
training paradigms impractical in practice.
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Figure 5.1: Independent vs. Cross-modal Side Adapter. During training, only the adapters and
fusion layer are updated, while the rest of the foundation models remain frozen.

• To achieve enhanced multimodal representation learning while maintaining high effi-
ciency, we introduce CROSSAN, a simple yet effective, cross-modality side adapter
method.

• Building upon traditional concatenation-based fusion for multimodal item representation,
we explore different fusion strategies and show that the Mixture of Modality Expert Fu-
sion (MOMEF) mechanism effectively integrates item representations across modalities,
leading to improved recommendation performance.

• Through extensive experiments, we demonstrate that CROSSAN delivers superior per-
formance and efficiency on the public dataset. These results highlight the potential of
leveraging multiple MFMs with raw modalities for the multimodal sequential recommen-
dation, paving the way for future research in this direction.

5.2 Related Work

Multimodal Foundation Models (MFMs). Recent advances in multimodal learning leverage
pre-trained models to enhance downstream task performance while reducing pre-training costs
(Z. Chen et al., 2024; Ge, Fu, et al., 2024; Y. He et al., 2025; Q. Sun et al., 2023; Z. Zhang,
Cao, & Wang, 2024). BERT (Devlin et al., 2018) pioneered the pretraining and fine-tuning
paradigm in NLP, while Vision Transformer (ViT) (Dosovitskiy et al., 2020) adapted this ap-
proach for image classification. CLIP (Radford, Kim, et al., 2021) bridged vision and language
through contrastive learning, enabling robust zero-shot capabilities. Large-scale models like
GPT-4 (Achiam et al., 2023), T5 (Raffel et al., 2020), and multimodal variants like DALL-E
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(Ramesh et al., 2021) and Flamingo (Alayrac et al., 2022) expanded the ability to process di-
verse modalities. In video representation learning, models such as SlowFast-R50 (Feichtenhofer
et al., 2019), MViT-b (H. Fan et al., 2021), and VideoMAE (Tong et al., 2022) effectively capture
both temporal and spatial features. Meanwhile, audio models like wav2vec 2.0 (Baevski et al.,
2020) and the Audio Spectrogram Transformer (AST) (Gong et al., 2021) enhance audio classi-
fication by operating on spectrograms. Together, these models highlight the increasing strength
of multimodal learning across a variety of tasks.
Efficient Adaptation of MFMs in RS. The RS field has progressively investigated the incorpo-
ration of diverse modalities to improve the effectiveness of recommendations (Bao et al., 2023;
Y. Cheng et al., 2023; Fu, Ge, Xin, Yu, et al., 2025; H. Hu et al., 2023, 2024; Huan et al., 2024;
Khan & Sisodia, 2025; R. Li et al., 2025; J. Lin et al., 2023; Q. Liu, Chen, et al., 2024; Q. Liu,
Zhu, et al., 2024; Y. Liu et al., 2023; Y. Qu, Qu, Chen, Nguyen, & Yin, 2025; Z. Qu et al., 2023;
R. Sun et al., 2020; Z. Tang et al., 2023; J. Wang et al., 2023; X. Wang et al., 2025; W. Wei et
al., 2023; Y. Wei, Xu, Zhu, Ma, & Huang, 2024; Y. Wei et al., 2024; C. Wu et al., 2021b; J. Wu,
Yu, He, Gao, & Gong, 2024; Ye et al., 2025; Yuan et al., 2023; L. Zhang, Zhou, Zeng, & Shen,
2024; X. Zhang et al., 2023; P. Zhou et al., 2025; X. Zhou, 2023). Recent studies (Elsayed et al.,
2022; Y. Li et al., 2023; Y. Ni et al., 2023; Yuan et al., 2023) have demonstrated the superiority
of the MoRec framework using end-to-end learning, showing it significantly outperforms tradi-
tional approaches that rely on offline feature extraction. For instance, (Y. Li et al., 2023) and
(Fu, Ge, et al., 2024) highlighted the advantages of end-to-end training, which jointly leverages
both image and text modalities, compared to methods that employ a single modality. Despite the
strong performance of raw content learning, a major drawback of these approaches is the con-
tinued dependence on full fine-tuning of large multimodal encoders, leading to computational
inefficiency.

Parameter-efficient fine-tuning (PEFT) methods have made strides in addressing this issue,
as shown in works like M6-Rec (Z. Cui et al., 2022), Tallrec (Bao et al., 2023), and Adapter-
Rec (Fu, Yuan, et al., 2024), which demonstrate that PEFT techniques can achieve competitive
performance with significantly reduced overhead. However, many PEFT methods still rely on
established approaches, often overlooking practical efficiency concerns.

Much of the existing research predominantly focuses on traditional Adapter or LoRA-based
solutions and is limited to single-modality adaptation due to the inefficiency of these adaptation
approaches. A recent study, IISAN (Fu, Ge, et al., 2024), introduced a structure that utilises
independent adapters within each tower, complemented by a single inter-adapter for image and
text adaptation. However, the inter-tower has a fixed input and lacks sufficient cross-modal
interaction. In contrast, CROSSAN emphasises cross-modal side adapters with joint learning
and updates. Additionally, IISAN considers only image and text scenarios, leaving many other
existing modalities unexplored. Upon attempting to expand this method, we concluded that it
lacked the desirable scalability for additional modalities. To the best of our knowledge, cross-
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modality side adapters are largely underrepresented in the existing literature on recommender
systems. Furthermore, CROSSAN investigates the novel area of scalable and efficient adaptation
for more (>2) MFMs with raw modalities, which will facilitate future research.

5.3 Preliminary study: Cross or Independent?

To maximise efficiency, we adopt a recently advanced, fully decoupled, side adapter paradigm
with a caching strategy (Fu, Ge, et al., 2024; Sung et al., 2022; M. Xu et al., 2023b), where the
adapters are positioned outside the transformer models. This paradigm, while extensively stud-
ied for single-modality adaptation, remains underexplored in the context of multiple multimodal
foundation models (MFMs). Therefore, we investigate two potential approaches: implementing
the adapters either in a cross-modal configuration or independently, as illustrated in Figure 5.1.
Preliminary experiments conducted on two commonly used combined modalities (text and im-
age), using the MicroLens-100K dataset, indicate that the cross-modal approach outperforms the
independent method across four evaluation metrics of Hit ratio and NDCG (Table 5.1). To un-
derstand this performance improvement, we further provide a theoretical analysis in Section 5.4.

Table 5.1: Performance comparison between INDSAN (Independent Side Adapter) and
CROSSAN (Cross-Modal Side Adapter). “*” denotes that the improvements are significant
at the level of 0.05 with a paired T-test.

Metric INDSAN CROSSAN

HR@10 0.0957 0.0970∗
HR@20 0.1373 0.1393∗
NDCG@10 0.0521 0.0537∗
NDCG@20 0.0626 0.0644∗

Mutual Information 0.0129 0.2001∗

5.4 Theoretical Analysis

In this section, we provide a theoretical analysis demonstrating why the proposed Cross-Modal
Side Adapter (CROSSAN) outperforms the Independent Side Adapter (INDSAN). For clarity,
we focus on a representative scenario involving text and image modalities.

5.4.1 Mutual Information as an Evaluation Metric

Let Z(v) and Z(t) denote the learned visual and textual representations at a given network layer.
The mutual information (MI) (Paninski, 2003) between these representations is defined based
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on entropy as:
I(Z(v);Z(t)) = H(Z(v))−H(Z(v) | Z(t)), (5.1)

where H(·) denotes the entropy, which measures the uncertainty or information content of a
random variable. Specifically, H(Z(v)) quantifies the total uncertainty of the visual representa-
tions, while H(Z(v) | Z(t)) captures the remaining uncertainty in Z(v) after observing the textual
representations Z(t).

A higher mutual information I(Z(v);Z(t)) implies that the textual representations Z(t) pro-
vide more information about the visual representations Z(v), thus reducing their uncertainty.
This reflects stronger dependency and more effective cross-modal integration, indicating that
the learned representations capture complementary and aligned information across modalities,
which is desirable for downstream tasks. Many studies show that maximising mutual infor-
mation enhances representation quality (W. Guo, Huang, Kong, & He, 2019; Liao et al., 2021;
K. Zhou et al., 2020). Thus, we use it as the evaluation metric for multimodal learning.

5.4.2 Independent vs. Cross-Modal Adapters for Item Representation

Based on the definition of mutual information in terms of entropy (Paninski, 2003), where H(·)
denotes entropy, the INDSAN model produces approximately independent modality-specific
representations, denoted as Z(v) and Z(t). Specifically, we assume that the joint distribution
of these representations satisfies p

(
Z(v),Z(t)) ≈ p

(
Z(v))p

(
Z(t)), indicating near-independence

between modalities. This near-independence implies that one modality provides minimal infor-
mation about the other, leading to H

(
Z(v) | Z(t))≈H

(
Z(v)) and, consequently, negligible mutual

information:
IINDSAN

(
Z(v),Z(t))= H

(
Z(v))−H

(
Z(v) | Z(t))≈ 0.

In contrast, CROSSAN establishes dependency through cross-modal interactions at each layer,
where

Z(v)
l = f (v)l
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X ,Z(t)

l−1

)
, Z(t)

l = g(t)l
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, meaning the uncertainty of the final representa-
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L
)
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(
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. Consequently, the mutual

information in CROSSAN is inherently positive:

ICROSSAN
(
Z(v)

L ,Z(t)
L
)
= H

(
Z(v)

L
)
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(
Z(v)

L | Z
(t)
L
)
≥ 0.

This yields higher mutual information than INDSAN. This continuous cross-layer interaction
aligns with prior findings, indicating that deeper, multi-level interactions enhance shared infor-
mation across modalities (Gu et al., 2022; H. Wu et al., 2021; J. Yang et al., 2022).

To empirically validate our theoretical analysis, we evaluate the final outputs of the tex-
tual and visual adapters using the optimal checkpoints for both INDSAN and CROSSAN, pro-
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Figure 5.2: CROSSAN Overview. The example utilises four MFMs, each paired with its re-
spective side adapters for adaptation. A cross-modal gating mechanism is applied, combining
the outputs of each modality’s side adapter at the same layer-level with gated fusion, ensuring ef-
fective interaction across modalities. MOMEF (Mixture of Modality Expert Fusion) treats each
input modality as an expert. The gating network assigns probabilities to each expert, selecting
the top-k experts based on these probabilities for further processing.

cessing all items from the MicroLens-100K dataset. The results corroborate our conclusion,
demonstrating that CROSSAN achieves significantly higher mutual information than INDSAN.
Specifically, as illustrated in Table 5.1, CROSSAN yields mutual information values more than
15 times greater than those observed with INDSAN. This notable difference supports the pre-
vious analysis and provides insights into the underlying reasons for CROSSAN’s performance
improvement.2

5.5 Methodology

In this work, we introduce CROSSAN, a plug-and-play approach designed to adapt multiple
MFMs. CROSSAN is designed to provide effective multimodal representations in a scalable
and efficient manner, offering a general solution for the adaptation of multiple MFMs. The
overview of CROSSAN is shown in Figure 5.2. Our key innovation lies in designing a novel fully
cross-modal gating between each modality’s side adapters, dedicated to learning rich mutual
information between modalities. Furthermore, to enable more effective multimodal fusion, we

2In the following section, we primarily adopt the state-of-the-art IISAN as the main comparison counterpart.
In terms of mutual information, IISAN is theoretically equivalent to INDSAN due to the absence of dependencies
between side adapters. The measured mutual information of IISAN is 0.0127, which is approximately the same
as that of INDSAN. Compared to INDSAN, IISAN introduces an additional set of independent inter-modal side
adapters that capture static multimodal information. However, dependencies among the side adapters are still
absent.
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propose a Mixture of Modality Expert Fusion (MOMEF) network, which dynamically combines
the multimodal outputs of all towers to achieve fine-grained fusion for each item.
Problem Formulation. Given a recommendation dataset D = {U ,V }, where U and V rep-
resent the set of users and items respectively, our objective in a multimodal sequential recom-
mendation task is to predict the next item that a user u will interact with, based on their past
n interactions. For multimodal recommendation, each item v can have representations from M

different modalities, such as text (vtext), image (vimage), video (vvideo), and audio (vaudio). Al-
though additional modalities can be incorporated, depending on the application, in this thesis,
we mainly focus on these four standard modalities. Following (Fu, Ge, et al., 2024; Yuan et
al., 2023), we process each of the modalities using their corresponding pre-trained foundational
models, such as BERT (Devlin et al., 2018) for text, ViT (Dosovitskiy et al., 2020) for images,
VideoMAE (Tong et al., 2022) for videos, and Audio Spectrogram Transformer (AST) (Gong
et al., 2021) for audio. By leveraging these pretrained MFM backbones, we obtain the hid-
den states for each modality (e.g., btext

i , bimage
i , bvideo

i , and baudio
i ) from their transformer layers

(T RMi).
Cross-modal Gating. We employ a simple yet effective cross-modal gating mechanism, which
differs from the traditional cross-attention mechanism proposed in (Huang et al., 2019). Unlike
cross-attention, which relies on computationally intensive attention mechanisms, our approach
is based on straightforward tunable weights, offering a lightweight and efficient alternative.
Specifically, for each modality at the i-th layer, the input to the adapter combines the output of
the adapter from the (i− 1)-th layer with the hidden states from the corresponding MFM. For
instance, taking the side adapter’s text modality at the i-th layer as an example, we define its
input as follows:

ht
i = Adaptert

i

(
α

H
i btext

i + ∑
m∈M

α
m
i hm

i−1

)
(5.2)

where αH
i +∑m∈M αm

i = 1. The gate αH
i weights the current text-backbone hidden state btext

i ,
while αm

i weights the previous-layer side-adapter output for modality m. Here, btext
i denotes

the frozen text encoder’s hidden state at the current backbone layer i, while hm
i−1 denotes the

output of modality m’s side adapter at the previous layer. The i-th adapter therefore combines
current-layer backbone information with previous-layer adapter outputs.

Here, M represents the set of modalities considered in this work, specifically

M = {text, image,video,audio},

and t denotes the text modality. The parameter α controls the learnable weight for each layer.
We utilise the adapter block design proposed by (Houlsby et al., 2019), as it has proven to be
highly effective in sequential recommendation tasks (Fu, Ge, et al., 2024; Fu, Yuan, et al., 2024).
Mixture-of-Modality Expert Fusion (MOMEF). Furthermore, to enhance multimodal repre-
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sentation fusion while maintaining efficiency, we adopt a MOMEF method, drawing inspiration
from the mixture-of-experts paradigm (D. Dai et al., 2024; Y. Zhou et al., 2022), which dynam-
ically combines the multimodal outputs of all towers to achieve a fine-grained fusion for each
item. Specifically, each modality m ∈M has its own expert network producing an output vector
fm(i) for item i. We compute importance scores wm(i) using a gating network based on fully
connected layers and select the top-k modalities TopK(i) with the highest scores for each item.
The final multimodal item representation e f inal is then obtained by dynamically weighting and
combining the outputs of these top-k modality experts:

e f inal = ∑
m∈TopK(i)

wm(i) · fm(i) (5.3)

where ∑m∈TopK(i)wm(i) = 1. This approach allows MOMEF to focus on the outputs of the
most relevant modalities for each item, leading to a more effective and fine-grained multimodal
fusion.

Subsequently, the vector e f inal is fed into the sequential encoders to compute the final pre-
dicted score ŷui for user u and item i, which is calculated as the product of the sequential encoder
output and the corresponding item embedding. Note that our entire framework maintains high
efficiency, as all trainable modules are primarily composed of linear layers and gating mecha-
nisms, without relying on attention mechanisms.
Loss Function. Regarding training, we adopt the commonly used in-batch debiased Cross-
Entropy loss function LCE (Fu, Ge, et al., 2024; Ji et al., 2023; Y. Ni et al., 2023; Yi et al., 2019;
Yuan et al., 2023), which is defined as:

Dui = exp(ŷui− log(pi))+ ∑
j∈[B], j/∈Iu

exp(ŷu j− log(p j)) (5.4)

LCE =− ∑
u∈U

∑
i∈[2,...,n+1]

log
exp(ŷui− log(pi))

Dui
(5.5)

where pi represents the popularity of item i, Iu denotes the set of items interacted by user u, and
B is the batch size. The item n+1 refers to the predicted item for user u.

5.6 Experiment Setup

Dataset. To assess the effectiveness of adapting multiple MFMs for recommendation tasks, we
consider datasets that contain more than two raw modalities. Specifically, we use the publicly
available MicroLens-100K and the MicroLens-50K datasets provided in (Y. Ni et al., 2023).3

3To the best of our knowledge, MicroLens is the only publicly available dataset that includes three or more raw
modalities (e.g., text, images, video, and audio). We leave the exploration of additional datasets for future work as
and when more modality-rich datasets become available.
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Table 5.2: Dataset Description.

Dataset Users Items Interaction Raw Content

MicroLens-100K 100,000 19,738 719,405 Text&Image&Video&Audio
MicroLens-50K 50,000 19,099 339,511 Text&Image&Video&Audio

The dataset statistics are presented in Table 5.2. Further evaluations on datasets with only two
modalities are provided in Section 5.8.
Evaluation. Based on previous studies (Fu, Ge, et al., 2024; Fu, Yuan, et al., 2024; Y. Ni
et al., 2023; Yuan et al., 2023), our approach implements a leave-one-out evaluation strategy.
Specifically, the final item in the interaction sequence is set aside for testing, the second-to-last
item is used for validation, and the rest of the sequence is employed for training. To evaluate
our model’s performance, we consider the HR (Hit Ratio) and NDCG (Normalised Discounted
Cumulative Gain) metrics, which are aligned with previous studies (Fu, Yuan, et al., 2024; Y. Ni
et al., 2023; Yuan et al., 2023). Unless otherwise specified, all reported results correspond to the
test set. We also note that the predicted item is evaluated against the entire set of items (Krichene
& Rendle, 2020).
Implementation Details. We employ "bert-base-uncased", "vit-base-patch16-224", "MIT/ast-
finetuned-audioset-10-10-0.4593", and "MCG-NJU/videomae-base" from Huggingface4 as the
text, image, audio, and video encoders, respectively.5 Our choice is informed by previous re-
search in the field (Dong, Liu, Chen, Polak, & Zhang, 2024; Fu, Ge, et al., 2024; Jain, 2022;
Y. Ni et al., 2023; Yuan et al., 2023). For video processing, we use the first three seconds of
footage and extract 16 frames for VideoMAE, following its original setup (Tong et al., 2022),
with corresponding audio processed by AST. For side adapters, we employ LayerDrop, drop-
ping half the layers of each foundation model for efficiency (Fu, Ge, et al., 2024; Sung et al.,
2022). We utilise a transformer-based sequential encoder to model user sequences, following
the approach outlined in (Y. Hou, He, et al., 2022; Yuan et al., 2023). The hidden dimension
of the sequential encoder is set to 64 after a search in {32, 64, 128}, with two Transformer
blocks and attention heads following (Fu, Ge, et al., 2024; Fu, Yuan, et al., 2024). The learning
rate is optimised between 1e-5 and 1e-3, keeping dropout at 0.1 (Y. Ni et al., 2023). We search
batch sizes from 32 to 1024, selecting the largest based on GPU memory limits. Adapter hidden
dimensions and LoRA ranks are tuned between 32 and 8192. Hyperparameters are determined
by tuning on validation data, and all results are reported on the test set. All experiments are
completed on an A6000 GPU.

4https://huggingface.co/
5The exploration of using LLMs as encoders is beyond the scope of this thesis, primarily due to the challenge of

managing asymmetry across multiple MFMs. However, we provide a preliminary investigation of advanced LLM
and LVM models in Section 5.8.

https://huggingface.co/
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5.7 Experiment

Our evaluation addresses the following research questions:

• RQ5.1: How effective is CROSSAN compared with existing adaptation approaches, and
does adapting more MFMs improve its performance compared to state-of-the-art efficient
adaptation approaches?

• RQ5.2: How does CROSSAN’s efficiency compare to state-of-the-art adaptation ap-
proaches?

• RQ5.3: How does each component affect the overall performance?

• RQ5.4: How do the key hyperparameters affect CROSSAN?

Table 5.3: Performance comparison of CROSSAN on MicroLens-100K and MicroLens-50K
with four types of raw modalities (Text, Image, Video and Audio, denoted as T, I, V, and A,
respectively). “*” indicates that the improvements of the best models compared with previous
state-of-the-art methods are significant at the level of 0.05 with paired T-test. ’Relative Improve-
ment’ is computed in comparison to the corresponding IISAN and its extension.

MicroLens-100K MicroLens-50K

Model HR@10 NDCG@10 HR@20 NDCG@20 HR@10 NDCG@10 HR@20 NDCG@20

Full Finetuning (T+I) 0.0934 0.0499 0.1363 0.0607 0.0772 0.0408 0.1129 0.0498
Adapter (T+I) 0.0962 0.0514 0.1376 0.0618 0.0765 0.0407 0.1132 0.0500
LoRA (T+I) 0.0866 0.0462 0.1298 0.0571 0.0644 0.0331 0.0975 0.0415

IISAN (T+I) 0.0960 0.0526 0.1366 0.0628 0.0771 0.0421 0.1121 0.0509
IISAN-E (T+I+A) 0.0953 0.0523 0.1353 0.0623 0.0777 0.0422 0.1137 0.0513
IISAN-E (T+I+V) 0.0939 0.0517 0.1341 0.0619 0.0775 0.0428 0.1150 0.0522
IISAN-E (T+I+V+A) 0.0949 0.0524 0.1350 0.0625 0.0790 0.0430 0.1135 0.0517
CROSSAN (T+I) (ours) 0.0999∗ 0.0553∗ 0.1428∗ 0.0661∗ 0.0806∗ 0.0431∗ 0.1177∗ 0.0524∗

CROSSAN (T+I+A) (ours) 0.1012∗ 0.0557∗ 0.1445∗ 0.0666∗ 0.0811∗ 0.0444∗ 0.1188∗ 0.0539∗

CROSSAN (T+I+V) (ours) 0.1006∗ 0.0557∗ 0.1428∗ 0.0663∗ 0.0808∗ 0.0437∗ 0.1183∗ 0.0531∗

CROSSAN (T+I+V+A) (ours) 0.1033∗ 0.0568∗ 0.1452∗ 0.0673∗ 0.0847∗ 0.0462∗ 0.1222∗ 0.0557∗

Relative Improvement
Text+Image +3.86% +4.99% +4.43% +5.03% +4.25% +2.24% +4.81% +2.99%
Text+Image+Audio +5.87% +6.17% +6.39% +6.43% +4.17% +4.95% +4.34% +4.88%
Text+Image+Video +6.70% +7.18% +6.04% +6.74% +4.06% +2.04% +2.74% +1.75%
Text+Image+Video+Audio +8.10% +7.70% +7.00% +7.15% +6.73% +6.97% +7.13% +7.21%

5.7.1 Effectiveness Evaluation (RQ5.1)

We compare CROSSAN with Full finetuning, Adapter (Houlsby et al., 2019), LoRA (E. J. Hu et
al., 2021), and the state-of-the-art IISAN (Fu, Ge, et al., 2024), as well as its intuitive extension to
support additional modalities. IISAN and IISAN-E serve as our primary multimodal adaptation
baselines for two reasons: (1) with two modalities, IISAN achieves competitive performance
compared to other methods, and (2) our limited GPU memory (48GB) prevents us from using
full fine-tuning or adapter-based approaches on more than two modalities, given their already
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high requirements for just two (see Table 5.5). Given that the original IISAN implementation is
limited to two modalities, we extend its structure by incorporating additional intra-SAN layers
to handle more multimodal foundation models (MFMs). In this expanded IISAN-E, we use a
gated sum to combine the hidden states of all MFMs into the inter-SAN.

As shown in Table 5.3, CROSSAN achieves the best performance on the MicroLens-100K,
outperforming all other adaptation approaches. Furthermore, we observe a progressive improve-
ment in performance as more modalities from MFMs are incorporated. This trend becomes
especially evident when compared to IISAN and its extension, IISAN-E, where the relative im-
provement increases with the introduction of additional modalities, as adding more MFMs to
IISAN-E does not consistently result in better performance. This highlights the scalability and
efficacy of CROSSAN over existing state-of-the-art efficient adaptation methods. To further
validate these findings, we evaluate CROSSAN on the MicroLens-50K dataset (Table 5.3). The
relative improvements remain consistent, with one exception: the T+I+V configuration shows
comparable improvement to T+I. However, the overall trend of increasing performance with
more MFMs and raw modalities persists. These results reaffirm the superiority of CROSSAN.

Best CROSSAN

Best IISAN-E

Best CROSSAN

Best IISAN-E

Figure 5.3: Optimal Embedding dimension for IISAN-E and CROSSAN

To further compare CROSSAN with additional state-of-the-art multimodal sequential
recommendation models (MMSRs) beyond IISAN, we also include a recent state-of-the-art
HM4SR model in our evaluation, as summarised in Table 5.4. Across all evaluation metrics,
CROSSAN consistently outperforms these strong baselines, demonstrating its superior effec-
tiveness. These results further highlight the advantages of adapting raw modalities through
multimodal foundation models (MFMs).

(Answer to RQ5.1): After extensive evaluation, we conclude that CROSSAN demonstrates
superior scalability compared to the state-of-the-art efficient adaptation approaches. This is
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Table 5.4: Performance comparison for state-of-the-art multimodal sequential recommendation
approaches on MicroLens datasets with respect to Hit Ratio (HR@K) and NDCG@K. The best
results are in bold.

Method HR@10 HR@20 NDCG@10 NDCG@20

MicroLens-100K

HM4SR (WWW’25) 0.0807 0.1207 0.0437 0.0538
IISAN (SIGIR’24) 0.0960 0.1366 0.0526 0.0628
CROSSAN (T+I) 0.0999 0.1428 0.0553 0.0661
CROSSAN (T+I+V+A) 0.1033 0.1452 0.0568 0.0673

MicroLens-50K

HM4SR (WWW’25) 0.0661 0.0976 0.0367 0.0446
IISAN (SIGIR’24) 0.0771 0.1121 0.0421 0.0509
CROSSAN (T+I) 0.0806 0.1177 0.0431 0.0524
CROSSAN (T+I+V+A) 0.0847 0.1222 0.0462 0.0557

Table 5.5: Efficiency Comparison. TT, GM, and TP stand for Training Time (seconds/epoch),
GPU Memory (MB), and Trainable Parameters, respectively. A lower value for each metric
indicates an improvement in efficiency. We demonstrate the improvement over IISAN-E.

Method TT (↓) GM (↓) TP (↓)

Full Finetuning (T+I) 3,278 45,886 194,897,216
Adapter(T+I) 2,856 35,652 38,017,088
LoRA(T+I) 3,110 36,902 37,992,512

IISAN-Ebest (T+I+V+A) 213 5,556 58,432,824
IISAN-Esame (T+I+V+A) 207 4,476 30,889,784

CROSSAN (T+I+V+A) (ours) 144 4,272 24,741,456

Improvementbest +32.39% +23.11% +57.66%
Improvementsame +30.43% +4.56% +19.90%

evidenced by its more substantial performance improvement when additional raw modalities are
incorporated.

5.7.2 Efficiency Evaluation (RQ5.2)

In this section, we explore the efficiency of CROSSAN in terms of three dimensions: Training
time, GPU memory, and Trainable Parameters, following the work by (Fu, Ge, et al., 2024).
We primarily focus on the training-time and GPU Memory, since they are the most impor-
tant aspects of efficiency in practical settings. Due to computational limitations, we were only
able to evaluate the efficiency of traditional adaptation approaches on image and text modal-
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ities6. Therefore, we primarily compare CROSSAN with IISAN-E (the intuitive extension of
IISAN (Fu, Ge, et al., 2024)), as other methods are too computationally intensive and not suit-
able for direct comparison with CROSSAN. In the following, we default to reporting efficiency
based on the best performance.

Table 5.6: Ablation Study on Fusion Method. D-Gated and S-Gated Fusion represents Dynamic
Gated and Static Gated Fusion. Concat Fusion refers to the direct concatenation of all modalities.

Dataset Method HR@10 NDCG@10 HR@20 NDCG@20

MicroLens-100K

MOMEF 0.1033 0.0568 0.1452 0.0673
D-Gated Fusion 0.0994 0.0551 0.1416 0.0657
S-Gated Fusion 0.0972 0.0532 0.1394 0.0638
Concat Fusion 0.0965 0.0531 0.1380 0.0636

MicroLens-50K

MOMEF 0.0847 0.0462 0.1222 0.0557
D-Gated Fusion 0.0796 0.0430 0.1196 0.0530
S-Gated Fusion 0.0807 0.0437 0.1171 0.0529
Concat Fusion 0.0816 0.0442 0.1181 0.0534

Table 5.7: Ablation Study on Cross- vs. Independent-Modal. H and N represent the Hit Ratio
and NDCG.

Dataset Modality HR@10 NDCG@10 HR@20 NDCG@20

MicroLens-100K
Cross-modal 0.1033 0.0568 0.1452 0.0673
Independent 0.0993 0.0546 0.1418 0.0654

MicroLens-50K
Cross-modal 0.0847 0.0462 0.1222 0.0557
Independent 0.0815 0.0439 0.1169 0.0528

As shown in Table 5.5, traditional adaptation methods with only two modalities reach the
maximum of our available GPU memory. While IISAN-E reduces GPU memory, our proposed
method, CROSSAN, is even more efficient and achieves better performance (see Table 5.3). We
attribute this observation to two key factors: (1) CROSSAN reduces the computational burden
by using only one adapter tower per modality in each Multimodal Foundation Model (MFM),
whereas IISAN-E requires an additional inter-modal adapter tower; (2) Hyperparameter tuning
revealed that IISAN-E achieves its best performance with an embedding size of 1024, while
CROSSAN reaches optimal performance with a hidden dimension of only 512, as shown in

6Adopting full fine-tuning or PEFT for the four encoders is nearly impossible given our GPU resources (we
have access to only one A6000 GPU). Therefore, we leave this investigation for future work or for institutions with
more extensive computational resources.
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Figure 5.3. This results in IISAN-E having more trainable parameters, which contributes to its
reduced efficiency. Even when IISAN is configured with the same embedding dimension as
CROSSAN, it remains less efficient due to the additional inter-modal adapter tower. (Answer
to RQ5.2): Although CROSSAN achieves superior performance, it also exceeds the efficiency
of the state-of-the-art IISAN model.
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Figure 5.4: The heatmap visualisation of CROSSAN’s gates, where deeper colours indicate
higher values. The y-axis corresponds to the layers of the side adapter, ranging from bottom (0)
to top (6). “H” denotes the hidden state of the current layer’s modality, while “I”, “T”, “V”, and
“A” represent the gate values for the previous side adapter layer’s outputs corresponding to their
respective modality.

5.7.3 Ablation Study (RQ5.3)

In this section, we present an ablation study focusing on two key components of CROSSAN:
the fusion mechanism, MOMEF, and cross-modal interaction.

For the fusion mechanism, we compare MOMEF against three commonly used fusion meth-
ods: (1) Concat Fusion, which is widely adopted in existing literature (Fu, Ge, et al., 2024; J. Hu,
Liu, Zhao, & Jin, 2021; Y. Li et al., 2023); (2) Static Gated Fusion (S-Gated), where a learnable
gate is assigned to each modality and remains fixed after training, applying the same weights to
all items; and (3) Dynamic Gated Fusion (D-Gated), which leverages a fully connected layer to
generate different weights for each item, allowing more flexibility based on task-specific inputs.
The proposed method, MOMEF, utilises dynamic gating of input modalities to selectively acti-
vate the top-k modalities for each item. This approach offers a more fine-grained mechanism,
allowing not only the weighting of modalities but also the precise selection of the most useful
modalities.

As shown in Table 5.6, MOMEF outperforms all other methods, demonstrating its superior
ability to fuse multiple modalities efficiently. While the D-gated method achieves the second-
best results on the MicroLens-100K dataset, it underperforms on the MicroLens-50K dataset
across three metrics when compared to direct concat. This suggests that other approaches may
be less robust across different datasets.

Regarding cross-modal interaction, the results in Table 5.7 further confirm our preliminary
findings (Section 5.3): incorporating cross-modal interactions significantly enhances multi-
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Figure 5.5: The first row of figures depicts CROSSAN’s embedding dimension adaptation,
where the embedding dimensions of the side adapters range from 32 to 8192. The second row of
figures illustrates CROSSAN’s learning rate adaptation, with the learning rate varying between
1e-5 to 1e-3.

modal learning, validating its importance in achieving better performance. Additionally, we
observed that the gating mechanism is crucial; without it, the model struggles to train properly,
leading to a collapse in performance. We present the heatmap in Figure 5.4, where we observe
that the gate values for the hidden states in the corresponding modality tower are significantly
larger in the middle layers, while the values in the lower layers are relatively smaller. This em-
phasises the importance of the middle layers in MFMs. (Answer to RQ5.3): Both MOMEF and
cross-modal interaction contribute to the overall performance of CROSSAN, with each approach
demonstrating its usefulness.

Table 5.8: Top-K experts for CROSSAN.

Dataset Top-K HR@10 NDCG@10 HR@20 NDCG@20

MicroLens-100K

4 0.0992 0.0545 0.1422 0.0653
3 0.1002 0.0558 0.1459 0.0673
2 0.1033 0.0568 0.1452 0.0673
1 0.1014 0.0560 0.1444 0.0668

MicroLens-50K

4 0.0821 0.0444 0.1189 0.0536
3 0.0847 0.0462 0.1222 0.0557
2 0.0815 0.0438 0.1197 0.0534
1 0.0822 0.0451 0.1178 0.0541
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Table 5.9: Performance (%) comparison across methods on three datasets. Best results in bold,
second-best underlined.

Method
Scientific Instrument Office

HR@10 NDCG@10 HR@10 NDCG@10 HR@10 NDCG@10
FFT 6.62 4.06 8.76 6.76 6.30 4.58

Adapter 6.61 3.91 8.82 6.83 6.65 4.85
LoRA 6.62 4.09 8.43 6.64 6.55 4.78
BitFit 6.37 3.76 8.65 6.71 6.78 4.87
IISAN 6.83 4.14 9.06 7.01 6.80 4.92

CROSSAN 6.90 4.22 9.08 7.05 6.83 4.95

5.7.4 Hyperparameter Analysis (RQ5.4)

In this section, we explore three key hyperparameters: (1) learning rate, (2) hidden dimension,
and (3) number of experts. The former two are fundamental parameters commonly explored in
adapter-based recommendation models (Fu, Yuan, et al., 2024), while the number of experts is
introduced by MOMEF. To optimise the model’s performance, we conduct an extensive hyper-
parameter search for these settings.

Embedding Dimension. As shown in Figure 5.5, the performance of CROSSAN demon-
strates a clear dependency on the embedding dimension size. A relatively large embedding di-
mension is essential for effective adaptation. In contrast, smaller embeddings lead to noticeable
drops in performance. However, due to the efficiency of CROSSAN’s adapter-based architec-
ture, increasing the embedding dimension does not result in significant computational overhead,
such as extended training time or excessive GPU memory usage. Notably, when scaling the
embedding size up to 8192, performance remains stable, suggesting that CROSSAN maintains
its effectiveness as long as the embedding size exceeds a certain threshold.

Learning Rate. Figure 5.5 illustrates the effect of learning rate on model performance.
CROSSAN’s performance appears to remain stable once the learning rate exceeds 5e-5. How-
ever, using a smaller learning rate (e.g., 1e-5) results in suboptimal performance. This highlights
the necessity of fine-tuning this hyperparameter within a suitable range to achieve optimal per-
formance.

Top-K experts. The Top-K is a new hyperparameter introduced through MOMEF. As shown
in Table 5.8, the optimal number of experts differs across datasets. For example, the MicroLens-
100K dataset performs best with two experts, while three experts yield the best results for the
MicroLens-50K dataset. These findings indicate that both very large and small numbers of
experts are ineffective.

(Answer to RQ5.4): Based on the experiments, we conclude two observations from the
hyperparameter analysis: (1) The embedding dimension and learning rate for CROSSAN should
be set to relatively large values to ensure stable performance. (2) Top-K experts are dataset-
specific and typically lie within a moderate range.
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Table 5.10: Performance comparison on MicroLens-100K.

Method H@10 H@20 N@10 N@20

CROSSAN 0.1033 0.1452 0.0568 0.0673
CROSSAN (Qwen-7B) 0.1033 0.1464 0.0564 0.0674
CROSSAN (Qwen-VL-7B) 0.1033 0.1460 0.0570 0.0677

Table 5.11: Performance Comparison of Independent vs. Cross-Modal Architectures with
Cross-Attention Fusion on the MicroLens-100K Dataset.

Modality H@10 N@10 H@20 N@20

Independent (w/ MOMEF Fusion) 0.0993 0.0546 0.1418 0.0654
Independent (w/ Cross-attn Fusion) 0.1008 0.0558 0.1423 0.0663
Cross-modal (w/ MOMEF Fusion) 0.1033 0.0568 0.1452 0.0673
Cross-modal (w/ Cross-attn Fusion) 0.1014 0.0561 0.1435 0.0668

Table 5.12: Performance comparison of Independent and Cross-modal methods.

Method Top-K H@10 N@10 H@20 N@20

Independent

1 0.0973 0.0535 0.1404 0.0643
2 0.0993 0.0546 0.1418 0.0654
3 0.0993 0.0546 0.1432 0.0657
4 0.0989 0.0540 0.1411 0.0646

Cross-modal

1 0.1014 0.0560 0.1444 0.0668
2 0.1033 0.0568 0.1452 0.0673
3 0.1002 0.0558 0.1459 0.0673
4 0.0992 0.0545 0.1422 0.0653
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5.8 More evaluations

Exploration of More Datasets. To further investigate the effectiveness of CROSSAN, we con-
ducted experiments on three Amazon datasets used in (Fu, Ge, et al., 2024). We compared
the performance of CROSSAN against full fine-tuning and various PEFT methods, including
Adapter, LoRA, BitFit, and IISAN. Our results show that CROSSAN achieves the best adapta-
tion performance across all three datasets using only two modalities as described in Table 5.9.
Although the improvement over IISAN on these datasets is not large, CROSSAN offers greater
efficiency by requiring only two side adapter towers, compared to the three needed by IISAN.
Consequently, even with just two modalities, CROSSAN proves to be an optimal solution for
these datasets.
Exploration of LLM and LVM. To assess the impact of incorporating a recent large language
model (LLM)7 and large vision-language model (LVM)8, we follow the implementation of (Fu,
Ge, Xin, Karatzoglou, et al., 2025) by replacing the original text tower. This substitution yields
a slight performance improvement for CROSSAN when using Qwen-VL-7B, while Qwen-7B
performs marginally worse in terms of NDCG@10 and marginally improves the other metrics
(Table 5.10). Nonetheless, while the implementation of LLMs can provide slight performance
gains, the simple BERT-based text tower used in our main paper already delivers strong and
competitive results.
More Investigation on Independent Variant. In some cases, the independent side-adapter
variant still has merit, as it avoids layer-wise cross-modal operations and may be more suit-
able for asymmetrical architectures (Fu, Ge, Xin, Karatzoglou, et al., 2025). Understanding
why it underperforms compared to the cross-modal approach is therefore meaningful. A natural
hypothesis is that the independent variant underperforms because it lacks sufficient interaction
during layer-wise fusion, and the sparse fusion in MOMEF may not fully realise its potential.
To investigate this, we first examine the effect of varying the number of experts to mitigate
the sparsity factor, as summarised in Table 5.12. The results indicate that the independent ap-
proach requires a relatively larger number of experts in MOMEF. In contrast, the cross-modal
method reduces the optimal number of experts by promoting a more unified feature representa-
tion, thanks to its higher mutual information.

To further enhance the final fusion interaction, we adopt a commonly used cross-attention
fusion module to the independent variant. Unlike MOMEF, this module performs dense com-
putation (see Table 5.11). The results support our hypothesis: cross-attention yields small
improvements over MOMEF fusion in the independent variant (e.g., HR@10 improves from
0.0993 to 0.1008), aligning with the intuition that cross-attention can help in this setting. How-
ever, when integrated into CROSSAN’s interaction layers, performance slightly declined (e.g.,
Hit@10: 0.1033 → 0.1014), suggesting that cross-attention is not always advantageous when

7https://huggingface.co/Qwen/Qwen2-7B
8https://huggingface.co/Qwen/Qwen2-VL-7B

https://huggingface.co/Qwen/Qwen2-7B
https://huggingface.co/Qwen/Qwen2-VL-7B
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strong cross-modal interactions are already present. These findings may provide useful insights
for future work that adopts the independent variant, highlighting that cross-attention can be ben-
eficial compared with MOMEF.

5.9 Conclusion

CROSSAN provides a scalable, efficient, and effective approach for adapting multiple multi-
modal foundation models (MFMs) in sequential recommendation tasks. By incorporating cross-
modal side adapters along with the Mixture of Modality Expert Fusion (MOMEF), CROSSAN
achieves superior performance. Extensive experimental results validate the approach’s ability
to improve recommendation effectiveness as additional modalities are integrated, demonstrating
its superiority over existing methods.

Future research can extend CROSSAN to various multimodal tasks, including multimodal
classification (Gómez-Chova, Tuia, Moser, & Camps-Valls, 2015), retrieval (Rafailidis,
Manolopoulou, & Daras, 2013), and generative modelling (W. Dai et al., 2022), where the
integration of diverse data modalities is critical. These directions offer significant potential to
improve both the efficiency and performance of multimodal learning across a broad range of
applications, positioning CROSSAN as a general adaptation approach for future research.



Chapter 6

Stresa: Stream-Aware Side Adaptation for
Large Multimodal Embedding Models

Publication Note

This chapter is adapted from: Junchen Fu, Kaiwen Zheng, Ioannis Arapakis, Wenhao Deng,
Xin Xin, Joemon M. Jose, and Xuri Ge. Stream-aware Side Adaptation for Large Pre-trained
Multimodal Embedding Models in Sequential Recommendation. Accepted by ACM MM 2026.

Chapter Positioning

Building on the multi-tower adaptation frameworks developed in IISAN-Versa and CROSSAN,
this chapter shifts the focus to unitower multimodal embedding models, which have become in-
creasingly powerful as general-purpose representation providers. While previous methods ben-
efit from the collaborative and interactive capacity among separate modality towers, directly ap-
plying their basic side-adapter design to unitower embedding models proves insufficient, partic-
ularly when adaptation reaches deeper hidden states. Stresa addresses this limitation by studying
stream-aware side adaptation for unitower multimodal embedding models, aiming to preserve,
fuse, and update internal representation streams for recommendation without damaging the pre-
trained unified embedding space.

6.1 Introduction

Large-scale pretrained multimodal embedding models are increasingly becoming reusable in-
frastructure for retrieval, ranking, and recommendation, as they project heterogeneous item con-
tent into transferable semantic spaces (Y. He et al., 2025; Jia et al., 2021; J. Li et al., 2023;
Radford, Kim, et al., 2021; L. Wang et al., 2022). A recent state-of-the-art example is Qwen3-

104
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Architecture Overview
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Figure 6.1: Conventional Side Adapter vs. Stresa. Using the frozen Qwen3-VL-8B-
Embedding backbone, Dropped 18 layers and Full 36 layers mean that the item encoder extracts
hidden states from 18 or 36 backbone layers for adapter computation. Left: HR@10 under both
settings. Right: Side Adapter uses residual addition and sigmoid fusion, whereas Stresa uses
selective residual update (ReSA) and earlier-representation-preserved fusion (SHAF). HSP and
HSA denote hidden states from the pretrained model and previous adapter layer, respectively.

VL-Embedding, which demonstrates the power of this paradigm by mapping text, images, doc-
ument images, and video into a unified representation space with strong multimodal retrieval
performance (M. Li et al., 2026). This is especially promising for multimodal sequential recom-
mendation, where the quality of an item’s multimodal representations directly shapes next-item
prediction (J. Hu et al., 2024; Z. Li et al., 2026; Y. Wang et al., 2025; Z. Wang et al., 2025;
Z. Zhou, Meng, & Zhang, 2025). When the predictor operates on semantically rich multimodal
embeddings, it can exploit content continuity, semantic substitutability, and cross-modal expres-
sions of user intent in addition to collaborative signals (Fu, Ge, et al., 2024; Fu, Ge, Xin, Karat-
zoglou, et al., 2025; Fu, Ni, et al., 2025; Y. Ni et al., 2025). Stronger multimodal embedding
backbones should therefore provide a stronger foundation for sequential recommendation.

However, directly applying large pre-trained multimodal embedding models to sequential
recommendation often leads to suboptimal performance due to domain misalignment (Fu, Ge,
et al., 2024). These pretrained embedding models are typically learned for general semantic
representation rather than recommendation-specific objectives, while sequential recommenda-
tion depends on user behaviour, transition patterns, and recommendation relevance that can
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differ substantially from standard semantic similarity (Yuan et al., 2023). Although end-to-end
adaptation can effectively bridge this gap, it is often impractical for deployment because of its
high computational and memory cost (R. Li et al., 2025). This trade-off is especially important
in sequential recommendation, where the same item encoder is reused over a large catalogue and
efficient offline embedding extraction is often crucial for deployment. This challenge remains
significant not only for full fine-tuning but also for conventional parameter-efficient tuning when
the backbone model is large (Sung et al., 2022). In this setting, side adaptation (Fu, Ge, et al.,
2024; Fu, Ni, et al., 2025) is particularly appealing because it keeps the backbone frozen while
learning only a lightweight side branch, enabling efficient training, offline caching of item rep-
resentations, and practical deployment at scale, while still retaining strong recommendation
performance. Motivated by this promise, recent works have begun to explore side-adapter-
style designs for sequential recommendation with large embedding backbones (Fu, Ge, et al.,
2024; Fu, Ge, Xin, Karatzoglou, et al., 2025; Fu, Ni, et al., 2025; M. Xu et al., 2023b). In
this work, we focus specifically on frozen, offline-cacheable item-side adaptation of a unified

single-tower multimodal embedding backbone. The resulting item representations are user-
independent, while the downstream sequential model is treated as a shared component rather
than part of the proposed adaptation architecture.

Most prior methods (Fu, Ge, et al., 2024; Fu, Ge, Xin, Karatzoglou, et al., 2025; Fu, Ni, et al.,
2025) adopt a conventional side-adapter design, in which a lightweight bottleneck adapter with
a residual connection is attached to each backbone layer to adapt its hidden states. Although this
paradigm is computationally efficient, we find that its performance becomes suboptimal when
extended to full-depth adaptation, as shown in Figure 6.1. Existing studies (Fu, Ge, et al., 2024;
Fu, Ge, Xin, Karatzoglou, et al., 2025; Sung et al., 2022) observe the same issue and therefore
treat layer dropping as a default setting, since adapting more hidden layers can even degrade
performance.

We argue that this limitation stems from two key challenges: (1) the lack of modelling of
how fused representations are selected during direct residual addition, and (2) the inadequate
preservation of earlier representations during progressive sigmoid fusion. First, a residual con-
nection does not explicitly model which components should be retained or suppressed in fused
representations. In side adaptation, the propagated representation at each layer is already a fused
embedding of the current hidden states and the previous adapter’s output (Fu, Ge, et al., 2024;
Sung et al., 2022). For such representations, effective propagation requires deciding which com-
ponents should be preserved and which should be suppressed. Plain residual addition does not
model this process, which may limit the quality of the propagated embedding. Second, simple
fusion (Fu, Ge, et al., 2024; Sung et al., 2022) cannot effectively preserve earlier representations
during progressive aggregation. Since side adaptation proceeds by continuously incorporating
newly emerging layer-wise information, the model should also retain useful representations ac-
cumulated from earlier layers. However, simple sigmoid-based fusion is often insufficient for
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this purpose, causing earlier information to be gradually overwritten as depth increases. These
observations motivate the central question of this thesis: how can we design effective side adap-

tation for deep unified multimodal embedding models?

To this end, we propose Stresa, Stream-aware Side Adaptation for large pre-trained multi-
modal embedding models in sequential recommendation. Stresa addresses the two challenges
above by redesigning the two core components of conventional side adapters: residual connec-
tion and sigmoid fusion. To introduce explicit selection into the residual connection, inspired by
the empirical success of stream-aware residual designs in large language models (D. Zhu et al.,
2024), we introduce ReSA, a residual stream adapter tailored for side-adapter blocks. To move
beyond simple sigmoid fusion toward stronger fusion and better preservation of earlier-layer
representations, we further propose Stream-aware Hidden-Adapter Fusion (SHAF), which not
only produces a stream-structured fused representation for ReSA, but also preserves historical
side memory from earlier adapter layers. Together, ReSA and SHAF enable stronger fusion,
more stable memory propagation, and more effective deep side adaptation.

Our contributions are summarised as follows:

• We propose Stresa, a stream-aware side adaptation paradigm that enables deep adaptation for
unified large pre-trained multimodal embedding models.

• Stresa introduces the Residual Stream Adapter (ReSA) for selection modelling in residual con-
nection via stream-aware residual adaptation, and the Stream-aware Hidden-Adapter Fusion

(SHAF) for fine-grained stream-aware fusion with better preservation of earlier-layer repre-
sentations.

• We provide both structural analysis and empirical evidence showing that Stresa better pre-
serves earlier representations and remains effective under deep adaptation. Across multiple
datasets and two Qwen3-VL-Embedding scales, Stresa consistently outperforms the standard
Side Adapter and strong prior baselines.
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Figure 6.2: Overview of the proposed stream-aware fusion framework. (1) Stream-aware
Hidden-Adapter Fusion (SHAF) at layer k first reshapes the hidden representations into mul-
tiple streams and computes routing logits via query-key interactions. An identity-preservation
operation is applied to preserve information from earlier layers. (2) Residual Stream Adapter
(ReSA) applies stream-wise pre-, post-, and residual mappings around a bottleneck MLP. The
mapped residual and nonlinear branches are combined to produce the next side state Ak, which
is directly propagated to the following adapted layer.

6.2 Related Work

Pre-trained Multimodal Embedding Models. Pretrained encoders first established the value
of reusable contextual representations for downstream matching and ranking (Devlin, Chang,
Lee, & Toutanova, 2019; Y. Liu et al., 2019). Multimodal representation learning then extended
this idea to image–text and vision–language settings through models such as CLIP, ALIGN,
BLIP-style architectures, and more recent general-purpose embedding backbones (Y. He et al.,
2025; Jia et al., 2021; J. Li et al., 2023; M. Li et al., 2026; Radford, Kim, et al., 2021; L. Wang et
al., 2022). These models are increasingly used as reusable embedders, which makes them a nat-
ural foundation for recommendation when items contain rich text and visual content. Recently,
the Qwen team proposed the Qwen3-VL-Embedding models (M. Li et al., 2026), which achieve
state-of-the-art results in multimodal representation learning. This trend is particularly relevant
to sequential recommendation. Recent multimodal recommendation benchmarks such as Mi-
croLens (Y. Ni et al., 2025) highlight that user behaviour often depends on content-rich items,
making large pre-trained multimodal embedding models a strong starting point for item rep-
resentation. Recent recommendation-oriented adaptation frameworks further show that frozen
or lightly adapted multimodal backbones can materially improve recommendation (Bao et al.,
2023; Fu, Yuan, et al., 2024; Geng et al., 2023; S. Kim et al., 2025; Q. Liu, Zhu, et al., 2024;
Y. Liu, Zhang, Ren, et al., 2024; H. Wang, Liu, et al., 2025; Ye, Fu, Song, Zheng, & Jose, 2026;
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Zhuang et al., 2025). These embeddings have also been adopted in the generative retrieval
paradigm for recommendation (Fu, Ge, Karatzoglou, et al., 2026; W. Sun et al., 2026).
Parameter-Efficient Adaptation and Side Adaptation. Parameter-efficient adaptation meth-
ods such as adapters, prompt tuning, and low-rank updates reduce trainable parameter counts
relative to end-to-end tuning (Houlsby et al., 2019; E. J. Hu et al., 2022; Lester, Al-Rfou, &
Constant, 2021). In recommendation, however, the relevant design criterion is not only pa-
rameter count. Because the same item encoder is reused across a large catalogue, adaptation
methods that preserve a frozen backbone are especially attractive for caching, deployment, and
offline feature extraction. Side adaptation (Sung et al., 2022; M. Xu et al., 2023b) is a natural
fit for this constraint. It learns a lightweight side adapter while keeping the backbone frozen,
thereby avoiding the need to store the backbone’s backward computation graph. Subsequent
work, including Quantised Side Tuning, further explored lightweight side branches as a way
to complement frozen LLMs (Z. Zhang, Zhao, et al., 2024). In multimodal sequential rec-
ommendation, recent methods have shown that multimodal information can be used as cached
embeddings to improve efficiency. For example, IISAN (Fu, Ge, et al., 2024) introduces this
paradigm, IISAN-Versa (Fu, Ge, Xin, Karatzoglou, et al., 2025) extends it by adapting larger
asymmetric two-tower encoders of different scales, and CROSSAN (Fu, Ni, et al., 2025) further
demonstrates the effectiveness of side adaptation across four modalities. These studies mainly
focus on efficiency and adaptation design in multi-tower architectures. However, most of them
rely on LayerDrop (Sung et al., 2022) and do not address the stability of deep side-memory
propagation in such models. Besides these, many state-of-the-art studies (X. Cui, Lu, Tong, Li,
& Zhao, 2025; J. Dai et al., 2026; X. Guo, Zhang, Wang, et al., 2025; X. Guo, Zhang, Xue, et
al., 2025; J. Liang et al., 2023; W. Lu & Yin, 2025; F. Meng et al., 2025; Song et al., 2025; J. Xu
et al., 2025; W. Yang et al., 2025; Ye et al., 2025; L. Zhang et al., 2024; S. Zhang, Chen, Shen,
Wang, & Xiong, 2025; J. Zhu et al., 2025) propose architectures based on multimodal large lan-
guage models or related techniques to tackle multimodal recommendation tasks, but they do not
investigate the side adaptation problem.

To the best of our knowledge, efficient and stable deep side adaptation for large pre-trained
multimodal embedding models in sequential recommendation remains largely underexplored,
which motivates the present study.

6.3 Method

6.3.1 Problem Formulation

Let U and V denote the user and item sets. For each user u ∈U , we observe a chronological
interaction sequence

Su = (vu
1,v

u
2, . . . ,v

u
Tu
), vu

t ∈ V . (6.1)
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Each item v is associated with multimodal content

xv = {x(m)
v }M

m=1, (6.2)

where M is the number of modalities. Let B be a frozen large multimodal embedding model
with L layers. Given xv, the backbone produces hidden states

h(1)
v ,h(2)

v , . . . ,h(L)
v , h(`)

v ∈ Rd. (6.3)

We choose a set of adapted layers

L = {`1 < `2 < · · ·< `K} ⊆ {1, . . . ,L}. (6.4)

Because the backbone is frozen, the selected hidden states can be extracted and cached
offline. Stresa recursively constructs a task-specific side representation from these cached rep-
resentations:

a(0)v = 0, a(k)v = Stresak

(
h(`k)

v ,a(k−1)
v

)
, k = 1, . . . ,K, (6.5)

and produces the final adapted embedding

ẽv = e0
v +Woa(K)

v , (6.6)

where e0
v ∈ Rd is the frozen backbone output used by the downstream recommender.

A sequential recommender Fψ maps the adapted history (ẽvu
1
, . . . , ẽvu

t
) to a user state qu,t ,

and the score for candidate item v is

s(u, t,v) = qT
u,t ẽv. (6.7)

We optimise the standard next-item prediction loss

Lrec =−∑
(u,t)

log
exp(s(u, t,vu

t+1))

∑v′∈Cu,t exp(s(u, t,v′))
, (6.8)

where only the Stresa parameters, the output projection Wo, and the sequence model are train-
able. Below, we omit the item index and write hk := h(`k) and ak−1 := a(k−1) for a single Stresa
block.

6.3.2 Overview of Stresa

A standard side adapter typically fuses the current backbone state with the previous side state
and then applies a lightweight transform. This works well for shallow adaptation, but under
deeper adaptation the side branch is no longer just a temporary local feature: it becomes a
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memory that is propagated across layers. Once this happens, two questions become central:
how should historical side memory arrive at the current layer, and how should the fused signal
be transformed into the next side state while retaining useful historical information? Stresa
addresses these two questions explicitly.

At adapted layer k, Stresa first aligns the propagated side memory with the current backbone
representation through a stream-aware fusion module, and then converts the fused state into the
next propagated side representation:

zk = SHAF(hk,ak−1) , ak = ReSA(zk) . (6.9)

Figure 6.2 illustrates the pipeline. SHAF transports the previous side representation to the cur-
rent depth and fuses it with the current backbone state. ReSA then applies an HC-style residual
composition to the fused representation and produces the next side state, which is directly prop-
agated to the following adapted layer. In this sense, Stresa separates memory transport from
state refinement: SHAF determines how the previous side state enters the current layer, while
ReSA determines how the fused representation is transformed into the next propagated state.

This separation is the main design principle behind Stresa. The frozen backbone state hk

serves as the layer-local semantic anchor at depth k, whereas the side branch carries task-specific
information propagated from earlier adapted layers. Stresa therefore treats deep adaptation as
progressive state refinement: each adapted layer first transports and aligns the previous side state
with the current frozen representation, and then maps the fused signal into the next side state.

6.3.3 Stream-aware Hidden-Adapter Fusion (SHAF)

SHAF is designed to address two needs in deep side adaptation: (1) stronger fusion with the
current hidden state and (2) preservation of historical memory. Plain sigmoid fusion only con-
trols how much previous side memory enters the current layer, but does not model how it should
interact with the current hidden representation in a structured way. SHAF therefore introduces
stream-aware interaction before fusion, so that the propagated memory can first be aligned with
the current hidden state at the stream level before entering the final fusion. This makes the fusion
more selective and informative, and also organises the fused representation for the subsequent
adapter. At the same time, since the side state is propagated across layers, it should remain an
explicit memory path during deep adaptation. SHAF thus adopts an identity-preserving rout-
ing operator, which retains a direct carry-over route from the historical memory while allowing
controlled cross-stream reorganisation when useful.

We first reshape both signals into s streams of width ds, where d = sds:

Hk = reshape(hk) ∈ Rs×ds, Ak−1 = reshape(ak−1) ∈ Rs×ds. (6.10)
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This stream decomposition is a lightweight structured coordinate system rather than a semantic
assumption about the hidden dimension. It allows SHAF to model cross-subspace interaction
through small stream-level operators, and it also gives the following ReSA block the same struc-
tured space in which to refine the fused representation.

To decide how historical side memory should interact with the current layer, SHAF computes
stream-level routing logits from pooled descriptors of Hk and Ak−1:

Mk(i, j) =
qT

k,ikk, j√
dr

, (6.11)

where qk,i and kk, j are learned query/key projections of the corresponding stream summaries.
Both projections lie in Rdr , where dr is the dimensionality of the routing query and key vectors;
√

dr scales their dot product. We then apply Sinkhorn normalisation (Adams & Zemel, 2011),

Rk = Sinkhorn
(

Mk

τ

)
, (6.12)

to obtain a balanced soft routing matrix over streams. This keeps the stream redistribution
structured rather than leaving it as an unconstrained dense remapping.

Routing alone, however, would directly replace each stream by a mixture of other streams.
For deep propagation, we instead use an identity-preserving routing operator:

βk = σ(β̂k), Pk = (1−βk)I+βkRk. (6.13)

This is the central design choice of SHAF. The gate βk controls how far the transported mem-
ory is allowed to deviate from its original stream layout: when βk is small, the side memory
is carried forward mostly along its current stream path; when βk is larger, related streams can
exchange information through Rk. In other words, SHAF treats cross-stream routing as a con-
trolled reorganisation of historical memory rather than a hard replacement.

Finally, SHAF routes the historical side memory and fuses it with the current backbone state:

Amix
k = PkAk−1, (6.14)

λk = σ(λ̂k), Zk = (1−λk)Hk +λkAmix
k , (6.15)

where λk controls the overall contribution of historical side memory relative to the current back-
bone state. The two gates βk and λk therefore play different roles: βk controls how historical

memory is redistributed across streams, whereas λk controls how strongly the transported mem-

ory enters the current layer. This separation makes SHAF easier to interpret and also underlies
the structural observations in Sec. 6.3.6: SHAF can be viewed as plain sigmoid fusion together
with a controlled stream-aware correction.
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6.3.4 Residual Stream Adapter (ReSA)

After SHAF, the fused representation Zk already lives in stream space. ReSA is designed to
refine this structured signal directly, rather than collapsing it back to a single vector and applying
a standard bottleneck update. Inspired by Hyper-Connections, ReSA introduces lightweight
stream interaction before, after, and along the residual branch of the bottleneck transform.

The adapter first performs pre-connection mixing,

Zpre
k = Hpre

k Zk, (6.16)

which lets each stream be transformed in the context of other related streams before entering the
bottleneck. It then applies a shared bottleneck MLP,

Yk = φ
(
Zpre

k W↓
)

W↑, (6.17)

followed by post-connection mixing,

Ypost
k = Hpost

k Yk, (6.18)

which redistributes the transformed features back across streams. Here Hpre
k and Hpost

k are
learned stream-mixing operators internal to ReSA; they are distinct from the reshaped back-
bone state Hk in Eq. (6.10).

Stresa also adds adaptive residual routing:

Zres
k = Hres

k Zk. (6.19)

This residual route provides a direct stream-wise shortcut for the fused representation. It com-
plements the nonlinear bottleneck path: the bottleneck increases expressive power, while the
residual route preserves a simple path for information that does not need strong transformation.

The final ReSA output is
Ak = Zres

k +Ypost
k . (6.20)

Here Ak denotes the next stream-space side state produced by ReSA. It is directly propagated to
the following adapted layer and serves as the historical side state in the next SHAF block. The
residual operation is internal to ReSA: Zres

k provides the mapped shortcut branch, while Ypost
k

provides the nonlinear refinement branch.
Relative to a standard side adapter, ReSA provides two advantages. First, stream interaction

occurs before, after, and along the residual branch of the bottleneck, making the refinement more
structured than a single transform on an unstructured vector. Second, the fixed identity shortcut
of a conventional residual adapter is replaced by a learnable stream-wise residual mapping.
Overall, SHAF and ReSA play complementary roles: SHAF determines how the previous side
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state is transported and fused at the current depth, while ReSA maps the fused representation into
the next propagated side state. These complementary roles are further clarified by the structural
observations in Sec. 6.3.6.

6.3.5 Complexity and Deployment

Compared with a plain side adapter, Stresa introduces additional computation only through
lightweight stream-level operators. In SHAF, the extra cost comes from computing stream-
level routing logits, applying Sinkhorn normalisation, and multiplying the routed memory by
the s× s operator Pk. In ReSA, the additional structure comes from the stream-mixing operators
Hpre

k , Hpost
k , and Hres

k , together with the shared bottleneck MLP.
Per adapted layer, the stream operators act on matrices of size s× s or s× ds, while the

bottleneck operates on width ds with rank r. Thus, the added overhead scales with the number
of streams and the stream width, rather than with a dense full-dimensional d× d transform. In
practice, this overhead is modest because typically s� d and r� ds.

This additional cost buys two capabilities that a plain side adapter does not model explic-
itly. SHAF introduces controlled transport of historical side memory before fusion, instead of
injecting ak−1 as a single unstructured vector. ReSA then refines the fused representation in the
same stream geometry through an explicit stream-wise residual composition within each Stresa
block. The gain is therefore not just extra nonlinearity, but a more structured treatment of deep
side adaptation.

Stresa also preserves the deployment pattern that matters in recommendation. Since the
backbone is frozen, selected hidden states can be extracted and cached offline. Training back-
propagates only through the lightweight side branch, the output projection Wo, and the down-
stream sequential model. After training, the adapted item embeddings ẽv remain item-specific
and can be refreshed offline and served in the same way as standard item embeddings. In this
sense, Stresa changes the adaptation mechanism without changing the frozen-backbone work-
flow preferred by large-scale recommendation systems.

6.3.6 Structural Observations on SHAF and ReSA

We provide three algebraic observations that clarify the roles of SHAF and ReSA. They char-
acterise how SHAF differs from plain sigmoid fusion and how ReSA relates to a conventional
residual bottleneck adapter. These observations describe the forward mapping of Stresa and are
not optimisation or convergence guarantees.

Observation 1 (SHAF as a correction to plain fusion). Let Zplain
k = (1−λk)Hk+λkAk−1 denote

plain sigmoid fusion. The SHAF representation can be written exactly as

Zk = Zplain
k +Ck, Ck = λkβk(Rk− I)Ak−1. (6.21)
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Observation 1 shows that SHAF contains plain sigmoid fusion as the special case βk = 0 or
Rk = I, while otherwise adding a controlled stream-aware correction.

Observation 2 (Common-mode invariance of the SHAF correction). Let Π = 1
s 11T be the pro-

jector onto the common stream mode. If Rk is doubly stochastic, then

Ck = λkβk(Rk− I)(I−Π)Ak−1, ΠCk = 0. (6.22)

Thus, relative to plain sigmoid fusion, the additional SHAF routing correction leaves the
common stream mode unchanged and acts only on variation across streams. With a finite number
of Sinkhorn iterations, this statement holds approximately to the extent that Rk is approximately
doubly stochastic.

Observation 3 (ReSA generalises a residual bottleneck update). If Hpre
k = Hpost

k = Hres
k = I,

then ReSA reduces to
Ak = Zk +φ

(
ZkW↓

)
W↑, (6.23)

which is a residual bottleneck update in stream space.

Observation 3 shows that ReSA retains the residual form while generalising its fixed iden-
tity shortcut and unstructured feature flow with learnable stream-wise pre-, post-, and residual
mappings. Together, Observations 1–3 provide algebraic interpretations of memory transport in
SHAF and state refinement in ReSA without requiring additional optimisation claims.

6.4 Experimental Setup

Datasets. We evaluate on three datasets as demonstrated in Table 6.1: MicroLens-50K,
MicroLens-100K, and Scientific. MicroLens-50K and MicroLens-100K are public user-level
subsets of the MicroLens benchmark for content-driven micro-video recommendation (Y. Ni
et al., 2025). Scientific data from the Amazon dataset is included to test on other domains
following (Fu, Ge, et al., 2024). For all datasets, we construct chronological user interaction
sequences and pair them with the corresponding item-side multimodal content following (Fu,
Ge, et al., 2024).

][t]

Table 6.1: Dataset Description.

Dataset Users Items Interaction

MicroLens-100K 100,000 19,738 719,405
MicroLens-50K 50,000 19,099 339,511

Scientific 12,076 20,314 81,711
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Implementation Details. Our frozen backbone family is Qwen3-VL-Embedding in two scales,
2B and 8B (M. Li et al., 2026). We strictly follow the experiment setup in (Fu, Ge, et al.,
2024). Unless otherwise stated, the backbone is kept frozen, and only cached hidden states
are used following (Fu, Ge, et al., 2024). Under this setting, only two key components are
trained: the side adapter and the downstream sequential model. The downstream sequential
recommender follows (Fu, Ge, et al., 2024; Y. Hou, Mu, et al., 2022; Yuan et al., 2023) and uses
two Transformer blocks with two attention heads. Following (Fu, Ge, Xin, Karatzoglou, et al.,
2025; Fu, Ni, et al., 2025), we optimise with AdamW with a weight decay of 0.1. We search the
adapter learning rate over {1×10−5,1×10−4,1×10−3}, set it to 1×10−4, and use a batch size
of 512. The bottleneck adapter rank was selected from {128, 256, 512, 1024}. User sequences
are truncated to length 10.
Evaluation Protocol. We follow the standard leave-one-out evaluation protocol used in prior
sequential recommendation work (Fu, Ge, et al., 2024; Fu, Ni, et al., 2025; Kang & McAuley,
2018; Y. Ni et al., 2025). For each user, the last interaction is used for testing and the pre-
vious one for validation. We report ranking quality with HR@10, NDCG@10, HR@20, and
NDCG@20 (Y. Ni et al., 2025). All methods share the same data splits, downstream sequential
model configuration, and full-ranking evaluation over the entire item set.

6.5 Experimental results

In this section, we report our experimental results and address the following research questions:

• RQ6.1: Is Stresa better than a standard side adapter?

• RQ6.2: How does Stresa compare with state-of-the-art Side adaptation-based multimodal
sequential recommendation baselines?

• RQ6.3: Which modules contribute to the gains?

• RQ6.4: What learning mechanism underlies the difference between Stresa and Side
Adapter?

6.5.1 Comparison with Side Adapters (RQ6.1)

RQ1 asks whether Stresa is better than a standard Side Adapter. To answer this question, we
compare Stresa against both a conventional Side Adapter (Fu, Ge, et al., 2024; Fu, Ge, Xin,
Karatzoglou, et al., 2025; Fu, Ni, et al., 2025) and a Two-Stage baseline (Yuan et al., 2023) that
uses only the frozen final-layer backbone embedding. The comparison is conducted on both
MicroLens-50K and MicroLens-100K, with two backbone scales, Qwen3-VL-2B and Qwen3-
VL-8B, and we report the best test performance under each setting. In addition, to directly verify
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Table 6.2: Main results under frozen-backbone adaptation. Two-Stage uses only the frozen
final-layer backbone embedding. Side Adapter denotes the conventional decoupled side-branch
baseline. Stresa consistently improves both regimes across Qwen3-VL-2B and Qwen3-VL-
8B backbones and MicroLens-50K/100K. Best results in each backbone block are bold, and
second-best results are underlined. ∗ indicates that Stresa significantly outperforms the second-
best method at the 0.05 level based on a t-test over five random seeds

Backbone Method H@10 N@10 H@20 N@20
MicroLens-50K

Qwen3-VL-
Embedding-8B

Two-Stage 0.0618 0.0335 0.0897 0.0405
Side Adapter 0.0813 0.0437 0.1169 0.0527
Stresa (Ours) 0.0841* 0.0456* 0.1212* 0.0549*

Qwen3-VL-
Embedding-2B

Two-Stage 0.0595 0.0323 0.0878 0.0394
Side Adapter 0.0728 0.0397 0.1042 0.0476
Stresa (Ours) 0.0783* 0.0420* 0.1145* 0.0511*

MicroLens-100K

Qwen3-VL-
Embedding-8B

Two-Stage 0.0706 0.0385 0.1006 0.0461
Side Adapter 0.0977 0.0531 0.1398 0.0637
Stresa (Ours) 0.1019* 0.0559* 0.1442* 0.0666*

Qwen3-VL-
Embedding-2B

Two-Stage 0.0665 0.0365 0.0981 0.0444
Side Adapter 0.0895 0.0489 0.1296 0.0590
Stresa (Ours) 0.0974* 0.0541* 0.1384* 0.0644*

Table 6.3: Main results on three datasets. Best results in each dataset are bold, and second-best
results are underlined. ∗ indicates that Stresa significantly outperforms the second-best method
according to a t-test (p < 0.05) over five seeds.

Method MicroLens-50K MicroLens-100K Scientific
H@10 N@10 H@20 N@20 H@10 N@10 H@20 N@20 H@10 N@10 H@20 N@20

IISAN (SIGIR’24) 0.0771 0.0421 0.1121 0.0509 0.0960 0.0526 0.1366 0.0628 0.0683 0.0414 0.0933 0.0470
XSMoE (CIKM’25) 0.0550 0.0296 0.0807 0.0361 0.0697 0.0376 0.1037 0.0461 0.0620 0.0395 0.0840 0.0450
CROSSAN (arXiv’25) 0.0806 0.0431 0.1177 0.0524 0.0999 0.0553 0.1428 0.0661 0.0690 0.0422 0.0928 0.0482
IISAN-Versa (TKDE’25) 0.0784 0.0421 0.1126 0.0507 0.0964 0.0533 0.1341 0.0618 0.0739 0.0447 0.1014 0.0516
Stresa (Ours) 0.0841* 0.0456* 0.1212* 0.0549* 0.1019* 0.0559* 0.1442* 0.0666* 0.0794* 0.0483* 0.1067* 0.0551*

our motivation of adapting more of the backbone’s potential hidden representations, we further
vary the number of adapted hidden-state layers and compare the resulting trends between Side
Adapter and Stresa in Fig. 6.3.

The results in Table 6.2 show that Stresa consistently outperforms both Two-Stage and the
standard Side Adapter across all backbone and dataset settings. The gains over Two-Stage con-
firm the value of adaptation beyond frozen embeddings, while the gains over Side Adapter show
that the improvement comes from a better adaptation design rather than simply using side in-
formation. More importantly, Fig. 6.3 reveals a clear difference in depth behaviour. Stresa
remains stable as adaptation extends to more hidden layers and achieves the best performance
when adapting all layers, while its degradation is still limited even when only a small number of
layers are adapted. In contrast, the standard Side Adapter reaches its best performance around
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Figure 6.3: NDCG@10 and NDCG@20 on MicroLens-100K (Qwen3-VL-8B) vs. the number
of adapted layers of hidden states, for Side Adapter and Stresa. Metrics are taken at the epoch
with the best validation HR@10.

Table 6.4: Ablation on Qwen3-VL-8B. The progression from a standard side adapter to Stresa.

Method HR@10 NDCG@10 HR@20 NDCG@20
MicroLens-50K

Side Adapter 0.0813 0.0437 0.1169 0.0527
+ ReSA 0.0829 0.0444 0.1188 0.0534
+ ReSA + SHAF (Stresa) 0.0841 0.0456 0.1212 0.0549

MicroLens-100K
Side Adapter 0.0977 0.0531 0.1398 0.0637
+ ReSA 0.0999 0.0545 0.1417 0.0650
+ ReSA + SHAF (Stresa) 0.1019 0.0559 0.1442 0.0666

9 adapted layers, and then declines noticeably as more layers are included. This supports our
claim that standard side adaptation does not fully exploit deeper hidden states, whereas Stresa
can better utilise the full adaptation space while maintaining stability.

Answer to RQ6.1: Yes. Stresa consistently outperforms the standard Side Adapter across
datasets and backbone scales. Its advantage is particularly evident in deeper adaptation set-
tings, where it can stably exploit more hidden states and better unlock the full potential of the
backbone.

6.5.2 Comparison with SOTA baselines (RQ6.2)

RQ2 asks how Stresa compares with state-of-the-art side adaptation-based multimodal sequen-
tial recommendation baselines. To this end, we compare our approach with IISAN (Fu, Ge, et
al., 2024), XSMoE (Y. Qu et al., 2025), IISAN-Versa (Fu, Ge, Xin, Karatzoglou, et al., 2025),
and CROSSAN (Fu, Ni, et al., 2025).1 In these comparisons, Stresa uses Qwen3-VL-8B as

1We focus this comparison on the side adaptation paradigm because our goal is to study a fully ID-free setting,
where recommendation is driven only by multimodal side information without introducing additional ID signals or
auxiliary supervision. Many existing multimodal sequential recommendation methods incorporate extra informa-
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Table 6.5: Ablation on Identity Preservation.

Method HR@10 NDCG@10 HR@20 NDCG@20

MicroLens-50K

w/ Identity Preservation 0.0841 0.0456 0.1212 0.0549
w/o Identity Preservation 0.0807 0.0433 0.1184 0.0528

MicroLens-100K

w/ Identity Preservation 0.1019 0.0559 0.1442 0.0666
w/o Identity Preservation 0.0991 0.0545 0.1416 0.0652

Table 6.6: Ablation on stream-aware residual.

Method HR@10 NDCG@10 HR@20 NDCG@20

MicroLens-50K

w/o Manifold Constraint 0.0829 0.0444 0.1188 0.0534
w/ Manifold Constraint 0.0826 0.0456 0.1186 0.0547

MicroLens-100K

w/o Manifold Constraint 0.0999 0.0545 0.1417 0.0650
w/ Manifold Constraint 0.0996 0.0546 0.1424 0.0655

the backbone. For the competing baselines, we preserve their original architectural settings and
report their best results under those settings, because these methods were proposed in multi-
tower side-adaptation frameworks, whereas our method is built on a single-tower Qwen3-VL-
Embedding backbone. To provide a more direct reference under the same single-tower setting,
we also include the Side Adapter baseline in the previous section. For IISAN-Versa, which con-
siders the asymmetric case but still follows a two-tower design, we further evaluate a variant
with Qwen3-VL-Embedding-8B on the text side to improve comparability.

Table 6.3 shows that Stresa consistently achieves the best overall performance across all
datasets. On MicroLens-50K and MicroLens-100K, it slightly but consistently surpasses the
strongest baseline, CROSSAN, on all four metrics. On Scientific, Stresa improves HR@10
from 0.0739 to 0.0794 and NDCG@20 from 0.0516 to 0.0551 over the strongest prior baseline.
Overall, these gains are modest but stable across datasets, showing that Stresa generalises well
across different scales and domains.

Answer to RQ6.2: Stresa consistently outperforms strong side adaptation-based baselines.
This shows that its gains persist not only over a standard Side Adapter, but also over stronger
side-adaptation variants, supporting the effectiveness of Stresa across competitive comparison
settings.

tion beyond this setting, making direct comparison less fair. Moreover, side adaptation itself has already shown
strong performance in prior work, making it a strong and meaningful basis for comparison. Therefore, for fairness
and for a cleaner evaluation of the target setting, we mainly compare against representative side adaptation-based
methods.
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Table 6.7: Efficiency comparison between Stresa and Side Adapter.

Method Params Time (s/epoch) FLOPs/step (1012)
Stresa 78.06M 392.41 5.311
Side Adapter 155.73M 338.20 4.395

6.5.3 Ablation Study (RQ6.3)

RQ3 investigates whether Stresa is driven by a single dominant component or by the comple-
mentary effects of its modules. To answer this question, we perform comprehensive ablation
studies in Tables 6.4, 6.5, and 6.6, examining the contributions of ReSA, SHAF, and additional
design choices, including the manifold-constrained residual connection (Xie et al., 2025) in
ReSA and identity preservation in SHAF.

The results show a clear progression. In Table 6.4, adding ReSA on top of the Side
Adapter consistently improves performance on both datasets, and further adding SHAF
(Stresa) yields the best overall results across all metrics. For example, on MicroLens-100K,
HR@10/NDCG@10 improve from 0.0977/0.0531 with Side Adapter to 0.0999/0.0545
with ReSA, and further to 0.1019/0.0559 with SHAF; similar gains are observed on
HR@20/NDCG@20 and on MicroLens-50K. Table 6.6 further evaluates a ReSA variant with
the recently proposed manifold-constrained residual connection (Xie et al., 2025). Although it
brings modest gains on several NDCG metrics, the overall performance is comparable while
incurring higher computational cost due to manifold operations. We thus do not use it as the
default design. Table 6.5 shows that identity preservation is critical, and removing it causes
substantial performance drops.

Answer to RQ6.3: The gains come from complementary modules: both ReSA and SHAF
are important for achieving them.

6.5.4 Visualisation (RQ6.4)

To answer this question, we analyse layer-wise representation similarity for the frozen backbone,
Side Adapter, and Stresa by comparing each layer’s cosine similarity to the first and final layers.
Figure 6.4 shows that Stresa changes representations more smoothly across depth. Compared
to Side Adapter, its similarity to the first layer decreases less abruptly, indicating better preser-
vation of early information, while its similarity to the final layer increases more progressively,
indicating stable layer-wise refinement rather than sharp late-stage shifts.

Answer to RQ6.4: The underlying learning mechanism is that Stresa better reconciles iden-
tity preservation with progressive adaptation. This leads to a more stable representation tra-
jectory across layers and, consequently, stronger adaptation performance, especially for larger
backbones.
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Figure 6.4: Layer-wise cosine similarity on MicroLens-100K for the frozen Qwen3-VL back-
bone, Side Adapter, and Stresa. Left: cos(zk,z1) versus backbone layer index k. Right:
cos(zk,z36) versus k. Each series averages over items; layers k = 1, . . . ,36 correspond to the
36 adapter depths.

6.6 Efficiency
Table 6.7 reports the efficiency comparison between Stresa and the standard Side Adapter. Stresa
reduces the number of trainable parameters, while introducing a modest increase in computation
due to the additional stream-aware routing and mixing operations. In practice, this overhead is
not significant: the increases in training time per epoch and FLOPs per step remain moderate,
while Stresa achieves stronger recommendation performance in the main experiments.

6.7 Conclusion and Future Work
In this thesis, we study how to make side adaptation for large pre-trained multimodal embed-
ding models more effective under deep adaptation. We propose Stresa, a stream-aware side-
adaptation framework achieving selective residual update and earlier representation preservation
fusion. Across our experiments, Stresa consistently outperforms frozen two-stage adaptation,
standard Side Adapter, and strong side adaptation-based baselines. The results further show
that its advantage is especially clear when adaptation goes deeper, suggesting that stable mem-
ory preservation and stream-aware refinement are key to fully exploiting hidden states in frozen
multimodal backbones. Overall, these findings indicate that stream-aware side adaptation is a
promising direction for multimodal sequential recommendation.

For future work, it would be valuable to evaluate Stresa on broader multimodal backbones,
datasets, and recommendation domains, and to explore more adaptive strategies for selecting or
scheduling adapted layers. Another important direction is to connect this framework with more
practical deployment settings, such as online or continual adaptation. We hope this work can
encourage further research on stable and efficient adaptation for frozen multimodal foundation
models in recommendation.
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DIGER: Differentiable Semantic IDs for
Generative Recommendation

Publication Note

This chapter is adapted from: Junchen Fu, Xuri Ge, Alexandros Karatzoglou, Ioannis Arapakis,
Suzan Verberne, Joemon M. Jose, and Zhaochun Ren. Differentiable Semantic ID for Generative
Recommendation. SIGIR 2026.

Chapter Positioning

The preceding chapters study continuous representation adaptation of MFMs, jointly training
side-adaptation modules and the recommender through real-valued representations. DIGER ex-
tends this joint-optimisation objective to semantic-ID-based generative recommendation. It ad-
dresses non-differentiable code assignments and codebook collapse, two fundamental obstacles
to stable joint training. By tackling these obstacles, DIGER lays a methodological foundation
for a unified large recommendation model in which MFM-based content encoding, semantic-ID
construction and generative recommendation can ultimately be jointly optimised end to end.

7.1 Introduction

Generative recommendation has introduced a paradigm shift in modern recommender sys-
tems (Geng et al., 2022; Rajput et al., 2023; J. Zhao, Wang, Pan, Verberne, & Ren, 2026).
Rather than representing items with continuous embeddings alone, recent methods leverage
rich item content, most notably textual descriptions, to construct discrete semantic identifiers
(SIDs) (Han et al., 2025; Y. Hou, Zhang, et al., 2025; Tay et al., 2022; H. Wang, Guo, et al.,
2025) and thereafter formulate recommendation as next-SID generation. This design introduces

122
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(a) Conventional pipeline freezes RQ-VAE semantic IDs, causing gradient blocking from the recom-
mender and objective mismatch.
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(b) Our differentiable semantic IDs enable gradient flow for joint optimisation toward recommendation
utility.

Figure 7.1: Conventional vs. Generative recommendation with Differentiable SID. A
“brickmaker–builder” sketch is used to illustrate the tokeniser and recommender.

desirable properties, such as compact indexing, semantic interpretability, and a natural interface
to sequence modelling (M. Hou et al., 2025).

Despite these advantages, current practices still suffer from a mismatch problem. First, a
vector-quantised model such as RQ-VAE (D. Lee et al., 2022) is trained with a reconstruc-
tion objective to learn a discrete codebook and assign each item a fixed sequence of semantic
IDs. Second, given a user’s interaction history, a sequence generator (e.g., a Transformer) is
trained to predict the next-item semantic IDs (Rajput et al., 2023; Tay et al., 2022). While
this pipeline is effective, the indexing loss and the recommendation loss are optimised inde-
pendently. It introduces a fundamental issue: semantic indexing is not aligned with the down-

stream recommendation objective. This mismatch can degrade recommendation performance,
since reconstruction-oriented semantic IDs are not optimised for ranking and remain predefined
during user interest evolution (Ye et al., 2025), limiting personalisation and preference-aware
representation learning.

Since semantic IDs are precomputed and frozen, the recommendation loss cannot propagate
gradients back to the codebook or the ID assignment. In other words, the indexing space is
optimised for content reconstruction rather than for next-item prediction. As illustrated in Fig-
ure 7.1(a), the tokeniser learns semantic IDs for reconstruction, not personalisation. Because
these SIDs are frozen, recommendation gradients cannot reach the tokeniser, so the recom-
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mender is stuck with reconstruction-oriented codes that are misaligned with recommendation
utility. Consequently, the overall effectiveness of generative recommendations is constrained
due to this misalignment.

An intuitive solution to the objective mismatch is to make semantic indexing differentiable,
allowing recommendation gradients to jointly optimise the encoder and the generative seman-
tic IDs (Figure 7.1(b)), similar to MoRec (R. Li et al., 2025; Yuan et al., 2023) in traditional
modality-based recommendation, where jointly training BERT-based item encoders with recom-
mendation objectives significantly outperforms frozen features. Yet, directly differentiable se-
mantic IDs for semantic indexing remain underexplored (M. Hou et al., 2025). A main challenge
in passing gradients through a codebook is its discrete nature: backpropagating through discrete
SIDs is inherently non-trivial. The most common workaround — the straight-through estimator
(STE) (Bengio et al., 2013) used in RQ-VAE training (D. Lee et al., 2022) — is unstable in prac-
tice and can trigger semantic ID collapse (Huh, Cheung, Agrawal, & Isola, 2023). As shown
in Figure 7.2, naive differentiable optimisation with STE quickly becomes over-confident in the
early stages of training, causing a small subset of codes to dominate, while the rest are rarely
selected, i.e., severely reduced code utilisation. This collapse is further observed along with
large training-time variance: STE exhibits a markedly larger standard deviation in code balance
(error bars) across codebook levels, indicating volatile and inconsistent code usage throughout
training. Such an imbalance directly harms recommendation quality (e.g., NDCG@10), making
“naively” differentiable semantic indexing brittle and frequently under-performing.

In this work, we propose DIGER (Differentiable Semantic ID for GEnerative
Recommendation), which enables semantic IDs to be learned jointly with a generative
recommender1. To enable stable joint training, we design a differentiable SID framework,
DRIL, that uses Gumbel noise for exploratory learning (Jang et al., 2016) to address the
codebook collapse issues. Motivated by the exploration-exploitation paradigm (Gupta, Smith,
& Shalley, 2006), we further propose two uncertainty decay strategies which gradually reduce
the stochasticity induced by the injected noise to better align with the training objective. As
shown in Figure 7.2, training remains stable, with balanced code usage and steadily improving
performance. The injected Gumbel noise promotes early-stage exploration over codes, alleviat-
ing collapse and improving codebook utilisation. This design enables stable joint optimisation
and consistently improves next-SID generation. Our contributions are as follows:

• We propose DIGER, an effective differentiable semantic indexing framework. To the
best of our knowledge, it represents a pioneering effort to effectively enable direct joint
optimisation of semantic IDs and generative recommenders.

• To realise DIGER, we introduce a two-part paradigm consisting of Differentiable Seman-
tic ID with Exploratory Learning (DRIL), an exploration–exploitation–inspired frame-

1DIGER is metaphorically used as a digger that breaks through and opens a direct gradient pathway between
the generative recommender and the semantic ID.
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Figure 7.2: Comparison of DIGER and STE on B-Shop Dataset. Top: validation NDCG@10
across epochs. Bottom: code balance summarised by the mean over three codebook levels’
coverage, with error bars indicating the standard deviation across levels. Grey dashed vertical
line marks the STE early-stop epoch.

work equipped with two Uncertainty Decay (UD) strategies.

• Experiments on three public datasets demonstrate the effectiveness of jointly training with
differentiable semantic IDs.

7.2 Related Work

Joint Optimisation for Recommendation. Jointly training both item and user encoders for rec-
ommendation has been extensively studied in modality-based sequential recommender systems,
motivated by the objective mismatch between pretrained representation encoders and sequential
recommendation tasks (Elsayed et al., 2022; Fu, Ge, et al., 2024; Fu, Yuan, et al., 2024; C. Wu
et al., 2021a; Yuan et al., 2023). A central theme is to adapt modality encoders jointly with the
recommender so that learned representations are optimised for sequential prediction. Represen-
tative efforts include joint training of visual backbones, such as ResNet (Elsayed et al., 2022),
and fine-tuning language encoders like BERT, to better align textual representations with user–
item interactions (C. Wu et al., 2021a). Recent work has extended this paradigm by leveraging
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large language models (LLMs) as task backbones or feature generators for recommendation (Fu,
Ge, Xin, Karatzoglou, et al., 2025; R. Li et al., 2025; Q. Liu, Chen, et al., 2024). Altogether,
these studies leverage joint optimisation to address the representation–task misalignment chal-
lenge, by explicitly allowing recommendation gradients to flow into the representation module
(e.g., connecting item encoders with user modelling for joint backpropagation), thereby aligning
learned features with the downstream objective, while also highlighting practical optimisation
challenges when the encoder is large or contains discrete components.
Generative Recommendation. Generative recommender systems formulate recommendation
as a sequence generation problem over discrete item identifiers (Han et al., 2025; Y. Hou, Li,
et al., 2025; Y. Hou, Zhang, et al., 2025; W. Li et al., 2025; X. Li et al., 2025; X. Lin et al.,
2025; C. Liu et al., 2025; Z. Liu et al., 2025; D. Wang et al., 2025; H. Wang, Guo, et al.,
2025; Y. Wang et al., 2025; Zhai et al., 2025; L. Zhang et al., 2025; Y. Zhang et al., 2025;
J. Zhao et al., 2025; Zheng et al., 2025). To improve generalisation, recent approaches replace
random IDs with content-informed, semantic IDs. For example, P5 (Geng et al., 2022) unifies
heterogeneous recommendation signals into natural-language sequences and adopts a text-to-
text model for recommendation. TIGER (Rajput et al., 2023) introduces a Transformer-based
indexing mechanism, where an RQ-VAE codebook assigns each item a sequence of semantic
tokens that are subsequently predicted by a decoder. LETTER (W. Wang et al., 2024) further
improves semantic ID quality by injecting hierarchical semantics and collaborative signals into
residual vector quantisation. However, relatively few studies have investigated the objective
mismatch between the semantic ID tokeniser and the downstream generative recommender.

Recently, ETEGRec (E. Liu et al., 2024) proposed a distillation-based approach for aligning
tokenisers with generative recommendation models. However, rather than enabling joint optimi-
sation via differentiable semantic IDs, it relies on an alternating distillation scheme to handle the
discreteness of semantic IDs, where the recommender and the semantic ID tokeniser are trained
by distilling knowledge into each other in separate stages. Since the recommendation loss can-
not be directly backpropagated through the discrete indexing process, the indexing module is
optimised only through indirect surrogate objectives. Consequently, the core mismatch caused
by the blocked gradient flow remains unresolved.

In contrast, our work enables direct joint learning for generative recommendation by making
semantic IDs differentiable, so that the semantic indexing mechanism and the recommender can
be optimised jointly throughout training.



CHAPTER 7. DIGER 127

Item Content

Encoder

STE: Straight Through Estimator

Generative 
Recommender…

1 3 2

… … …

Codebook

Item Content

Encoder

DIGER 

Generative 
Recommender…

1 3

… …

2

…

DRIL Codebook

…

1 2

… …
2

…

Gumbel 
noise

Differentiable Semantic ID with Exploratory Learning

Uncertainty Decay

Soft 
Update

Hard 
Update

Figure 7.3: Comparison of STE vs. DIGER. STE: Relies on deterministic hard selection (e.g.,
sequence 1-3-2), where gradients only backpropagate to the selected indices (Hard Update).
DIGER: Introduces Gumbel noise to encourage exploratory learning. For instance, the noise
may shift a deterministic assignment from code 3 to 2 (changing the path from 1-3-2 to 1-2-2),
exploring alternative semantic representations. Crucially, DIGER employs Soft Update, allow-
ing gradients to flow to all codebook entries, weighted by their Gumbel-Softmax probabilities,
while the noise level is progressively reduced via uncertainty decay strategies.
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Figure 7.4: Two uncertainty decay strategies for exploration–exploitation: standard deviation–
based uncertainty decay (SDUD) and frequency-based uncertainty decay (FrqUD).
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7.3 Preliminaries

Following (Rajput et al., 2023), we formulate generative recommendation as an auto-regressive
next semantic ID (SID) prediction problem, i.e., given a user’s interaction history, a generative

model predicts the SID sequence of the next item the user will interact with.
Let V denote the set of items. We obtain discrete SIDs for items using an RQ-VAE based

tokeniser: given an item v ∈ V (e.g., its content features), the tokeniser maps it to a length-m
discrete code sequence (its Semantic ID):

zv = (cv,1, . . . ,cv,m), cv, j ∈ {1, . . . ,K}, (7.1)

where K is the SID vocabulary size. Each code cv, j corresponds to an entry in a shared embed-
ding/codebook and is used as the discrete token fed into the generative model.

For a user u, suppose the interaction history up to time t is h(t)
u = (v1, . . . ,vt). We convert

the history into a token sequence by concatenating the SIDs of previously interacted items in
chronological order:

x(t)u = zv1⊕·· ·⊕ zvt , (7.2)

where⊕ denotes sequence concatenation. The generative recommender is a sequence prediction
model (e.g., a Transformer decoder) that learns the conditional distribution of the next-item SID:
pθ (zvt+1 | x

(t)
u ), and produces the SID in an auto-regressive manner:

pθ (zvt+1 | x
(t)
u ) =

m

∏
j=1

pθ

(
cvt+1, j | x

(t)
u ,cvt+1,< j

)
. (7.3)

where the index j ∈ {1, . . . ,m} denotes the position of a discrete code within the Semantic ID
sequence of the predicted item vt+1.

Training minimises the negative log-likelihood of the ground-truth next-item SID:

Lgen =−∑
u

∑
t

log pθ (zvt+1 | x
(t)
u ). (7.4)

At inference time, the model generates the next SID, which realises the Next SID Prediction

process, and serves as the basis for next-item recommendation. In particular, the generated SID
can be deterministically mapped back to an item via the codebook (or a retrieval step over items
sharing the same SID), enabling efficient next-item recommendation.

7.4 Our Method: DIGER

Conventional generative recommendation (Rajput et al., 2023) typically adopts a two-stage train-
ing paradigm. In contrast, we show that joint optimisation operates over a strictly larger feasible
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solution space, while objective mismatch in the two-stage setting can induce arbitrarily large
suboptimality even under exact optimisation (Section 7.9, Remark 7.3). To effectively achieve
joint optimisation via direct gradient flow, we propose DIGER (Differentiable Semantic ID for
GEnerative Recommendation). DIGER is trained via a two-part learning scheme inspired by
the exploration–exploitation paradigm: DRIL (DiffeRentiable Semantic ID with Exploratory
Learning) provides Gumbel-noise–based stochastic exploration to learn discrete semantic IDs
with direct gradient flow, and Uncertainty Decay progressively reduces exploration and steers
the model toward stable exploitation. Figure 7.3 illustrates the overall framework.

7.4.1 DRIL: Differentiable Semantic ID with Exploratory Learning

Directly applying the straight-through estimator (STE) yields deterministic hard assignments,
which often lead to overconfident early decisions and premature codebook collapse (Figure
7.2), resulting in imbalanced code usage and unstable optimisation. From a distributional view-
point, such deterministic assignments correspond to highly concentrated, low-entropy selection
distributions that limit exploration over the codebook. In Section 7.9, Remark 7.5, we show
that increasing assignment entropy increases the effective number of utilised codes, providing a
principled motivation for entropy-aware design. Based on this insight, we inject noise into the
assignment logits to spread probability mass across multiple codes, and propose a noise-driven
assignment mechanism, DRIL, to encourage controlled exploration.

Compared to common Gaussian noise (Z. Lu, Ie, & Sha, 2020), we adopt Gumbel noise Jang
et al. (2016), which better captures the probabilistic nature of categorical sampling, inducing a
softmax-based selection process in which higher-similarity codes are exponentially more likely
to be selected. This aligns more closely with the actual selection process over a codebook,
where stronger matches naturally receive higher sampling probabilities. By injecting Gumbel
noise into the logits, our method enables stochasticity in code selection, facilitating early-stage
exploration while preserving differentiability for end-to-end optimisation.

For an item v, let the (LLM→RQ-VAE encoder) pipeline output a continuous representation
rv (or rv, j for the j-th code position under position-wise quantisation). For each position j ∈
{1, . . . ,m}, we compute similarity logits to the codebook {ei}K

i=1:

`v, j,i = sim(rv, j,ei), i ∈ {1, . . . ,K}. (7.5)

To add the Gumbel noise, we then obtain a Gumbel-Softmax distribution:

ỹv, j,i =
exp
(
(`v, j,i +gv, j,i)/τ

)
∑

K
k=1 exp

(
(`v, j,k +gv, j,k)/τ

) , (7.6)

where gv, j,i ∼ Gumbel(0,1) are i.i.d., τ is the temperature.
Hard SID for forward indexing. In the forward pass, we take a hard code by argmax over the
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noisy logits (equivalently over ỹv, j):

cv, j = argmax
i

(`v, j,i +gv, j,i), (7.7)

yielding the Semantic ID zv = (cv,1, . . . ,cv,m), which is used to index the embedding table in the
generative recommender (Section 7.3).
Soft update for backpropagation. Gradients are computed through the soft probabilities ỹv, j.
Concretely, we use the soft embedding

ēv, j =
K

∑
i=1

ỹv, j,i ei (7.8)

to perform a soft update of the RQ-VAE codebook/embedding table, while keeping the hard
cv, j to form the discrete SID token sequence. The Gumbel noise encourages exploration and
improves codebook utilisation.

7.4.2 Two Uncertainty Decay Strategies

DRIL promotes exploration over discrete codes by sampling diverse code selections during train-
ing, but the injected noise perturbs the forward pass and can create a mismatch with inference.
Since validation and inference use deterministic semantic ID assignment (for example, a hard
argmax over code similarities) for stability and reproducibility, large Gumbel noise in training
later can cause the semantic IDs effectively used during training to differ from those used at
inference. Therefore, we adopt an exploration-to-exploitation schedule that reduces the uncer-
tainty introduced by Gumbel noise in the later stage of training, better aligning the training
objective with the inference-time objective. To this end, we propose two uncertainty decay
strategies to reduce the uncertainty2:
(1) Standard Deviation Uncertainty Decay (SDUD). Gumbel noise’s standard deviation σ

controls the stochasticity of SID assignment. A larger σ corresponds to higher uncertainty
and encourages exploration, whereas σ ≈0 yields near-deterministic assignments that are bet-
ter aligned with inference-time selection. Therefore, we design an auxiliary objective whose
stationary point (Graves, 2011) provides an explicit link between the task loss and the optimal
noise level, making the training dynamics more interpretable.

2In many Gumbel-Softmax applications (e.g., computer vision and speech) (Jang et al., 2016; Takida et al.,
2022), the discrete token is not the end goal; it is a means to quantise/compress representations. Accordingly, prior
work typically anneals the temperature τ so that assignments become increasingly one-hot. In our setting, however,
the semantic ID itself is the target and must be produced as a discrete output at inference, so temperature annealing
is less effective. We instead keep τ fixed and reduce the uncertainty toward zero. Empirically, varying τ has little
effect on our results.
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Specifically, we couple the main generative objective Lgen with σ as:

Lσ =
Lgen

2(σ +λ )2 + log(σ +λ ), (7.9)

where Lgen is the next-SID prediction loss, σ ≥ 0 is the noise scale (learned through optimi-
sation), and λ > 0 is a hyperparameter. Importantly, λ not only avoids numerical issues when
σ→0, but also determines when σ can effectively reach 0 (i.e., the desired turning point from
exploration to exploitation). In practice, we search λ so that σ = 0 happens near the optimal
transition stage.

Taking the partial derivative w.r.t. σ and setting it to zero gives a closed-form equilibrium
(we detail the steps in Section 7.10):

∂Lσ

∂σ
= 0 ⇒ (σ +λ )2 = Lgen ⇒ σ

? = max
(
0,
√

Lgen−λ
)
.

This demonstrates that as Lgen decreases during training, the optimal noise scale σ? shrinks
accordingly. Furthermore, when

√
Lgen ≈ λ , σ? approaches 0, yielding nearly deterministic

SID assignment and reducing the train–test mismatch.
(2) Frequency-based Uncertainty Decay (FrqUD). Another uncertainty decay strategy is de-
rived directly from codebook utilisation in the implementation. The key idea is that high-

frequency codes indicate over-reuse (i.e., some codes are sampled too often), so we apply
Gumbel noise to these “hot” codes to encourage exploration and improve code coverage. Con-
versely, low-frequency codes are already under-used, so we keep their sampling stable and
close to inference by using the standard deterministic assignment. Concretely, we compute
an (EMA-smoothed) usage frequency for each code and threshold it by a ratio of the uniform
baseline (Gardner Jr, 2006).

Let f (e)i denote the usage frequency of code i at epoch e, estimated either empirically within
epoch e or via an exponential moving average (EMA) over epochs:

f (e)i ← β f (e−1)
i +(1−β ) f̂ (e)i , β ∈ [0,1), (7.10)

where f̂ (e)i is the raw empirical frequency at epoch e and ∑
K
i=1 f (e)i = 1. Under uniform

usage, the average frequency is f̄ = 1/K. We define the hot-code threshold as:

γ = r f̄ =
r
K
, (7.11)

where r > 0 is a tunable threshold ratio (e.g., r = 1.5). We then identify over-used (hot)
codes:

I
(e)

high = { i | f (e)i > γ }, I
(e)

low = {1, . . . ,K}\I (e)
high. (7.12)
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For i ∈I
(e)

high, we update assignments with Gumbel noise. For i ∈I
(e)

low, we disable Gumbel
noise, yielding a deterministic distribution:

yi =


exp((`i +gi)/τ)

∑
K
j=1 exp

(
(` j +g j)/τ

) , i ∈I
(e)

high,

exp(`i/τ)

∑
K
j=1 exp

(
` j/τ

) , i ∈I
(e)

low.

(7.13)

where `i denotes the similarity logits produced by the encoder for code i, and τ is the tempera-
ture.

Both strategies aim to reduce Gumbel-noise-induced uncertainty later in training while re-
taining the benefits of exploration earlier on, thereby improving training–inference objective
alignment.

7.4.3 Model Training

We train the whole framework with joint optimisation, so gradients flow through semantic ID
assignment into the RQ-VAE codebook and the generative recommender. The training is primar-
ily optimised using Lgen, the next-SID autoregressive generation loss (defined in Section 7.3).
To prevent the SID representations from drifting too far from the original data distribution, we
additionally incorporate Lvq and Lrecon, the standard RQ-VAE losses, implemented following
common formulations (D. Lee et al., 2022; Rajput et al., 2023). The main difference is that the

Table 7.1: Dataset statistics.

Dataset #Users #Items #Interactions Avg. Length Sparsity

B-Shop 22,363 12,101 198,502 8.88 0.9993
I-Shop 24,772 9,922 206,153 8.32 0.9992
Yelp 30,431 20,033 304,524 10.01 0.9995

RQ-VAE decoder is omitted from our training and inference pipeline: because our RQ-VAE’s
objective is to produce semantic IDs, we evaluate the reconstruction term directly on the RQ-
quantised representations, rather than decoding them back to the original modality. In practice,
the model is initialised from a pretrained RQ-VAE, under which both Lvq and Lrecon remain at
a consistently smaller scale during training. As a result, parameter updates are primarily driven
by Lgen, while the other terms stabilise optimisation. We therefore optimise the joint objective
Lgen +Lvq +Lrecon, which corresponds to a unified training objective (D. Liang, Krishnan,
Hoffman, & Jebara, 2018). Note that although this study addresses the code collapse problem,
we intentionally did not incorporate a code-diversity loss (W. Wang et al., 2024). This was done
to maintain clarity and to isolate the effect of the differentiable SID alone.
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7.5 Experimental Setup

Datasets. We conducted experiments on three public datasets commonly used in generative rec-
ommendation research, including two shopping datasets and one food-review dataset. For sim-
plicity, we refer to them as B-Shop, I-Shop, and Yelp. B-Shop contains user interactions with
cosmetic products, while I-Shop contains user interactions with music-related products. Dataset
statistics are summarised in Table 7.1. The B-Shop and I-Shop datasets consist of product re-
view data accompanied by item descriptions; following common practice, we use the associated
product text for semantic encoding. The Yelp dataset contains restaurant reviews, for which
the restaurant name and business categories are incorporated as content features. For all three
datasets, review texts are not used for item representation and are only employed to construct
interaction records. We adopt the data processing pipeline proposed in (W. Wang et al., 2024),
which employs an LLaMA-7B model to generate item content from the original titles and de-
scriptions. For each dataset, we treated a user’s interaction history as the input sequence and the
subsequent interaction as the prediction target. We followed standard preprocessing (Kang &
McAuley, 2018): filtering users and items with fewer than five interactions (Hua et al., 2023).
Evaluation. In this thesis, we used Recall@10 and NDCG@10 (Normalised Discounted Cu-
mulative Gain) as evaluation metrics. We followed the widely used leave-one-out evaluation
protocol (X. He et al., 2017; E. Liu et al., 2024; W. Wang et al., 2024). All reported results were
computed on the test set. Additionally, the predicted item was ranked against the full item set.
Baselines. We first adopt STE (Bengio et al., 2013) as our primary baseline, which represents
a naive approach for learning differentiable Semantic IDs and is the default optimisation choice
in RQ-VAE-style discrete token learning. In addition, we compare with representative tradi-
tional collaborative-filtering and sequential recommendation methods, including MF (Koren et
al., 2009), LightGCN (X. He et al., 2020), Caser (J. Tang & Wang, 2018), HGN (C. Ma, Kang,
& Liu, 2019), SASRec (Kang & McAuley, 2018), and BERT4Rec (F. Sun et al., 2019). We
further include recent generative recommenders, namely BIGRec (Bao et al., 2025), P5 (Geng
et al., 2022), LETTER (W. Wang et al., 2024), and ETEGRec (E. Liu et al., 2024). Among them,
TIGER (Rajput et al., 2023) serves not only as a strong generative baseline but also as the main
reference two-stage framework for our method following the mainstream approaches (E. Liu et
al., 2024; W. Wang et al., 2024); All implemented methods were tuned for each dataset using
the validation set. For a fair comparison, we report most results from (W. Wang et al., 2024) and
ensure that the experimental configurations match so the results are directly comparable.
Implementation Details. We followed the settings in (E. Liu et al., 2024), and initialised the
item tokeniser with a pretrained RQ-VAE, set the codebook size to K = 256, and used code
sequence length m = 3 plus one code as the conflict code (Rajput et al., 2023). Our gen-
erative recommender adopts a T5-style encoder–decoder backbone with 6 encoder and 6 de-
coder layers, hidden size 128. We trained the framework with AdamW with weight decay
0.05 and used early stopping based on validation performance. We tuned the Gumbel tem-
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perature τ from {0.5,1.0,2.0,4.0} and set it to 2.0. We tuned the learning rate for the recom-
mender in {0.01, 0.005, 0.001, 0.0005} , the learning rate for the tokeniser in {10−4,10−5,5×
10−5,10−6}. We set β to 0.25 in all experiments and found the method to be insensitive to
small variations of this value. We tuned the hyperparameters r and λ . Specifically, we perform
a fine-grained grid search over λ {1.0,1.2,1.4,1.8,2.0}, and tune r over {1.0,1.5,2.0,2.5,3.0}.
All experiments were conducted on two H100 GPUs.

Table 7.2: Comparison of conventional two-stage generative recommendation and training with
differentiable semantic IDs.

Model B-Shop I-Shop Yelp
R@5 R@10 N@5 N@10 R@5 R@10 N@5 N@10 R@5 R@10 N@5 N@10

Two-Stage 0.0395 0.0610 0.0262 0.0331 0.0870 0.1058 0.0737 0.0797 0.0253 0.0407 0.0164 0.0213
STE 0.0076 0.0134 0.0048 0.0067 0.0450 0.0554 0.0330 0.0360 0.0093 0.0147 0.0060 0.0077
DIGER (FrqUD) 0.0440 0.0683 0.0294 0.0372 0.0915 0.1138 0.0772 0.0844 0.0266 0.0432 0.0173 0.0227
DIGER (SDUD) 0.0442 0.0657 0.0292 0.0361 0.0905 0.1124 0.0753 0.0823 0.0267 0.0439 0.0171 0.0227
DIGER (SDUD+FrqUD) 0.0439 0.0696 0.0293 0.0376 0.0907 0.1127 0.0758 0.0829 0.0273 0.0437 0.0175 0.0227

7.6 Experimental results

In this section, we report our experimental results and address the following research questions:

• RQ7.1: Does training with differentiable SID improve the performance of generative
recommendation models?

• RQ7.2: How does the proposed DIGER compare with state-of-the-art methods?

• RQ7.3: How do different training strategies and key factors influence the final perfor-
mance?

• RQ7.4: How do semantic ID assignments evolve during training, and how does uncer-
tainty decay affect their stability, consistency, and utilisation?

7.6.1 Comparison with Conventional and Differentiable SID Training
(RQ7.1)

To address RQ7.1, we compare our differentiable semantic ID training framework DIGER
with two representative alternatives: (i) a conventional two-stage generative recommendation
pipeline (Two-Stage) (Rajput et al., 2023), and (ii) a naive differentiable SID approach based on
STE (Bengio et al., 2013). We report experiments on three benchmarks (B-Shop, I-Shop, and
Yelp). In addition, we evaluate several DIGER configurations with different uncertainty-decay
strategies. The results are shown in Table 7.2.
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Table 7.3: Overall performance comparison between the baselines on generative recommender
models on three datasets. The bold results highlight the best performance in comparing the
models. R and N stand for Recall and NDCG. We denote "*" as the p-value < 0.05 over the
second best baseline.

Model B-Shop I-Shop Yelp
R@10 N@10 R@10 N@10 R@10 N@10

MF 0.0474 0.0191 0.0735 0.0412 0.0381 0.0190
Caser 0.0347 0.0176 0.0710 0.0409 0.0263 0.0134
HGN 0.0512 0.0266 0.1048 0.0774 0.0326 0.0159
BERT4Rec 0.0347 0.0170 0.0822 0.0608 0.0291 0.0159
LightGCN 0.0511 0.0260 0.1000 0.0728 0.0407 0.0207
SASRec 0.0588 0.0313 0.0947 0.0690 0.0296 0.0152
BigRec 0.0299 0.0198 0.0576 0.0491 0.0169 0.0142
P5-SID 0.0584 0.0335 0.0964 0.0730 0.0324 0.0170
P5-CID 0.0597 0.0347 0.0987 0.0751 0.0347 0.0181
LETTER 0.0672 0.0364 0.1122 0.0831 0.0426 0.0231
TIGER 0.0610 0.0331 0.1058 0.0797 0.0407 0.0213
ETEGRec 0.0615 0.0335 0.1106 0.0810 0.0415 0.0214
DIGER (Ours) 0.0683∗ 0.0372∗ 0.1138∗ 0.0844∗ 0.0432 0.0227

Table 7.2 shows that DIGER consistently improves over the conventional two-stage pipeline
across all datasets and metrics. For instance, on B-Shop, DIGER raises R@10 from 0.0610
(Two-Stage) to 0.0657–0.0696 (DIGER), and N@10 from 0.0331 to 0.0361–0.0376. Similar
trends are observed for I-Shop, where R@10 increases from 0.1058 to 0.1124–0.1138 and N@10
from 0.0797 to 0.0823–0.0844. On Yelp, DIGER also yields consistent gains (e.g., R@10 im-
proves from 0.0407 to 0.0432–0.0439, and N@10 from 0.0213 to 0.0227). In contrast, the naive
STE baseline performs poorly on all datasets (e.g., B-Shop R@10 drops to 0.0134), indicat-
ing severe optimisation instability; empirically, this aligns with codebook collapse behaviour
that prevents effective joint learning when discretisation is handled in a purely straight-through
manner.

Overall, these results provide empirical support for RQ7.1. Compared with a two-stage
pipeline, DIGER unlocks additional gains by allowing the model to jointly optimise semantic
ID construction and generation objectives. Moreover, the failure of STE highlights that a naive

differentiable SID design is insufficient; stable joint training requires the proposed DIGER to
avoid collapse and to translate differentiability into measurable recommendation improvements.

7.6.2 Comparison with SOTA baselines (RQ7.2)

To address RQ7.2, we benchmark DIGER against a broad suite of strong sequential and gen-
erative recommenders, including classical collaborative filtering baselines, as well as recent
generative recommendation methods. For fair comparison, we report R@10 and N@10 on the
same three datasets (Table 7.3). Unless otherwise stated, our main DIGER result corresponds
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to the configuration with frequency-based uncertainty decay (FrqUD) as it provides strong and
stable performance in practice (cf. Table 7.2).

As shown in Table 7.3, DIGER achieves state-of-the-art or best performance on B-Shop
and I-Shop, outperforming all listed baselines. On Yelp, DIGER remains highly competitive: it
achieves the best R@10 (0.0432), while its N@10 (0.0227) is comparable to the strongest base-
line LETTER (0.0231). Notably, DIGER also consistently surpasses prior two-stage generative
backbones such as TIGER across all datasets. For ETEGRec, its performance does not compare
favourably with DIGER. However, it outperforms the conventional approach, TIGER, slightly
across all three datasets. This indicates that alternative distillation strategies for objective align-
ment are effective to some extent; nonetheless, the remaining gap to DIGER is expected, as
our method aligns representations through direct gradient-based joint optimisation with differ-
entiable semantic IDs.

Overall, we find that DIGER is competitive with, and often surpasses, state-of-the-art base-
lines on generative recommendation (RQ7.2). The small gap to LETTER on Yelp in N@10 is
expected, as LETTER leverages additional collaborative signals (e.g., SASRec-derived embed-
dings) beyond pure text modelling, whereas DIGER is trained in a text-only manner to better
align with the core objective of generative recommendation.3

7.7 Ablation Study (RQ7.3)

To answer RQ7.3, which investigates how different training strategies and key design choices
influence the final performance, we conduct a comprehensive ablation study on DIGER. Our
analysis focuses on three aspects: (i) the contribution of core components in differentiable se-
mantic ID learning, (ii) the robustness to key uncertainty decay-related hyperparameters, and
(iii) the effect of codebook capacity and semantic ID length. Unless otherwise stated, experi-
ments are conducted on the B-Shop dataset, as similar trends are consistently observed on other
datasets.
Effect of core components. Table 7.4 reports the impact of removing individual components.
Removing the uncertainty decay strategies already causes a clear performance drop, highlight-
ing their crucial role in facilitating the transition from exploration to exploitation during joint
optimisation. For the second part, we perform a consistent ablation based on DIGER-w/o UD,
which retains Gumbel noise and the soft update. Removing the Gumbel noise causes a signifi-
cant performance drop, highlighting its importance for effective exploration. The performance
remains clearly better than STE, indicating that the soft update is superior to hard updates. Fur-
ther removing the soft codebook update leads to a slight additional degradation. Furthermore,
incorporating the design with temperature annealing yields similar but slightly inferior results,

3Incorporating external collaborative embeddings can be viewed as a form of model ensembling or auxiliary
information injection; exploring such hybridisation is orthogonal to our focus and is therefore left as future work.
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Table 7.4: Ablation of DIGER components on B-Shop Dataset. We omit other datasets due to
page limitations.

Model R@5 R@10 N@5 N@10
Two-Stage 0.0395 0.0610 0.0262 0.0331
Naive E2E (STE) 0.0076 0.0134 0.0048 0.0067
DIGER-w/ UD 0.0440 0.0683 0.0294 0.0372
DIGER-w/o UD 0.0424 0.0679 0.0283 0.0365
-w/o Gumbel Noise 0.0168 0.0283 0.0104 0.0141
-w/o soft update 0.0422 0.0650 0.0281 0.0354
-w/ Gumbel tau annealing 0.0419 0.0654 0.0273 0.0348
-w/ Gaussian Noise 0.0389 0.0620 0.0253 0.0327
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Figure 7.5: Hyperparameter analysis on B-Shop and I-Shop. We vary the hot-threshold r and λ ,
and report Recall@10 and NDCG@10.

while substituting Gumbel noise with Gaussian noise causes a more pronounced degradation.
This suggests that the asymmetric Gumbel distribution, which is designed to approximate cat-
egorical sampling by favoring higher-probability codes while preserving exploration, is better
suited for discrete semantic ID learning than purely random perturbations.
Sensitivity to Uncertainty Decay hyperparameters. We analysed the sensitivity to λ , which
controls when the uncertainty scale σ approaches zero, and r, the hot-code threshold ratio in
frequency-based decay. As shown in Figure 7.5, DIGER remains stable across a broad range
of values. Very small λ maintains excessive uncertainty late in training, while overly large
values suppress early exploration; similarly, moderate r effectively balances exploration and
convergence, whereas extreme values weaken one of the two effects. Overall, performance
variations remain limited within reasonable ranges, indicating that DIGER does not heavily rely
on delicate hyperparameter tuning.
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Figure 7.6: Comparison of four semantic ID assignment methods over training epochs: (a)
Incremental SID Drift measures the fraction of items whose semantic IDs change relative to the
previous epoch; (b) Cumulative SID Drift measures the fraction of items whose semantic IDs
differ from their initial values; (c) Train–Inference Agreement measures the fraction of items
whose training-time sampled semantic IDs match the inference-time deterministic semantic IDs.
Methods: DIGER (w/o UD), DIGER (FrqUD), DIGER (SDUD), and STE.

Table 7.5: Effect of codebook capacity (K) and SID length (m) on B-Shop Dataset.

K m R@5 R@10 N@5 N@10

128 3 0.0419 0.0655 0.0276 0.0352
256 3 0.0440 0.0683 0.0294 0.0372
512 3 0.0434 0.0660 0.0286 0.0359
256 2 0.0362 0.0566 0.0236 0.0301
256 3 0.0440 0.0683 0.0294 0.0372
256 4 0.0437 0.0673 0.0297 0.0373

Codebook capacity and semantic ID length. We further studied the effect of codebook size
K and semantic ID length m, with results shown in Table 7.5. Performance peaks at K = 256,
while both smaller and larger codebooks lead to inferior results, reflecting a trade-off between
representational capacity and optimisation stability. Reducing m to 2 causes a substantial per-
formance drop, indicating insufficient compositional capacity, whereas increasing m to 4 yields
only marginal gains. Overall, K = 256 and m = 3 provide a favourable balance between expres-
sivity and stable training.

Overall, we find that DIGER’s effectiveness stems from the joint design of controlled
stochastic code selection, soft codebook updates, and uncertainty decay. The method is robust
to hyperparameter choices and exhibits predictable behaviour with respect to codebook capacity
and semantic ID length (RQ7.3).

7.8 Semantic ID Dynamics and Stability (RQ7.4)

To answer RQ7.4, we analysed how semantic ID (SID) assignments evolve during joint training
and how uncertainty decay influences their stability, consistency, and codebook utilisation. We
focused on three aspects: SID drift over training, training–inference agreement, and the code
usage distribution. Representative results are reported on the B-Shop dataset. Other datasets are
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Figure 7.7: Code usage distribution at the best checkpoint for four methods across three quan-
tisation layers. Each 16×16 grid visualises the 256 codebook entries, with colour intensity
indicating usage probability.

omitted due to page limit.
SID drift during joint training. To characterise how semantic IDs evolve, we measure both
incremental SID drift, which captures epoch-to-epoch assignment changes, and cumulative SID
drift, which measures deviations from the initial pretrained assignments. These two metrics re-
flect different aspects of SID dynamics and are not directly convertible. As shown in Figure 7.6,
naive STE exhibits much larger and more abrupt incremental drift than all DIGER variants,
particularly in early training, where a large fraction of items change their SIDs within a sin-
gle epoch. This overly deterministic behaviour leads to unstable optimisation and is consistent
with the observed collapse phenomena. In contrast, all DIGER variants evolve more gradu-
ally. While DIGER with uncertainty decay, especially FrqUD, shows larger cumulative drift,
it remains below 40%, indicating that most semantic IDs are preserved and only selectively
refined. DIGER without uncertainty decay exhibits the smallest cumulative drift, below 15%,
suggesting limited adaptation. Importantly, variants with uncertainty decay consistently achieve
better performance, supporting the benefit of allowing controlled SID changes during later-stage
exploitation.
Training–inference agreement. Because Gumbel noise introduces stochasticity during
training, we further examine the agreement between training-time sampled semantic IDs and
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inference-time deterministic (argmax) semantic IDs. As shown in Figure 7.6, STE achieves
perfect agreement by construction, but this rigid determinism coincides with severe instability
in semantic ID learning and poor recommendation performance. DIGER without uncertainty
decay exhibits persistently low agreement, indicating a large mismatch between stochastic train-
ing assignments and deterministic inference behaviour. In contrast, DIGER with uncertainty
decay rapidly attains and maintains high agreement after a brief early phase. Notably, FrqUD
enforces frequency-aware uncertainty from the beginning by applying stochastic sampling
only to overused codes, leading to consistently high agreement throughout training, while
SDUD gradually increases agreement by progressively reducing the Gumbel noise’s standard
deviation σ . Together, these results show that uncertainty decay effectively reconciles stochastic
exploration with inference-time determinism, enabling stable and reliable joint optimisation.
Code usage distribution. We further inspect the code usage distribution at the best checkpoint
across all quantisation layers, as shown in Figure 7.7. DIGER with uncertainty decay exhibits
the most balanced utilisation, where the majority of codes are frequently used across layers.
DIGER without uncertainty decay shows moderate imbalance, while STE suffers from severe
code collapse, with many codes rarely or never selected, especially in deeper layers. Notably, all
methods exhibit relatively uniform usage at the first quantisation layer, but differences become
pronounced at higher layers, where uncertainty decay plays a critical role in preventing collapse
and encouraging effective use of the codebooks.

Overall, SIDs evolve throughout training, and uncertainty decay makes this evolution sta-
ble and effective (RQ7.4). It aligns training and inference assignments, prevents abrupt SID
drift and code collapse, and promotes balanced code usage, enabling controlled refinement of
semantic IDs with reliable inference behaviour.

7.9 Theoretical Analysis

Theoretical justification. Let θ be the recommender parameters and φ be the semantic index-
ing parameters (codebooks). Let the target (recommendation) objective be Lrec(θ ,φ).

Theorem 7.1 (Two-stage freezing as restricted minimisation over φ ). Assume the two-stage

scheme first selects φ from a subset A ⊆ Φ (e.g., A = argminφ Laux(φ) or the set of outputs

of a pretraining routine), and then optimises θ with φ fixed. Define the value function g(φ) :=
infθ∈Θ Lrec(θ ,φ). Then the best two-stage performance satisfies J?2st = infφ∈A g(φ), Je2e =

infφ∈Φ g(φ), and hence Je2e ≤ J?2st. Moreover, if g is continuous and A is compact and does not

contain any global minimiser of g over Φ, then Je2e < J?2st.

Proof. The identities follow from definition of g and the two-stage protocol. Since A ⊆Φ, we
have infφ∈Φ g(φ)≤ infφ∈A g(φ). The strict inequality under the stated conditions follows by the
extreme value theorem and the assumption that A excludes all minimisers of g.
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Theorem 7.2 (Arbitrary suboptimality under objective mismatch). Assume there exists φ? ∈
argminφ minθ Lrec(θ ,φ) and a (possibly different) φaux ∈ argminφ Laux(φ) with φaux 6= φ?.

Then there exist continuous losses Lrec and Laux such that the optimal two-stage solution is

strictly worse than the jointly optimised optimum, and the gap can be made arbitrarily large:

inf
θ

Lrec(θ ,φaux)−min
θ ,φ

Lrec(θ ,φ)≥M, ∀M > 0.

Proof (constructive). Take φ ∈R and define Laux(φ) = (φ−1)2, so φaux = 1. Let Lrec(θ ,φ) =

(φ − 0)2 + θ 2, so the jointly optimised optimum is attained at (θ ?,φ?) = (0,0) with value 0.
The best two-stage value (freezing φaux = 1) is infθ Lrec(θ ,1) = 1. Scaling Lrec by M yields
gap M.

Remark 7.3. By Theorem 7.1, two-stage training optimises the recommendation loss over a
restricted subset of indexing parameters. Theorem 7.2 shows that if this subset excludes the
joint optimum due to objective mismatch, the resulting suboptimality can be arbitrarily large,
even under exact optimisation.

Noise/entropy and codebook utilisation. Let q ∈ ∆K−1 be the marginal code-usage distribu-
tion (e.g., qi = Ev[yi(v)]), and define the effective number of used codes as Eff(q) := exp(H(q))

where H(q) =−∑
K
i=1 qi logqi.

Theorem 7.4 (Entropy regularisation maximises effective code usage). For any K ≥ 2, Eff(q) is

maximised uniquely at the uniform distribution qi = 1/K, achieving Eff(q) = K. Equivalently,

H(q)≤ logK with equality iff q is uniform.

Proof. This is the standard maximal-entropy property on the probability simplex: H(q) is
strictly concave on ∆K−1 and attains its maximum at the uniform distribution.

Remark 7.5. Therefore, adding an entropy bonus that increases the entropy of assignments (or
of the induced marginal q) has a direct, formally justified effect: it pushes the solution toward
higher Eff(q), i.e., better codebook utilisation. This is a property of the objective itself, inde-
pendent of a particular optimiser.

7.10 Derivation of the optimal σ

Let
Lσ (σ) =

Lgen

2(σ +λ )2 + log(σ +λ ), (7.14)

where Lgen and λ are treated as constants w.r.t. σ . Differentiating w.r.t. σ yields

∂Lσ

∂σ
=

Lgen

2
· (−2)(σ +λ )−3 +(σ +λ )−1 =−

Lgen

(σ +λ )3 +
1

σ +λ
. (7.15)
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Setting ∂Lσ/∂σ = 0 and multiplying both sides by (σ +λ )3 gives

− (Lgen)+(σ +λ )2 = 0 ⇒ (σ +λ )2 = Lgen. (7.16)

The domain of log(σ +λ ) requires σ +λ > 0, hence we take the positive root:

σ +λ =
√

Lgen ⇒ σ
? =

√
Lgen−λ . (7.17)

Finally, if we additionally enforce the practical constraint σ ≥ 0, the closed-form solution be-
comes

σ
? = max{0,

√
Lgen−λ}. (7.18)

7.11 Conclusions

This work revisits a key limitation in generative recommendation systems: semantic IDs are
typically learned for reconstruction and then frozen, creating a mismatch between semantic in-
dexing and the recommendation objective. Differentiable semantic IDs are therefore required to
bridge this gap. However, the naive solution based on straight-through estimators (STE) suffers
from severe code collapse issues. To address this issue, DIGER introduces differentiable se-
mantic ID exploratory learning (DRIL), which supports effective SID exploration, together with
two uncertainty decay strategies that guide a smooth transition from exploration to exploitation.
DIGER stabilises training, prevents semantic ID collapse, improves codebook utilisation, and
achieves competitive results on public benchmarks.

Looking ahead, DIGER opens several directions for future work. Differentiable semantic ID
can be extended beyond item-side representations, such as learning user-side or interaction-level
discrete structures. More generally, exploring alternative estimators and optimisation strategies
for discrete latent variables may further improve stability and expressivity. Finally, integrat-
ing differentiable semantic IDs with richer collaborative signals or large language model–based
recommendation frameworks remains a promising avenue for advancing generative recommen-
dation for jointly training SID and recommender.



II. Recommendation-Oriented Generation
Adaptation

The second technical part turns from representation to generation. Here, multimodal foun-
dation models are studied as generators of recommendation-relevant content: missing product
modalities for catalogues and micro-video content for user engagement.

This part asks how generated multimodal content should be evaluated when its value is not
only visual or textual plausibility, but also its utility within a recommendation ecosystem.
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Chapter 8

MMPCBench: Platform-Side Missing
Modality Completion for Product
Recommendation

Publication Note

This chapter is adapted from: Junchen Fu, Wenhao Deng, Kaiwen Zheng, Ioannis Arapakis, Yu
Ye, Yongxin Ni, Joemon M. Jose, and Xuri Ge. Benchmarking Multimodal Large Language
Models for Missing Modality Completion in Product Catalogues. Pattern Recognition, 2026.

Chapter Positioning

Part II shifts from adapting representations for recommendation to adapting generative capability
for recommendation ecosystems. MMPCBench takes the platform perspective: catalogues often
miss images or descriptions, and foundation models can generate the missing modality before
downstream recommendation consumes the item representation.

8.1 Introduction

Online marketplaces thrive on rich multimodal product content—photos that convey appearance
and text that clarifies specifications, usage, and brand story (H. Li et al., 2020). In practice, how-
ever, catalogue entries are frequently incomplete (Malitesta et al., 2024): sellers omit images,
provide terse or noisy descriptions, or mislabel key attributes, leaving significant portions of the
inventory partially observed.1 Such gaps propagate downstream, weakening retrieval, matching,

1Although platforms have long mandated that sellers provide both product descriptions and images in compli-
ance with strict regulations, some listings on major platforms such as Amazon still face these issues (Y. Zhu et al.,
2021). Possible causes include outdated standards, inconsistent practices among third-party sellers, broken images,
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Figure 8.1: Missing-Modality Completion for E-Commerce Products: Given only one modality
(either image or text), the task is to generate the missing counterpart. Missing modalities lead to
incomplete product presentation, which can negatively impact downstream tasks such as repre-
sentation learning and recommendation.

and recommendation pipelines that depend on both visual and textual signals to infer user intent
and item relevance. In practice, among the various forms of incomplete product information,
product images and textual descriptions are the two primary unstructured modalities that sup-
port item presentation, multimodal understanding, and downstream recommendation. Accord-
ingly, MMPCBench focuses on missing-modality completion for unstructured content, rather
than general completion of all product fields. As recent work in multimodal recommendation
and attribute extraction notes, missing or unreliable modalities are widespread and materially
degrade system quality if left unaddressed (K. Wang et al., 2023). Therefore, completing the
modality information provides a more informative presentation for users and enables greater
flexibility for downstream tasks, as illustrated in Figure 8.1.

Classical remedies—manual curation or statistical imputation (e.g., MICE (van Buuren &
Groothuis-Oudshoorn, 2011), MissForest (Stekhoven & Bühlmann, 2012))—are effective for
low-dimensional tabular fields but fall short when the goal is to reconstruct semantically faithful
images or free-form textual descriptions. Most existing approaches to handling missing modal-
ities, especially in domains like e-commerce, operate primarily at the feature level—focusing
on imputing embeddings or attributes rather than generating realistic content. Recently, how-
ever, the rise of Multimodal Large Language Models (MLLMs) like GPT-4o, Qwen2.5-VL,
and Gemma-3—has opened up promising new possibilities. In fields like medical imaging and
scientific visualisation, these models have already demonstrated impressive performance in re-
constructing missing modalities from available inputs (Ke et al., 2025). Yet in the context of
e-commerce, the dominant paradigm remains feature imputation, with limited exploration of
MLLM-based generation.

corrupted text, or other technical factors. As a result, this remains an active area of research, particularly in the field
of recommendation (Fu, Ge, Xin, Karatzoglou, et al., 2025; Malitesta et al., 2024; C. Wang et al., 2018).
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To this end, we present the Missing Modality Product Completion Benchmark (MM-
PCBench), comprising the Content Quality Completion Benchmark (CQBench) and the Recom-

mendation Benchmark (RecBench). A key novelty of MMPCBench is that it jointly evaluates
both the content quality of completed modalities and their downstream utility in recommenda-
tion. Six state-of-the-art MLLMs from the Qwen2.5-VL and Gemma-3 families are evaluated
on Image-to-Text (I→T) and Text-to-Image (T→I) completion tasks. Experiments reveal that
performance varies across categories and model scales in a non-monotonic manner, exhibits
task-wise asymmetries between I→T and T→I, and shows only a weak correlation between
content quality and recommendation performance. To address misalignment of the existing
MLLMs with e-commerce product completion, we explore Group Relative Policy Optimisa-
tion (GRPO), which improves I→T but remains limited on T→I.

Our contributions are:

• We introduce MMPCBench, the first benchmark for missing-modality product comple-
tion in e-commerce, comprising two sub-benchmarks: the CQBench and the RecBench,
covering both I→T and T→I tasks across diverse product categories.

• We conduct a systematic evaluation of six state-of-the-art MLLMs, spanning three sizes
each from the Qwen2.5-VL and Gemma-3 families, under a unified protocol for cross-
modal completion.

• We explore Group Relative Policy Optimisation (GRPO) for multimodal completion to
enhance alignment of MLLMs in missing-modality completion.

8.2 Related Work

Missing Modality Completion in Multimodal Learning Multimodal learning often encoun-
ters scenarios where one or more data modalities are unavailable due to sensor failures, cost
constraints, or data collection issues (M. Ma et al., 2021). This challenge has led to increas-
ing interest in missing modality completion, which aims to enhance model robustness in the
presence of incomplete modality inputs.

Early efforts approached this as a data imputation problem, relying on manual curation or
classical statistical techniques such as MICE (van Buuren & Groothuis-Oudshoorn, 2011) and
MissForest (Stekhoven & Bühlmann, 2012). Neural network-based methods, including gener-
ative approaches like multimodal autoencoders and GANs, have also been proposed (M. Ma et
al., 2021). Another line of studies moved away from explicit imputation, instead designing ar-
chitectures that are inherently resilient to modality dropouts (M. Ma, Ren, Zhao, Testuggine, &
Peng, 2022). For example, Y.-L. Lee, Tsai, Chiu, and Lee (2023) proposed multimodal prompt-
ing to compensate for missing modalities, while Z. Wang, Wan, and Wan (2020) introduced a
fusion mechanism to complete missing modalities for sentiment analysis tasks. Z. Chen et al.
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(2025) addresses the missing modality problem in multimodal Alzheimer’s disease biomarker
detection. MCE (B. Zhao et al., 2025) handles missing modalities under imbalanced missing
rates. MIMAR-OSA (Qiu et al., 2025) addresses obstructive sleep apnea diagnosis using mul-
timodal data with missing modality reconstruction. However, these methods typically require
training on complete multimodal data. Recent advances leverage large multimodal language
models (MLLMs) to perform zero-shot missing modality completion in tasks such as visual
question answering and healthcare (Ke et al., 2025), achieving state-of-the-art performance.
These encouraging results motivate us to explore the application of MLLMs for missing modal-
ity completion in the product domain.

Product Missing Modality Completion In e-commerce and product-centric applications, a
persistent issue is the incompleteness of multimodal product data—such as missing images,
incomplete product descriptions, or absent attribute tags. This can result from cataloging er-
rors, crowdsourcing inconsistencies, or metadata loss during system migrations. C. Wang et al.
(2018) pioneered latent regression-based methods to estimate missing product content, followed
by adaptive feature sampling (Shi et al., 2019) for handling incomplete product features. More
recently, F. Liu et al. (2022) and Malitesta et al. (2024) propose graph-based feature propagation
approaches to recover missing attributes or modality features for products in large-scale cata-
logues. These approaches leverage product–product similarity or co-purchase relations to im-
pute realistic content. Malitesta et al. (2024) shows that dropping products with missing modal-
ities is wasteful, and proposes modular imputation pipelines applicable before model training.
J. Kim et al. (2025) advance this line by developing DGMRec, a generative model that synthe-
sises missing modalities using disentangled latent representations of available product features,
enabling cold-start and zero-modality product recovery. However, most existing approaches are
all designed specifically for recommendation downstream tasks, requiring task-specific training
or fine-tuning, which limits their applicability to missing modality completion in other scenarios,
such as presentation or alternative tasks.

Despite the growing interest in product modality completion and the promising potential of
using Multimodal Large Language Models (MLLMs) for this task, no prior work has systemat-
ically explored leveraging advanced MLLMs—such as Qwen-VL and Gemma-3—for complet-
ing missing modalities in product data. MLLMs are inherently capable of integrating textual
and visual contexts and generating missing components. However, their potential for product-
level modality generation, especially in large-scale, real-world scenarios such as e-commerce
catalogues, remains largely underexplored. This gap motivates our study, which presents the
first comprehensive benchmark for the product missing modality completion task. Recent work
has further underscored the need for comprehensive and reliable multimodal benchmarks. This
survey provides a systematic overview of the evaluation landscape for large multimodal models
(Z. Zhang, Wang, Wen, et al., 2025). This benchmark-oriented research further outlines key
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Figure 8.2: Overview of MMPCBench. MMPCBench is a benchmark designed to evaluate
MLLMs on the task of completing missing product modalities—either text or image—across
diverse product categories. EMB denotes the embedding models used for similarity-based eval-
uation, while RM refers to the recommender models employed for downstream recommendation
tasks. The generated modalities are evaluated using these two components of the benchmark.
Notably, completing missing images requires a diffusion model to visualise the image prompts
generated by the MLLMs.

Figure 8.3: Overview of the missing-modality completion framework for the Image→Text and
Text→Image tasks.

principles for trustworthy AI evaluation (Z. Zhang, Wang, Guo, et al., 2025). Related work
also highlights the importance of versatile multimedia quality assessment frameworks for visual
communication settings (Z. Zhang et al., 2026).

8.3 Methodology

8.3.1 Problem Formulation

To identify the most critical elements for presentation and downstream tasks, we limit our study
to the text description and product cover image, as they constitute the most essential compo-
nents for on-site demonstration and downstream applications such as multimodal recommenda-
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tion (X. Zhou, 2023).2

We formulate the missing modality completion task using Multimodal Large Language Mod-
els (MLLMs) in an e-commerce context, where each product is represented as a multimodal pair
(xT ,xI), consisting of a textual description xT and a product image xI . However, in real-world
scenarios, one modality may be missing due to annotation gaps or system constraints (Malitesta
et al., 2024). To address this, we define two complementary tasks: Text-to-Image Completion,
which aims to generate an image x̂I from the available text xT . In this task, we leverage the
product description as input to the MLLM to produce an image prompt, which is then passed to
a Text-to-Image diffusion model to synthesise the image.

We consider two complementary tasks. In Text→Image, the MLLM generates a visually
grounded prompt from xT , and a frozen diffusion model renders x̂I . In Image→Text, the MLLM
directly generates a textual description x̂T from the product image xI . Figure 8.3 illustrates both
pipelines. Figure 8.3 illustrates the pipelines of the two missing-modality completion tasks,
namely Image-to-Text and Text-to-Image.

Table 8.1: Recommendation Benchmark Category Description. For the Content Quality Bench-
mark, we sampled 1,000 items per category.

Category Dataset User Item Interactions
All Beauty 1,068 4,094 10,198
Arts, Crafts & Sewing 8,692 4,250 55,714
Electronics 7,191 3,056 91,087
Home & Kitchen 6,896 3,163 68,085
Industrial & Scientific 5,437 4,034 33,026
Musical Instruments 12,890 3,640 91,603
Office Products 14,167 4,275 90,011
Toys & Games 12,919 4,542 81,937
Video Games 25,501 3,461 189,692

To evaluate the effectiveness of modality completion, we adopt a dual-perspective frame-
work. First, we assess presentation-level fidelity, which measures the semantic alignment and
perceptual quality of the generated modality. Second, we examine the recommendation-level im-

pact, which evaluates whether the generated modality can serve as an effective substitute for the
missing input in downstream tasks such as personalised ranking. Specifically, we compare the
recommendation performance using the generated modality against that of the original modal-
ity. This twofold evaluation ensures both the intrinsic plausibility and the extrinsic utility of the
generated content. The detailed evaluation procedure is described in the following section.

2Other attributes such as brand, price, and specifications are excluded because they are typically schema-
constrained and verifiable fields, whose completion is better framed as database imputation or knowledge-based
completion rather than open-ended multimodal generation. We therefore leave structured-attribute completion to
future work.
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8.3.2 MMPCBench

To systematically evaluate the capability of MLLMs to complete missing modalities for prod-
uct data, we introduce MMPCBench, a problem-oriented benchmark specifically designed for
missing-modality completion in product catalogues, as illustrated in Figure 8.2. MMPCBench
covers a comprehensive range of product categories to enable detailed and thorough evalu-
ation. We evaluate three scales of open-source MLLMs from the state-of-the-art Gemma-3
and Qwen2.5-VL families. As defined in the Problem Formulation Section, our evaluation is
twofold: completion performance is assessed with two benchmarks, namely the Completion

Quality Benchmark and the Recommendation Benchmark.

Dataset MMPCBench is built upon a recent publicly available Amazon product dataset. We
chose this dataset because Amazon is one of the largest real-world e-commerce platforms, and its
scale and recency make it a realistic foundation for studying missing-modality issues in product
catalogues. To mitigate potential data leakage—since many MLLMs may have been pre-trained
on earlier versions of the Amazon Review dataset—we use the most recent version, the Amazon
Review Dataset3, released in March 2024. Following prior works (Y. Hou, Mu, et al., 2022;
S. Zhang et al., 2025), we focus on nine widely used product categories for multimodal recom-
mendation: “All Beauty”, “Arts, Crafts & Sewing”, “Electronics”, “Home & Kitchen”, “Indus-

trial & Scientific”, “Musical Instruments”, “Office Products”, “Toys & Games”, and “Video

Games”. As detailed in Table 8.1, we follow the five-core filtering procedure from (X. Zhou,
2023), retaining only items with both textual description and product cover. For presentation
benchmarking, we further sample 1,000 items from each category.

Evaluation MMPCBench is organised into two evaluation components: Content Quality

Benchmark and Recommendation Benchmark, which are designed to assess different aspects of
modality completion performance in e-commerce scenarios. Each subcategory encompasses
both Image-to-Text and Text-to-Image tasks.
In the Completion Quality Benchmark (CQBench), for each sample, we mask either the product
image or the textual description and use a Multimodal Large Language Model (MLLM), such
as Qwen2.5-VL or Gemma-3, to complete the missing modality. For Text-to-Image tasks, the
MLLMs generate a product-cover prompt, which is then fed into a diffusion-based model to
produce the final images following (Ke et al., 2025). The quality of the generated modality is
evaluated using similarity measures and standard automatic metrics. For each reported value,
we present the mean along with its standard deviation.

For text completion, we evaluate: Cosine Similarity – cosine of the angle between TF-IDF
vectors of original and generated texts; Euclidean Similarity — L2 distance on TF–IDF;
add 1 and take the reciprocal for similarity; Token Overlap – proportion of shared tokens,

3https://amazon-reviews-2023.github.io/

https://amazon-reviews-2023.github.io/
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reflecting lexical similarity; BERTScore (T. Zhang et al., 2019) – semantic similarity based
on contextual BERT embeddings. SBERT Similarity (Reimers & Gurevych, 2019): cosine
similarity between Sentence-BERT embeddings of generated and reference descriptions,
measuring sentence-level semantic alignment. METEOR (Banerjee & Lavie, 2005): a
recall-oriented metric with stemming and synonym matching, making it robust to paraphrasing.
MoverScore (W. Zhao et al., 2019): an optimal-transport-based metric that measures semantic
similarity by aligning generated and reference text.

For image completion, we assess: PSNR (Hore & Ziou, 2010) – pixel-level reconstruc-
tion quality; SSIM (Z. Wang et al., 2004) – perceived image quality via luminance, contrast,
and structure; MSE (Tan, Li, Tan, Rahardja, & Yeo, 2013) – mean squared pixel-wise differ-
ence; LPIPS (R. Zhang et al., 2018) – perceptual similarity using deep features; CLIP Similar-
ity (Radford, Kim, Hallacy, et al., 2021) – cosine similarity of CLIP embeddings for semantic
alignment; FID measures the feature-space distance between generated and real images, where
lower is better (Heusel et al., 2017).

To complement automatic metrics, we conduct a blind human evaluation on a 1–5 Lik-
ert scale. We randomly sample 54 products from CQBench with balanced category coverage
(6 items from each of 9 categories) using a fixed random seed. Because Image→Text and
Text→Image generate outputs in different modalities, we adopt task-specific criteria follow-
ing prior work (Van der Lee et al., 2021): for Image→Text, Factual Accuracy, Completeness,
and Marketing Appeal; for Text→Image, Visual Plausibility, Attribute Fidelity, and Commercial

Readiness. Although different in wording, these dimensions reflect the same underlying aspects
of intrinsic quality, faithfulness to the input, and practical utility. For each sampled product,
annotators compare outputs from all six models side by side, with model identities hidden as
Model A–F in randomised order. For Image→Text, they see the product image and generated
text; for Text→Image, they see the source text and generated image. Ground-truth outputs are
not shown, so ratings reflect absolute generation quality. Five annotators independently score
each output on each dimension.
In the Recommendation Benchmark, we evaluate the effectiveness of the generated modality as a
substitute in multimodal recommendation tasks. Specifically, we test whether replacing the orig-
inal modality with the generated one affects recommendation performance, using three classic
and popular multimodal recommendation models: VBPR (R. He & McAuley, 2016): A shal-
low model that extends matrix factorisation by incorporating multimodal features extracted from
product images and textual descriptions. BM3 (X. Zhou et al., 2023): A self-supervised learning
framework designed for multimodal recommendation. FREEDOM (X. Zhou & Shen, 2023): A
state-of-the-art multimodal recommender that simultaneously freezes the item-item graph and
denoises the user-item interaction graph to enhance recommendation performance. RecBench is
designed to evaluate whether completed modalities are usable substitutes for downstream rec-
ommendation, i.e., whether missing-modality completion preserves enough semantic signal for
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ranking. It is therefore primarily a downstream sanity check for robustness rather than a highly
sensitive leaderboard for fine-grained completion quality.
We evaluate the performance difference of using the completed modality with top-k metrics:
Recall@k – proportion of relevant items in the top-k list, and NDCG@k – relevance-aware met-
ric giving higher scores to relevant items ranked earlier. We report results for k = {5,10,20,50}
to evaluate performance across different recommendation list lengths.

Overall, MMPCBench provides a unified and practical testbed to evaluate both the fidelity
of modality completion and its downstream impact on recommendation quality in realistic e-
commerce scenarios.

8.3.3 GRPO Training

To further improve the generation quality of MLLMs under missing modality conditions, we
explore a reinforcement learning approach. Specifically, we utilise Group Relative Policy Opti-
misation (GRPO) (Shao et al., 2024), aiming to better align existing MLLMs with the modality
completion tasks. We chose GRPO for its training efficiency and its strong alignment with our
rule-based reward function, which measures the similarity between the generated content and the
original data. We apply this approach to our defined two tasks from the Problem Formulation:
Image-to-Text and Text-to-Image generation.

For each task, we design task-specific reward functions to measure the similarity between
the generated and target modality outputs, thereby providing effective learning signals. In
the Image-to-Text task, the MLLM completes textual descriptions from the product cover.
To evaluate semantic fidelity, we compute the reward as the cosine similarity between the
generated and ground-truth texts using embeddings from the “sentence-transformers/
all-MiniLM-L6-v2” Embedding model following (Ghalandari, Hokamp, & Ifrim, 2022).
In the Text-to-Image task, we employ the advanced and efficient Text-to-Image diffusion model
“stabilityai/stable-diffusion-3.5-large-turbo” from the Hugging Face
platform4 to synthesise images based on the MLLM-completed prompt for product cover
generation. The reward is then calculated using a CLIP-based (Vaze, Carion, & Misra, 2023)
similarity model to assess the alignment between the generated image and the intended content.
For the training dataset, we sample a total of 500 items per category, resulting in 4,500 images
across nine categories. To prevent data leakage, all sampled items are selected from outside
the benchmark dataset; moreover, although some GRPO reward components partially overlap
with automatic evaluation metrics, all reported results are evaluated on unseen CQBench test
instances under strict train–test separation.

4https://huggingface.co/
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Figure 8.4: Radar Charts for Both T→I and I→T Tasks on Content Quality Benchmark. Each
metric is normalised to a [0, 1] range and then summed, resulting in a maximum score of 4 for
I→T and 5 for T→I tasks.

8.4 Experiments

8.4.1 Implementation Details

We employ the MLLMs Qwen/Qwen2.5-VL-7B-Instruct, Qwen/Qwen2.5-VL

-32B-Instruct, Qwen/Qwen2.5-VL-72B-Instruct, google/gemma-3-4b-it,
google/gemma-3-12b-it, and google/gemma-3-27b-it from the Hugging
Face platform5 with 4-bit quantisation for inference, and adopt stabilityai/stable
-diffusion-3.5-large-turbo for efficient, high-quality image generation using the
default 4-step generation setting. For GRPO fine-tuning, we utilise the Transformer Reinforce-
ment Learning (TRL)6 training framework following the GAD-cell/vlm-grpo implementation7,
set the LoRA rank to 16 and the learning rate in {1× 10−6,1× 10−5,1× 10−4} and select
1× 10−5 as the default learning rate. We set the group size to 16. To stabilise the training
of the Text-to-Image diffusion model, for each group sample, we generate four images and
average their scores. Training continues until the reward curve converges. All experiments
are conducted on a single 80 GB H100 GPU. We will release our code and datasets for future
research.

5https://huggingface.co/
6https://huggingface.co/docs/trl/
7https://github.com/GAD-cell/vlm-grpo

https://huggingface.co/
https://huggingface.co/docs/trl/
https://github.com/GAD-cell/vlm-grpo
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8.4.2 Benchmark Analysis

In this section, we analyse the results of our two benchmarks: the Completion Quality Bench-
mark and the Recommendation Benchmark.

Table 8.2: Average Text Quality Metrics (mean ± std) Across All Categories for I→T tasks on
Content Quality Benchmark. ↑: larger is better.

Model Cosine ↑ Euclidean ↑ Overlap ↑ BERTScore ↑ SBERT ↑ METEOR ↑ MoverScore ↑

Gemma-3-4B 0.166 ± 0.043 0.438 ± 0.008 0.213 ± 0.038 0.862 ± 0.008 0.640 ± 0.032 0.244 ± 0.066 0.471 ± 0.019
Gemma-3-12B 0.196 ± 0.062 0.447 ± 0.022 0.251 ± 0.063 0.869 ± 0.012 0.662 ± 0.033 0.271 ± 0.078 0.492 ± 0.035
Gemma-3-27B 0.210 ± 0.067 0.451 ± 0.028 0.269 ± 0.064 0.872 ± 0.012 0.682 ± 0.034 0.299 ± 0.077 0.505 ± 0.037
Qwen2.5-VL-7B-Instruct 0.196 ± 0.061 0.446 ± 0.017 0.254 ± 0.060 0.870 ± 0.011 0.650 ± 0.038 0.263 ± 0.076 0.489 ± 0.034
Qwen2.5-VL-32B-Instruct 0.169 ± 0.053 0.439 ± 0.011 0.225 ± 0.050 0.864 ± 0.011 0.645 ± 0.033 0.268 ± 0.077 0.473 ± 0.026
Qwen2.5-VL-72B-Instruct 0.178 ± 0.053 0.441 ± 0.013 0.235 ± 0.048 0.865 ± 0.011 0.651 ± 0.033 0.270 ± 0.078 0.477 ± 0.026

Table 8.3: Image quality metrics (mean± std) across all categories. ↑: larger is better; ↓: smaller
is better

Model PSNR ↑ SSIM ↑ MSE ↓ LPIPS ↓ CLIP ↑ FID ↓
Gemma-3-4B 8.164 ± 0.576 0.347 ± 0.048 0.171 ± 0.018 0.723 ± 0.012 0.716 ± 0.020 71.81 ± 6.46
Gemma-3-12B 8.516 ± 0.662 0.373 ± 0.049 0.160 ± 0.020 0.700 ± 0.017 0.727 ± 0.020 70.78 ± 7.54
Gemma-3-27B 8.184 ± 0.621 0.349 ± 0.050 0.174 ± 0.022 0.716 ± 0.016 0.722 ± 0.018 71.57 ± 6.61
Qwen2.5-VL-7B-Instruct 8.260 ± 0.662 0.340 ± 0.056 0.169 ± 0.022 0.721 ± 0.020 0.723 ± 0.022 70.83 ± 8.95
Qwen2.5-VL-32B-Instruct 8.184 ± 0.572 0.342 ± 0.051 0.170 ± 0.018 0.716 ± 0.013 0.727 ± 0.020 69.53 ± 6.23
Qwen2.5-VL-72B-Instruct 7.970 ± 0.599 0.332 ± 0.052 0.179 ± 0.021 0.731 ± 0.013 0.716 ± 0.021 72.54 ± 7.13

Table 8.4: Category-wise Average Text Quality Metrics (mean ± std) Across All Models for
Image-to-Text tasks on Content Quality Benchmark. ↑: larger is better

Category Cosine ↑ Euclidean ↑ Overlap ↑ BERTScore ↑ SBERT ↑ METEOR ↑ MoverScore ↑

All Beauty 0.196 ± 0.018 0.443 ± 0.003 0.243 ± 0.019 0.865 ± 0.004 0.683 ± 0.017 0.255 ± 0.020 0.489 ± 0.013
Arts, Crafts & Sewing 0.159 ± 0.013 0.437 ± 0.002 0.216 ± 0.016 0.862 ± 0.003 0.651 ± 0.013 0.246 ± 0.014 0.473 ± 0.010
Electronics 0.168 ± 0.015 0.438 ± 0.003 0.235 ± 0.017 0.865 ± 0.004 0.644 ± 0.019 0.230 ± 0.020 0.482 ± 0.012
Home & Kitchen 0.161 ± 0.015 0.437 ± 0.002 0.218 ± 0.015 0.862 ± 0.003 0.651 ± 0.014 0.235 ± 0.014 0.474 ± 0.009
Industrial & Scientific 0.144 ± 0.012 0.434 ± 0.002 0.199 ± 0.016 0.858 ± 0.004 0.607 ± 0.017 0.220 ± 0.017 0.460 ± 0.011
Musical Instruments 0.156 ± 0.014 0.436 ± 0.002 0.212 ± 0.018 0.863 ± 0.004 0.611 ± 0.016 0.240 ± 0.018 0.462 ± 0.011
Office Products 0.171 ± 0.017 0.439 ± 0.003 0.234 ± 0.019 0.865 ± 0.004 0.663 ± 0.014 0.246 ± 0.018 0.482 ± 0.011
Toys & Games 0.176 ± 0.017 0.439 ± 0.003 0.226 ± 0.019 0.867 ± 0.004 0.664 ± 0.015 0.274 ± 0.020 0.476 ± 0.012
Video Games 0.341 ± 0.042 0.490 ± 0.026 0.389 ± 0.050 0.897 ± 0.008 0.723 ± 0.022 0.478 ± 0.029 0.564 ± 0.034

Table 8.5: Category-wise average image quality metrics (mean ± std) across all models. ↑:
larger is better; ↓: smaller is better

Category PSNR ↑ SSIM ↑ MSE ↓ LPIPS ↓ CLIP ↑ FID ↓
All Beauty 8.536 ± 0.232 0.422 ± 0.014 0.158 ± 0.007 0.705 ± 0.015 0.708 ± 0.007 70.24 ± 2.08
Arts, Crafts & Sewing 8.758 ± 0.173 0.288 ± 0.011 0.155 ± 0.005 0.731 ± 0.009 0.698 ± 0.005 80.43 ± 2.26
Electronics 7.697 ± 0.168 0.381 ± 0.016 0.187 ± 0.006 0.726 ± 0.012 0.752 ± 0.005 61.80 ± 1.14
Home & Kitchen 8.997 ± 0.217 0.357 ± 0.015 0.144 ± 0.005 0.709 ± 0.008 0.756 ± 0.005 63.74 ± 1.73
Industrial & Scientific 8.950 ± 0.270 0.419 ± 0.012 0.149 ± 0.009 0.688 ± 0.013 0.735 ± 0.006 65.14 ± 1.30
Musical Instruments 7.304 ± 0.258 0.348 ± 0.023 0.203 ± 0.013 0.722 ± 0.015 0.724 ± 0.005 66.97 ± 1.23
Office Products 8.289 ± 0.132 0.330 ± 0.010 0.168 ± 0.003 0.737 ± 0.007 0.705 ± 0.005 72.99 ± 1.70
Toys & Games 7.962 ± 0.238 0.275 ± 0.020 0.174 ± 0.009 0.718 ± 0.014 0.708 ± 0.006 78.38 ± 0.84
Video Games 7.424 ± 0.078 0.303 ± 0.018 0.195 ± 0.005 0.725 ± 0.013 0.711 ± 0.009 80.89 ± 5.55

Completion Quality Benchmark For the CQBench, we evaluate six advanced MLLMs from
the Gemma-3 and Qwen2.5-VL families. A general observation can be drawn from Tables 8.2



CHAPTER 8. MMPCBENCH 155

and 8.3: BERTScore and CLIP similarity are consistently high with minimal variation across
models, indicating strong semantic alignment. In contrast, word- and patch-level metrics (e.g.,
Cosine, Euclidean, Overlap, PSNR, SSIM, MSE, LPIPS) yield much lower score ranges, sug-
gesting that current MLLMs capture semantic meaning well but struggle with exact word-level
or pixel-level correspondence.

More detailed result analysis is reported from two perspectives—model scale and modal-
ity category—aiming to reveal the capability of MLLMs to complete missing modalities of
e-commerce products.

Table 8.6: Human evaluation results (5 annotators, 54 items, and 9 categories). Scores are on a
1–5 Likert scale; bold indicates the best result in each column.

Model Image→Text Text→Image

Factual
Accuracy

Complete
ness

Marketing
Appeal Overall Visual

Plausibility
Attribute
Fidelity

Commercial
Readiness Overall

Gemma-3-4B 2.42 2.41 3.46 2.76 4.01 3.29 3.16 3.49
Gemma-3-12B 2.98 2.60 3.79 3.12 3.97 3.44 3.26 3.56
Gemma-3-27B 3.00 2.73 3.96 3.23 4.20 3.83 3.70 3.91
Qwen2.5-VL-7B 3.29 2.44 3.37 3.03 4.11 3.58 3.37 3.68
Qwen2.5-VL-32B 2.83 2.52 3.92 3.09 4.12 3.44 3.36 3.64
Qwen2.5-VL-72B 3.07 2.51 3.70 3.09 4.08 3.59 3.41 3.69

Model Scales. As shown in Figure 8.4, within the Gemma-3 family, performance on the Image-
to-Text task improves with model scale. Specifically, the 27B variant obtains the highest cosine
similarity (0.210) and BERTScore (0.872) among all six models, as shown in Table 8.2. In
terms of cosine similarity, the 4B model (0.166) is approximately 21% lower than the 27B
model, whereas the 12B model (0.196) is much closer, with a gap of only about 7%.

In sharp contrast, Qwen2.5-VL peaks at its 7B scale; both the 32B and 72B versions slide by
roughly 10%–15% on the same metrics. For Text-to-Image, scale is not monotonic: Gemma’s
12B delivers the best PSNR (8.52) and SSIM (0.373), while Qwen again favours the 7B version
(PSNR 8.26) as described in Table 8.3. These opposite trends indicate that capacity alone does
not dictate cross-modal quality.
Category-level divergence. Radar visualisations expose orthogonal difficulty profiles between
the two tasks as described in Figure 8.4. On Image-to-Text, Video Games is an outlier—average
cosine similarity soars to 0.341, almost double the mean as described in Table 8.4. Switching
to Text-to-Image, gaps narrow overall, yet polarity flips: Home & Kitchen items yield the most
similar reconstructions (PSNR 8.997), whereas Video Games sinks to the worst (7.42). The
same product category, Video Games, thus oscillates between the “simplest” and the “hardest”
tasks.

This observation validates the benchmark by showing that, even within the same category,
the two tasks exhibit completely different levels of difficulty.
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Table 8.7: Benchmark of MLLMs on Image-to-Text (I→T) and Text-to-Image (T→I). Best and
second-best per metric are bold and underlined. “Rel. Diff. (vs. GT)” denotes the relative
difference from the ground truth.

Task Completion Models R@5 R@10 R@20 R@50 N@5 N@10 N@20 N@50
Ground Truth 0.0346 0.0552 0.0851 0.1461 0.0224 0.0291 0.0367 0.0488

I→T

Gemma-3-4B 0.0344 0.0547 0.0856 0.1469 0.0221 0.0287 0.0366 0.0488
Gemma-3-12B 0.0342 0.0546 0.0846 0.1443 0.0221 0.0287 0.0364 0.0483
Gemma-3-27B 0.0339 0.0547 0.0844 0.1454 0.0219 0.0287 0.0362 0.0483
Qwen2.5-VL-7B-Instruct 0.0339 0.0546 0.0852 0.1462 0.0219 0.0286 0.0364 0.0485
Qwen2.5-VL-32B-Instruct 0.0342 0.0545 0.0855 0.1458 0.0220 0.0286 0.0365 0.0485
Qwen2.5-VL-72B-Instruct 0.0340 0.0550 0.0854 0.1463 0.0219 0.0287 0.0365 0.0486
Rel. Diff. (vs. GT) −0.58% −0.36% +0.58% +0.55% −1.34% −1.37% −0.27% 0.00%

T→I

Gemma-3-4B 0.0340 0.0542 0.0841 0.1437 0.0221 0.0286 0.0362 0.0481
Gemma-3-12B 0.0340 0.0542 0.0837 0.1448 0.0220 0.0286 0.0360 0.0482
Gemma-3-27B 0.0340 0.0538 0.0843 0.1441 0.0221 0.0285 0.0362 0.0482
Qwen2.5-VL-7B-Instruct 0.0339 0.0542 0.0844 0.1436 0.0220 0.0286 0.0363 0.0481
Qwen2.5-VL-32B-Instruct 0.0339 0.0538 0.0840 0.1440 0.0219 0.0284 0.0361 0.0480
Qwen2.5-VL-72B-Instruct 0.0339 0.0543 0.0842 0.1443 0.0220 0.0286 0.0362 0.0482
Rel. Diff. (vs. GT) −1.73% −1.63% −0.82% −0.89% −1.34% −1.72% −1.09% −1.23%

Human Evaluation In addition to automated metrics, we also perform a blind human evalua-
tion. As shown in Table 8.6, larger models generally achieve better human-perceived completion
quality, with Gemma-3-27B obtaining the best overall performance on both tasks. A consistent
pattern is that fluency- or appearance-oriented dimensions are stronger than attribute-faithfulness
ones: Marketing Appeal is higher than Factual Accuracy for Image→Text, and Visual Plausi-
bility is higher than Attribute Fidelity for Text→Image, suggesting that current MLLMs are
better at producing appealing text and visually coherent images than at faithfully preserving
fine-grained product attributes. Inter-annotator agreement is measured with two complementary
statistics. At the item level, the two-way random-effects intraclass correlation coefficient for the
mean of k = 5 raters (ICC(2,k), absolute agreement) averages 0.90 across the six evaluation di-
mensions, indicating excellent reliability. At the model level, the mean pairwise Spearman rank
correlation on per-model mean scores is r̄ = 0.70, showing consistent model rankings across
annotators. Together, these results support the reliability of the reported mean scores and the
robustness of our comparisons across the six models. Note that human evaluation serves as a
complementary diagnostic signal alongside automatic metrics. Given its limited scale (54 prod-
ucts, 5 annotators), we do not treat human scores as standalone evidence, but use them to support
and contextualise the automatic results.

Recommendation Benchmark Across nine categories and three recommenders, replacing the
ground-truth modality with generated content causes only minor changes: Recall and NDCG
shift by at most 2%, with relative deltas between −0.6% and +0.6% across eight metrics.
Gemma-3-4B performs best on Image-to-Text completion (Recall@10 = 0.0547), while Text-
to-Image results are tightly grouped, with Qwen-7B achieving three best scores and one runner-
up. At the category level, Electronics is hardest under missing text. A notable outlier is Gemma-
3-12B on Beauty, likely due to the category’s small dataset size, since its performance nor-



CHAPTER 8. MMPCBENCH 157

Figure 8.5: Heatmap Illustrating the Differences Among MLLM Completion Methods Across
Various Recommendation Categories. Colours closer to blue indicate greater performance
degradation compared to using the ground-truth multimodal inputs.

Table 8.8: Summary of paired Wilcoxon signed-rank tests (n=9 datasets, α=0.05). Each cell
reports the mean relative difference (%) from ground truth and the number of non-significant
backbone comparisons out of 3 (VBPR / FREEDOM / BM3). All 3/3 cells indicate full non-
significance across all backbones. † indicates that at least one backbone yields p < 0.05.

I→T (text missing) T→I (image missing)

Completion Model R@20 N@20 R@20 N@20

Gemma-3-4B −1.0% (3/3) −1.2% (3/3) +0.0% (2/3)† −1.3% (2/3)†

Gemma-3-12B −1.2% (2/3)† −1.4% (2/3)† −1.6% (3/3) −2.3% (2/3)†

Gemma-3-27B −0.5% (3/3) −0.8% (3/3) −2.4% (3/3) −3.1% (3/3)
Qwen2.5-VL-7B −0.5% (3/3) −0.8% (3/3) −0.7% (2/3)† −2.2% (3/3)
Qwen2.5-VL-32B −0.6% (2/3)† −1.1% (2/3)† +0.2% (3/3) −1.4% (3/3)
Qwen2.5-VL-72B −1.0% (3/3) −1.2% (3/3) −0.4% (2/3)† −1.8% (3/3)
Overall 32/36 non-significant (88.9%) 31/36 non-significant (86.1%)

malises on larger categories. Unlike CQBench, recommendation performance with completed
modalities correlates only weakly with content quality, likely because recommendation depends
more on semantic-level representations than low-level differences (X. Zhou & Shen, 2023).

To examine whether the recommendation differences between LLM-completed and ground-
truth modalities are meaningful, we conduct paired Wilcoxon signed-rank tests on Recall@20
and NDCG@20, treating the 9 benchmark datasets as paired observations. For each completion
model, recommender backbone, and task direction, we compare the recommendation results ob-
tained with completed modalities against those with ground-truth modalities. As summarised
in Table 8.8, most comparisons are not statistically significant, with 63 out of 72 tests (87.5%)
yielding p ≥ 0.05. The mean relative differences are also small (−0.80% for Recall@20 and
−1.56% for NDCG@20), indicating that LLM-completed modalities provide recommendation
performance largely comparable to ground-truth features in most settings. The generally small
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and often non-significant differences suggest that (for the evaluated recommenders and cate-
gories) recommendation performance is largely driven by semantic-level representations and is
relatively robust to moderate modality-generation noise. This indicates downstream usability
of completed modalities in many cases, but also implies that RecBench in its current form may
offer limited sensitivity for fine-grained ranking among strong completion methods.

Summary Our benchmark yields six key insights. For the CQBench, (1) current MLLMs
effectively capture semantic meaning but struggle with precise word-level and pixel-level cor-
respondence; (2) model scale exhibits non-monotonic effects across architectures and tasks,
indicating that larger size alone does not guarantee better multimodal completion; (3) comple-
tion difficulty varies substantially by task direction and product category, revealing inherent
asymmetries; and (4) human evaluation further shows that current MLLMs are better at produc-
ing fluent text and visually plausible images than at faithfully preserving fine-grained product
attributes. From the Recommendation Benchmark, we further observe that (5) most MLLM-
generated modalities achieve performance comparable to ground-truth modalities, except for a
few specific cases; and (6) recommendation performance with completed modalities does not
strongly correlate with the Content Quality Benchmark, from both model-wise and category-
wise perspectives.

8.4.3 GRPO Results

Motivated by the performance gaps observed in the Completion Quality benchmark—where ex-
isting MLLMs exhibit limited alignment with task objectives, likely due to insufficient exposure
during pretraining—we investigate Group Relative Policy Optimisation (GRPO) as a fine-tuning
strategy to better align model behaviour with both directions of the presentation track. We se-
lect Qwen2.5-VL-7B-Instruct as the base model, given its strong performance on our benchmark
and its computational efficiency. In this section, we present only three metrics due to space
limitations; the remaining metrics exhibit consistent trends.

Table 8.9: Average Text Quality Metrics (mean± std) Across All Categories for GRPO Training
for Qwen2.5-VL-7B-Instruct. ↑: larger is better

Model Cosine ↑ Overlap ↑ BERTScore ↑
Before GRPO 0.196 ± 0.061 0.254 ± 0.060 0.870 ± 0.011
After GRPO 0.249 ± 0.084 0.295 ± 0.085 0.873 ± 0.017

For Image-to-Text, GRPO yields substantial improvements; for example, cosine similarity
increases from 0.196 to 0.249 (+27%), as shown in Table 8.9, with similar gains in the other
two metrics. BERTScore shows a relatively marginal improvement, primarily because its initial
performance is already high, making further enhancement challenging. This confirms the effec-
tiveness of GRPO in this direction. However, for Text-to-Image as shown in Table 8.10, no clear
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Table 8.10: Average Image Quality Metrics (mean ± std) Across All categories for GRPO
Training. ↑: larger is better; ↓: smaller is better

Model SSIM ↑ MSE ↓ CLIP ↑
Before GRPO 0.340 ± 0.056 0.169 ± 0.022 0.723 ± 0.022
After GRPO 0.339 ± 0.056 0.170 ± 0.022 0.723 ± 0.022

gains are observed, with the reward signal showing no upward trend during training—indicating
that further investigation is needed to improve alignment in this more challenging direction.

These findings demonstrate that GRPO is highly effective for aligning models in the Image-
to-Text direction, substantially improving generation quality. However, its limited impact on
Text-to-Image highlights a more complex optimisation landscape, suggesting the need for task-
specific strategies and further exploration in this direction.

8.5 Conclusion and Future Work

We study the underexplored task of missing-modality completion in e-commerce by introducing
MMPCBench, the first systematic benchmark for product missing-modality completion, which
takes a dual-perspective evaluation design by jointly assessing presentation-oriented completion
quality and recommendation-oriented downstream utility through the Content Quality Bench-
mark (CQBench) and the Recommendation Benchmark (RecBench). MMPCBench covers both
Image-to-Text and Text-to-Image tasks across nine product categories with six state-of-the-art
MLLMs from the Qwen2.5-VL and Gemma-3 families. Experiments on CQBench show that
current MLLMs capture high-level semantics but struggle with precise word- and pixel-level
alignment. Scaling does not reliably improve completion: Qwen2.5-VL performs best at 7B,
while Gemma-3 improves with scale. Difficulty also varies by task and category, with Video
Games strong in I→T but hardest for T→I. On RecBench, completed modalities usually ap-
proach ground-truth recommendation performance, yet content quality correlates only weakly
with accuracy, suggesting semantic alignment matters more than exact reconstruction. GRPO
substantially improves I→T but has limited impact on T→I, highlighting a key weakness in
current alignment methods. MMPCBench provides a standardised, reproducible benchmark for
fair comparison, and our findings support prioritising semantic alignment over low-level fidelity
while guiding model choice by domain.

Future work will tackle the T→I bottleneck through multi-level reward mechanisms com-
bining perceptual and semantic metrics, potentially using two-stage diffusion refinement. A
limitation of the current Text→Image track is that absolute image quality depends on the dif-
fusion backbone; evaluating multiple renderers and/or renderer-free prompt quality is an im-
portant direction for future work. Another limitation is that our human study is intentionally
small-scale and exploratory (54 items, 5 annotators). It is meant to complement automatic met-
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rics rather than replace them. Scaling to larger and more diverse annotator pools is left to future
exploration. Improving RecBench sensitivity is another important direction, e.g., evaluating
settings with stronger reliance on fine-grained attributes (cold-start, visually distinctive items,
attribute-aware objectives), adding additional recommender backbones that depend more heavily
on pixel/patch-level cues, and exploring task variants where modality quality is known to matter
more. Exploring parameter-efficient alignment methods and transfer learning across categories
could improve accessibility and reduce domain-specific training requirements for broader de-
ployment.

8.6 Additional Details

8.6.1 More Results of GRPO

As shown in Figures 8.6a and 8.6b, we present the training rewards for the Image-to-Text (I→T)
and Text-to-Image (T→I) tasks. We adopt the Qwen2.5-VL-7B-Instruct as the default model
for GRPO training. Each task incorporates an output JSON-format checking reward combined
with a similarity reward. For the T→I task, we additionally apply a scaling factor to adjust the
reward range; we tuned and set 2 for I→T, while 4 for T→I, which explains the differences of
absolute values.

The I→T reward exhibits a clear upward trend, improving rapidly within the first 1,000 steps
and then continuing to rise steadily thereafter. In contrast, the T→I reward remains relatively
stable during the initial 1,000 steps and subsequently begins to decline. This pattern suggests
that the I→T task is comparatively easier to optimise with GRPO, while the T→I task may
require more sophisticated reward designs to achieve consistent improvement, which should be
studied in future work.

After showing GRPO’s overall gains on I→T, we report per-category results in Table 8.11.
GRPO improves most categories and metrics: for Video Games, Cosine similarity rises from
0.37 to 0.48 and BERTScore from 0.90 to 0.92. Gains are larger for Cosine, Euclidean, and

(a) Image-to-Text task (b) Text-to-Image task

Figure 8.6: Reward Curves of different tasks.
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Table 8.11: Text Quality Metrics (mean ± std) by Method and Category. ↑: larger is better

Method Category Cosine ↑ Euclidean ↑ Overlap ↑ BERTScore ↑

Before GRPO

All Beauty 0.198 ± 0.130 0.443 ± 0.023 0.248 ± 0.136 0.866 ± 0.030
Arts, Crafts & Sewing 0.165 ± 0.129 0.439 ± 0.033 0.228 ± 0.149 0.865 ± 0.031
Electronics 0.181 ± 0.118 0.440 ± 0.020 0.249 ± 0.139 0.869 ± 0.032
Home & Kitchen 0.166 ± 0.105 0.438 ± 0.024 0.224 ± 0.122 0.864 ± 0.027
Industrial & Scientific 0.152 ± 0.117 0.436 ± 0.019 0.208 ± 0.139 0.860 ± 0.034
Musical Instruments 0.163 ± 0.127 0.438 ± 0.022 0.225 ± 0.148 0.866 ± 0.032
Office Products 0.189 ± 0.142 0.443 ± 0.039 0.252 ± 0.168 0.869 ± 0.034
Toys & Games 0.184 ± 0.131 0.441 ± 0.024 0.235 ± 0.138 0.870 ± 0.031
Video Games 0.365 ± 0.255 0.492 ± 0.101 0.420 ± 0.248 0.901 ± 0.043

After GRPO

All Beauty 0.270 ± 0.140 0.455 ± 0.026 0.263 ± 0.121 0.857 ± 0.024
Arts, Crafts & Sewing 0.202 ± 0.143 0.445 ± 0.032 0.269 ± 0.160 0.870 ± 0.033
Electronics 0.233 ± 0.136 0.449 ± 0.030 0.300 ± 0.150 0.880 ± 0.034
Home & Kitchen 0.205 ± 0.119 0.444 ± 0.027 0.268 ± 0.141 0.870 ± 0.029
Industrial & Scientific 0.190 ± 0.135 0.443 ± 0.034 0.251 ± 0.152 0.867 ± 0.033
Musical Instruments 0.195 ± 0.144 0.444 ± 0.028 0.255 ± 0.168 0.869 ± 0.036
Office Products 0.226 ± 0.150 0.450 ± 0.044 0.292 ± 0.174 0.876 ± 0.035
Toys & Games 0.244 ± 0.132 0.451 ± 0.024 0.230 ± 0.115 0.854 ± 0.024
Video Games 0.477 ± 0.318 0.575 ± 0.208 0.528 ± 0.301 0.916 ± 0.052

Overlap, while BERTScore improves less because the base model is already strong. In a few
cases, such as All Beauty and Toys & Games, BERTScore drops slightly, but most categories
show consistent improvement. Overall, GRPO reinforcement learning strengthens alignment
between generated captions and ground-truth descriptions.

8.6.2 More Analysis of the Results

(1) CQBench: Image-to-Text Task. From Table 8.12 it is clear that the Video Games category
is the best for Image-to-Text generation: across every model and metric it posts the highest
scores. For example, with Gemma-3-27B the results reach Cosine 0.394 ± 0.292, Euclidean
0.530 ± 0.175, Overlap 0.446 ± 0.283, and BERTScore 0.906 ± 0.051.

Looking at the model families, Gemma-3 consistently outperforms Qwen2.5-VL. Both the
27B and 12B checkpoints of Gemma-3 score higher across almost all datasets than any of the
three Qwen2.5-VL variants. Within families the scaling behaviour diverges: Gemma-3 improves
steadily as its parameter count grows, whereas Qwen2.5-VL peaks at the 7B model, followed
by the 72B version, with the 32B model trailing behind.
(2) CQBench: Text-to-Image Task. Table 8.13 shows that the Home & Kitchen and Industrial
& Scientific datasets achieve the strongest results in the Text-to-Image task. Across models,
Gemma-3-12B is the strongest overall. In the “All Beauty" dataset, Gemma-3-12B hits the top
SSIM 0.446 ± 0.181, lowest MSE 0.148 ± 0.073, and lowest LPIPS 0.684 ± 0.117. Similar
to Table 8.12, scaling helps Gemma, but not Qwen2.5-VL. Gemma’s metrics improve steadily
from 4B → 12B → 27B. For Qwen2.5-VL, however, the 7B model outperforms the 32B and
72B variants on PSNR, SSIM, and LPIPS.
(3) RecBench: Image-to-Text Task. According to Tables 8.14, 8.15, and 8.16, the captions
generated by multimodal large-language models (MLLMs) achieve nearly the same performance
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Figure 8.7: Representative qualitative success and failure cases for Image→Text and
Text→Image. HE denotes the average human-evaluation score.

as the original texts on all three recommenders. In VBPR, BM3, and FREEDOM, the evaluation
scores for MLLM-completed captions remain very close to the real-text baselines. For example,
in the FREEDOM model for the “Arts" dataset, the ground-truth Recall@20 is 0.1446, while
the caption created by Gemma-3-27B posts an almost identical 0.1442. For the “Video Games"
category under BM3, the ground-truth NDCG@50 is 0.0814—the exact same value achieved by
Qwen2.5-VL-7B. This consistency shows that the generated captions successfully preserve the
core semantic signals required by these different recommendation algorithms.

Unlike the patterns in Tables 8.12 and 8.13, no single MLLM is universally superior for this
task; the optimal model depends strongly on the product category and the recommender being
used. With FREEDOM, for instance, Qwen2.5-VL-7B and Qwen2.5-VL-72B perform best in
the “Instruments" category (NDCG@20 = 0.0665), whereas Gemma-3-27B excels in “Toys &
Games" (NDCG@20 = 0.0382). These variations highlight that, although generated captions
can effectively replace missing modality information, the best generator is context-specific.
(4) RecBench: Text-to-Image Task. According to Tables 8.14, 8.15, and 8.16, the Text-to-
Image task shows that replacing ground-truth images with MLLM-generated ones has minimal
impact on the recommendation performance of VBPR, BM3, and FREEDOM. The Recall and
NDCG metrics for completions are consistently on par with the ground-truth baseline. For
example, using the FREEDOM recommender on the “Arts" dataset, the ground-truth Recall@10
is 0.0912, while the Qwen2.5-VL-32B model not only matches but slightly exceeds this with
a score of 0.0926. Similarly, for the BM3 model in the “Home" category, the ground-truth
NDCG@50 is 0.0473, and Gemma-3-12B achieves a higher score of 0.0494. This demonstrates
that the generated images are effective surrogates for original images in recommendation tasks.
(5) Case study. Figure 8.7 presents representative qualitative success and failure cases for both
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Image→Text and Text→Image. As shown in the figure, successful Image→Text generation can
correctly recover the product category together with key attributes such as brand, colour, and
item count, while successful Text→Image generation produces images that are visually con-
sistent with the input description at both the category and style levels. In contrast, the failure
cases reveal two common limitations. For Image→Text, the model may capture only coarse
semantic cues but still confuse the exact product type or hallucinate fine-grained attributes. For
Text→Image, the generated image may deviate substantially from the intended product category
and instead reflect only partial textures or vague visual patterns mentioned or implied by the text.
These examples suggest that, although current models can often preserve high-level semantics,
improving fine-grained attribute faithfulness and precise cross-modal grounding remains an im-
portant challenge for missing-modality completion.

8.6.3 Additional Implementation Details for Text→Image

Text-to-Image Generation. All images are synthesised using Stable Diffusion 3.5-Large-Turbo
with 4 inference steps, a classifier-free guidance scale of 0.0, an output resolution of 1024×
1024, a fixed random seed of 42, and no negative prompts.
MLLM Prompt. The multimodal LLM is prompted under a fixed structured protocol to en-
sure fair and reproducible comparison across models. We use a unified system instruction that
enforces (i) JSON-only output with a single “prompt” key, (ii) English-only text, and (iii) a
hard limit of 77 tokens, matching the CLIP text encoder capacity. We keep this prompt structure
identical for all models to reduce prompt-induced variance, rather than applying model-specific
prompt engineering.
GRPO Training. We fine-tune Qwen2.5-VL-7B-Instruct with LoRA (r=16, α=32, dropout
0.1) using GRPO. We use a learning rate of 1×10−5 with a cosine scheduler and 100 warm-up
steps, an AdamW-8bit optimiser with weight decay 0.01, and clip ratio ε=0.2. Two reward
signals are used: (1) an image-quality reward that averages CLIP similarity (rescaled to [0,1])
over 4 generated images (four seeds), scaled by a factor of 4; and (2) a length reward that linearly
scales prompt token count up to the 77-token limit and penalises over-length outputs.
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Table 8.12: Text Quality Metrics (mean ± std) by Model and Category. ↑: larger is better

Model Category Cosine ↑ Euclidean ↑ Overlap ↑ BERTScore ↑ SBERT ↑ METEOR ↑ MoverScore ↑

Gemma-3-4B

All Beauty 0.186 ± 0.111 0.441 ± 0.019 0.224 ± 0.113 0.862 ± 0.025 0.679 ± 0.143 0.242 ± 0.139 0.483 ± 0.074
Arts, Crafts & Sewing 0.149 ± 0.113 0.435 ± 0.020 0.195 ± 0.121 0.857 ± 0.027 0.640 ± 0.173 0.228 ± 0.138 0.464 ± 0.078
Electronics 0.155 ± 0.097 0.436 ± 0.016 0.217 ± 0.113 0.862 ± 0.028 0.627 ± 0.160 0.209 ± 0.124 0.475 ± 0.074
Home & Kitchen 0.149 ± 0.087 0.435 ± 0.013 0.200 ± 0.102 0.859 ± 0.024 0.644 ± 0.140 0.218 ± 0.111 0.468 ± 0.068
Industrial & Scientific 0.129 ± 0.097 0.432 ± 0.015 0.176 ± 0.111 0.854 ± 0.026 0.594 ± 0.178 0.194 ± 0.131 0.449 ± 0.075
Musical Instruments 0.137 ± 0.105 0.433 ± 0.017 0.185 ± 0.118 0.857 ± 0.028 0.587 ± 0.178 0.210 ± 0.151 0.448 ± 0.079
Office Products 0.149 ± 0.102 0.435 ± 0.017 0.205 ± 0.120 0.859 ± 0.027 0.647 ± 0.153 0.215 ± 0.134 0.466 ± 0.076
Toys & Games 0.164 ± 0.103 0.437 ± 0.017 0.207 ± 0.111 0.863 ± 0.025 0.658 ± 0.139 0.258 ± 0.152 0.468 ± 0.072
Video Games 0.279 ± 0.187 0.460 ± 0.043 0.312 ± 0.174 0.883 ± 0.035 0.686 ± 0.157 0.424 ± 0.262 0.515 ± 0.101

Gemma-3-12B

All Beauty 0.208 ± 0.120 0.444 ± 0.021 0.250 ± 0.124 0.867 ± 0.028 0.693 ± 0.150 0.260 ± 0.150 0.496 ± 0.081
Arts, Crafts & Sewing 0.168 ± 0.122 0.438 ± 0.021 0.222 ± 0.136 0.863 ± 0.029 0.656 ± 0.179 0.248 ± 0.156 0.478 ± 0.086
Electronics 0.178 ± 0.114 0.440 ± 0.020 0.241 ± 0.128 0.866 ± 0.030 0.650 ± 0.161 0.233 ± 0.137 0.487 ± 0.082
Home & Kitchen 0.172 ± 0.097 0.438 ± 0.015 0.227 ± 0.112 0.864 ± 0.025 0.661 ± 0.145 0.238 ± 0.127 0.480 ± 0.072
Industrial & Scientific 0.152 ± 0.106 0.435 ± 0.017 0.205 ± 0.122 0.860 ± 0.028 0.620 ± 0.176 0.220 ± 0.144 0.467 ± 0.082
Musical Instruments 0.163 ± 0.120 0.438 ± 0.021 0.218 ± 0.136 0.864 ± 0.030 0.616 ± 0.176 0.242 ± 0.160 0.468 ± 0.089
Office Products 0.172 ± 0.118 0.439 ± 0.020 0.232 ± 0.142 0.864 ± 0.029 0.660 ± 0.168 0.236 ± 0.150 0.483 ± 0.091
Toys & Games 0.187 ± 0.117 0.441 ± 0.020 0.235 ± 0.129 0.869 ± 0.027 0.670 ± 0.145 0.278 ± 0.173 0.483 ± 0.082
Video Games 0.367 ± 0.272 0.508 ± 0.146 0.425 ± 0.268 0.902 ± 0.048 0.732 ± 0.176 0.487 ± 0.298 0.589 ± 0.171

Gemma-3-27B

All Beauty 0.223 ± 0.120 0.447 ± 0.021 0.273 ± 0.129 0.871 ± 0.027 0.711 ± 0.148 0.292 ± 0.151 0.511 ± 0.083
Arts, Crafts & Sewing 0.178 ± 0.121 0.440 ± 0.021 0.237 ± 0.139 0.866 ± 0.029 0.675 ± 0.177 0.270 ± 0.158 0.488 ± 0.088
Electronics 0.185 ± 0.109 0.441 ± 0.018 0.259 ± 0.130 0.870 ± 0.031 0.679 ± 0.159 0.268 ± 0.142 0.502 ± 0.086
Home & Kitchen 0.183 ± 0.103 0.440 ± 0.017 0.239 ± 0.118 0.867 ± 0.026 0.676 ± 0.143 0.259 ± 0.131 0.490 ± 0.076
Industrial & Scientific 0.159 ± 0.109 0.437 ± 0.017 0.219 ± 0.131 0.863 ± 0.029 0.635 ± 0.176 0.247 ± 0.153 0.478 ± 0.086
Musical Instruments 0.174 ± 0.122 0.439 ± 0.021 0.234 ± 0.146 0.866 ± 0.032 0.635 ± 0.182 0.264 ± 0.173 0.478 ± 0.095
Office Products 0.190 ± 0.121 0.442 ± 0.028 0.254 ± 0.141 0.870 ± 0.030 0.688 ± 0.158 0.266 ± 0.158 0.496 ± 0.090
Toys & Games 0.201 ± 0.120 0.443 ± 0.022 0.254 ± 0.133 0.872 ± 0.028 0.690 ± 0.142 0.311 ± 0.170 0.494 ± 0.085
Video Games 0.394 ± 0.292 0.530 ± 0.175 0.446 ± 0.283 0.906 ± 0.051 0.752 ± 0.177 0.511 ± 0.298 0.605 ± 0.185

Qwen2.5-VL-7B-Instruct

All Beauty 0.198 ± 0.130 0.443 ± 0.023 0.248 ± 0.136 0.866 ± 0.030 0.672 ± 0.161 0.237 ± 0.157 0.486 ± 0.084
Arts, Crafts & Sewing 0.165 ± 0.129 0.439 ± 0.033 0.228 ± 0.149 0.865 ± 0.031 0.647 ± 0.184 0.243 ± 0.164 0.478 ± 0.095
Electronics 0.181 ± 0.118 0.440 ± 0.020 0.249 ± 0.139 0.869 ± 0.032 0.639 ± 0.169 0.229 ± 0.151 0.486 ± 0.089
Home & Kitchen 0.166 ± 0.105 0.438 ± 0.024 0.224 ± 0.122 0.864 ± 0.027 0.638 ± 0.157 0.226 ± 0.134 0.474 ± 0.078
Industrial & Scientific 0.152 ± 0.117 0.436 ± 0.019 0.208 ± 0.139 0.860 ± 0.034 0.590 ± 0.207 0.211 ± 0.163 0.462 ± 0.093
Musical Instruments 0.163 ± 0.127 0.438 ± 0.022 0.225 ± 0.148 0.866 ± 0.032 0.611 ± 0.186 0.237 ± 0.179 0.467 ± 0.096
Office Products 0.189 ± 0.142 0.443 ± 0.039 0.252 ± 0.168 0.869 ± 0.034 0.662 ± 0.182 0.249 ± 0.181 0.490 ± 0.105
Toys & Games 0.184 ± 0.131 0.441 ± 0.024 0.235 ± 0.138 0.870 ± 0.031 0.657 ± 0.154 0.262 ± 0.182 0.479 ± 0.087
Video Games 0.365 ± 0.255 0.492 ± 0.101 0.420 ± 0.248 0.901 ± 0.043 0.732 ± 0.178 0.476 ± 0.292 0.583 ± 0.154

Qwen2.5-VL-32B-Instruct

All Beauty 0.174 ± 0.113 0.439 ± 0.019 0.223 ± 0.119 0.860 ± 0.028 0.664 ± 0.160 0.243 ± 0.151 0.475 ± 0.077
Arts, Crafts & Sewing 0.143 ± 0.109 0.434 ± 0.017 0.202 ± 0.125 0.859 ± 0.028 0.641 ± 0.178 0.243 ± 0.155 0.463 ± 0.080
Electronics 0.151 ± 0.098 0.435 ± 0.016 0.220 ± 0.120 0.863 ± 0.031 0.635 ± 0.162 0.223 ± 0.141 0.472 ± 0.077
Home & Kitchen 0.144 ± 0.087 0.434 ± 0.013 0.204 ± 0.105 0.860 ± 0.025 0.643 ± 0.149 0.237 ± 0.128 0.465 ± 0.070
Industrial & Scientific 0.132 ± 0.097 0.432 ± 0.015 0.186 ± 0.121 0.855 ± 0.029 0.598 ± 0.188 0.225 ± 0.156 0.451 ± 0.082
Musical Instruments 0.143 ± 0.114 0.434 ± 0.018 0.200 ± 0.136 0.861 ± 0.031 0.601 ± 0.181 0.240 ± 0.174 0.452 ± 0.087
Office Products 0.156 ± 0.109 0.436 ± 0.018 0.220 ± 0.131 0.863 ± 0.029 0.656 ± 0.169 0.253 ± 0.159 0.472 ± 0.084
Toys & Games 0.159 ± 0.110 0.437 ± 0.018 0.210 ± 0.120 0.864 ± 0.028 0.652 ± 0.154 0.269 ± 0.173 0.465 ± 0.079
Video Games 0.316 ± 0.222 0.471 ± 0.061 0.363 ± 0.220 0.894 ± 0.043 0.717 ± 0.172 0.483 ± 0.296 0.545 ± 0.132

Qwen2.5-VL-72B-Instruct

All Beauty 0.184 ± 0.116 0.441 ± 0.021 0.239 ± 0.125 0.863 ± 0.028 0.677 ± 0.159 0.256 ± 0.160 0.483 ± 0.079
Arts, Crafts & Sewing 0.151 ± 0.113 0.436 ± 0.019 0.211 ± 0.128 0.860 ± 0.029 0.647 ± 0.178 0.243 ± 0.160 0.467 ± 0.083
Electronics 0.155 ± 0.101 0.436 ± 0.016 0.224 ± 0.120 0.862 ± 0.030 0.634 ± 0.158 0.219 ± 0.143 0.470 ± 0.077
Home & Kitchen 0.152 ± 0.094 0.435 ± 0.015 0.216 ± 0.113 0.860 ± 0.026 0.646 ± 0.148 0.234 ± 0.133 0.469 ± 0.073
Industrial & Scientific 0.143 ± 0.102 0.434 ± 0.016 0.199 ± 0.124 0.856 ± 0.030 0.602 ± 0.182 0.222 ± 0.160 0.455 ± 0.083
Musical Instruments 0.154 ± 0.121 0.436 ± 0.021 0.211 ± 0.141 0.863 ± 0.031 0.613 ± 0.181 0.248 ± 0.181 0.456 ± 0.090
Office Products 0.169 ± 0.120 0.439 ± 0.021 0.238 ± 0.146 0.865 ± 0.032 0.666 ± 0.166 0.253 ± 0.172 0.483 ± 0.095
Toys & Games 0.163 ± 0.117 0.437 ± 0.020 0.213 ± 0.125 0.864 ± 0.028 0.653 ± 0.151 0.264 ± 0.181 0.465 ± 0.080
Video Games 0.325 ± 0.238 0.478 ± 0.084 0.367 ± 0.230 0.895 ± 0.043 0.719 ± 0.168 0.488 ± 0.307 0.546 ± 0.144
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Table 8.13: Image quality metrics (mean ± std) by model and category. ↑: larger is better; ↓:
smaller is better

Model Category PSNR ↑ SSIM ↑ MSE ↓ LPIPS ↓ CLIP ↑ FID ↓

Gemma-3-4B

All Beauty 8.266 ± 2.141 0.410 ± 0.172 0.166 ± 0.077 0.723 ± 0.110 0.697 ± 0.102 73.19
Arts, Crafts & Sewing 8.677 ± 2.454 0.283 ± 0.174 0.156 ± 0.079 0.738 ± 0.097 0.692 ± 0.106 82.73
Electronics 7.674 ± 1.945 0.382 ± 0.153 0.186 ± 0.073 0.732 ± 0.095 0.748 ± 0.093 62.92
Home & Kitchen 9.040 ± 2.462 0.361 ± 0.156 0.143 ± 0.072 0.714 ± 0.090 0.749 ± 0.094 64.60
Industrial & Scientific 8.838 ± 2.540 0.413 ± 0.181 0.152 ± 0.083 0.698 ± 0.114 0.728 ± 0.108 66.67
Musical Instruments 7.355 ± 1.820 0.352 ± 0.160 0.199 ± 0.077 0.721 ± 0.097 0.721 ± 0.113 67.52
Office Products 8.275 ± 2.277 0.331 ± 0.170 0.168 ± 0.079 0.740 ± 0.099 0.702 ± 0.111 72.50
Toys & Games 7.912 ± 1.770 0.276 ± 0.142 0.176 ± 0.074 0.718 ± 0.073 0.702 ± 0.107 78.33
Video Games 7.444 ± 1.598 0.309 ± 0.168 0.192 ± 0.070 0.723 ± 0.089 0.711 ± 0.127 77.80

Gemma-3-12B

All Beauty 8.869 ± 2.313 0.446 ± 0.181 0.148 ± 0.073 0.684 ± 0.117 0.714 ± 0.096 69.17
Arts, Crafts & Sewing 9.060 ± 2.633 0.309 ± 0.179 0.146 ± 0.081 0.716 ± 0.094 0.704 ± 0.103 80.93
Electronics 7.956 ± 2.148 0.408 ± 0.154 0.178 ± 0.075 0.708 ± 0.093 0.758 ± 0.089 60.88
Home & Kitchen 9.384 ± 2.561 0.386 ± 0.158 0.135 ± 0.073 0.694 ± 0.092 0.761 ± 0.093 62.19
Industrial & Scientific 9.331 ± 2.613 0.439 ± 0.179 0.138 ± 0.079 0.669 ± 0.113 0.738 ± 0.103 65.36
Musical Instruments 7.700 ± 1.866 0.385 ± 0.155 0.184 ± 0.072 0.697 ± 0.094 0.728 ± 0.107 65.92
Office Products 8.481 ± 2.501 0.345 ± 0.175 0.163 ± 0.081 0.729 ± 0.104 0.707 ± 0.111 72.52
Toys & Games 8.406 ± 1.778 0.312 ± 0.152 0.156 ± 0.064 0.694 ± 0.076 0.716 ± 0.108 78.29
Video Games 7.460 ± 1.747 0.330 ± 0.169 0.193 ± 0.074 0.713 ± 0.095 0.714 ± 0.129 81.79

Gemma-3-27B

All Beauty 8.639 ± 2.273 0.430 ± 0.180 0.156 ± 0.082 0.694 ± 0.110 0.714 ± 0.092 68.09
Arts, Crafts & Sewing 8.726 ± 2.607 0.288 ± 0.175 0.158 ± 0.087 0.730 ± 0.095 0.698 ± 0.104 81.73
Electronics 7.729 ± 2.225 0.388 ± 0.158 0.189 ± 0.085 0.721 ± 0.095 0.751 ± 0.092 62.72
Home & Kitchen 8.903 ± 2.366 0.354 ± 0.152 0.147 ± 0.074 0.710 ± 0.086 0.753 ± 0.093 64.73
Industrial & Scientific 8.854 ± 2.634 0.413 ± 0.184 0.154 ± 0.089 0.688 ± 0.115 0.733 ± 0.101 66.08
Musical Instruments 7.126 ± 2.042 0.342 ± 0.157 0.215 ± 0.096 0.730 ± 0.094 0.720 ± 0.110 68.46
Office Products 8.297 ± 2.395 0.337 ± 0.171 0.169 ± 0.083 0.734 ± 0.097 0.705 ± 0.106 74.85
Toys & Games 7.996 ± 1.995 0.279 ± 0.150 0.176 ± 0.084 0.711 ± 0.081 0.710 ± 0.103 78.79
Video Games 7.387 ± 1.861 0.310 ± 0.168 0.199 ± 0.086 0.727 ± 0.092 0.716 ± 0.129 78.66

Qwen2.5-VL-7B-Instruct

All Beauty 8.691 ± 2.279 0.419 ± 0.177 0.153 ± 0.075 0.702 ± 0.108 0.715 ± 0.098 68.21
Arts, Crafts & Sewing 8.767 ± 2.671 0.279 ± 0.177 0.155 ± 0.079 0.736 ± 0.094 0.698 ± 0.104 77.40
Electronics 7.766 ± 2.163 0.375 ± 0.158 0.186 ± 0.078 0.723 ± 0.098 0.755 ± 0.089 60.86
Home & Kitchen 8.981 ± 2.354 0.353 ± 0.153 0.144 ± 0.068 0.709 ± 0.092 0.760 ± 0.096 61.43
Industrial & Scientific 9.203 ± 2.681 0.428 ± 0.184 0.141 ± 0.075 0.677 ± 0.122 0.740 ± 0.102 63.55
Musical Instruments 7.227 ± 1.905 0.318 ± 0.169 0.207 ± 0.088 0.734 ± 0.096 0.723 ± 0.113 66.63
Office Products 8.335 ± 2.354 0.329 ± 0.174 0.167 ± 0.080 0.735 ± 0.100 0.710 ± 0.110 72.44
Toys & Games 7.937 ± 1.838 0.269 ± 0.147 0.175 ± 0.076 0.730 ± 0.082 0.708 ± 0.105 76.83
Video Games 7.437 ± 1.743 0.286 ± 0.164 0.194 ± 0.076 0.746 ± 0.094 0.697 ± 0.131 90.17

Qwen2.5-VL-32B-Instruct

All Beauty 8.400 ± 2.059 0.412 ± 0.172 0.161 ± 0.074 0.713 ± 0.109 0.707 ± 0.097 71.81
Arts, Crafts & Sewing 8.787 ± 2.558 0.289 ± 0.174 0.154 ± 0.080 0.726 ± 0.097 0.701 ± 0.105 77.84
Electronics 7.602 ± 1.925 0.372 ± 0.150 0.189 ± 0.072 0.726 ± 0.095 0.754 ± 0.094 60.57
Home & Kitchen 8.942 ± 2.349 0.348 ± 0.150 0.145 ± 0.070 0.708 ± 0.087 0.760 ± 0.094 63.44
Industrial & Scientific 8.882 ± 2.541 0.415 ± 0.176 0.150 ± 0.079 0.688 ± 0.114 0.741 ± 0.102 63.60
Musical Instruments 7.452 ± 1.853 0.360 ± 0.159 0.195 ± 0.075 0.711 ± 0.094 0.732 ± 0.109 65.31
Office Products 8.274 ± 2.265 0.323 ± 0.171 0.167 ± 0.074 0.736 ± 0.101 0.710 ± 0.109 70.57
Toys & Games 7.791 ± 1.770 0.257 ± 0.142 0.180 ± 0.071 0.725 ± 0.077 0.712 ± 0.105 78.73
Video Games 7.525 ± 1.551 0.302 ± 0.173 0.188 ± 0.065 0.710 ± 0.091 0.723 ± 0.123 73.94

Qwen2.5-VL-72B-Instruct

All Beauty 8.354 ± 2.132 0.413 ± 0.171 0.163 ± 0.075 0.718 ± 0.116 0.703 ± 0.101 70.98
Arts, Crafts & Sewing 8.533 ± 2.449 0.279 ± 0.171 0.162 ± 0.085 0.739 ± 0.091 0.694 ± 0.109 81.94
Electronics 7.456 ± 1.939 0.362 ± 0.149 0.197 ± 0.085 0.743 ± 0.089 0.746 ± 0.092 62.84
Home & Kitchen 8.730 ± 2.228 0.342 ± 0.149 0.151 ± 0.071 0.720 ± 0.083 0.753 ± 0.096 66.07
Industrial & Scientific 8.590 ± 2.592 0.406 ± 0.180 0.162 ± 0.090 0.706 ± 0.120 0.728 ± 0.107 65.62
Musical Instruments 6.964 ± 1.789 0.334 ± 0.152 0.219 ± 0.094 0.737 ± 0.090 0.722 ± 0.110 68.00
Office Products 8.072 ± 2.101 0.317 ± 0.168 0.173 ± 0.074 0.749 ± 0.095 0.696 ± 0.112 75.07
Toys & Games 7.733 ± 1.742 0.259 ± 0.138 0.182 ± 0.074 0.731 ± 0.071 0.703 ± 0.107 79.29
Video Games 7.293 ± 1.770 0.281 ± 0.165 0.202 ± 0.083 0.732 ± 0.083 0.705 ± 0.129 83.01
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Table 8.14: Performance comparison for model VBPR, combining Image-to-Text and Text-to-
Image. R and N denote Recall and NDCG.

(a) Image-to-Text
Datasets 1–5 Datasets 6–9

Dataset Completion Method R@5 N@5 R@10 N@10 R@20 N@20 R@50 N@50 Dataset Completion Method R@5 N@5 R@10 N@10 R@20 N@20 R@50 N@50

Arts

Gemma-3-4B 0.0162 0.0103 0.0242 0.0129 0.0406 0.0170 0.0757 0.0239

Office

Gemma-3-4B 0.0183 0.0123 0.0295 0.0159 0.0453 0.0199 0.0822 0.0272
Gemma-3-12B 0.0156 0.0100 0.0243 0.0128 0.0401 0.0168 0.0768 0.0241 Gemma-3-12B 0.0193 0.0127 0.0297 0.0161 0.0474 0.0205 0.0842 0.0278
Gemma-3-27B 0.0158 0.0101 0.0249 0.0130 0.0408 0.0170 0.0767 0.0242 Gemma-3-27B 0.0180 0.0122 0.0292 0.0159 0.0458 0.0201 0.0822 0.0273

Qwen2.5-VL-7B 0.0159 0.0101 0.0242 0.0128 0.0416 0.0172 0.0772 0.0242 Qwen2.5-VL-7B 0.0179 0.0122 0.0300 0.0161 0.0454 0.0199 0.0818 0.0272
Qwen2.5-VL-32B 0.0159 0.0099 0.0246 0.0127 0.0414 0.0169 0.0768 0.0240 Qwen2.5-VL-32B 0.0189 0.0126 0.0297 0.0161 0.0474 0.0205 0.0836 0.0277
Qwen2.5-VL-72B 0.0161 0.0101 0.0252 0.0130 0.0406 0.0169 0.0766 0.0241 Qwen2.5-VL-72B 0.0184 0.0122 0.0298 0.0159 0.0460 0.0200 0.0827 0.0272

Ground Truth 0.0157 0.0100 0.0248 0.0129 0.0418 0.0171 0.0770 0.0242 Ground Truth 0.0187 0.0122 0.0300 0.0159 0.0458 0.0199 0.0819 0.0270

Beauty

Gemma-3-4B 0.0081 0.0044 0.0178 0.0079 0.0264 0.0101 0.0507 0.0151

Scientific

Gemma-3-4B 0.0206 0.0134 0.0328 0.0173 0.0481 0.0212 0.0817 0.0278
Gemma-3-12B 0.0092 0.0051 0.0178 0.0081 0.0265 0.0103 0.0519 0.0155 Gemma-3-12B 0.0211 0.0136 0.0315 0.0170 0.0480 0.0212 0.0806 0.0276
Gemma-3-27B 0.0094 0.0054 0.0175 0.0083 0.0281 0.0109 0.0492 0.0152 Gemma-3-27B 0.0206 0.0134 0.0327 0.0173 0.0490 0.0214 0.0806 0.0276

Qwen2.5-VL-7B 0.0081 0.0045 0.0178 0.0079 0.0273 0.0103 0.0507 0.0151 Qwen2.5-VL-7B 0.0212 0.0135 0.0332 0.0174 0.0486 0.0213 0.0819 0.0278
Qwen2.5-VL-32B 0.0119 0.0065 0.0203 0.0094 0.0337 0.0129 0.0595 0.0181 Qwen2.5-VL-32B 0.0204 0.0135 0.0319 0.0172 0.0474 0.0211 0.0793 0.0275
Qwen2.5-VL-72B 0.0081 0.0044 0.0178 0.0078 0.0247 0.0097 0.0516 0.0152 Qwen2.5-VL-72B 0.0202 0.0132 0.0326 0.0172 0.0479 0.0211 0.0817 0.0277

Ground Truth 0.0076 0.0045 0.0178 0.0080 0.0247 0.0098 0.0510 0.0153 Ground Truth 0.0214 0.0137 0.0323 0.0172 0.0478 0.0211 0.0804 0.0275

Electronics

Gemma-3-4B 0.0200 0.0129 0.0310 0.0166 0.0547 0.0227 0.1044 0.0330

Toys & Games

Gemma-3-4B 0.0125 0.0080 0.0198 0.0103 0.0302 0.0129 0.0564 0.0181
Gemma-3-12B 0.0195 0.0127 0.0315 0.0167 0.0543 0.0225 0.1047 0.0329 Gemma-3-12B 0.0122 0.0079 0.0202 0.0104 0.0305 0.0130 0.0566 0.0181
Gemma-3-27B 0.0193 0.0126 0.0315 0.0166 0.0549 0.0227 0.1045 0.0329 Gemma-3-27B 0.0125 0.0083 0.0203 0.0108 0.0324 0.0139 0.0558 0.0185

Qwen2.5-VL-7B 0.0200 0.0128 0.0311 0.0165 0.0547 0.0226 0.1048 0.0330 Qwen2.5-VL-7B 0.0129 0.0083 0.0205 0.0107 0.0331 0.0139 0.0558 0.0183
Qwen2.5-VL-32B 0.0199 0.0128 0.0321 0.0168 0.0549 0.0227 0.1047 0.0330 Qwen2.5-VL-32B 0.0125 0.0080 0.0200 0.0103 0.0308 0.0131 0.0562 0.0181
Qwen2.5-VL-72B 0.0210 0.0134 0.0332 0.0175 0.0532 0.0226 0.1067 0.0337 Qwen2.5-VL-72B 0.0128 0.0082 0.0209 0.0108 0.0330 0.0139 0.0561 0.0184

Ground Truth 0.0203 0.0136 0.0329 0.0179 0.0551 0.0236 0.1088 0.0346 Ground Truth 0.0124 0.0080 0.0201 0.0104 0.0307 0.0131 0.0565 0.0181

Home

Gemma-3-4B 0.0104 0.0067 0.0169 0.0089 0.0281 0.0117 0.0558 0.0172

Video Games

Gemma-3-4B 0.0237 0.0152 0.0398 0.0204 0.0647 0.0268 0.1186 0.0375
Gemma-3-12B 0.0101 0.0072 0.0165 0.0093 0.0302 0.0128 0.0616 0.0191 Gemma-3-12B 0.0237 0.0151 0.0399 0.0204 0.0647 0.0267 0.1198 0.0377
Gemma-3-27B 0.0108 0.0071 0.0173 0.0092 0.0297 0.0123 0.0600 0.0183 Gemma-3-27B 0.0246 0.0157 0.0392 0.0204 0.0645 0.0269 0.1191 0.0378

Qwen2.5-VL-7B 0.0108 0.0069 0.0169 0.0090 0.0289 0.0120 0.0556 0.0173 Qwen2.5-VL-7B 0.0237 0.0152 0.0409 0.0208 0.0649 0.0269 0.1189 0.0377
Qwen2.5-VL-32B 0.0102 0.0066 0.0171 0.0089 0.0276 0.0115 0.0580 0.0176 Qwen2.5-VL-32B 0.0235 0.0151 0.0399 0.0205 0.0649 0.0269 0.1185 0.0375
Qwen2.5-VL-72B 0.0098 0.0063 0.0174 0.0088 0.0284 0.0116 0.0553 0.0170 Qwen2.5-VL-72B 0.0240 0.0156 0.0387 0.0204 0.0645 0.0270 0.1193 0.0379

Ground Truth 0.0109 0.0069 0.0169 0.0088 0.0277 0.0116 0.0592 0.0179 Ground Truth 0.0244 0.0158 0.0402 0.0209 0.0651 0.0273 0.1206 0.0384

Instruments

Gemma-3-4B 0.0205 0.0139 0.0319 0.0177 0.0505 0.0224 0.0872 0.0297
Gemma-3-12B 0.0207 0.0142 0.0324 0.0181 0.0496 0.0224 0.0881 0.0301
Gemma-3-27B 0.0201 0.0139 0.0314 0.0176 0.0501 0.0223 0.0875 0.0298

Qwen2.5-VL-7B 0.0207 0.0141 0.0314 0.0177 0.0499 0.0224 0.0889 0.0301
Qwen2.5-VL-32B 0.0215 0.0142 0.0323 0.0178 0.0510 0.0225 0.0893 0.0301
Qwen2.5-VL-72B 0.0205 0.0140 0.0315 0.0176 0.0501 0.0223 0.0887 0.0300

Ground Truth 0.0219 0.0146 0.0319 0.0179 0.0519 0.0229 0.0913 0.0308

(b) Text-to-Image
Datasets 1–5 Datasets 6–9

Dataset Completion Method R@5 N@5 R@10 N@10 R@20 N@20 R@50 N@50 Dataset Completion Method R@5 N@5 R@10 N@10 R@20 N@20 R@50 N@50

Arts

Gemma-3-4B 0.0144 0.0093 0.0250 0.0127 0.0416 0.0169 0.0738 0.0232

Office

Gemma-3-4B 0.0148 0.0097 0.0244 0.0127 0.0382 0.0162 0.0725 0.0229
Gemma-3-12B 0.0161 0.0096 0.0251 0.0125 0.0410 0.0165 0.0767 0.0236 Gemma-3-12B 0.0146 0.0093 0.0248 0.0126 0.0384 0.0160 0.0697 0.0222
Gemma-3-27B 0.0095 0.0060 0.0174 0.0086 0.0297 0.0117 0.0641 0.0184 Gemma-3-27B 0.0150 0.0095 0.0251 0.0127 0.0389 0.0162 0.0715 0.0227

Qwen2.5-VL-7B 0.0131 0.0080 0.0248 0.0118 0.0397 0.0155 0.0750 0.0225 Qwen2.5-VL-7B 0.0168 0.0112 0.0267 0.0144 0.0434 0.0185 0.0770 0.0252
Qwen2.5-VL-32B 0.0146 0.0097 0.0262 0.0135 0.0408 0.0171 0.0751 0.0239 Qwen2.5-VL-32B 0.0124 0.0078 0.0228 0.0111 0.0389 0.0152 0.0736 0.0220
Qwen2.5-VL-72B 0.0151 0.0095 0.0255 0.0129 0.0403 0.0166 0.0758 0.0236 Qwen2.5-VL-72B 0.0144 0.0089 0.0244 0.0121 0.0395 0.0159 0.0743 0.0228

Ground Truth 0.0157 0.0100 0.0248 0.0129 0.0418 0.0171 0.0770 0.0242 Ground Truth 0.0187 0.0122 0.0300 0.0159 0.0458 0.0199 0.0819 0.0270

Beauty

Gemma-3-4B 0.0072 0.0038 0.0109 0.0050 0.0195 0.0073 0.0488 0.0134

Scientific

Gemma-3-4B 0.0181 0.0113 0.0289 0.0148 0.0455 0.0190 0.0880 0.0273
Gemma-3-12B 0.0041 0.0023 0.0081 0.0036 0.0173 0.0060 0.0425 0.0110 Gemma-3-12B 0.0192 0.0126 0.0302 0.0161 0.0445 0.0197 0.0817 0.0271
Gemma-3-27B 0.0080 0.0050 0.0128 0.0066 0.0208 0.0088 0.0506 0.0149 Gemma-3-27B 0.0129 0.0080 0.0226 0.0111 0.0386 0.0151 0.0776 0.0228

Qwen2.5-VL-7B 0.0066 0.0036 0.0142 0.0061 0.0248 0.0087 0.0557 0.0150 Qwen2.5-VL-7B 0.0140 0.0088 0.0240 0.0120 0.0379 0.0155 0.0764 0.0230
Qwen2.5-VL-32B 0.0061 0.0037 0.0101 0.0051 0.0283 0.0098 0.0513 0.0145 Qwen2.5-VL-32B 0.0183 0.0111 0.0272 0.0140 0.0471 0.0190 0.0834 0.0262
Qwen2.5-VL-72B 0.0089 0.0054 0.0133 0.0069 0.0198 0.0085 0.0561 0.0160 Qwen2.5-VL-72B 0.0169 0.0106 0.0292 0.0146 0.0496 0.0197 0.0832 0.0263

Ground Truth 0.0076 0.0045 0.0178 0.0080 0.0247 0.0098 0.0510 0.0153 Ground Truth 0.0214 0.0137 0.0323 0.0172 0.0478 0.0211 0.0804 0.0275

Electronics

Gemma-3-4B 0.0203 0.0135 0.0346 0.0182 0.0597 0.0248 0.1090 0.0349

Toys & Games

Gemma-3-4B 0.0103 0.0063 0.0166 0.0083 0.0288 0.0114 0.0524 0.0161
Gemma-3-12B 0.0185 0.0121 0.0328 0.0168 0.0563 0.0230 0.1048 0.0331 Gemma-3-12B 0.0091 0.0060 0.0155 0.0081 0.0267 0.0109 0.0483 0.0152
Gemma-3-27B 0.0196 0.0129 0.0299 0.0163 0.0509 0.0218 0.0998 0.0317 Gemma-3-27B 0.0118 0.0079 0.0185 0.0101 0.0274 0.0123 0.0521 0.0172

Qwen2.5-VL-7B 0.0171 0.0107 0.0324 0.0159 0.0574 0.0224 0.1091 0.0330 Qwen2.5-VL-7B 0.0094 0.0064 0.0152 0.0082 0.0264 0.0110 0.0474 0.0152
Qwen2.5-VL-32B 0.0176 0.0111 0.0303 0.0155 0.0546 0.0218 0.1049 0.0322 Qwen2.5-VL-32B 0.0107 0.0065 0.0181 0.0089 0.0281 0.0114 0.0528 0.0162
Qwen2.5-VL-72B 0.0165 0.0100 0.0296 0.0144 0.0518 0.0202 0.1036 0.0308 Qwen2.5-VL-72B 0.0105 0.0070 0.0182 0.0095 0.0293 0.0122 0.0546 0.0172

Ground Truth 0.0203 0.0136 0.0329 0.0179 0.0551 0.0236 0.1088 0.0346 Ground Truth 0.0124 0.0080 0.0201 0.0104 0.0307 0.0131 0.0565 0.0181

Home

Gemma-3-4B 0.0100 0.0061 0.0177 0.0086 0.0310 0.0119 0.0622 0.0182

Video Games

Gemma-3-4B 0.0236 0.0154 0.0396 0.0206 0.0645 0.0270 0.1193 0.0379
Gemma-3-12B 0.0096 0.0060 0.0161 0.0081 0.0265 0.0108 0.0530 0.0160 Gemma-3-12B 0.0259 0.0164 0.0410 0.0214 0.0663 0.0278 0.1196 0.0385
Gemma-3-27B 0.0123 0.0078 0.0190 0.0100 0.0327 0.0135 0.0675 0.0205 Gemma-3-27B 0.0257 0.0168 0.0413 0.0219 0.0647 0.0278 0.1208 0.0390

Qwen2.5-VL-7B 0.0110 0.0079 0.0182 0.0103 0.0317 0.0137 0.0603 0.0194 Qwen2.5-VL-7B 0.0241 0.0155 0.0405 0.0208 0.0644 0.0269 0.1155 0.0371
Qwen2.5-VL-32B 0.0112 0.0071 0.0181 0.0094 0.0318 0.0129 0.0646 0.0194 Qwen2.5-VL-32B 0.0242 0.0152 0.0404 0.0205 0.0665 0.0272 0.1225 0.0384
Qwen2.5-VL-72B 0.0093 0.0062 0.0178 0.0089 0.0289 0.0117 0.0579 0.0174 Qwen2.5-VL-72B 0.0255 0.0169 0.0420 0.0222 0.0678 0.0288 0.1230 0.0398

Ground Truth 0.0109 0.0069 0.0169 0.0088 0.0277 0.0116 0.0592 0.0179 Ground Truth 0.0244 0.0158 0.0402 0.0209 0.0651 0.0273 0.1206 0.0384

Instruments

Gemma-3-4B 0.0206 0.0135 0.0333 0.0176 0.0524 0.0224 0.0939 0.0307
Gemma-3-12B 0.0199 0.0126 0.0324 0.0167 0.0520 0.0217 0.0922 0.0297
Gemma-3-27B 0.0199 0.0131 0.0324 0.0171 0.0527 0.0222 0.0939 0.0304

Qwen2.5-VL-7B 0.0189 0.0123 0.0307 0.0162 0.0498 0.0210 0.0916 0.0293
Qwen2.5-VL-32B 0.0208 0.0141 0.0336 0.0182 0.0513 0.0228 0.0923 0.0309
Qwen2.5-VL-72B 0.0197 0.0127 0.0337 0.0172 0.0524 0.0220 0.0940 0.0303

Ground Truth 0.0219 0.0146 0.0319 0.0179 0.0519 0.0229 0.0913 0.0308
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Table 8.15: Performance comparison for model BM3, combining Image-to-Text and Text-to-
Image. R and N denote Recall and NDCG. All numeric entries are preserved exactly from the
original six appendix tables.

(a) Image-to-Text
Datasets 1–5 Datasets 6–9

Dataset Completion Method R@5 N@5 R@10 N@10 R@20 N@20 R@50 N@50 Dataset Completion Method R@5 N@5 R@10 N@10 R@20 N@20 R@50 N@50

Arts

Gemma-3-4B 0.0560 0.0344 0.0889 0.0449 0.1371 0.0571 0.2239 0.0743

Office

Gemma-3-4B 0.0545 0.0348 0.0853 0.0448 0.1284 0.0556 0.2054 0.0709
Gemma-3-12B 0.0556 0.0342 0.0874 0.0445 0.1376 0.0572 0.2229 0.0741 Gemma-3-12B 0.0554 0.0353 0.0854 0.0450 0.1282 0.0557 0.2047 0.0709
Gemma-3-27B 0.0554 0.0342 0.0873 0.0445 0.1374 0.0571 0.2253 0.0746 Gemma-3-27B 0.0549 0.0351 0.0846 0.0447 0.1277 0.0556 0.2045 0.0708

Qwen2.5-VL-7B 0.0549 0.0338 0.0889 0.0448 0.1387 0.0574 0.2246 0.0744 Qwen2.5-VL-7B 0.0535 0.0341 0.0847 0.0441 0.1266 0.0547 0.2050 0.0702
Qwen2.5-VL-32B 0.0558 0.0346 0.0881 0.0450 0.1386 0.0577 0.2264 0.0751 Qwen2.5-VL-32B 0.0555 0.0352 0.0852 0.0448 0.1273 0.0555 0.2061 0.0711
Qwen2.5-VL-72B 0.0557 0.0340 0.0890 0.0447 0.1391 0.0574 0.2265 0.0746 Qwen2.5-VL-72B 0.0552 0.0352 0.0844 0.0447 0.1264 0.0553 0.2053 0.0710

Ground Truth 0.0539 0.0334 0.0879 0.0443 0.1366 0.0566 0.2224 0.0737 Ground Truth 0.0544 0.0345 0.0848 0.0443 0.1278 0.0552 0.2048 0.0704

Beauty

Gemma-3-4B 0.0108 0.0070 0.0173 0.0091 0.0241 0.0109 0.0460 0.0152

Scientific

Gemma-3-4B 0.0434 0.0297 0.0738 0.0394 0.1099 0.0485 0.1726 0.0609
Gemma-3-12B 0.0112 0.0077 0.0145 0.0088 0.0197 0.0101 0.0376 0.0137 Gemma-3-12B 0.0441 0.0303 0.0746 0.0400 0.1089 0.0487 0.1734 0.0614
Gemma-3-27B 0.0112 0.0068 0.0126 0.0074 0.0211 0.0095 0.0378 0.0129 Gemma-3-27B 0.0446 0.0301 0.0737 0.0394 0.1083 0.0481 0.1722 0.0607

Qwen2.5-VL-7B 0.0112 0.0065 0.0145 0.0075 0.0220 0.0094 0.0340 0.0119 Qwen2.5-VL-7B 0.0436 0.0298 0.0729 0.0392 0.1095 0.0484 0.1727 0.0609
Qwen2.5-VL-32B 0.0112 0.0077 0.0126 0.0082 0.0198 0.0100 0.0359 0.0134 Qwen2.5-VL-32B 0.0438 0.0300 0.0727 0.0393 0.1102 0.0488 0.1741 0.0614
Qwen2.5-VL-72B 0.0103 0.0064 0.0126 0.0072 0.0197 0.0091 0.0359 0.0123 Qwen2.5-VL-72B 0.0434 0.0295 0.0725 0.0388 0.1096 0.0482 0.1734 0.0608

Ground Truth 0.0104 0.0074 0.0123 0.0079 0.0198 0.0098 0.0363 0.0132 Ground Truth 0.0445 0.0304 0.0737 0.0398 0.1089 0.0487 0.1746 0.0616

Electronics

Gemma-3-4B 0.0236 0.0142 0.0406 0.0199 0.0711 0.0278 0.1324 0.0403

Toys & Games

Gemma-3-4B 0.0342 0.0232 0.0511 0.0286 0.0759 0.0349 0.1408 0.0476
Gemma-3-12B 0.0239 0.0143 0.0404 0.0198 0.0717 0.0280 0.1311 0.0401 Gemma-3-12B 0.0335 0.0225 0.0498 0.0278 0.0754 0.0342 0.1379 0.0465
Gemma-3-27B 0.0239 0.0143 0.0403 0.0198 0.0713 0.0279 0.1316 0.0401 Gemma-3-27B 0.0348 0.0233 0.0513 0.0286 0.0767 0.0349 0.1398 0.0473

Qwen2.5-VL-7B 0.0238 0.0143 0.0404 0.0199 0.0701 0.0276 0.1312 0.0401 Qwen2.5-VL-7B 0.0339 0.0228 0.0514 0.0284 0.0758 0.0345 0.1385 0.0469
Qwen2.5-VL-32B 0.0238 0.0143 0.0397 0.0196 0.0709 0.0277 0.1301 0.0398 Qwen2.5-VL-32B 0.0343 0.0231 0.0510 0.0285 0.0757 0.0348 0.1395 0.0473
Qwen2.5-VL-72B 0.0237 0.0143 0.0399 0.0197 0.0703 0.0277 0.1314 0.0401 Qwen2.5-VL-72B 0.0337 0.0228 0.0520 0.0287 0.0756 0.0346 0.1391 0.0471

Ground Truth 0.0238 0.0145 0.0420 0.0206 0.0724 0.0285 0.1328 0.0408 Ground Truth 0.0351 0.0233 0.0520 0.0287 0.0765 0.0349 0.1406 0.0476

Home

Gemma-3-4B 0.0294 0.0185 0.0521 0.0258 0.0818 0.0332 0.1531 0.0474

Video Games

Gemma-3-4B 0.0582 0.0384 0.0933 0.0497 0.1425 0.0622 0.2352 0.0807
Gemma-3-12B 0.0296 0.0186 0.0523 0.0259 0.0818 0.0332 0.1536 0.0475 Gemma-3-12B 0.0578 0.0382 0.0940 0.0499 0.1432 0.0624 0.2344 0.0806
Gemma-3-27B 0.0293 0.0185 0.0507 0.0254 0.0820 0.0332 0.1528 0.0473 Gemma-3-27B 0.0586 0.0385 0.0938 0.0498 0.1427 0.0623 0.2347 0.0806

Qwen2.5-VL-7B 0.0303 0.0198 0.0504 0.0262 0.0825 0.0344 0.1540 0.0485 Qwen2.5-VL-7B 0.0590 0.0391 0.0945 0.0505 0.1436 0.0630 0.2360 0.0814
Qwen2.5-VL-32B 0.0294 0.0185 0.0512 0.0255 0.0823 0.0334 0.1533 0.0474 Qwen2.5-VL-32B 0.0580 0.0385 0.0940 0.0501 0.1421 0.0624 0.2354 0.0809
Qwen2.5-VL-72B 0.0293 0.0185 0.0507 0.0254 0.0825 0.0334 0.1528 0.0473 Qwen2.5-VL-72B 0.0586 0.0386 0.0939 0.0500 0.1422 0.0623 0.2345 0.0807

Ground Truth 0.0293 0.0185 0.0521 0.0258 0.0815 0.0332 0.1528 0.0473 Ground Truth 0.0594 0.0391 0.0944 0.0504 0.1434 0.0629 0.2362 0.0814

Instruments

Gemma-3-4B 0.0624 0.0398 0.0941 0.0500 0.1428 0.0623 0.2411 0.0818
Gemma-3-12B 0.0623 0.0408 0.0953 0.0514 0.1437 0.0637 0.2432 0.0835
Gemma-3-27B 0.0621 0.0401 0.0949 0.0507 0.1420 0.0627 0.2427 0.0827

Qwen2.5-VL-7B 0.0621 0.0404 0.0952 0.0510 0.1418 0.0629 0.2434 0.0830
Qwen2.5-VL-32B 0.0618 0.0401 0.0947 0.0508 0.1428 0.0630 0.2454 0.0834
Qwen2.5-VL-72B 0.0630 0.0412 0.0951 0.0515 0.1431 0.0638 0.2451 0.0840

Ground Truth 0.0630 0.0408 0.0955 0.0512 0.1420 0.0631 0.2437 0.0833

(b) Text-to-Image
Datasets 1–5 Datasets 6–9

Dataset Completion Method R@5 N@5 R@10 N@10 R@20 N@20 R@50 N@50 Dataset Completion Method R@5 N@5 R@10 N@10 R@20 N@20 R@50 N@50

Arts

Gemma-3-4B 0.0559 0.0348 0.0881 0.0452 0.1402 0.0584 0.2271 0.0756

Office

Gemma-3-4B 0.0549 0.0349 0.0870 0.0453 0.1284 0.0557 0.2041 0.0708
Gemma-3-12B 0.0562 0.0359 0.0903 0.0469 0.1403 0.0595 0.2226 0.0759 Gemma-3-12B 0.0542 0.0343 0.0854 0.0444 0.1285 0.0553 0.2039 0.0703
Gemma-3-27B 0.0561 0.0350 0.0908 0.0462 0.1395 0.0585 0.2205 0.0747 Gemma-3-27B 0.0539 0.0343 0.0868 0.0449 0.1269 0.0551 0.2039 0.0704

Qwen2.5-VL-7B 0.0566 0.0355 0.0902 0.0463 0.1403 0.0590 0.2213 0.0752 Qwen2.5-VL-7B 0.0547 0.0347 0.0861 0.0449 0.1304 0.0561 0.2057 0.0710
Qwen2.5-VL-32B 0.0560 0.0344 0.0920 0.0460 0.1405 0.0582 0.2260 0.0752 Qwen2.5-VL-32B 0.0554 0.0354 0.0865 0.0455 0.1298 0.0564 0.2049 0.0712
Qwen2.5-VL-72B 0.0549 0.0344 0.0893 0.0455 0.1392 0.0581 0.2239 0.0750 Qwen2.5-VL-72B 0.0552 0.0347 0.0864 0.0448 0.1291 0.0555 0.2031 0.0702

Ground Truth 0.0539 0.0334 0.0879 0.0443 0.1366 0.0566 0.2224 0.0737 Ground Truth 0.0544 0.0345 0.0848 0.0443 0.1278 0.0552 0.2048 0.0704

Beauty

Gemma-3-4B 0.0103 0.0066 0.0131 0.0075 0.0222 0.0098 0.0432 0.0140

Scientific

Gemma-3-4B 0.0455 0.0303 0.0737 0.0393 0.1087 0.0483 0.1760 0.0615
Gemma-3-12B 0.0104 0.0075 0.0151 0.0089 0.0202 0.0102 0.0345 0.0131 Gemma-3-12B 0.0476 0.0321 0.0704 0.0394 0.1041 0.0479 0.1697 0.0609
Gemma-3-27B 0.0095 0.0071 0.0141 0.0084 0.0204 0.0100 0.0349 0.0129 Gemma-3-27B 0.0466 0.0309 0.0731 0.0395 0.1097 0.0487 0.1799 0.0625

Qwen2.5-VL-7B 0.0103 0.0063 0.0123 0.0069 0.0212 0.0092 0.0422 0.0135 Qwen2.5-VL-7B 0.0472 0.0317 0.0752 0.0406 0.1116 0.0498 0.1769 0.0627
Qwen2.5-VL-32B 0.0122 0.0070 0.0146 0.0078 0.0230 0.0099 0.0404 0.0134 Qwen2.5-VL-32B 0.0451 0.0303 0.0734 0.0394 0.1064 0.0478 0.1736 0.0610
Qwen2.5-VL-72B 0.0103 0.0061 0.0151 0.0077 0.0221 0.0094 0.0408 0.0131 Qwen2.5-VL-72B 0.0463 0.0316 0.0738 0.0404 0.1113 0.0499 0.1759 0.0626

Ground Truth 0.0104 0.0074 0.0123 0.0079 0.0198 0.0098 0.0363 0.0132 Ground Truth 0.0445 0.0304 0.0737 0.0398 0.1089 0.0487 0.1746 0.0616

Electronics

Gemma-3-4B 0.0242 0.0148 0.0429 0.0211 0.0727 0.0289 0.1334 0.0413

Toys & Games

Gemma-3-4B 0.0332 0.0223 0.0512 0.0281 0.0772 0.0346 0.1392 0.0468
Gemma-3-12B 0.0243 0.0148 0.0431 0.0211 0.0727 0.0289 0.1341 0.0414 Gemma-3-12B 0.0340 0.0227 0.0523 0.0286 0.0775 0.0349 0.1391 0.0470
Gemma-3-27B 0.0243 0.0147 0.0430 0.0210 0.0716 0.0285 0.1332 0.0411 Gemma-3-27B 0.0327 0.0218 0.0512 0.0277 0.0784 0.0345 0.1397 0.0466

Qwen2.5-VL-7B 0.0250 0.0151 0.0430 0.0211 0.0727 0.0289 0.1344 0.0415 Qwen2.5-VL-7B 0.0339 0.0224 0.0514 0.0280 0.0759 0.0342 0.1404 0.0469
Qwen2.5-VL-32B 0.0242 0.0147 0.0366 0.0188 0.0730 0.0283 0.1290 0.0396 Qwen2.5-VL-32B 0.0331 0.0224 0.0516 0.0284 0.0768 0.0347 0.1386 0.0469
Qwen2.5-VL-72B 0.0243 0.0148 0.0427 0.0210 0.0731 0.0289 0.1340 0.0413 Qwen2.5-VL-72B 0.0334 0.0224 0.0507 0.0280 0.0781 0.0348 0.1390 0.0468

Ground Truth 0.0238 0.0145 0.0420 0.0206 0.0724 0.0285 0.1328 0.0408 Ground Truth 0.0351 0.0233 0.0520 0.0287 0.0765 0.0349 0.1406 0.0476

Home

Gemma-3-4B 0.0299 0.0205 0.0489 0.0266 0.0817 0.0349 0.1507 0.0487

Video Games

Gemma-3-4B 0.0615 0.0400 0.0970 0.0515 0.1462 0.0640 0.2369 0.0821
Gemma-3-12B 0.0299 0.0210 0.0491 0.0272 0.0826 0.0357 0.1516 0.0494 Gemma-3-12B 0.0623 0.0400 0.0981 0.0516 0.1474 0.0641 0.2408 0.0828
Gemma-3-27B 0.0299 0.0202 0.0484 0.0261 0.0812 0.0345 0.1503 0.0483 Gemma-3-27B 0.0615 0.0398 0.0982 0.0517 0.1475 0.0642 0.2430 0.0833

Qwen2.5-VL-7B 0.0296 0.0203 0.0491 0.0266 0.0808 0.0347 0.1505 0.0486 Qwen2.5-VL-7B 0.0608 0.0399 0.0963 0.0513 0.1456 0.0639 0.2388 0.0825
Qwen2.5-VL-32B 0.0296 0.0203 0.0490 0.0266 0.0812 0.0348 0.1511 0.0488 Qwen2.5-VL-32B 0.0602 0.0395 0.0972 0.0515 0.1450 0.0636 0.2370 0.0820
Qwen2.5-VL-72B 0.0301 0.0202 0.0492 0.0263 0.0805 0.0343 0.1509 0.0484 Qwen2.5-VL-72B 0.0574 0.0377 0.0939 0.0495 0.1424 0.0618 0.2369 0.0807

Ground Truth 0.0293 0.0185 0.0521 0.0258 0.0815 0.0332 0.1528 0.0473 Ground Truth 0.0594 0.0391 0.0944 0.0504 0.1434 0.0629 0.2362 0.0814

Instruments

Gemma-3-4B 0.0654 0.0420 0.0981 0.0525 0.1449 0.0644 0.2482 0.0849
Gemma-3-12B 0.0639 0.0414 0.0967 0.0520 0.1446 0.0641 0.2466 0.0844
Gemma-3-27B 0.0635 0.0413 0.0971 0.0521 0.1451 0.0642 0.2479 0.0846

Qwen2.5-VL-7B 0.0631 0.0407 0.0972 0.0517 0.1447 0.0637 0.2486 0.0844
Qwen2.5-VL-32B 0.0640 0.0414 0.0949 0.0513 0.1449 0.0640 0.2464 0.0841
Qwen2.5-VL-72B 0.0630 0.0405 0.0980 0.0518 0.1458 0.0640 0.2487 0.0845

Ground Truth 0.0630 0.0408 0.0955 0.0512 0.1420 0.0631 0.2437 0.0833
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Table 8.16: Performance comparison for model FREEDOM, combining Image-to-Text and
Text-to-Image. R and N denote Recall and NDCG. All numeric entries are preserved exactly
from the original six appendix tables.

(a) Image-to-Text
Datasets 1–5 Datasets 6–9

Dataset Completion Method R@5 N@5 R@10 N@10 R@20 N@20 R@50 N@50 Dataset Completion Method R@5 N@5 R@10 N@10 R@20 N@20 R@50 N@50

Arts

Gemma-3-4B 0.0501 0.0323 0.0880 0.0445 0.1424 0.0583 0.2301 0.0757

Office

Gemma-3-4B 0.0509 0.0328 0.0818 0.0428 0.1251 0.0537 0.2007 0.0687
Gemma-3-12B 0.0522 0.0332 0.0871 0.0445 0.1372 0.0570 0.2316 0.0758 Gemma-3-12B 0.0509 0.0325 0.0824 0.0427 0.1245 0.0533 0.2044 0.0691
Gemma-3-27B 0.0533 0.0334 0.0893 0.0450 0.1444 0.0589 0.2307 0.0761 Gemma-3-27B 0.0514 0.0328 0.0804 0.0422 0.1246 0.0533 0.2028 0.0688

Qwen2.5-VL-7B 0.0515 0.0332 0.0886 0.0450 0.1370 0.0571 0.2287 0.0755 Qwen2.5-VL-7B 0.0507 0.0319 0.0813 0.0417 0.1250 0.0528 0.1997 0.0676
Qwen2.5-VL-32B 0.0493 0.0316 0.0859 0.0434 0.1364 0.0562 0.2290 0.0746 Qwen2.5-VL-32B 0.0497 0.0319 0.0810 0.0420 0.1245 0.0530 0.2017 0.0683
Qwen2.5-VL-72B 0.0521 0.0336 0.0845 0.0440 0.1416 0.0585 0.2329 0.0766 Qwen2.5-VL-72B 0.0497 0.0318 0.0800 0.0415 0.1233 0.0524 0.2009 0.0678

Ground Truth 0.0545 0.0349 0.0912 0.0467 0.1446 0.0603 0.2341 0.0782 Ground Truth 0.0533 0.0342 0.0859 0.0448 0.1279 0.0554 0.2065 0.0709

Beauty

Gemma-3-4B 0.0140 0.0100 0.0223 0.0126 0.0378 0.0167 0.0614 0.0213

Scientific

Gemma-3-4B 0.0515 0.0342 0.0798 0.0434 0.1178 0.0529 0.1796 0.0652
Gemma-3-12B 0.0159 0.0099 0.0265 0.0134 0.0358 0.0158 0.0716 0.0232 Gemma-3-12B 0.0509 0.0333 0.0761 0.0415 0.1155 0.0514 0.1844 0.0651
Gemma-3-27B 0.0176 0.0113 0.0265 0.0143 0.0409 0.0179 0.0776 0.0255 Gemma-3-27B 0.0515 0.0345 0.0793 0.0436 0.1158 0.0528 0.1840 0.0664

Qwen2.5-VL-7B 0.0197 0.0135 0.0331 0.0180 0.0421 0.0203 0.0575 0.0236 Qwen2.5-VL-7B 0.0525 0.0347 0.0778 0.0429 0.1198 0.0534 0.1811 0.0655
Qwen2.5-VL-32B 0.0187 0.0117 0.0256 0.0139 0.0366 0.0168 0.0609 0.0218 Qwen2.5-VL-32B 0.0514 0.0332 0.0767 0.0414 0.1143 0.0507 0.1817 0.0641
Qwen2.5-VL-72B 0.0154 0.0101 0.0300 0.0147 0.0417 0.0177 0.0652 0.0225 Qwen2.5-VL-72B 0.0512 0.0330 0.0799 0.0423 0.1204 0.0525 0.1864 0.0656

Ground Truth 0.0187 0.0106 0.0314 0.0147 0.0487 0.0192 0.0844 0.0264 Ground Truth 0.0541 0.0348 0.0788 0.0428 0.1180 0.0527 0.1908 0.0672

Electronics

Gemma-3-4B 0.0319 0.0198 0.0456 0.0243 0.0792 0.0332 0.1533 0.0483

Toys & Games

Gemma-3-4B 0.0355 0.0236 0.0534 0.0294 0.0797 0.0360 0.1356 0.0470
Gemma-3-12B 0.0269 0.0163 0.0475 0.0232 0.0790 0.0314 0.1565 0.0472 Gemma-3-12B 0.0351 0.0235 0.0543 0.0297 0.0817 0.0366 0.1425 0.0486
Gemma-3-27B 0.0238 0.0147 0.0389 0.0197 0.0729 0.0286 0.1403 0.0424 Gemma-3-27B 0.0374 0.0251 0.0558 0.0310 0.0844 0.0382 0.1434 0.0499

Qwen2.5-VL-7B 0.0231 0.0150 0.0407 0.0207 0.0802 0.0309 0.1579 0.0467 Qwen2.5-VL-7B 0.0365 0.0247 0.0532 0.0301 0.0796 0.0367 0.1383 0.0483
Qwen2.5-VL-32B 0.0229 0.0149 0.0410 0.0209 0.0791 0.0309 0.1464 0.0447 Qwen2.5-VL-32B 0.0352 0.0234 0.0544 0.0296 0.0800 0.0360 0.1408 0.0479
Qwen2.5-VL-72B 0.0286 0.0181 0.0464 0.0239 0.0810 0.0330 0.1564 0.0486 Qwen2.5-VL-72B 0.0364 0.0239 0.0547 0.0298 0.0808 0.0364 0.1352 0.0471

Ground Truth 0.0309 0.0191 0.0541 0.0267 0.0885 0.0358 0.1543 0.0492 Ground Truth 0.0376 0.0255 0.0559 0.0314 0.0851 0.0388 0.1452 0.0506

Home

Gemma-3-4B 0.0314 0.0214 0.0494 0.0273 0.0838 0.0360 0.1511 0.0495

Video Games

Gemma-3-4B 0.0638 0.0417 0.0997 0.0533 0.1528 0.0668 0.2530 0.0869
Gemma-3-12B 0.0320 0.0217 0.0505 0.0277 0.0823 0.0358 0.1537 0.0501 Gemma-3-12B 0.0625 0.0409 0.0996 0.0530 0.1524 0.0664 0.2505 0.0860
Gemma-3-27B 0.0323 0.0219 0.0495 0.0275 0.0839 0.0362 0.1528 0.0500 Gemma-3-27B 0.0624 0.0413 0.0995 0.0533 0.1550 0.0675 0.2528 0.0870

Qwen2.5-VL-7B 0.0322 0.0219 0.0501 0.0276 0.0833 0.0361 0.1581 0.0510 Qwen2.5-VL-7B 0.0615 0.0403 0.1000 0.0528 0.1549 0.0667 0.2496 0.0857
Qwen2.5-VL-32B 0.0327 0.0222 0.0523 0.0286 0.0839 0.0366 0.1534 0.0505 Qwen2.5-VL-32B 0.0622 0.0403 0.0979 0.0518 0.1538 0.0660 0.2516 0.0856
Qwen2.5-VL-72B 0.0327 0.0223 0.0515 0.0285 0.0833 0.0365 0.1528 0.0505 Qwen2.5-VL-72B 0.0614 0.0402 0.1005 0.0528 0.1526 0.0661 0.2514 0.0859

Ground Truth 0.0312 0.0215 0.0500 0.0276 0.0803 0.0353 0.1544 0.0501 Ground Truth 0.0623 0.0404 0.0985 0.0521 0.1523 0.0658 0.2508 0.0855

Instruments

Gemma-3-4B 0.0651 0.0426 0.1024 0.0547 0.1503 0.0668 0.2515 0.0870
Gemma-3-12B 0.0656 0.0417 0.1016 0.0534 0.1502 0.0657 0.2504 0.0856
Gemma-3-27B 0.0634 0.0410 0.1012 0.0531 0.1504 0.0656 0.2504 0.0854

Qwen2.5-VL-7B 0.0635 0.0415 0.1009 0.0537 0.1515 0.0665 0.2519 0.0865
Qwen2.5-VL-32B 0.0640 0.0416 0.1020 0.0539 0.1497 0.0660 0.2506 0.0861
Qwen2.5-VL-72B 0.0653 0.0424 0.1004 0.0537 0.1508 0.0665 0.2513 0.0865

Ground Truth 0.0651 0.0425 0.1031 0.0548 0.1539 0.0676 0.2544 0.0877

(b) Text-to-Image
Datasets 1–5 Datasets 6–9

Dataset Completion Method R@5 N@5 R@10 N@10 R@20 N@20 R@50 N@50 Dataset Completion Method R@5 N@5 R@10 N@10 R@20 N@20 R@50 N@50

Arts

Gemma-3-4B 0.0551 0.0346 0.0919 0.0464 0.1445 0.0597 0.2348 0.0776

Office

Gemma-3-4B 0.0525 0.0335 0.0844 0.0438 0.1265 0.0545 0.2072 0.0704
Gemma-3-12B 0.0561 0.0349 0.0902 0.0459 0.1440 0.0595 0.2352 0.0777 Gemma-3-12B 0.0535 0.0342 0.0859 0.0447 0.1269 0.0551 0.2070 0.0709
Gemma-3-27B 0.0547 0.0348 0.0923 0.0470 0.1458 0.0605 0.2366 0.0785 Gemma-3-27B 0.0533 0.0341 0.0862 0.0447 0.1278 0.0552 0.2073 0.0709

Qwen2.5-VL-7B 0.0547 0.0341 0.0916 0.0459 0.1450 0.0594 0.2363 0.0776 Qwen2.5-VL-7B 0.0533 0.0340 0.0859 0.0445 0.1269 0.0549 0.2064 0.0706
Qwen2.5-VL-32B 0.0554 0.0348 0.0926 0.0467 0.1445 0.0598 0.2352 0.0779 Qwen2.5-VL-32B 0.0538 0.0344 0.0859 0.0447 0.1273 0.0552 0.2061 0.0708
Qwen2.5-VL-72B 0.0554 0.0350 0.0919 0.0467 0.1451 0.0601 0.2360 0.0782 Qwen2.5-VL-72B 0.0529 0.0340 0.0860 0.0447 0.1281 0.0553 0.2083 0.0711

Ground Truth 0.0545 0.0349 0.0912 0.0467 0.1446 0.0603 0.2341 0.0782 Ground Truth 0.0533 0.0342 0.0859 0.0448 0.1279 0.0554 0.2065 0.0709

Beauty

Gemma-3-4B 0.0206 0.0110 0.0295 0.0139 0.0523 0.0198 0.0929 0.0279

Scientific

Gemma-3-4B 0.0532 0.0345 0.0781 0.0426 0.1167 0.0523 0.1913 0.0671
Gemma-3-12B 0.0164 0.0094 0.0318 0.0144 0.0476 0.0186 0.0825 0.0254 Gemma-3-12B 0.0518 0.0344 0.0771 0.0425 0.1186 0.0530 0.1887 0.0669
Gemma-3-27B 0.0178 0.0097 0.0318 0.0144 0.0476 0.0185 0.0813 0.0252 Gemma-3-27B 0.0493 0.0327 0.0814 0.0430 0.1184 0.0522 0.1898 0.0664

Qwen2.5-VL-7B 0.0197 0.0112 0.0304 0.0147 0.0499 0.0198 0.0904 0.0280 Qwen2.5-VL-7B 0.0519 0.0336 0.0804 0.0428 0.1178 0.0522 0.1905 0.0666
Qwen2.5-VL-32B 0.0183 0.0104 0.0304 0.0144 0.0457 0.0186 0.0825 0.0259 Qwen2.5-VL-32B 0.0521 0.0344 0.0786 0.0429 0.1178 0.0528 0.1862 0.0664
Qwen2.5-VL-72B 0.0201 0.0121 0.0337 0.0165 0.0467 0.0200 0.0789 0.0265 Qwen2.5-VL-72B 0.0498 0.0329 0.0795 0.0426 0.1182 0.0523 0.1911 0.0667

Ground Truth 0.0187 0.0106 0.0314 0.0147 0.0487 0.0192 0.0844 0.0264 Ground Truth 0.0541 0.0348 0.0788 0.0428 0.1180 0.0527 0.1908 0.0672

Electronics

Gemma-3-4B 0.0321 0.0195 0.0539 0.0267 0.0911 0.0364 0.1545 0.0493

Toys & Games

Gemma-3-4B 0.0373 0.0252 0.0556 0.0311 0.0854 0.0386 0.1463 0.0506
Gemma-3-12B 0.0302 0.0186 0.0544 0.0265 0.0893 0.0357 0.1553 0.0492 Gemma-3-12B 0.0378 0.0252 0.0559 0.0311 0.0847 0.0384 0.1426 0.0499
Gemma-3-27B 0.0315 0.0192 0.0528 0.0263 0.0880 0.0355 0.1523 0.0487 Gemma-3-27B 0.0371 0.0251 0.0571 0.0315 0.0851 0.0385 0.1451 0.0504

Qwen2.5-VL-7B 0.0314 0.0192 0.0544 0.0268 0.0884 0.0357 0.1538 0.0491 Qwen2.5-VL-7B 0.0376 0.0253 0.0557 0.0312 0.0851 0.0386 0.1451 0.0504
Qwen2.5-VL-32B 0.0315 0.0194 0.0547 0.0270 0.0904 0.0364 0.1535 0.0493 Qwen2.5-VL-32B 0.0382 0.0255 0.0553 0.0310 0.0843 0.0383 0.1448 0.0503
Qwen2.5-VL-72B 0.0315 0.0193 0.0545 0.0269 0.0897 0.0361 0.1547 0.0494 Qwen2.5-VL-72B 0.0373 0.0253 0.0558 0.0312 0.0848 0.0385 0.1453 0.0505

Ground Truth 0.0309 0.0191 0.0541 0.0267 0.0885 0.0358 0.1543 0.0492 Ground Truth 0.0376 0.0255 0.0559 0.0314 0.0851 0.0388 0.1452 0.0506

Home

Gemma-3-4B 0.0307 0.0215 0.0486 0.0273 0.0843 0.0363 0.1540 0.0502

Video Games

Gemma-3-4B 0.0621 0.0406 0.0990 0.0525 0.1541 0.0666 0.2519 0.0861
Gemma-3-12B 0.0327 0.0225 0.0505 0.0282 0.0806 0.0358 0.1518 0.0501 Gemma-3-12B 0.0605 0.0392 0.0968 0.0510 0.1514 0.0648 0.2497 0.0844
Gemma-3-27B 0.0319 0.0217 0.0503 0.0277 0.0825 0.0358 0.1526 0.0498 Gemma-3-27B 0.0623 0.0403 0.0991 0.0522 0.1521 0.0657 0.2532 0.0859

Qwen2.5-VL-7B 0.0303 0.0210 0.0480 0.0268 0.0835 0.0358 0.1540 0.0499 Qwen2.5-VL-7B 0.0608 0.0394 0.0966 0.0510 0.1507 0.0647 0.2507 0.0847
Qwen2.5-VL-32B 0.0309 0.0214 0.0476 0.0269 0.0832 0.0359 0.1537 0.0500 Qwen2.5-VL-32B 0.0620 0.0404 0.1001 0.0528 0.1539 0.0664 0.2535 0.0863
Qwen2.5-VL-72B 0.0307 0.0213 0.0474 0.0267 0.0844 0.0361 0.1546 0.0501 Qwen2.5-VL-72B 0.0630 0.0408 0.0999 0.0527 0.1534 0.0663 0.2518 0.0859

Ground Truth 0.0312 0.0215 0.0500 0.0276 0.0803 0.0353 0.1544 0.0501 Ground Truth 0.0623 0.0404 0.0985 0.0521 0.1523 0.0658 0.2508 0.0855

Instruments

Gemma-3-4B 0.0651 0.0423 0.1041 0.0548 0.1540 0.0675 0.2535 0.0873
Gemma-3-12B 0.0650 0.0423 0.1052 0.0553 0.1544 0.0677 0.2521 0.0872
Gemma-3-27B 0.0659 0.0422 0.1049 0.0548 0.1552 0.0675 0.2551 0.0874

Qwen2.5-VL-7B 0.0645 0.0419 0.1041 0.0548 0.1552 0.0677 0.2528 0.0871
Qwen2.5-VL-32B 0.0655 0.0424 0.1047 0.0550 0.1541 0.0675 0.2537 0.0874
Qwen2.5-VL-72B 0.0653 0.0423 0.1028 0.0544 0.1531 0.0672 0.2533 0.0872

Ground Truth 0.0651 0.0425 0.1031 0.0548 0.1539 0.0676 0.2544 0.0877



Chapter 9

LLMPopcorn: Popularity-Oriented
Micro-Video Generation

Publication Note

This chapter is adapted from: Junchen Fu, Xuri Ge, Kaiwen Zheng, Alexandros Karatzoglou,
Ioannis Arapakis, Xin Xin, Yongxin Ni, and Joemon M. Jose. LLMPopcorn: Exploring LLMs
as Assistants for Popular Micro-video Generation. ICASSP 2026.

Chapter Positioning

This chapter completes the thesis by moving from platform-side product completion to
user/content-side generation. LLMPopcorn studies how LLMs can assist the creation of
micro-videos that are more likely to attract engagement, making recommendation-oriented
adaptation visible at the content-production end of the system.

9.1 Introduction

Micro-videos (or short videos) have emerged as a crucial element of the digital economy, rep-
resenting a multi-billion-dollar industry (J. Guo et al., 2024). They have become an integral
part of daily life for people worldwide, providing substantial commercial value for social media
platforms and content creators. Popular content creators can receive significant revenue through
their content (Ran et al., 2022), which underscores the ever-growing influence of micro-videos
in modern society.

Despite their widespread popularity and financial impact, producing popular micro-video
content remains a costly and labour-intensive process. Professional filming, scripting, and edit-
ing require significant time and resources, which not all creators or businesses can afford. Driven
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by these challenges, we explore simplifying the micro-video creation process using state-of-the-
art AI solutions, with a particular focus on generating popular micro-videos.

On one hand, the rapid advancement of Large Language Models (LLMs) like ChatGPT
has unlocked new possibilities for content generation, demonstrating strong capabilities in tasks
such as document summarisation (Jin, Zhang, Meng, Wang, & Tan, 2024), programming (Y. Cai
et al., 2023), and recommendation (Fu, Ge, Xin, Karatzoglou, et al., 2025). On the other hand,
video generation models powered by diffusion techniques and neural rendering are transforming
creative content production, enabling high-quality synthesis for applications in film production
and interactive media (Y. Liu, Zhang, Li, et al., 2024). Significant breakthroughs in LLMs and
video generation models have prompted many studies (P. Zhou et al., 2024) to integrate LLMs
to facilitate automatic video generation. For instance, VideoLLMs like VideoPoet (Kondratyuk
et al., 2023) and GPT4Video (Z. Wang et al., 2024) leverage LLMs and video generation models
for multimodal video understanding and generation.

Current studies on LLMs for video generation overlook their role in creating popular micro-
videos, focusing instead on quality metrics like resolution and duration. Recent research, in-
cluding models like those in (J. Lu et al., 2024) and datasets like MicroLens (Y. Ni et al., 2023),
emphasises micro-video popularity prediction. However, the use of mainstream LLMs to gen-
erate highly popular micro-videos, leveraging their text generation and planning capabilities
(W. Wu, Zhu, & Shou, 2025), remains underexplored.

Driven by the above insights, we present an initial exploration of whether LLMs can assist in

the popular micro-video creation. To address this research question systematically, we propose
and investigate the following three Research Questions (RQs):
RQ9.1: How can LLMs be effectively utilised to assist popular micro-video generation?

We present LLMPopcorn, a micro-video creation pipeline that uses LLMs to generate prompts
for popular video production. To assess popularity, we integrate a state-of-the-art offline evalu-
ator and compare three mainstream LLMs against human-created videos.
RQ9.2: To what extent can prompt-based enhancements optimise the content generated by

LLMs for achieving greater popularity?

We propose a prompt enhancement method that combines Retrieval-Augmented Generation
(RAG) (Lewis et al., 2020) and chain-of-thought (CoT) prompting (J. Wei et al., 2022), inspired
by human content creation.
RQ9.3: How do various LLMs and video generators perform on popular micro-video genera-

tion?

We compare five LLMs and three video generation models using the LLMPopcorn pipeline.
By investigating these research questions, this study represents an initial exploration of this

emerging domain, providing key insights into AI-assisted micro-video creation.
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Figure 9.1: Overview of the LLMPopcorn pipeline. An LLM processes a user query, generating
a video title and prompt for a video generator to create a micro-video. The video and title are
then evaluated for predicted popularity.

9.2 The Proposed LLMPopcorn

9.2.1 Problem Formulation

We consider a problem in which a user provides an input prompt x∈X . An LLM processes this
prompt and generates both a video title and a video prompt, which we denote by (t, p) = f (x),
where t belongs to the set of titles T and p belongs to the set of video prompts P . Next,
a pre-trained video generation model g uses the generated prompt to produce an AI-created
micro-video v ∈ V , that is, v = g(p). An offline video popularity predictor h then assigns a
popularity score s ∈R to the generated video, so that s = h(v, t). Overall, the entire pipeline can
be represented as the composite function:

(t, p) = f (x), v = g(p), F(x) = h(v, t) = h(g(p), t).

The objective is to optimise the LLM function f (with g and h fixed) to maximise the ex-
pected popularity score of the generated videos. Formally, we wish to achieve:

max
f∈F

Ex∼X

[
h
(
g(p f (x)), t f (x)

)]
,
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Figure 9.2: An overview of the Prompt Enhancement (PE) process. PE enables the LLM to
review relevant micro-videos from the database and engage in chain-of-thought reasoning.

where F denotes the set of all possible configurations of the LLM. This formulation captures
the aim of leveraging LLMs to enhance the creation of popular AI-generated micro-videos.

9.2.2 Pipeline

Based on the problem formulation, we propose a new LLMPopcorn pipeline in Figure 9.1
that begins by constructing user prompts, categorised into concrete and abstract prompts,

which are constructed by rules into inputs for an LLM. The LLM serves as a video generation
assistant, producing video titles and video generation prompts based on these inputs. These
video generation prompts are then fed into a video generator to create corresponding videos. The
generated videos are combined with their titles to form final short videos, which are subsequently
evaluated using a pre-trained video popularity prediction model to assess their potential impact.
This pipeline streamlines the process of AI-driven video generation and evaluation, enabling
automatic popular micro-video content creation.

9.2.3 Prompt Enhancement

We demonstrate the Prompt Enhancement process in Figure 9.2, which enhances the input
prompt for the LLM using a process inspired by human content creators. Formally, let x ∈X

be the user prompt (e.g., “Create a video showcasing Goku’s most iconic transformations in
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Dragon Ball."). An embedding function fembed : X → Rd maps x to its vector representation:

x = fembed(x).

Given a predefined set of topic tags T (e.g., Food, Anime, Movie) with corresponding em-
beddings, a matching algorithm based on cosine similarity is used to select the most relevant
tags:

Tx = argmaxt∈T sim
(
x, fembed(t)

)
,

where sim(·, ·) denotes the cosine similarity. For each selected tag t ∈ Tx, the system retrieves
Top-K associated video samples from the test set of the MicroLens dataset1 and partitions them
into positive examples S+t and negative examples S−t based on popularity. Finally, an enhance-
ment function constructs the new prompt:

x′ = Enhance
(

x,
⋃

t∈Tx

{S+t , S−t }
)
,

which is then used to guide the video generation.

9.3 Experiment Setup

Dataset. To enhance comprehensiveness, we designed two types of user prompts as inputs
for the LLM: Concrete and Abstract. The user prompts are primarily derived from five key
categories—Anime, Delicacy, Daily Sharing, Film & Television, and Gaming. We reference the
MicroLens dataset (Y. Ni et al., 2023), as it is the largest available micro-video dataset. Concrete
prompts include specific elements that provide clear details, while abstract prompts describe
videos in a more general and high-level manner. Specifically, we utilised GPT-4o (Hurst et
al., 2024) to generate two corresponding user prompt datasets, each containing one hundred

prompts, based on instructions to include either concrete elements or general content.2

These datasets are further divided into the aforementioned five categories, with each category
comprising twenty prompts. This approach ensures a balanced and diverse set of prompts across
all categories, catering to both specific and broad input styles for the LLM.
Evaluation. In this study, we assess the popularity of generated micro-videos using the MMRA
model (Zhong et al., 2024), defining popularity as the median number of comments for robust-
ness, as per (Zhong et al., 2024). Higher values indicate greater median engagement, suggesting
videos with higher engagement potential. In model-wise comparisons (e.g., Section 9.5 and
Section 9.6), we use Win-Rate (Y. Gao, Xu, Wang, & Cohan, 2024) to evaluate model perfor-

1Since MMRA is trained on the training set of the MicroLens dataset, we exclusively use the test set to prevent
data leakage.

2Due to the high cost of video generation, a total of 200 prompts is comparable in size to existing video-
generation datasets (Chivileva et al., 2024).



CHAPTER 9. LLMPOPCORN 174

Table 9.1: Comparison of popularity across different categories and LLMs.

Category Abstract Concrete
Llama DeepSeek GPT Llama DeepSeek GPT

Anime 0.54 0.92 0.63 0.37 0.45 0.39
Daily Sharing 0.59 0.36 0.23 0.28 0.69 0.61
Delicacy 0.48 1.12 0.64 0.66 0.59 1.24
Film 0.68 1.02 0.82 0.46 0.66 0.35
Game 0.38 0.49 0.55 0.35 0.30 0.56

Table 9.2: Comparison of popularity medians for video generation tasks (using CogVideoX-
5b as the video generator). Human-created videos are included for reference. The popular-
ity predictor provides predicted values of Human Crafted video for comparison. Concrete-M
and Abstract-M represent the human videos from the MicroLens dataset that are most closely
matched to the same user prompt in the concrete and abstract datasets, respectively.

LLMPopcorn Concrete Abstract
Llama-3.3-70B 0.41 0.57
DeepSeek-V3 0.56 0.73
GPT-4o 0.52 0.49

Human Video Concrete-M Abstract-M
MicroLens 0.44 0.71

mance in predicting popularity, comparing micro-videos generated by Model A and Model B for
a given user prompt. This pairwise approach is common in the literature (Y. Gao et al., 2024).
Additionally, we conducted a user study following (Z. Cheng et al., 2024), involving five expert
volunteers with master’s degrees and over five years of experience in micro-video consumption
and creation.

The thesis author, assisted by a co-author of the published study, manually checked all gen-
erated videos.
Implementation details In this thesis, we utilised five state-of-the-art LLMs, including
two open-source models, Llama-3.3-70B and Qwen-2.5-72B, and three API-based models,
DeepSeek-V3, DeepSeek-R1, and GPT-4o. For efficiency, we apply 4-bit quantisation to
the open-source LLMs. Additionally, we incorporated three widely-used open-source video
generation models: CogVideoX-5B, LTX-Video, and HunyuanVideo. All model weights
were obtained from the HuggingFace platform3 to ensure consistency and reproducibility.
Notably, all open-source LLMs used in this study were instruction-tuned versions. We ensured
reproducibility by fixing the random seed for open-source models, allowing for consistent
results. We adopt Faiss4 as a library for matching and indexing. For the prompt enhancement
related to RQ9.2, we search the retrieval-augmented generation (RAG) size over {10,50,100}.

The video generation prompt contains existing video titles and video captions paired with

3https://huggingface.co/
4https://github.com/facebookresearch/faiss

https://huggingface.co/
https://github.com/facebookresearch/faiss


CHAPTER 9. LLMPOPCORN 175

0 50
100

101

102

Fr
eq

ue
nc

y

Llama
(Abstract)

0 10

Deepseek
(Abstract)

0 100

Gpt4o
(Abstract)

0 100

Llama
(Concrete)

0 50

Deepseek
(Concrete)

0 10

Gpt4o
(Concrete)

Figure 9.3: Predicted popularity distributions for different LLMs. Y-axis: frequency. X-axis:
predicted popularity.

Table 9.3: Comparison of popularity for Prompt Enhancement’s win rates across different
LLMs.

LLM Task Win Rate (%)

Llama-3.3-70B Concrete 56
Abstract 52

DeepSeek-V3 Concrete 55
Abstract 49

GPT-4o Concrete 51
Abstract 53

their popularity. All experiments are conducted on one H100 80G GPU.

Table 9.4: User study for Prompt Enhancement vs. Basic LLMPopcorn prompt.

LLM Task Win Rate (%)

User Evaluation Concrete 66.67
Abstract 62.50

9.4 Popular Micro-videos Generation (RQ9.1)

We evaluate three LLMs—Llama-3.3-70B, GPT-4o, and DeepSeek-V3—with CogVideoX as
the default video generation model, using concrete and abstract prompt datasets from Section
9.3. We compare LLMPopcorn-generated video popularity to human-created videos from the
MicroLens dataset (Y. Ni et al., 2023) by matching prompts to semantically similar video ti-
tles using an embedding model to reduce thematic bias. Table 9.2 shows that DeepSeek-V3-
generated videos achieve median popularity scores of 0.56 (concrete) and 0.73 (abstract), ri-
valing MicroLens’ 0.44 (concrete) and 0.71 (abstract). However, absolute scores remain low,
likely due to limitations in open-source video models (Y. Liu, Zhang, Li, et al., 2024). Figure
9.3 reveals DeepSeek-V3’s smoother popularity distribution for abstract prompts, with more
videos in mid-to-high ranges, while Llama-3.3-70B and GPT-4o show concentrated low scores
with rare outliers. For concrete prompts, model differences are minimal. Table 9.1 indicates
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Table 9.5: Different LLMs’ Win Rate comparisons across concrete and abstract datasets. BP
denotes the basic prompt, WR represents the win rate, and PE refers to prompt enhancement.

LLM Model Comparison
Concrete Abstract

BP PE BP PE

Llama-3.3-70B

vs. DeepSeek-V3 48 48 43 50

vs. GPT-4o 49 51 49 53

vs. DeepSeek-R1 46 40 45 53

vs. Qwen-2.5-72B 51 56 50 55

DeepSeek-V3

vs. Llama-3.3-70B 52 52 57 50

vs. GPT-4o 52 55 52 60

vs. DeepSeek-R1 51 44 50 58

vs. Qwen-2.5-72B 50 64 55 49

GPT-4o

vs. Llama-3.3-70B 51 49 51 46

vs. DeepSeek-V3 48 45 48 40

vs. DeepSeek-R1 47 43 46 48

vs. Qwen-2.5-72B 52 54 49 44

DeepSeek-R1

vs. Llama-3.3-70B 54 60 55 47

vs. DeepSeek-V3 49 56 50 42

vs. GPT-4o 53 57 54 52

vs. Qwen-2.5-72B 56 66 55 51

Qwen-2.5-72B

vs. Llama-3.3-70B 49 44 50 45

vs. DeepSeek-V3 50 36 45 51

vs. GPT-4o 48 46 51 56

vs. DeepSeek-R1 44 34 45 49

DeepSeek-V3 leads in several abstract-prompt categories like Anime, Film, and Delicacy, with
less dominance in Daily Sharing and Game. (Answer to RQ9.1) LLMs enhance micro-video
creation by structuring descriptions, with DeepSeek-V3 achieving popularity comparable to or
surpassing human-created videos, highlighting AI’s potential for engaging short video genera-
tion.

9.5 Popularity Enhancement (RQ9.2)

Table 9.3 compares Prompt Enhancement (PE) to the basic LLMPopcorn prompt using win
rates from pairwise comparisons across models. Llama-3.3-70B achieves 56% (concrete) and
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Table 9.6: Different video generation models’ Win Rate comparisons across concrete and ab-
stract Datasets.

Video Generators Comparison
Concrete Abstract

BP PE BP PE

CogVideoX-5b
vs. LTX-Video 49 38 42 39

vs. HunyuanVideo 44 38 47 50

LTX-Video
vs. CogVideoX-5b 51 62 58 61

vs. HunyuanVideo 48 52 49 60

HunyuanVideo
vs. CogVideoX-5b 56 62 53 50

vs. LTX-Video 52 48 51 40

52% (abstract) win rates, outperforming LLMPopcorn. DeepSeek-V3 scores 55% (concrete)
and 49% (abstract), while GPT-4o maintains 53% (abstract), showing PE’s creative compatibil-
ity. A user study with DeepSeek-V3 evaluated PE against LLMPopcorn. Participants blindly
compared five video pairs per prompt type, selecting the more popular video. Table 9.4 shows
PE achieved over 60% win rates for both prompt types. (Answer to RQ9.2) PE significantly
enhances prompt effectiveness, validated by offline metrics and user studies.

9.6 Benchmarking Models (RQ9.3)

We evaluated five large language models (LLMs): Llama-3.3-70B (Touvron et al., 2023), Qwen-
2.5-72B (A. Yang et al., 2024), GPT-4o (Hurst et al., 2024), DeepSeek-V3, and DeepSeek-R1
(D. Guo et al., 2025), using their API versions. For video generation, we tested CogVideoX-
5B (Z. Yang et al., 2024), LTX-Video (HaCohen et al., 2024), and HunyuanVideo (Kong et al.,
2024), with instruction-tuned versions for open-source LLMs.

Table 9.5 shows DeepSeek-V3 and DeepSeek-R1 leading, with DeepSeek-R1 achieving a
peak BP WR of 56% and PE WR of 66%. Llama-3.3-70B performs strongly in PE WR for
abstract tasks (56%), while Qwen-2.5-72B lags with a PE WR of 34% against DeepSeek-R1.
Table 9.6 indicates LTX-Video and HunyuanVideo outperform CogVideoX-5B, both exceeding
50% win rates in pairwise comparisons, with a peak PE WR of 62% on the Concrete dataset.
(Answer to RQ9.3) DeepSeek-V3 and DeepSeek-R1 excel among LLMs, consistently leading
in Concrete and Abstract scenarios. LTX-Video and HunyuanVideo show comparable, reliable
performance in video generation across diverse prompts.
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Figure 9.4: Video examples from LLMPopcorn, shown from left to right: abstract user queries
(1–3) followed by concrete user queries (4–6).

9.7 Visualisation

To compare different video generation models, we present visualisations generated using two
prompts across three models, as shown in Figures 9.4 and 9.5. Each figure includes three rows:
videos in the first row are generated by CogVideoX-5b, those in the second row by Hunyuan-
Video, and those in the third row by LTX-Video. The first prompt is abstract: “Create a video

about the history and evolution of a popular street food." The second prompt is a concrete
prompt: “Create a video explaining the world-building in Avatar (2009)." These examples help
illustrate how each model handles abstract versus concrete prompts. In all figures, the first three
columns represent abstract data, while the last three represent concrete data. From the two
figures, Prompt Enhancement may boost popularity by enriching queries to produce dynamic,
narrative-driven content. This is shown in its ability to transform abstract prompts into a more
diverse range of imaginative scenes (whereas the baseline results are more uniform), while also
depicting concrete subjects through engaging actions, like a chef’s hands at work, instead of as
static objects.
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Figure 9.5: Video examples from LLMPopcorn with Prompt Enhancement, shown from left to
right: abstract user queries (1–3) and concrete user queries (4–6).

9.8 Conclusion

This empirical study demonstrates that the proposed LLMPopcorn for micro-video generation
assisted by state-of-the-art LLMs achieves slightly higher predicted popularity than the matched
evaluated human-created videos as assessed by the offline popularity predictor. These results
highlight the potential of this approach. To further enhance the LLMPopcorn pipeline, we in-
troduced prompt enhancement (PE), which exhibited strong adaptability across multiple LLMs
and video-generation models. Among the tested models, DeepSeek-V3 and DeepSeek-R1 con-
sistently performed best as LLMs, while LTX-Video and HunyuanVideo produced reliable out-
puts across diverse prompts. In future work, we plan to explore reinforcement learning and
fine-tuning techniques to better align prompts with contextual cues, ultimately improving video
quality and engagement. This study pioneers popularity-driven micro-video generation, estab-
lishing a strong foundation for future research and innovation.



Chapter 10

Conclusion and Future Work

10.1 Conclusion

This thesis investigated how the broad representation and generation capabilities of multimodal
foundation models (MFMs) can be adapted for recommender systems. The central finding is that
adaptation should be defined by the role that the MFM plays in the recommendation pipeline:
representation providers should be aligned with behavioural prediction and ranking objectives,
whereas generators need to be evaluated and adapted according to the platform function served
by their outputs. To make the relationship between the thesis argument and its evidence explicit,
this section answers the seven research questions introduced in Chapter 1 in the same order.

10.1.1 RQ1: Efficient Continuous Representation Adaptation

Question. How can multimodal foundation models be efficiently adapted through end-to-end
joint optimisation with a recommender in the continuous representation setting?
Answer. Chapter 3 shows that MFM-based representation learning in the continuous setting
can be adapted efficiently by decoupling lightweight trainable side networks from frozen mul-
timodal backbones and caching the backbone hidden states. IISAN preserves recommendation
supervision for the adaptation modules while removing the backbone from the backward graph.
The results demonstrate that practical efficiency should be assessed through training time, GPU
memory, cacheability, and trainable parameters together, rather than through parameter count
alone. Effective adaptation also requires both intra-modal refinement and inter-modal interac-
tion.

10.1.2 RQ2: Scaling to Larger and Asymmetric Encoders

Question. How can continuous representation adaptation be scaled from paired encoders to
larger and asymmetric foundation encoders?

180



CHAPTER 10. CONCLUSION AND FUTURE WORK 181

Answer. Chapter 4 demonstrates that cached side adaptation can scale to encoders with different
depths, dimensions, and capacities through dimension transformation and structured layer selec-
tion. IISAN-Versa supports settings in which a large LLM-based text encoder is paired with a
smaller vision encoder, and it reveals a clear text-encoder scaling effect when the architectural
mismatch is handled explicitly. Scalable MFM adaptation therefore requires architecture-aware
alignment in addition to computational efficiency.

10.1.3 RQ3: Adapting Multiple Modality-Specific Foundation Models

Question. How can multiple modality-specific foundation models be jointly adapted with a
recommender in the continuous representation setting?
Answer. Chapter 5 shows that multiple modality-specific MFMs can be adapted through cross-
modal side networks that exchange information at corresponding depths, followed by item-
specific mixture-of-modality expert fusion. CROSSAN improves as text, image, video, and
audio encoders are added, whereas a simple extension of independent side adapters does not
scale as consistently. Additional modalities become useful when the adaptation mechanism ex-
plicitly controls cross-modal interaction, routing, and selective fusion.

10.1.4 RQ4: Deep Adaptation of Unified Single-Tower Models

Question. How can deep unified single-tower multimodal embedding models be adapted for
recommendation?
Answer. Chapter 6 shows that deep side adaptation requires explicit preservation and refinement
of representation streams. Stresa combines Stream-aware Hidden-Adapter Fusion (SHAF) with
the Residual Stream Adapter (ReSA) so that earlier information is not overwritten as more hid-
den layers are adapted. Unlike a standard side adapter, Stresa remains stable when adaptation
extends to the full backbone depth. Deep unified models should therefore be adapted as pro-
gressive memory-refinement systems rather than as sequences of independent shallow residual
updates.

10.1.5 RQ5: Joint Optimisation of Discrete Representations

Question. How can semantic-ID construction and a generative recommender be effectively
aligned through joint optimisation?
Answer. Chapter 7 demonstrates that semantic IDs can be optimised jointly with a genera-
tive recommender when discrete assignment is made differentiable and codebook exploration
is controlled. DIGER uses Gumbel-based exploratory learning, soft codebook updates, and
uncertainty decay to prevent the premature collapse observed with a naive straight-through
estimator. It improves next-item generation while maintaining balanced code usage and sta-
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ble train–inference assignments. Discrete adaptation therefore requires both a gradient path-
way from the recommendation objective and an explicit exploration-to-exploitation mechanism.
By addressing non-differentiable code assignments and codebook collapse, these results lay a
methodological foundation for a future unified large recommendation model with end-to-end
joint optimisation of MFM-based content encoding, semantic-ID construction and generative
recommendation.

10.1.6 RQ6: Platform-Side Missing-Modality Completion

Question. How should multimodal foundation models be evaluated and adapted for platform-
side missing-modality completion, supporting both item presentation and recommendation-
model training?
Answer. Chapter 8 shows that platform-side completion should be evaluated at two levels:
the fidelity and usability of the generated content, and its downstream recommendation util-
ity. MMPCBench combines CQBench and RecBench to measure both roles. Current MLLMs
capture high-level product semantics but remain weaker at precise word-, pixel-, and attribute-
level reconstruction; nevertheless, their completed modalities often retain recommendation per-
formance close to ground-truth content. GRPO improves Image-to-Text completion but not
Text-to-Image completion, showing that generation adaptation is task-dependent and requires
direction-specific reward design.

10.1.7 RQ7: User-Side Popularity-Oriented Generation

Question. How can foundation-model-assisted content generation be studied and improved on
the user side when the generated content is intended to gain popularity?
Answer. Chapter 9 shows that user-side generation can be studied as a content-creation pipeline
in which LLM-generated titles and video prompts are evaluated together with the resulting
micro-videos. LLMPopcorn demonstrates that model choice and prompt enhancement mate-
rially affect predicted popularity, and that retrieval- and reasoning-based prompt enhancement
can improve both offline win rates and human preference. Because popularity prediction is
learned from historical exposure and interaction data, these results should be interpreted as evi-
dence of engagement potential rather than as a complete measure of long-term user or platform
value.

10.1.8 Overall Answer to the Thesis Question

Taken together, the seven answers establish a unified view of recommendation-oriented MFM
adaptation. For representation, the adaptation mechanism should match the representation inter-
face and architecture: cached side networks support efficient continuous representation adapta-
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tion, architecture-aware alignment handles asymmetric encoders, cross-modal routing supports
multiple MFMs, stream-aware memory supports deep unified models, and exploratory differen-
tiable quantisation supports discrete semantic IDs. For generation, the objective and evidence
should match the role of the output: platform-side completion requires faithfulness and down-
stream utility, whereas user-side creation requires engagement-oriented evaluation together with
safeguards against exposure bias and narrow optimisation.

The broader implication is that recommender systems provide an ecosystem-level test for
foundation models. Representations affect ranking, ranking affects exposure, exposure affects
user feedback, and feedback shapes future training data; generated product content and gener-
ated videos can alter the catalogue and candidate supply inside the same loop. Recommendation-
oriented adaptation therefore requires explicit alignment among capability, interface, architec-
ture, objective, efficiency, and evaluation. Across the seven technical studies, this thesis provides
methods, benchmarks, and empirical evidence for designing that alignment.

10.2 Limitations

The first limitation concerns evaluation. Most experiments in this thesis use offline ranking met-
rics, benchmarked content-quality metrics, human judgments, or predicted popularity scores.
These protocols provide reproducible and controlled evidence, and they are necessary for com-
paring methods across datasets and models. Real recommendation platforms also involve ex-
posure policies, long-term user satisfaction, creator responses, feedback loops, and changing
catalogues. This gap matters especially for the generation chapters. MMPCBench evaluates
generated product content through benchmarked content quality and downstream recommenda-
tion utility, while LLMPopcorn uses predicted popularity and user preference as offline evidence
for engagement-oriented generation. Deployment studies with live users and real exposure dy-
namics would provide stronger evidence for long-term effects.

The second limitation concerns domain and dataset coverage. The thesis studies product
recommendation and micro-video recommendation, which are important content-rich scenarios.
Other domains, including news, music, education, healthcare, tourism, and local services, may
involve different modality structures, user intents, safety requirements, and feedback patterns. A
method designed for product images and descriptions may need different assumptions for long-
form video, audio-first items, document-heavy content, or safety-critical recommendation. The
thesis establishes general adaptation principles and concrete methods, while broader domain
validation remains an important next step.

The third limitation concerns backbone and generator dependence. The empirical conclu-
sions depend on the selected foundation encoders, multimodal embedding models, video gen-
erators, and multimodal large language models. These models differ in pretraining data, ar-
chitecture, instruction tuning, modality coverage, and generation behaviour. MMPCBench and



CHAPTER 10. CONCLUSION AND FUTURE WORK 184

LLMPopcorn therefore evaluate recommendation-oriented formulations together with the capa-
bilities of their underlying generators. As stronger MFMs appear, the relative contribution of
the adaptation method and the backbone may change. Future studies should separate backbone
effects, prompt effects, decoding effects, and recommendation-oriented adaptation effects more
systematically.

The fourth limitation concerns the current separation between representation and generation
pipelines. The thesis treats representation adaptation and generation adaptation as connected
perspectives, and most chapters still study them in separate experimental settings. Represen-
tation chapters produce adapted embeddings or semantic IDs for recommendation. Generation
chapters produce completed product content or generated micro-videos and then evaluate their
recommendation relevance. Real systems can connect these processes more tightly. Gener-
ated descriptions may become inputs to representation adaptation; adapted representations may
guide content generation; user feedback may update both encoders and generators. Fully joint
representation-generation adaptation remains a promising extension of the thesis.

The fifth limitation concerns deployment lifecycle. Cached side adaptation improves practi-
cal efficiency during training, while production recommendation systems also require decisions
about refresh frequency, new-item handling, representation drift, adapter versioning, and serv-
ing latency. Discrete semantic IDs raise related deployment questions: item codes may need to
evolve as catalogues and user behaviour change, while abrupt ID changes can affect generative
retrieval stability. The thesis addresses the modelling and efficiency foundations for these issues,
and a complete production lifecycle for continual MFM adaptation remains future work.

10.3 Future Work

10.3.1 Unified Representation and Generation Adaptation

Within representation adaptation, the longer-term goal is a unified large recommendation model
that jointly optimises MFM-based content encoding, semantic-ID construction and generative
recommendation under one recommendation objective. DIGER contributes methodological
foundations for this goal by addressing non-differentiable code assignments and codebook col-
lapse. Future work should extend stable recommendation-driven gradients to the upstream train-
able MFM components and evaluate the resulting model as a complete end-to-end system. One
possible efficient implementation would combine DIGER with the side-tuning methods devel-
oped in Chapters 3–6, jointly training the side adapters, semantic-ID construction and generative
recommender while retaining the frozen-backbone design. This combination remains an avenue
for exploration within the broader unified-model objective.

A natural next direction is to build unified pipelines where representation adaptation and gen-
eration adaptation directly inform each other. Generated product descriptions, images, captions,
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or videos can become additional modalities for representation learning. Adapted recommen-
dation representations can guide generation by selecting content attributes, prompts, titles, or
visual concepts that match user interests and catalogue structure. A platform-side system could
generate a missing product modality, evaluate the generated content through both fidelity and
downstream ranking utility, and use this feedback to update the generator or adaptation mod-
ule. A user-side system could use recommendation-oriented embeddings to guide micro-video
prompt generation while preserving diversity and user control.

This direction requires careful objective design. Joint optimisation can create feedback loops
when generated content is rewarded only by short-term ranking gains or predicted popularity.
Future frameworks should combine recommendation utility with content faithfulness, uncer-
tainty estimation, diversity control, and user-centred evaluation. Such systems would connect
the two thesis perspectives more directly and turn MFM adaptation into a closed-loop process
between content generation, representation learning, and recommendation feedback.

10.3.2 Online and Long-Term Evaluation

Future work should extend offline evidence with online and long-term evaluation. Offline met-
rics support reproducibility, while online studies can measure user satisfaction, trust, novelty,
diversity, retention, and behavioural change. For representation adaptation, online evaluation
can show how adapted MFM embeddings influence exposure patterns and user experience. For
product content completion, online evaluation can test whether generated descriptions or im-
ages improve user understanding and purchase decisions. For popularity-oriented generation,
online evaluation can examine whether generated micro-videos attract meaningful engagement
and whether they affect creator incentives or content diversity.

Long-term evaluation is particularly important because MFM-generated content can change
the item supply and the future training data of a recommender. A generated modality may
improve short-term ranking while shifting catalogue representation. A popularity-oriented gen-
erator may improve immediate engagement while increasing stylistic repetition. Future studies
should therefore track delayed effects, repeated exposure, diversity, fairness, creator behaviour,
and user satisfaction over time.

10.3.3 Continual and Cache-Aware Adaptation

The representation chapters show that cacheability is central to efficient MFM adaptation in
recommendation. Future work should develop continual and cache-aware adaptation methods
for dynamic catalogues. New items arrive, existing item content changes, user preferences drift,
and platform objectives evolve. A practical system should decide which cached hidden states
require refresh, which adapter layers should be updated, and how to balance freshness with
computation cost. Layer-level caching, selective refresh, adapter scheduling, and drift-aware
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update policies are promising directions.
Continual adaptation also matters for discrete semantic IDs. When semantic IDs are learned

under recommendation supervision, the item-token space may need to expand or reorganise
as new items enter the catalogue. Future methods should study stable ID updates, backward-
compatible tokenisation, incremental codebook learning, and retrieval robustness under chang-
ing item codes. This would extend DIGER from joint learning of discrete representations to
continual semantic-ID management.

10.3.4 Broader Multimodal Architectures and Modalities

Future recommender systems will likely combine more diverse foundation-model components,
including multimodal large language models, unified embedding models, video-language mod-
els, audio-language models, graph-enhanced encoders, and generator-retriever hybrids. They
will also process richer item signals, such as structured attributes, reviews, prices, metadata,
knowledge graphs, long videos, and user-generated comments. Future work should evaluate the
adaptation principles from this thesis across these broader model families and modality combi-
nations.

This direction calls for flexible adaptation mechanisms. A recommender may need to route
different item types through different encoders, activate adapters according to available modal-
ities, combine frozen and trainable components under resource budgets, and support both re-
trieval and generation. The methods developed in this thesis provide building blocks for such
systems: cached decoupled adaptation, asymmetric layer alignment, cross-modal gated side
adaptation, stream-aware residual adaptation, and differentiable semantic IDs. Combining these
components into modular adaptation systems is a promising path toward general MFM-based
recommendation.

10.3.5 Trustworthy Recommendation-Oriented Generation

Generated content in recommender systems raises issues of faithfulness, provenance, control-
lability, and platform responsibility. Product descriptions and images influence user decisions,
so completion systems should preserve factual product attributes and avoid unsupported details.
Micro-video generators can influence what users watch and what creators imitate, so popularity-
oriented generation should consider diversity, safety, authenticity, and user well-being. Future
work should develop mechanisms for generated-content disclosure, source tracing, hallucination
detection, uncertainty estimation, and controllable generation under recommendation objectives.

Trustworthy generation also needs role-specific evaluation. Platform-side product comple-
tion should be assessed through attribute fidelity, content quality, human judgment, and recom-
mendation utility. User-side micro-video generation should be assessed through engagement
potential, diversity, safety, creator control, and long-term platform effects. Future benchmarks
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should connect these dimensions and make their assumptions explicit, so that recommendation-
oriented generation improves platform utility while preserving user trust.

10.3.6 Towards Recommendation-Oriented Foundation Models

The long-term direction suggested by this thesis is the development of foundation models de-
signed for recommendation-oriented use. Such models would encode multimodal content, be-
havioural sequences, catalogue structure, user intent, and platform constraints within compatible
representation and generation interfaces. They would support efficient adaptation, controllable
generation, interpretable evaluation, continual updates, and deployment-aware caching. They
would also distinguish semantic similarity from recommendation utility, so that item represen-
tations and generated content directly reflect user choice and recommendation outcomes.

This direction points to a pragmatic future for MFM-based recommendation. General-
purpose MFMs supply powerful representation and generation capabilities, and recommender
systems define the objectives, constraints, and feedback loops that make those capabilities use-
ful. The core challenge is to design interfaces between these two sides. Across continuous rep-
resentation adaptation and discrete representation adaptation, platform-side and user-side gen-
eration, and seven technical studies, this thesis shows that recommendation-oriented adaptation
provides a practical route for bringing MFMs into recommender systems. It offers methods and
empirical insights for adapting MFM representation and generation capabilities today, and it
lays the groundwork for future recommendation-oriented foundation models.
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