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Abstract

Modern recommender systems increasingly rely on deep neural architectures to learn user–
item relationships from interaction logs. Sequential recommendation has become a prominent
paradigm, where RNN-based models such as GRU4Rec and Transformer-based models such
as SASRec/BERT4Rec achieve strong performance on accuracy-oriented metrics (e.g., Recall
and NDCG). However, real-world deployments expose fundamental limitations that accuracy-
centric formulations do not address: (i) ID-based representations are platform-specific and diffi-
cult to transfer across domains; (ii) optimizing only for relevance often produces homogeneous
recommendation lists and fails to satisfy users’ multifaceted needs for diversity, novelty, and
serendipity; (iii) offline-learned policies degrade under distribution shift and face exploration
risks in dynamic online environments; and (iv) black-box pipelines provide limited interpretabil-
ity and offer little actionable value to stakeholders beyond end-users. This thesis studies these
challenges under a unified theme of multi-objective personalization for sequential recommen-
dation, and develops methods that improve transferability, controllability, deployability, and
stakeholder-facing value.

First, to address the transferability bottleneck, we propose TransRec, which learns from
mixture-of-modality (MoM) feedback by encoding items with content encoders (e.g., text and
images) rather than categorical IDs. By learning directly from raw MoM features in an end-
to-end manner, TransRec enables effective cross-domain transfer without requiring overlapped
users or items, and yields significant gains in cold-start and cross-domain settings.

Second, to move beyond accuracy-centric optimization, we introduce two frameworks that
reformulate recommendation as multi-objective sequential decision-making. MODT4R lever-
ages return-conditioned Decision Transformers to integrate multiple objectives within a stable
supervised learning pipeline, allowing flexible objective trade-offs via inference-time adjust-
ment. Building on this, HDT employs a hierarchical architecture to capture long-term prefer-
ences across sessions and short-term intent within sessions, and uses hierarchical (expected and
unexpected) returns to balance accuracy with diversity, novelty, and serendipity. Across multiple
datasets, MODT4R and HDT achieve up to 16% improvement in diversity-related metrics while
maintaining competitive accuracy.

Third, to bridge the offline-to-online gap for RL-based recommenders, we leverage Large
Language Models (LLMs) as auxiliary components. We introduce LE/LEA to adapt LLMs
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as state and reward models and to augment offline learning signals via action synthesis. Fur-
thermore, iALP and its adaptive variant A-iALP use LLM-distilled preferences to warm-start
policies offline and adapt them online through fine-tuning and exploration strategies, achieving
up to 20% improvement in long-horizon cumulative rewards in online simulation and reducing
convergence time.

Finally, to support multiple stakeholders, we propose PDiT-GIM, a two-stage diffusion frame-
work that generates semantically meaningful preference representations and decodes them into
interpretable, attribute-constrained textual and visual content, enabling actionable insights for
retailers and designers in addition to end-user recommendation. Case studies report improved
preference-aligned content generation and downstream engagement compared to generic base-
lines.

Overall, through extensive experiments spanning e-commerce, multimedia recommendation,
and simulated online environments, this thesis demonstrates that multi-objective personaliza-
tion can simultaneously improve beyond-accuracy objectives and long-term policy performance
while maintaining strong accuracy. The thesis is presented in a thesis-by-publication format,
with chapters organized around the above tasks and objectives.
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Chapter 1

Introduction

1.1 Problem Definition and Motivation

Recommender Systems (RS) have become indispensable components of the modern digital
ecosystem, navigating vast streams of information to connect users with relevant content, prod-
ucts, and services. Platforms ranging from e-commerce giants and video streaming services to
social networks leverage these systems to enhance user engagement and drive business value [1–
3]. However, traditional approaches like Collaborative Filtering (CF) and Content-based Filter-
ing often operate under a static model, typically abstracting the problem as matrix completion
to predict missing user-item ratings [4, 5]. While effective at capturing long-term, stable user
preferences by aggregating all past interactions into a single representation [6], this method has
a critical flaw: it inherently overlooks the sequential order of those interactions. Consequently,
these models lack the specific means to account for a user’s short-term behavior or immediate
intent, which is crucial in dynamic environments [7].

To address these limitations, the field has increasingly shifted towards Sequential Recom-
mendation (SR), a paradigm that models the user’s journey as an ordered sequence of events
rather than an unordered set. This approach recognizes that user interests are not static; they
evolve, shift, and are highly dependent on recent context. The core challenge of SR, therefore,
is to accurately model these temporal dynamics to provide timely and contextually aware sug-
gestions [8]. The primary goal becomes one of sequence modeling: capturing the dependencies
between items in a user’s history to predict their next action [9]. This allows for a more nuanced
understanding of user behavior by distinguishing between short-term preferences (e.g., planning
a vacation within a single browsing session) and long-term preferences that evolve gradually
over time [8, 10]. By analyzing the order of interactions, SR systems can infer a user’s evolving
intent, representing a critical evolution from predicting what a user generally likes to predicting
what a user wants right now.

While sequential modeling has advanced the state-of-the-art, the pursuit of more intelli-
gent and versatile recommender systems reveals several fundamental challenges that limit their

1



CHAPTER 1. INTRODUCTION 2

real-world impact and future development. A primary issue is the silo effect, stemming from
a lack of transferability and generalization. The dominant paradigm in recommender systems
remains ID-centric collaborative filtering and sequential modeling [1, 11–14], where models
learn embeddings for specific user and item IDs, rendering them highly specialized and non-
transferable [6]. Consequently, each platform operates in isolation, unable to share knowledge
with others (e.g., from TikTok to YouTube). This leads to significant practical challenges, in-
cluding the persistent cold-start problem for new users and items [15], and the prohibitive cost
of training bespoke models from scratch for each new task or platform [16].

Furthermore, the field often falls into the accuracy trap, neglecting long-term user satisfac-
tion. While the ultimate goal of a recommender system is to enhance user experience, a singular
focus on optimizing for immediate engagement metrics, such as click-through rates, often leads
to monotonous and predictable recommendations. This can trap users in "filter bubbles" due
to issues like popularity bias [17, 18]. A superior user experience requires a delicate balance
between accuracy and these other critical objectives [19].

Beyond these challenges, paradigms like Reinforcement Learning (RL), while promising for
optimizing long-term user rewards, face a significant deployment dilemma. Offline methods are
hampered by noisy historical data, while online approaches risk user churn due to the critical
cold-start problem, making real-world applications both costly and risky [20–22]. Finally, the
field suffers from a stakeholder gap by designing systems almost exclusively for the end-user.
This narrow focus overlooks the needs of businesses and creators, providing little feedback on
why items are preferred and thus missing the opportunity to transform the recommender from a
simple retrieval tool into a creative engine that generates value for the entire ecosystem.

Common recommendation setting. Although this thesis explores multiple modelling direc-
tions, all chapters target a common setting: sequential recommendation from temporally or-

dered user–item interaction trajectories. The chapters differ in the practical constraints imposed
on this setting—domain transfer without shared IDs, multi-objective controllability, offline-to-
online deployment under distribution shift and exploration risks, and stakeholder-facing inter-
pretability/value generation. This shared setting provides the basis for a coherent conceptual
integration across publication-based chapters.

Thesis viewpoint. This thesis argues that the next generation of recommender systems must
evolve from isolated, accuracy-driven models into multi-objective personalization frameworks
that are (i) transferable across domains, (ii) controllable under competing objectives, (iii) de-

ployable under offline-to-online constraints, and (iv) value-generative for multiple stakeholders.

A composable conceptual framework. To make the integration explicit, we organize the
thesis as a composable workflow (Figure 1.1): a transferable representation layer (TransRec)
that learns beyond-ID content representations; a controllable decision layer (MODT4R/HDT)
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Thesis overview diagram (conceptual framework).
Representation layer (TransRec)→ Decision layer (MODT4R/HDT)→ Deployability

layer (LE/LEA, iALP/A-iALP)→ Value-generation layer (PDiT-GIM).

Figure 1.1: Overview of the conceptual framework that unifies the publication-based chapters
into a composable workflow.

that conditions recommendation on multi-objective returns; a deployability layer (LE/LEA and
iALP/A-iALP) that improves learning signals and reduces online exploration risks; and a value-
generation layer (PDiT-GIM) that decodes learned preferences into interpretable, attribute-compliant
insights for business stakeholders.

This thesis argues that the next generation of recommender systems must evolve from iso-
lated, accuracy-driven models into universal, multi-objective, and value-generative frameworks.
To achieve this, we must address the foundational challenges of model transferability, expand
the optimization scope beyond simple accuracy, overcome the practical hurdles of learning long-
term policies, and create a multi-stakeholder ecosystem.

To address the challenge of model transferability, we first investigate a framework, TransRec,
designed to learn transferable representations from mixture-of-modality feedback. By moving
beyond ID dependency and focusing on the intrinsic content of items (e.g., text, images), we aim
to build a foundational model for a general-purpose Recommendation System (gpRS), marking
a pivotal step towards universal applicability.

To move beyond accuracy-centric optimization, this thesis expands its scope to the domain of
Multi-Objective Sequential Recommendation (MOSR). We propose novel frameworks, includ-
ing MODT4R and HDT, which reformulate the recommendation task as a sequence modeling
problem using Decision Transformers. This approach allows the system to generate recommen-
dations conditioned not only on user history but also on explicit, multi-objective goals, thereby
enhancing overall user satisfaction.

To overcome the practical barriers of applying RL, and capitalizing on the recent break-
throughs in Large Language Models (LLMs), this thesis proposes novel methods to bridge the
gap between offline training and online deployment. We first introduce an LLM-based Envi-
ronment (LE) to serve as a high-fidelity state and reward model for augmenting offline RL.
Subsequently, we present an Interaction-Augmented Learned Policy (iALP), which leverages
LLMs to pre-train an effective policy offline, thereby mitigating the initial performance dip in
online deployment.

To create a multi-stakeholder, value-generative ecosystem, this thesis culminates in a novel
generative framework, PDiT-GIM, which shifts the role of the recommender from a simple re-
trieval system to a creative engine. It not only generates personalized items for users but also
decodes latent user preferences into interpretable, attribute-based insights for business stake-
holders [23], effectively closing the loop between consumer demand and product innovation.
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Table 1.1: Roadmap of this thesis: task definition and objective of each publication-based chap-
ter.

Axis Chapter Task / Setting Objective (What this chapter
achieves)

Transferability Ch. 3 Cross-domain recommendation
without overlapped user/item
IDs using mixture-of-modality
(MoM) feedback

Learn transferable user/item rep-
resentations from content en-
coders rather than IDs; enable
cross-domain and cross-modality
transfer under MoM supervision

Controllability Ch. 4 Multi-objective sequential recom-
mendation (MOSR): accuracy–
diversity–novelty trade-offs

Return-conditioned Decision
Transformer (MODT4R) for
controllable trade-offs via
inference-time adjustment within
a supervised pipeline

Hierarchical per-
sonalization

Ch. 5 Multi-objective personalized
session-based recommendation
(MOPSR): across/within-session
dynamics + serendipity

Hierarchical Decision Trans-
formers (HDT) with inter-
/intra-session modelling and
unexpected returns to balance
long-/short-term objectives

Deployability Chs. 6–7 RL-based recommendation under
biased offline logs and risky on-
line exploration

LLM-assisted learning: LE/LEA
for state/reward modelling and
offline augmentation; iALP/A-
iALP for policy warm-start and
safer online adaptation

Generation Ch. 8 Preference generation and de-
coding for stakeholder-facing in-
sights under attribute constraints

PDiT-GIM: diffusion-based pref-
erence generation + guided de-
coding to provide interpretable
textual/visual insights

1.2 Thesis Roadmap: Tasks, Objectives, and Chapters

To address concerns about fragmentation and positioning, Table 1.1 explicitly summarizes the
task formulation and objective of each publication-based chapter under the unified framework
above.

1.3 Thesis-by-Publication Format and Experimental Align-
ment

This thesis is written in a thesis-by-publication format. Each technical chapter is based on a peer-
reviewed paper (or an under-review manuscript), and is revised to improve coherence through
unified definitions, consistent notation, and explicit task formulations. Since the chapters study
different practical constraints of sequential recommendation (transfer, multi-objective control,
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offline RL, online deployment, and preference decoding), datasets and baselines necessarily vary
across chapters. To address examiner concerns about experimental rigour and consistency, we
align experimental design across chapters through the following principles.

A unified evaluation backbone for sequential recommendation. Whenever the task is next-
item recommendation from temporally ordered interactions, we report accuracy using standard
ranking metrics such as Hit Ratio/Recall and NDCG (Chapters 3–7). For multi-objective set-
tings, we additionally report objective-specific metrics for diversity and novelty, and for session-
based personalization we include serendipity (Chapters 4–5). For online RL settings, we eval-
uate long-horizon performance using cumulative return and convergence/stability indicators
(Chapter 7). For preference generation and decoding, we report both generation quality and
controllability, including NLG metrics (BLEU/ROUGE/BERTScore) and attribute compliance,
while still evaluating recommendation utility with HR/NDCG when applicable (Chapter 8).

Consistent preprocessing and splitting protocols, adapted to each setting. Across sequen-
tial datasets, we apply standard filtering to reduce noise (e.g., removing very short sequences
and infrequent items), and use temporally meaningful splits. In MOSR (Chapter 4), we fol-
low standard session-based preprocessing (e.g., removing sequences of length < 3; filtering
low-frequency items) and evaluate on three public datasets (RC15, RetailRocket, LFM-1b), in-
cluding a controlled subsampling protocol for RC15 (200k sessions) to ensure tractable yet
representative evaluation. In MOPSR (Chapter 5), we follow established sessionization practice
(60-minute threshold) and adopt a strictly chronological evaluation: the last session is held out
for testing and earlier sessions form training, ensuring that cross-session preference modelling
is evaluated under realistic temporal progression. For the online RL chapter (Chapter 7), we
partition datasets into simulated training (80%) and testing (20%) environments to reflect the
online learning/testing separation.

Baseline selection by task category, with shared backbones where possible. To ensure fair
and interpretable comparisons, each chapter uses baselines that are representative for its task
category, while reusing common backbones across chapters to isolate the effect of new compo-
nents.

(i) Transferability (Chapter 3). We evaluate transfer learning from a large-scale proprietary
source domain (QQBrowser news/video feed; MoM interactions) to multiple target domains
(Tencent News variants and DouYin). The key baseline is a train-from-scratch counterpart
(TFS) that uses the same architecture and modality inputs but without pre-training, isolating
the benefit of transfer. We additionally include ID-based sequential baselines (GRU-, CNN-,
and Transformer-based encoders) as references to contextualize the gap between ID-centric and
content-centric transfer.
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(ii) Controllable MOSR (Chapter 4). We compare against established sequential recommen-
dation and RL-based baselines under consistent settings, including SASRec (accuracy-oriented
backbone), SQN (self-supervised RL for SR), and SMORL (state-of-the-art MOSR). For meth-
ods not directly comparable due to missing or inconsistent reporting (e.g., SMONAC), we re-
implement them under the same backbone (SASRec) to ensure fair comparison. We also include
an internal variant (MRDT) to justify key design choices in return-state-action ordering.

(iii) Hierarchical multi-objective session personalization (Chapter 5). To test generality, we
apply HDT to four widely used sequential backbones (GRU4Rec, Caser, NItNet, SASRec). We
compare against: (a) the Normal training of each backbone (with session concatenation), (b)
SMORL implemented under the same preprocessing, and (c) hierarchical PSR baselines (Hier
and its extensions), including an InterDT variant to isolate the role of inter-session modelling.

(iv) Offline RL with LLM-assisted environment and augmentation (Chapter 6). We use two
real-world datasets (LFM subset and Amazon Industry category) and compare against state-
of-the-art RL frameworks (SNQN and SA2C) under two shared backbones (GRU4Rec and
SASRec). We systematically ablate the contribution of the learned LLM environment by re-
placing state and/or reward signals in the RL frameworks (LE-derived state, LE-derived reward,
both, and augmentation-only), enabling a controlled understanding of where LLM assistance
improves learning.

(v) Online RL policy exploration (Chapter 7). We evaluate A-iALP on LFM, Industry, and
Coat with an 80/20 simulated online split. Baselines include established online RL methods
(DQN, policy gradient, A2C) and the frozen iALP warm-start agent. This isolates the effect of
(a) LLM-distilled preference warm-start and (b) adaptive online exploration strategies on long-
horizon return and convergence behaviour.

(vi) Preference generation and decoding (Chapter 8). We evaluate PDiT-GIM along three
research questions: decoding quality (RQ1), recommendation utility of learned representations
(RQ2), and guided controllability/compliance (RQ3). Baselines include a fine-tuned LLM (same
base model as GIM with LoRA), diffusion variants (PDiTgen/PDiTtem), a conditional discrete
diffusion text generator (DiffuSeq), and a recent diffusion recommender baseline (DreamRec).
Attribute alignment is evaluated via compliance rates using an LLM judge, reflecting the absence
of ground-truth labels for generated items under constraints.

Cross-chapter reuse to strengthen coherence. Where feasible, we reuse datasets and mod-
elling backbones across chapters to improve coherence and comparability. Notably, LFM and
Industry appear in Chapters 6–8, enabling controlled studies of how LLM-derived feedback
improves RL training and how preference representations support both recommendation and
decoding. GRU4Rec and SASRec recur as shared sequential backbones across multiple chap-
ters, allowing improvements to be attributed to the proposed mechanisms rather than backbone
changes. When chapters necessarily use different datasets (e.g., proprietary MoM transfer vs.
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public MOSR/MOPSR vs. online simulation), we explicitly justify the choice based on the task
definition and clarify the scope of conclusions.

1.4 Publications From This Research

The research presented in this thesis has led to the following publications:

• Chapter 3: Wang, Jie, Fajie Yuan, Mingyue Cheng, Joemon M. Jose, Chenyun Yu, Beibei
Kong, Zhijin Wang, Bo Hu, and Zang Li. "Transrec: Learning transferable recommen-
dation from mixture-of-modality feedback." In Asia-Pacific Web (APWeb) and Web-Age
Information Management (WAIM) Joint International Conference on Web and Big Data,
pp. 193-208. Singapore: Springer Nature Singapore, 2024.

• Chapter 4: Wang, Jie, Alexandros Karatzoglou, Ioannis Arapakis, Joemon M. Jose, and
Xuri Ge. "Beyond Accuracy: Decision Transformers for Reward-driven Multi-objective
Recommendations." IEEE Transactions on Knowledge and Data Engineering (2025).

• Chapter 5: Wang, Jie, Alexandros Karatzoglou, Ioannis Arapakis, Xin Xin, Xuri Ge, and
Joemon M. Jose. "Sparks of surprise: Multi-objective recommendations with hierarchical
decision transformers for diversity, novelty, and serendipity." In Proceedings of the 33rd
ACM International Conference on Information and Knowledge Management, pp. 2358-
2368. 2024.

• Chapter 6: Wang, Jie, Alexandros Karatzoglou, Ioannis Arapakis, and Joemon M. Jose.
"Reinforcement learning-based recommender systems with large language models for
state reward and action modeling." In Proceedings of the 47th International ACM SIGIR
conference on research and development in information retrieval, pp. 375-385. 2024.

• Chapter 7: Wang, Jie, Alexandros Karatzoglou, Ioannis Arapakis, and Joemon M. Jose.
"Large Language Model driven Policy Exploration for Recommender Systems." In Pro-
ceedings of the Eighteenth ACM International Conference on Web Search and Data Min-
ing, pp. 107-116. 2025.

• Chapter 8: Wang, Jie. PDiT-GIM: A Two-Stage Diffusion Framework for Personalized
Preference Generation and Decoding. Under review.

1.5 Organization of the Thesis

The rest of this thesis is organized as follows:
In Chapter 2, a comprehensive literature review of modern recommender systems is pro-

vided to contextualize the contributions of this thesis. The review covers the progression from
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traditional Sequential Recommendation (SR) to more complex Multi-Objective Sequential Rec-
ommendation (MOSR) frameworks. Furthermore, it delves into three advanced paradigms that
are central to this work: the application of reinforcement learning, particularly the Decision
Transformer; the use of pre-training to build general-purpose models; and the cutting-edge inte-
gration of LLMs in the recommendation domain.

In Chapter 3, a transfer learning approach for recommender systems is proposed to address
the limitations of standard ID-based models. This chapter first discusses the challenge of ap-
plying the dominant pre-train and transfer paradigm to RS, as the identity features of users and
items are generally not shareable across different platforms. To overcome this issue, a novel
scenario is introduced where recommendation models are pre-trained on items with mixture-of-
modality (MoM) features, such as text and images. Following this, TransRec is presented, which
is designed to learn directly from the raw features of MoM items in an end-to-end manner, thus
enabling effective transfer learning without relying on overlapping users or items. Finally, a
detailed experimental evaluation studies TransRec’s transferring ability and data scaling effects
across four real-world settings, suggesting that learning from MoM feedback is a promising
direction for universal recommender systems.

In Chapter 4, we address the problem of Multi-objective Sequential Recommendation (MOSR)
and identify the limitations of accuracy-focused models and existing multi-objective solutions.
A new framework named MODT4R is proposed, which reframes the MOSR task as a supervised
sequence modeling problem. MODT4R utilizes a user trajectory concept to generate recom-
mendations that balance accuracy with diversity and novelty based on specified multi-objective
returns. A comprehensive empirical evaluation on three real-world datasets demonstrates that
MODT4R significantly enhances non-accuracy metrics, such as diversity and novelty, without
compromising predictive accuracy.

In Chapter 5, the problem of extending Personalized Session-based Recommendation (PSR)
to multi-objective scenarios is addressed. The chapter begins by critiquing two primary limi-
tations of existing PSR methods: the failure to capture dynamic user interests due to a static
treatment of historical sessions, and an over-emphasis on accuracy that neglects crucial satis-
faction aspects like diversity and novelty. To overcome these challenges, a new task named
Multi-objective PSR (MOPSR) is defined, and a novel framework, the Hierarchical Decision
Transformer (HDT), is proposed. For modeling dynamic user preferences, HDT uses a hierar-
chical structure comprising Inter- and Intra-session DTs to track long- and short-term interest
transitions. For balancing multiple objectives, the concept of unexpected returns is proposed,
which allows the model to trade off accuracy against diversity, novelty, and serendipity. Finally,
HDT is applied to four state-of-the-art sequential recommendation models and evaluated on two
public datasets.

In Chapter 6, we introduce LE Augmentation, a novel method for improving offline RL-
based recommenders. The core of this approach is to address the challenge of modeling user
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states and rewards by proposing a Language Environment (LE) powered by a LLM. The LE
learns from limited data to synthesize high-quality user feedback, serving a dual role: it acts as
both a state model to enrich user representations and a reward model to capture preferences,
while also augmenting the training data by generating new positive actions. By leveraging
these capabilities, LE Augmentation jointly optimizes the recommendation policy. Experiments
on two public datasets demonstrate its effectiveness in enhancing state-of-the-art RL recom-
menders.

In Chapter 7, we propose a novel framework to tackle key challenges in online RL-based
recommendation, such as distribution shift and the exploration-exploitation trade-off. Central
to this framework is the Interaction-Augmented Learned Policy (iALP), which leverages an
LLM to pre-train an RL policy by simulating user preferences offline. To ensure effective online
deployment, we further develop an adaptive version, A-iALP. By incorporating strategies to fine-
tune and adapt to dynamic user interactions, A-iALP successfully mitigates deployment risks
and enhances exploration. Empirical evaluations across three simulated environments validate
that our framework yields significant performance gains over baseline methods.

In Chapter 8, a novel framework named PDiT-GIM is proposed to transform recommenda-
tion systems into multi-party platforms that serve both consumers and business stakeholders.
PDiT-GIM employs a generation-decoding architecture, where a Personalized Diffusion Trans-
former (PDiT) generates interpretable user preference representations, and a Guided Item Mod-
eling (GIM) module decodes these representations into explicit, attribute-constrained business
insights. Extensive empirical evaluation on real-world datasets demonstrates the framework’s
superior performance in generating high-quality, aligned, and compliant insights while main-
taining recommendation effectiveness.



Chapter 2

Background

Modern recommender systems aim to anticipate user preferences by modeling the temporal dy-
namics of interactions [24, 25]. The most common form of achieving this is by capturing evolv-
ing user interests from historical engagement sequences to predict the next item of interest. The
foundational approach to this task is Sequential Recommendation (SR), which utilizes various
neural architectures to model these sequences. While early work employed Recurrent Neural
Networks (RNNs) like GRU4Rec [26], the field has largely been shaped by the advent of self-
attention mechanisms and Transformer-based models such as BERT4Rec [1] for their superior
ability to model long-range dependencies. This chapter reviews the foundations in a way that
explicitly supports the thesis roadmap introduced in Chapter 1: SR as the common setting, and
four practical constraints that motivate the publication-based chapters—transferability (Chap-
ter 3), controllable multi-objective optimization (Chapters 4–5), offline-to-online deployability
(Chapters 6–7), and multi-stakeholder value generation (Chapter 8).

Traditional sequential recommendation systems, however, often consider a single primary
objective: maximizing predictive accuracy. Today, researchers recognize that this narrow fo-
cus can lead to monotonous results and degrade long-term user experience [27]. The data and
modeling capabilities available now provide not only information on what a user will click next,
but also insights into maintaining user engagement through other objectives like diversity, nov-
elty, and serendipity. With the help of these new objectives, it is possible to embed a more
holistic view of user satisfaction into recommendation systems. One problem with this multi-
objective approach, often termed Multi-Objective Sequential Recommendation (MOSR), is that
these secondary goals are often in direct conflict with accuracy, creating a significant trade-off
challenge that needs to be carefully managed. This thesis adopts return-conditioned sequence
modeling (Decision Transformers) as a unifying mechanism to make such trade-offs explicit and
controllable (Chapters 4–5).

Recently, methods in the literature started to consider entirely new paradigms beyond di-
rect sequence modeling to increase recommendation quality and utility. One trend is to frame
recommendation as a long-term optimization problem by applying Reinforcement Learning

10
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(RL), modeling the process as a Markov Decision Process (MDP) to maximize cumulative re-
wards [28]. Another set of methods aims to address data sparsity and the cold-start problem by
developing general-purpose recommendation systems through Pre-training. This is achieved via
a pre-training and fine-tuning paradigm. Another idea is to leverage the reasoning and world
knowledge of Large Language Models (LLMs), using them either in a text-to-text format like
P5 [2] or as powerful components within existing frameworks [29]. These paradigms corre-
spond to distinct thesis constraints: pre-training/content modeling for cross-domain transfer
(Chapter 3); RL and Decision Transformers for controllable multi-objective decision-making
(Chapters 4–5); and modular LLM integration to improve feedback quality and deployment
robustness without incurring prohibitive inference cost (Chapters 6–7).

In Section 2.1, information on the fundamentals of Sequential Recommendation and its evo-
lution into multi-objective optimization is explained. In Section 2.2, information on Reinforce-
ment Learning for recommendation is given, including recent advances like the Decision Trans-
former [30]. In this section, we cover how RL is used to optimize for long-term user value.
Afterwards in Section 2.3, the recommendation systems that use Pre-training paradigms to cre-
ate generalizable and transferable models are explored. Lastly, in Section 2.4, related work about
the cutting-edge integration of Large Language Models in the recommendation domain, both as
standalone recommenders and as enhancement components, is presented. Sections 2.5–2.6 sum-
marize dataset biases and evaluation metrics, and clarify how these considerations motivate the
experimental protocols used throughout the thesis.

Key Concepts and Definitions

To address clarity concerns raised in the examination, we summarize key concepts used through-
out the thesis.

Mixture-of-Modality (MoM) feedback. MoM feedback refers to sequential user interactions
in which consumed items may come from different content modalities (e.g., text, image, video).
The key implication is that user preference trajectories must be modeled from modality-specific
content encoders rather than categorical item IDs. In Chapter 3, the MoM setting allows a
user sequence to contain both text and image items (while each item may be single-modality),
enabling transfer without overlapped IDs.

Beyond-accuracy objectives. Diversity measures dissimilarity within a recommended list
(e.g., via intra-list similarity); novelty measures whether recommended items are new/unseen
or less popular; serendipity measures whether items are both relevant and unexpectedly useful.
Chapters 4–5 operationalize these objectives via explicit metrics and return-conditioned model-
ing.
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Returns and controllability. Returns denote cumulative reward signals (possibly multi-objective)
used as conditioning variables in Decision Transformer-style sequence modeling. Conditioning
on returns enables explicit trade-offs at inference time without training separate models per ob-
jective (Chapters 4–5).

2.1 Sequential Recommendation

Sequential Recommendation (SR) forms the bedrock of modern recommender systems, focus-
ing on modeling the temporal dynamics of user-item interactions to predict the next item a user
is likely to engage with [24, 25]. The core challenge lies in capturing evolving user preferences
from interaction sequences, which are typically ordered by timestamp. Early pioneering work in
this area utilized Recurrent Neural Networks (RNNs), with Gated Recurrent Units (GRU) being
a popular choice for modeling user sequences [26]. Following this, the field saw the adoption of
more advanced architectures, including Convolutional Neural Networks (CNNs) for capturing
local sequential patterns [31, 32] and, more recently, self-attention mechanisms and Transform-
ers for their superior ability to model long-range dependencies [1, 33, 34]. A notable variant
is Personalized Session-based Recommendation (PSR), which extends SR by modeling both
intra-session dependencies (within the current interaction sequence) and inter-session depen-
dencies (across a user’s historical sessions). Hierarchical models, such as Hierarchical RNNs
(HRNN) [35] and hierarchical CNNs [36], were developed to explicitly capture this long-term
and short-term preference dynamic.

However, optimizing solely for prediction accuracy can lead to monotonous recommenda-
tions, potentially degrading long-term user experience. Consequently, the field has naturally
evolved towards Multi-Objective Sequential Recommendation (MOSR), which aims to balance
accuracy with other crucial objectives such as diversity, novelty, and serendipity [27, 37]. These
secondary objectives often conflict with accuracy, presenting a significant trade-off challenge.
Initial approaches addressed this through post-processing techniques, such as re-ranking a list
of candidates generated by an accuracy-focused model [38–41]. Other methods integrated these
objectives directly into the model training process, for instance, by designing joint loss func-
tions [20, 21, 42–45] or learning dedicated representations for diversity and novelty [46, 47].
Pareto-based optimization has also been explored to find a set of optimal trade-off solutions
rather than a single point [48–51]. More recently, reinforcement learning has been employed as
a powerful framework for this multi-objective balancing act. A key example is the Sequential
Multi-Objective Reinforcement Learning (SMORL) framework [52], which trains a separate Q-
network for each objective alongside a supervised head, effectively promoting diverse and novel
recommendations without compromising accuracy. This approach has been further extended
with techniques like negative sampling to enhance performance [53]. In contrast to multi-head
TD learning, this thesis studies MOSR via return-conditioned Transformers that make objec-
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tive trade-offs explicit and controllable (Chapter 4), and extends controllability to cross-session
personalization with hierarchical modeling and unexpected returns (Chapter 5).

2.2 Reinforcement Learning for Recommendation

The sequential nature of user interaction makes recommendation an ideal candidate for mod-
eling as a Markov Decision Process (MDP), paving the way for the application of Reinforce-
ment Learning (RL) to optimize for long-term user engagement and value [28, 54, 55]. In this
paradigm, the recommender system acts as an agent that learns a policy to select items (actions)
based on the user’s current state, aiming to maximize a cumulative reward signal over time.
Early applications of RL in recommendation often focused on offline settings, leveraging his-
torical log data to train policies. For example, some work enriched the RL environment with
external knowledge graphs to guide the learning process (KERL) [55], while others integrated
novel data sources like wireless sensing to improve specific applications like music recommen-
dation [56].

A significant advancement in this domain is Self-Supervised Reinforcement Learning (SSRL),
which combines the predictive power of supervised learning with the long-term optimization of
RL. The Sequential Q-Network (SQN) [57] and its Soft Actor-Critic (SAC) counterpart [58] are
seminal works in this area. They integrate a Double Q-learning head with a supervised learning
objective to enhance recommendation accuracy for metrics like clicks and purchases. These
frameworks have been further improved with techniques such as negative sampling (SNQN and
SA2C) [58] and state representation augmentation via contrastive learning [59]. Another line
of research proposed shifting the focus from modeling per-step rewards to modeling desirable
cumulative rewards to guide policy training [60].

Despite these advances, traditional offline RL algorithms based on temporal difference (TD)
learning can suffer from bootstrapping errors and distribution drift when deployed online, as the
learned policy may encounter states not seen in the static training data [30]. To address these
limitations, a new paradigm has emerged that frames RL as a conditional sequence modeling
problem. The Decision Transformer (DT) [30] exemplifies this approach. Instead of using dy-
namic programming, DT employs a causally masked Transformer architecture to predict actions
conditioned on a trajectory of past states, actions, and desired cumulative rewards (returns-to-
go). By modeling the entire trajectory τ = (R1,s1,a1,R2,s2,a2, . . .), DT can generate actions in
a supervised manner, making it particularly effective for offline RL settings with sparse rewards
and long sequences, which are common in recommendation scenarios. This perspective under-
pins the return-conditioned modeling used for controllable MOSR/MOPSR (Chapters 4–5) and
motivates the offline-to-online focus in Chapters 6–7, where the key bottleneck is the quality of
state/reward feedback under biased logs and distribution shift.
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2.3 Pre-training Paradigms for Generalizable Recommender

Inspired by the transformative success of large-scale foundation models in Natural Language
Processing (NLP) and Computer Vision (CV) such as BERT [61], GPT-3 [62], and Vision
Transformers (ViT) [63], the recommendation community has increasingly focused on devel-
oping general-purpose recommendation systems (gpRS) [64]. The goal is to build models with
strong transferability that can mitigate challenges like data sparsity and the cold-start problem,
and can be adapted to new domains or tasks with minimal effort. Early attempts in this direc-
tion used multi-task learning (MTL) to learn more general representations by training on several
tasks simultaneously [65–67]. However, MTL models are typically limited to the tasks they
were trained on and do not generalize well to entirely new scenarios.

A significant paradigm shift occurred with the introduction of self-supervised pre-training
(SSP) followed by downstream fine-tuning, directly analogous to the approach in NLP. Peter-
Rec [68] was a pioneering work that proposed a pre-training-then-fine-tuning paradigm for
learning transferable user representations. This was followed by concepts like lifelong learn-
ing for recommendation models, as explored in Conure [69]. This line of work is closely related
to cross-domain recommendation [70–73], but many of these early models rely on a shared
user/item ID space across domains, a strict assumption that often does not hold in practice.

To overcome the ID-dependency limitation, recent efforts have focused on leveraging rich
semantic information, particularly text, to build truly generalizable models [74–76]. Models like
ZESRec [77], CLUE [75], and UnisRec [19] demonstrated that a recommender pre-trained on
textual item sequences in one domain can be effectively transferred to other text-based rec-
ommendation scenarios. The most recent development in this area, P5 [2], unifies various
recommendation-related tasks (e.g., rating prediction, explanation generation) into a single text-
to-text format, pre-training a language model on this composite objective to create a highly
versatile foundation model for recommendation.

The technical foundation for these models lies in transfer learning methodologies. Self-
supervised pre-training can be broadly categorized into two types: generative pre-training, like
the masked language modeling in BERT [61], and contrastive pre-training, like SimCLR [78].
Both approaches are well-suited for recommender systems, which have abundant implicit feed-
back for creating self-supervised signals. For downstream adaptation, various techniques are
employed, including freezing parts of the model [79], full fine-tuning of all parameters [61],
adapter tuning for parameter-efficient adaptation [80], and prompt-based tuning [62]. Chap-
ter 3 connects this line to a practically relevant transfer setting by studying MoM feedback and
end-to-end training with modality encoders, enabling transfer without overlapped user/item IDs.
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2.4 Large Language Models in Recommendation

The unprecedented capabilities of Large Language Models (LLMs) [81–83] pre-trained on vast
corpora of text have opened up a new frontier for recommender systems [29, 84, 85]. A primary
line of research investigates using LLMs as standalone recommenders. This involves adapting
an LLM to recommendation tasks through various strategies: comprehensive pre-training on
recommendation-specific formats like in P5 [2]; fine-tuning on downstream datasets, often with
parameter-efficient techniques like LoRA, as seen in TAllRec [86]; or using prompt-based meth-
ods to elicit recommendations in a zero- or few-shot manner [82, 87]. Another approach is to use
LLMs to generate rich, semantic representations for items, which are then fed into traditional
recommender architectures. For instance, item text descriptions can be encoded with models
like BERT [19, 88] or Sentence-T5 [89] to create powerful semantic IDs [90]. However, deploy-
ing LLMs as full-fledged recommenders can be computationally expensive and may struggle to
capture the fine-grained signals present in long user interaction histories.

Diverging from this paradigm, an alternative and highly promising direction is to leverage
LLMs as enhancement components within existing recommendation frameworks, particularly
those based on reinforcement learning. Instead of replacing the entire recommender, the LLM
serves a specialized role. Inspired by recent successes in other domains where LLMs have ex-
celled as reward models [91], this approach uses an LLM to provide dense, nuanced reward
signals that can guide an RL agent more effectively than simple, sparse rewards like clicks. The
LLM can interpret natural language descriptions of user goals or item attributes to generate re-
wards that align with complex objectives like user satisfaction or long-term engagement. This
allows for the efficient adaptation of LLMs to augment the performance of existing, computa-
tionally leaner ID-based models. Furthermore, LLMs can also be adapted to function as other
components in an RL loop, such as an environment simulator for offline policy evaluation or
even as parts of the agent itself (e.g., actor, critic, or planner) for online recommendation [92],
offering a powerful toolkit for building the next generation of intelligent and responsive recom-
mender systems. This thesis primarily adopts the modular view: LLMs are used to improve
learning (state/reward modeling and offline augmentation in Chapter 6) and deployability (pol-
icy warm-start and safer exploration in Chapter 7), while preserving inference efficiency of lean
recommenders. Chapter 8 further leverages generative modeling to decode preferences into
interpretable, stakeholder-facing artifacts.

2.5 Datasets and Biases

A handful of public benchmark datasets have become the de facto standard for evaluating se-
quential recommendation models. Popular choices include e-commerce datasets like Amazon
Beauty and Yoochoose, as well as media consumption datasets such as MovieLens-1M and
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Last.fm [1, 26, 93]. While these datasets have fueled significant research and enabled consistent
benchmarking, they suffer from inherent biases that can limit the validity and generalizability of
models trained on them.

A primary issue is selection bias, as these logs typically only contain records of interactions
that occurred (i.e., positive feedback), with no explicit information on why users did not interact
with other items [94]. This absence of negative feedback makes it challenging to distinguish
between items a user genuinely dislikes and items they were simply never exposed to. Further-
more, these datasets are heavily influenced by exposure bias, as users could only interact with
items presented to them by the pre-existing recommendation system that generated the logs.
This creates a feedback loop where the data distribution is skewed towards items favored by
the logging policy, rather than reflecting users’ true, unbiased preferences [95]. For advanced
paradigms like Reinforcement Learning (RL)-based recommendation, these biases are particu-
larly problematic. In offline settings, where an agent learns from a static log of past interactions,
the combination of selection and exposure bias leads to an impoverished and unreliable feed-
back signal. This can result in inaccurate value function estimation and flawed offline policy
evaluation, causing the agent to learn a policy that merely exploits the biases of the previous
system rather than discovering a truly optimal strategy for long-term user engagement [57, 59].
The resulting distribution shift between the logging policy and the learned policy can severely
degrade online performance when the model is deployed.

To mitigate these issues, there has been a growing interest in developing methods and
datasets that allow for less biased evaluation. One prominent approach is the collection of
data using partially randomized exposure policies, such as in the KuaiRand dataset, which en-
ables more robust offline policy evaluation and learning. Beyond data collection, novel mod-
eling approaches are also required to either simulate more realistic user feedback from biased
logs or to build models that are inherently less susceptible to these biases by leveraging rich,
modality-based item content instead of platform-specific IDs [19, 88]. Addressing these data-
centric challenges is crucial for advancing the next generation of intelligent and reliable recom-
mender systems. These considerations motivate the dataset choices across the thesis: propri-
etary MoM transfer datasets (Chapter 3) are required to study realistic cross-platform transfer;
public sequential benchmarks (RC15, RetailRocket, LFM-1b; Chapter 4) support reproducible
MOSR evaluation; sessionized datasets (Album, Reddit; Chapter 5) are required to evaluate
cross-session personalization; and LFM/Industry are reused across Chapters 6–8 to study how
improved feedback modeling impacts offline RL, online adaptation, and preference decoding
under consistent item textual attributes.
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2.6 Evaluation Metrics

The evolution of recommender systems is mirrored in the paradigms used for their evaluation.
The choice of metrics is not merely a technical decision; it profoundly influences which aspects
of a system are optimized and reflects the field’s shifting focus from mere predictive accuracy to
a more holistic view of user experience and long-term value.

Accuracy-Centric Evaluation. Historically, the evaluation of recommender systems has been
dominated by metrics that measure predictive accuracy [27]. This paradigm, central to tradi-
tional Sequential Recommendation (SR), assesses the quality of a ranked list of recommenda-
tions based on its ability to predict a user’s immediate next interaction. Standard metrics such
as NDCG@K (Normalized Discounted Cumulative Gain) [96] and Recall@K (also known as
Hit-Rate@K) [26] have become de facto standards. These metrics reward models for placing
ground-truth items higher in the top-K recommendation list, effectively quantifying the model’s
short-term relevance prediction capabilities. While crucial, a singular focus on accuracy has
been shown to be insufficient for capturing the full spectrum of a positive user experience [37].

Beyond-Accuracy Evaluation. Recognizing the limitations of accuracy-only optimization,
which can lead to monotonous recommendations and "filter bubbles," researchers have devel-
oped metrics to assess other desirable qualities. This paradigm is central to the field of Multi-
Objective Sequential Recommendation (MOSR), a core topic of this thesis. These metrics often
address objectives that are in direct tension with accuracy, creating a challenging trade-off space.
Diversity metrics (e.g., intra-list similarity) assess the dissimilarity of items within a recommen-
dation list [37]. Novelty measures whether recommended items are new or unknown to the
user, while serendipity evaluates the extent to which recommendations are both surprising and
useful [97]. Furthermore, Catalog Coverage measures the proportion of the total item catalog
that a model recommends over time, indicating its ability to avoid popularity bias and leverage
long-tail items [98]. In this thesis, diversity/novelty are evaluated in MOSR (Chapter 4), while
serendipity is emphasized in cross-session personalization (Chapter 5) where “unexpected re-
turns” are introduced to model preference shifts beyond immediate relevance.

Long-Term Value Evaluation. With the increasing application of Reinforcement Learning
(RL) to recommendation, the evaluation paradigm has shifted from immediate, per-interaction
accuracy to the maximization of long-term cumulative rewards [54, 55]. In this framework, the
recommender is viewed as an agent whose goal is to learn a policy that optimizes for sustained
user engagement and satisfaction over an extended period. The reward function can be defined
as a sophisticated combination of various signals, such as user clicks, purchases, dwell time,
and overall session duration. This approach directly aligns with the objective of fostering long-
term user value rather than optimizing for single, myopic interactions. Chapter 7 follows this
paradigm by evaluating online policies via cumulative return and convergence stability under
simulated environments, while Chapters 6–7 study how improved state/reward feedback (from
an LLM-based environment) affects both offline learning and online adaptation.
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Generative and controllability evaluation. When recommendation is extended to preference
generation and decoding (Chapter 8), evaluation additionally requires generation-quality and
controllability metrics. We therefore report NLG metrics (e.g., BLEU/ROUGE/BERTScore) for
decoded textual tokens, attribute compliance rates under constraints, and still evaluate recom-
mendation utility of learned representations via HR/NDCG when applicable.

This evolution in evaluation, from myopic accuracy to holistic long-term value, sets the
stage for the contributions presented in this thesis, which aims to advance the state-of-the-art
in creating more intelligent, experience-driven recommender systems. Importantly, the thesis
uses these metric families consistently to match each task setting: HR/NDCG for next-item
recommendation (Chs. 3–6), beyond-accuracy metrics for MOSR/MOPSR (Chs. 4–5), return
for online adaptation (Ch. 7), and NLG/compliance metrics for preference decoding (Ch. 8).



Chapter 3

Learning Transferable Recommendation
from Mixture-of-Modality Feedback

Note. This chapter is based on our APWeb/WAIM 2024 paper on TransRec, and is revised in this
thesis to align terminology/notation with the unified workflow, clarify the MoM (sequence-level
mixture of modality behavior) setting and the non-overlapped transfer assumption, and connect
the chapter outcomes to later decision/deployment layers.

3.1 Introduction

The mainstream RS typically model domain-specific user behaviors and then generate item rec-
ommendations only for the same platform. Such specialized RS has been well-established in
literature [13, 14, 26, 32, 33, 99], yet they routinely suffer from some intrinsic limitations, such
as low-accuracy problems for the cold-start setting [68], heavy manual work, and high cost for
training from scratch per-task models [69]. Hence, developing general-purpose recommenda-
tion models to be useful to many systems has significant practical value. These kinds of models
are popular in computer vision [63, 100] and natural language processing [61, 62] literatures,
and they are recently referred to as the foundation models (FM) [64]. Despite their remark-
able progress, there has yet to be a recognized learning paradigm for building general-purpose
models for recommender systems (gpRS).

One principal reason is that ID-based collaborative filtering (CF) techniques nearly domi-
nate existing RS models. Thereby, well-trained RS models can only be used to serve the current
system because neither users nor items are easily shared across different private systems, e.g.,
from TikTok1 to YouTube2. Even in some special cases, where userIDs or itemIDs in two plat-
forms can be shared, it is still less prone to realizing the desired transferability since users/items
on the two platforms also have limited overlapping situations. Less user and item overlapping

1https://www.tiktok.com/
2https://www.youtube.com/
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will lead to limited transferring effects. Recent attempts such as PeterRec [68], lifelong Conure
model [69] and STAR [101] fall exactly into this category.

To study the transferability of RS, we attempt to explore item modality3- or content-based
recommendation where a modality encoder represents items (e.g. BERT [61] and ResNet [100])
rather than the ID embedding. By modeling modality features intuitively, recommendation mod-
els have the potential to achieve domain transferring for this modality in a broader sense — i.e.
no longer relying on overlapping and shared-ID information. Moreover, the latest revolution of
robust encoder networks in NLP and CV is also potentially beneficial to modality-based item
recommendation and might even bring about a paradigm shift for RS from ID-based CF back to
content-based recommendation.

To this end, we study a common yet unexplored recommendation scenario where user be-
haviors are composed of items with mixed-modality features — e.g., these interacted items by a
user can be all texts or images or both. However, for simplicity, each item is restricted to only
one modality for this study. Such a scenario is prevalent in many practical recommender systems
such as feed recommendations, where recommended feeds can be a piece of news, an image,
or a micro-video. In this chapter, we claim that developing recommendation models based on
user feedback with mixture-of-modality (MoM) items is a vital way towards transferable and
general-purpose recommendation. To verify our claim, we design TransRec, a recommenda-
tion framework for modeling user MoM feedback. In essence, TransRec is model-agnostic
and can be a direct modification on most ID-based recommendation models. To eliminate the
non-transferable ID features, we encode an item by a modality encoder rather than the itemID
embedding. We encode users by a sequence of items (again, each item here is also encoded by
their respective MoM encoder) rather than the userID embedding, as shown in Figure 3.1. We
evaluate TransRec on the simple yet most widely adopted two-tower-based DSSM model [102],
where one tower represents users, and the other represents items. We train TransRec, includ-
ing both user and item encoders, by an end-to-end manner rather than using frozen features
pre-extracted from modality encoders.

More importantly, we perform extensive empirical studies on TransRec — the first RS
regime enabling effective transfer across modalities & domains. Specifically, we first train
TransRec on a large-scale source dataset collected from a commercial website, where a user’s
feedback contains either textual or visual modality or both. Then we evaluate the pre-trained
TransRec on the first target dataset collected from a different platform but has similar user feed-
back formats. Second, we evaluate TransRec on the second target dataset, where items have
only one modality. Third, we evaluate TransRec with still one modality, but along with addi-
tional user/item features to verify its flexibility. At last, we evaluate TransRec on another target
dataset where items look very different from the source domain to demonstrate its generality.

3modality used in this chapter mainly refers to some multimedia modalities, such as text, image, audio or videos,
excluding the categorical IDs.
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Beyond this, we empirically examine the performance of TransRec with varying scaling strate-
gies on both the source and target datasets. Our results confirm that TransRec effectively learns
from MoM feedback for various transfer learning tasks and benefits from large-scale source and
small-scale target datasets. To some extent, TransRec is by far probably the closest model to-
ward the goal of gpRS. We believe its broad transferability will point out a new way toward the
foundation models in the RS domain.

To summarize, the contributions of this chapter can be described as: (1) We identify an
essential fact that learning from MoM feedback has the potential to realize the goal of gpRS. To
the best of our knowledge, we are one of the few works of learning a universal recommendation
model from over one modality of feedback. (2) We present TransRec, the first recommendation
model that realizes both cross-modality and cross-domain recommendation. (3) We study the
transferability of TransRec across four types of recommendation scenarios. (4) We study the
effects of TransRec by scaling the data and provide some valuable insights.

Table 3.1: Comparison of the transferability of existing recommendation methods. ‘O’ in the
source domain indicates the modality type used for pre-training and in the target domain in-
dicates that the pre-trained model can be used to serve recommendations with items of this
modality, otherwise denoted by ‘X’.

Methods
Source domain Target domain

Text Image Mixed Text Image Mixed

PeterRec [68] X X X X X X

ZESRec [77] O X X O X X

UnisRec [19] O X X O X X

CLUE [75] O X X O X X

TransRec (Ours) O O O O O O

3.2 Related Work

The pursuit of general-purpose recommender systems (gpRS), inspired by the success of foun-
dation models in NLP and CV [61, 64, 100], has challenged the dominant paradigm of non-
transferable, ID-based collaborative filtering. Initial attempts at creating transferable models,
such as PeterRec [68], Conure [69], and STAR [101], focused on cross-domain scenarios but
were fundamentally limited by their reliance on overlapping user or item IDs. This strong as-
sumption restricts their applicability in heterogeneous ecosystems. A more recent and promising
line of research has shifted towards content-based transferability, primarily leveraging textual in-
formation to build models free from ID dependencies. Works like ZESRec [77], CLUE [75], and
UnisRec [19] have shown that pre-training on text-rich sequences can effectively transfer to new
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text-based recommendation tasks.
Despite this progress, existing content-based approaches are predominantly limited to a sin-

gle modality, failing to capture the diverse nature of modern platforms where users interact with
a mix of content like articles, images, and videos. While multimodal recommendation is a re-
lated field [79, 103], it typically addresses items that inherently contain multiple modalities and
often relies on using modality encoders as fixed feature extractors rather than fine-tuning them
end-to-end. Our work, TransRec, addresses this crucial gap by introducing a novel Mixture-of-
Modality (MoM) learning paradigm. We are among the first to propose pre-training a universal
recommender on user histories composed of items with varied single modalities (e.g., text and
images). This MoM pre-training, coupled with an end-to-end learning strategy, enables Tran-
sRec to develop a generalized understanding of user preferences that transcends specific modal-
ities, allowing for unprecedented transferability to downstream tasks with any combination of
the source modalities.

item emb. + pos.emb. 

user sequence

(a) Pre-training on Source Domain (b) Fine-tuning on Target Domains

Transfer to Target Domains

Fine-tuning
by

Concating Features

Fine-tuning

Textual Item Encoder  
             BERT

Visual Item Encoder  
        ResNet-18 

Stage 1 Optimization

User Encoder

Stage 2 Optimization

item emb. 

user emb. 

sampled items 

preference prediction

User Encoder

items with modality content

items with modality content & other features 

User Encoder user feature

item feature

Figure 3.1: Illustration of the training process of TransRec. Here, the inner product is employed
to compute the preference between users and candidate items.

3.3 The TransRec Framework

In this section, we first formulate the recommendation tasks with mixture-modality feedback
and introduce some notations used in this chapter. Then, we introduce the TransRec framework
in detail.

3.3.1 Problem Definition

Assume that we are given two categories of domains: source domain S and target domains
T = {T1,T2, ...,TN}. In source (target) domain, suppose that there exist user set Us (Ut) and
item set Vs (Vt), involving |Us| (|Ut |) users and |Vs| (|Vt |) items. In both domains, the con-
tent feature of items is recorded with modality set M = {a,b}, containing textual and visual
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Source Domain Target Domain

   ...   

   ...   

   ...   

   ...   

Item with modality a, e.g. textual modality.

Textual modality transfer learning:     
only serve other text RS.

Visual modality transfer learning: 
only serve other image RS.

Item with modality b,  e.g.  visual modality.

(a) Transferring Process of TransRec (b)  Transfer of Single Modality Methods 

Figure 3.2: Schematic of learning from MoM. TransRec first pre-trains a unified recommenda-
tion model with MoM feedback in the source domain and then serves any target domain as long
as the item’s modality type is contained in the MoM feedback.

modalities, denoted as a and b, respectively. Following the setting of item-based collaborative
filtering [68], users can be represented with the sequence of their historical interaction records
Cu = {c1,m, ...,cn,m}. Here, n indicates the sequence length while m ∈M . This work aims
to learn a generic recommender from source domain S, which can be transferred to N target
domains T , involving non-overlapping of userIDs or itemIDs.

As illustrated in Figure 3.2, by learning from M, the trained model can be applied to the
following domains, including single-modality domain C = {c1,a, ...,cn,a} (ci,a ∈ V a

t ) in domain

T a, single-modality domain C = {c1,b, ...,cn,b} (ci,b ∈ V b
t ) in domain T b, and mixed-modality

domain C = {c1,m, ...,cn,m} ( ci,m ∈ V m
t , m ∈ M) in domain T m. Suppose that we extend the

source domain with four modalities M = {a,b,c,d} = {text, image,audio,video}. The target
domain can be served with 15 types of modalities, i.e. {a}, {b}, {c}, {a,b}, {a,b,c}...{a,b,c,d}
that covers a majority of existing multimedia modalities. In other words, learning from MoM
feedback could easily cover downstream recommendation scenarios with items in the form of
any single or combined modalities used in the source domain, which differs from traditional
recommendations where user feedback contains modality features exactly the same as the per-
interacted item.

3.3.2 TransRec Architecture

To verify our claim, we develop TransRec on the most popular two-tower-based recommenda-
tion architecture, a.k.a. DSSM [102]. To eliminate ID features, we represent both users and
items with item modality contents. That is, the item tower of DSSM is represented by an item
modality encoder (e.g. BERT for textual items and ResNet for visual items), and the user tower
is represented by a user encoder that directly models an ordered collection of item interactions.
For this study, we chose the self-attention-based Transformer blocks as the user encoder, given
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their popularity and outstanding performance in modeling sequence data. But we emphasize that
TransRec is not limited to the basic Transformer block — i.e. any deep neural network module
that can model ID embedding sequences, such as the pure MLP network [104], GNN [105],
RNN [26], TCN [32] and more advanced Transformers [106, 107] could be employed here (see
Figure 3.1 for the TransRec architecture).

Formally, given a user interaction sequence C from an MoM scenario, TransRec divides it
into two sub-sequence Cu and Ce, their relationship is denoted as:

C =Cu∪Ce, (3.1)

where C = {c1,m, ...,cn,m,cn+1,m, ...,cn+l,m}, with length of n+ l, which is divided into Cu =

{c1,m, ...,cn,m}, with the front ordered n interactions, and Ce = {cn+1,m, ...,cn+l,m}, with last l

interactions. TransRec takes them as inputs to the item encoder Ei. Then, we obtain Zu and

Ze, which are item representations for Cu and Ce, respectively. The item representations in Zu

are then fed into the user encoder Eu to achieve user representation Uu. Uu and Ze are used to
compute their relevance scores Ru,e. The process can be formulated as:

Ze = Ei (Ce) , Zu = Ei (Cu) , (3.2)

Uu = Eu (Zu) , Ru,e =Uu ·Ze, (3.3)

where Zu= {z1, ...,zn } and Ze= {zn+1, ...,zn+l }, zt is the item representation of t-th item in the
user sequence C. And Ru,e =

{
ru,1,ru,2, ...,ru,l

}
, ru,t denotes the relevance score between Uu

and t-th item of the sub-sequence Ce. Ru,e demonstrates the relation between the user and his
next interaction sequence. Next, we describe the two components of our model in detail.

Item Encoder. Given the MoM scenario, each item encoder of TransRec takes the item’s
(single) modality as input. We consider at most two types of modalities, i.e. textual tokens and
image pixels, for each user in this chapter. Attempts for more modality scenarios are interesting
for future work. For an item with textual modality (i.e. ci,a ), we adopt BERT-base [61] to
model its token content ci,a = [t1, t2, ..., tk]. Then we apply a commonly used attention network
to compute the relations of each token, similar to [11], and average pooling is used to obtain the
final textual representation Zi:

Zi = Avg(SelfAtt(BERT(ci,a))). (3.4)

Likewise, we apply the ResNet-18 [100] to encode an item with visual modality shown by
an image ci,b. Then we perform average pooling to produce the final visual representation Zi,
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followed by a standard MLP layer, which is given:

Zi = Avg(MLP(ResNet(ci,b))). (3.5)

User Encoder. For user encoder, we propose using the Transformer (denoted as Trsfu) block
architecture, where each token embedding is the representation from an item encoder rather than
the original word ID embedding. Position embedding P = {p1, ..., pn} is added to model the
sequential patterns of user behaviors. The specific process is formulated as follows:

Su = Zu +Pu, (3.6)

Uu = Eu (S
u) = Last(Trsfu(Su)), (3.7)

where the user representation Uu is represented by the hidden state at the last position of the
user encoder.

3.3.3 Optimization

Inspired by the pre-training and fine-tuning paradigm, we apply a similar training regime for
TransRec: first pre-training the user encoder network, and then training the whole framework of
TransRec.

Stage 1: User Encoder Pre-training. We perform pre-training for the user encoder net-
work in a self-supervised manner. Specifically, we apply the left-to-right style generative pre-
training to predict the next item in the interaction sequence, similar to SASRec and NextIt-
Net [32, 33]. The way we choose unidirectional pre-training rather than BERT-style (bidirec-
tional) (i.e. Eq.3.7) is simply because unidirectional pre-training converges much faster but
without obvious loss of precision. We use the softmax cross-entropy loss as the objective func-
tion:

ỹt = softmax(zt) , zt = S′tW
U +bU , (3.8)

LUEP =− ∑
u∈U

nu−1

∑
t=1

y(u)⊤t+1 log ỹ(u)t = − ∑
u∈U

nu−1

∑
t=1

log ỹ(u)t [x(u)t+1], (3.9)

where WU , bU are the projection matrix & bias terms, S′t is the representation of last hidden
layer.

Stage 2: End-to-End Training. TransRec is trained in an end-to-end manner by fine-tuning
model parameters of both user and item encoders. This is vastly different from much multimodal
recommendation literature where they first pre-extract offline features by modality encoder and
then treat them as fixed features for a recommendation network [12, 15, 79]. End-to-end training
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enables a better adaption of textual and visual features to the current recommendation domain.
Specifically, we propose to use the Contrastive Predictive Coding (CPC) [16] learning method.
Given a sequence of user interactions C, we divide the sequence into sub-sequence Cu and Ce to
encode the relationship between them. The binary cross-entropy loss function is as follows:

LCPC =− ∑
u∈U

[
n+l

∑
t=n+1

log(σ (ru,t))+
j

∑
g=1

log(1−σ (ru,g))

]
, (3.10)

where g is randomly sampled negative items [108, 109] during model training. For each user
sequence, we choose 4 un-interactive items from the whole recommendation pool as negatives.

3.3.4 Transfer to Downstream Tasks

After the training process of TransRec, the user & item representations and their matching rela-
tionship in the source domain can be well learned, which can then be used to improve various
downstream recommendation tasks by performing a direct fine-tuning on the corresponding task.

The fine-tuning process of TransRec in the target domain follows the same end-to-end train-
ing procedure (i.e. Stage 2 of Section 3.3.3) as used in the source domain. The key difference
is that (i) TransRec could achieve faster and better convergence by fine-tuning on the target
domain because of its well pre-trained parameters; (ii) TransRec could use fewer training exam-
ples to achieve the same performance compared to itself without pre-training. Because of the
flexible architecture of DSSM, TransRec can also incorporate additional user and item features
like many standard ID-based models. That is, we can fuse user/item features by simply concate-
nating them with user/item representation generated by the user/item encoder network (also see
Figure 3.1 (b)).

During the online inference stage, TransRec is as efficient as ID-based models since the
modality representations of all items can be calculated in advance by an offline manner.

3.4 Empirical Study

To verify the effectiveness of our proposed TransRec, we conduct empirical experiments and
evaluate pre-trained recommenders on four types of downstream tasks.

3.4.1 Experiments for The Source Domain

Datasets. The source data is the news recommendation data collected from QQBrowser4 from
14th to 17th, December 2020. We collect around 25 million user-item interaction behaviors, in-
volving about 1 million randomly sampled users and 133, 000 interacted items. Each interaction

4https://browser.qq.com/
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denotes observed feedback at a certain time, including full play and clicks. The users with less
than 20 interactions are removed and the average length of user sequences is 25.

Table 3.2: Characteristics of the source dataset. ‘Form’ indicates the item category. ‘All’ means
all users in this dataset, including the above three types. For example, the first line denotes that
there are 765,895 users whose interacted items always have two-modal (i.e. textual and visual)
features.

Form Modality User Item Interaction

Mixed Text + Image 765,895 133,107 19,233,882
Article Text 133,107 62,837 3,327,463
Video Image 123,897 70,270 2,996,048

All Text + Image 1,022,899 133,107 25,557,393

We construct the sequence behaviors for each user using his recent 32 ordered interactions.
Beyond the ID features, our datasets represent each item with its raw modality features. More
accurately, items in a user session can be videos-only, news-only, or both. However, each item
is either a video or a piece of news, i.e. containing only one modality. We adopt item titles to
represent news, item thumbnails to represent videos. The statistics are in Table 3.2.

Evaluation Metrics. We use the typical leave-one-out strategy [14] for evaluation, where
the last item of the user interaction sequence is denoted as test data, and the item before the last
one is used as validation data. The remaining sequence is used as the training data, in which the
latest five interactions are used to predict given all previous interactions (see Figure 3.1). We
pad zero at the end of the user sub-sequences Cu if their lengths are smaller than 25. Unlike
many previous methods that employ a small scope of randomly sampled items for evaluation,
which may lead to inconsistencies with the non-sampled version [110], we rank the full item set
without using the inaccurate sampling measures. We apply Hit Ratio (HR) [68] and Normalized
Discounted Cumulative Gain (NDCG) [32] to measure the performance of each method. Our
evaluation methods are consistent for both the source and downstream tasks.

Implement Details. Hyper-parameters are searched on the validation set to ensure a fair
evaluation. We notice that the Adam [111] optimizer performs the best on all validation sets.
Then we set the learning rate to 1e−4, embedding size to 256 and batch size to 512 after empirical
searching and training TransRec on 4 NVIDIA A100s (40G memory). We train all models until
it converges and saves parameters when they reach the highest accuracy on the validation set.
We set the layer number of the user encoder to 4 and the head number of multi-head attention to
4. The input size of an image is 3×224×224, and the token length of an article description is set
to 32 maximum.

Results. Before evaluating TransRec on the downstream datasets, we first examine its per-
formance in the source domain. The purpose is not to demonstrate that TransRec can achieve
state-of-the-art recommendation accuracy. Since it depends on both user and item encoder net-
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works — i.e. with a more expressive user and item encoders, TransRec is likely to be more
powerful. Instead, we hope to investigate via fair comparison, whether learning from modality
contents has advantages over traditional ID-based methods i.e. IDRec. Throughout this chapter,
we use IDRec to denote the counterpart of TransRec with a similar recommendation architec-
ture with the same sampling and optimization method, but instead with an ID embedding item
encoder.

Table 3.3: Results on the source dataset. The terms below have the same meaning as in Table 3.2.
TransRec- denotes TransRec without first stage user encoder pre-training.

Method Modality HR@5 NDCG@5 HR@10 NDCG@10

IDRec ID 0.0141 0.0089 0.0230 0.0118

TransRec-

Image 0.0337 0.0216 0.0540 0.0281
Text 0.0330 0.0214 0.0536 0.0280

Mixed 0.0326 0.0210 0.0530 0.0275
All 0.0327 0.0211 0.0532 0.0276

TransRec

Image 0.0696 0.0414 0.1128 0.0553
Text 0.0325 0.0206 0.0582 0.0272

Mixed 0.0390 0.0233 0.0679 0.0326
All 0.0403 0.0239 0.0699 0.0334

Table 3.3 shows the results of IDRec and TransRec regarding HR@{5, 10} and NDCG@{5,
10}. Please note ‘TransRec-’ denotes TransRec without the first stage user encoder pre-training.
Two important observations can be made: (1) TransRec- and TransRec largely outperform
IDRec (e.g. 0.0699 vs. 0.0230, and 0.0532 vs. 0.0230 on HR@10), demonstrating strong
potential of learning from modality content data. The higher results of TransRec are presum-
ably attributed to three key factors: large-scale training data, powerful item encoder and user
encoder networks, and an end-to-end training fashion. (2) TransRec exceeds TransRec- with all
types of modality settings (e.g. 0.0699 vs. 0.0532, and 0.0679 vs. 0.0530 on HR@10), which
evidences the effectiveness of user encoder pre-training (see Section 3.3.3). The results of (1)
further motivate us to develop modality content-based recommendation models for downstream
tasks.

Training Comparison. In Table 3.4, we present TransRec vs. IDRec in terms of FLOPs
(the number of floating-point operations). As can be seen, TransRec requires almost 2000×
larger computing cost than IDRec alongside up to 5× more training time. TransRec, with the
standard training method, achieves better accuracy than IDRec, but with the cost of much higher
computing and training time. This result is not surprising since pre-training foundation models
in other fields, such as BERT-large, GPT-3, and various ViT require huge computing power. We
believe the results here will inspire more research to study model optimization and compression
techniques for large gpRS — e.g. fine-tuning only the top few layers or applying more advanced
fine-tuning techniques, such as adapter [68, 80] and prompt tuning [112].
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Table 3.4: Comparison of TransRec (full parameter fine-tuning) and IDRec in terms of FLOPs
and training time per batch. TransRec is trained on a user sequence with 13 images and 12 news
articles where images have a size of 3×224×224 and text length is 32.

Model FLOPs s/batch

IDRec 32.973M 0.7s
TransRec 78.305G 3.2s

3.4.2 Experiments for The Target Domains

All the target datasets below are from other recommender systems.
TN-mixed: It was collected from Tencent News (TN)5, where an interacted item can be

either a News article or a video thumbnail. Similar to the source domain, the interacted item set
of a user contains mixture-of-modality features, i.e. both text and images.

Table 3.5: Datasets for downstream recommendation tasks. Except for DouYin, interactions in
other datasets are mainly about users’ clicking or watching behaviours.

Domain Modality User Item Interaction

TN-mixed Text+Image 49,639 48,383 870,894
TN-video Image 47,004 50,053 809,483
TN-text Text 49,033 49,142 903,543
DouYin Image 100,000 66,228 1,688,944

TN-video and TN-text: The two datasets only contain items with a single modality. For
example, users’ interactions in TN-video include only videos, while TN-text includes only tex-
tual items, i.e. news. They are used to evaluate TransRec’s generality for single-modal item
recommendation. Given that users and items in real-world recommender systems have vari-
ous additional features, we introduce two types of user features (gender and age) and one item
feature (category) for TN-text.

DouYin: It was collected from DouYin6 (the Chinese version of TikTok), a well-known
short video recommendation application. Unlike all previous datasets, the positive user feedback
in DouYin only contains comment behaviors. In addition, video genres and cover image size
in DouYin are vastly different from the source domain. Table 3.5 summarizes the statistics of
downstream datasets.

Baselines. The key baseline used to compare with TransRec is TFS, which is used to verify
whether TransRec pre-trained in the source domain can effectively improve the performance of
the downstream tasks. Thereby, TFS adopts the same architecture, hyper-parameters and modal-
ity inputs as TransRec, but is trained from scratch with randomly initialized parameters for the
key architecture (i.e. the user encoder). Note that its item encoder still adopts the pre-trained

5https://news.qq.com/
6https://www.douyin.com/
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Table 3.6: Comparison of recommendation results on four downstream domains. TFS denotes
training target datasets with random parameters as initialization. It shares the same network
architecture and hyper-parameters as TransRec. The best results are bolded.

Domain Modality Metric IDRNN IDCNN IDRec TFS TransRec Improv.

TN-mixed Mixed

HR@5 0.0109 0.0112 0.0117 0.0249 0.0285 14.46%
NDCG@5 0.0063 0.0067 0.0068 0.0160 0.0177 10.63%
HR@10 0.0129 0.0195 0.0210 0.0428 0.0478 11.68%

NDCG@10 0.0062 0.0094 0.0100 0.0213 0.0239 12.21%

TN-video Image

HR@5 0.0134 0.0159 0.0153 0.0208 0.0271 30.29%
NDCG@5 0.0093 0.0098 0.0092 0.0131 0.0173 30.06%
HR@10 0.0201 0.0265 0.0267 0.0336 0.0424 26.19%

NDCG@10 0.0114 0.0133 0.0125 0.0173 0.0221 27.75%

TN-text Text

HR@5 0.0105 0.0123 0.0105 0.0303 0.0358 18.15%
NDCG@5 0.0063 0.0078 0.0062 0.0192 0.0227 18.23%
HR@10 0.0189 0.0220 0.0192 0.0500 0.0597 19.40%

NDCG@10 0.0089 0.0109 0.0090 0.0255 0.0303 18.82%

DouYin Image

HR@5 0.0059 0.0057 0.0023 0.0115 0.0146 26.96%
NDCG@5 0.0037 0.0035 0.0014 0.0073 0.0090 23.29%
HR@10 0.0096 0.0100 0.0035 0.0205 0.0259 26.34%

NDCG@10 0.0049 0.0049 0.0018 0.0101 0.0126 24.75%
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Figure 3.3: Convergence trend by scaling the source data.
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BERT and ResNet. In addition, we compare TransRec with several ID-based baselines for ref-
erence, including IDRNN [26], IDCNN [32] and IDRec. IDRNN uses the GRU to encode user
sequence, while IDCNN and IDRec use the temporal CNN (TCN) and Transformer architecture
to encode user sequence.

For a fair comparison, we adopt IDRNN, IDCNN and IDRec with exactly the same training
objective function, negative sampling method and optimization strategy as the fine-tuned Tran-
sRec (see Figure 3.1). All the batch size of target domains is set to 128 and the learning rate of
TN-mixed, TN-video, TN-text and Douyin is set to 1e−5, 1e−5, 1e−5, and 5e−5, respectively.
Despite that, we emphasize again that the purpose of this study is neither to propose a more
advanced neural recommendation architecture nor to pursue some state-of-the-art results. The
key purpose of this study is to indicate that: (1) learning from modality content features instead
of ID features achieves the goal of transferable recommendations across different domains; (2)
learning from MoM feedback rather than single-modal or typical multimodal feedback reaches
the goal of generic recommendations across different modalities.

Results. The overall results are shown in Table 3.6, which includes four recommendation
scenarios. Two important observations can be made: (1) TransRec performs consistently better
than its training-from-scratch version, i.e. TFS; (2) TransRec performs better than ID-based
methods as well. The results suggest that training the source domain brings much better results
for TransRec on all target datasets. By analyzing these scenarios, we can conclude that Tran-
sRec — learning from MoM feedback — can be broadly transferred to various recommendation
scenarios, including the source-like mixed-modal scenario (i.e. TN-mixed), the single-modal
scenario (TN-video), the scenario with more additional features (TN-text), and the scenario
with very different modality content (DouYin).

3.4.3 Scaling Effects

Scaling effects of the source dataset. Table 3.7 shows the model performance in the four
downstream recommendation tasks. First, it can be seen that the recommendation accuracy of
TransRec is improved by scaling up the source training data. For example, HR@10 in the TN-
mixed dataset grows from 0.0428 to 0.0448 with 20% of the source data, and then it grows from
0.0448 to 0.0474 with 50% of the source data. Such a property of TransRec is desired since it
implies that scaling up the source dataset is an effective way to improve downstream tasks. We
also plot the convergence behavior in Figure 3.3, which shows consistent improvements.

Scaling effects of the target dataset. We study the effects of TransRec by scaling down the
target data, aiming to verify whether TransRec can alleviate the insufficient data issue. Specif-
ically, we decrease the size of these target datasets by using 20% and 60% of the original data.
Results are shown in Table 3.8 and Figure 3.4. It can be seen that (1) TransRec’s accuracy in-
creases with more training data; (2) more accuracy gains are achieved with less training data.
This suggests that when a recommender system lacks training data, transferring the (user-item)
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Table 3.7: Results of TransRec by scaling up the source corpus.

Domain Metric TFS 20% 50% TransRec

TN-mixed
HR@10 0.0428 0.0448 0.0474 0.0478

NDCG@10 0.0213 0.0227 0.0237 0.0239

TN-video
HR@10 0.0336 0.0400 0.0417 0.0424

NDCG@10 0.0173 0.0209 0.0214 0.0221

TN-text
HR@10 0.0500 0.0543 0.0581 0.0597

NDCG@10 0.0255 0.0281 0.0292 0.0303

DouYin
HR@10 0.0205 0.0233 0.0254 0.0259

NDCG@10 0.0101 0.0113 0.0120 0.0126
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Figure 3.4: Comparison of convergence by scaling TN-mixed dataset.
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matching relationship from a large source dataset is helpful.

Table 3.8: Comparison of relative performance improvement on downstream tasks with varied
target data size. ‘Num. Sample’ denotes the number of user behavior sequences for training.
‘Improv.’ indicates the relative performance improvement of TransRec compared with TFS.

Domain
Num.

Sample
HR@10

Improv.
NDCG@10

Improv.
TFS TransRec TFS TransRec

TN-mixed
10,000 0.0261 0.0385 41.51% 0.0126 0.0193 53.17%
30,000 0.0354 0.0448 26.55% 0.0176 0.0223 26.70%
49,639 0.0428 0.0478 11.68% 0.0213 0.0239 12.21%

TN-text
10,000 0.0393 0.0597 51.91% 0.0201 0.0262 30.35%
30,000 0.0453 0.0549 21.19% 0.0230 0.0283 23.04%
49,033 0.0500 0.0597 19.40% 0.0255 0.0303 18.82%

Table 3.9: End-to-end training vs. frozen features.

Method Manner
TN-mixed TN-text TN-video

HR@10 NDCG@10 HR@10 NDCG@10 HR@10 NDCG@10

TFS
Frozen 0.0334 0.0167 0.0350 0.0176 0.0037 0.0017

End2end 0.0428 0.0213 0.0500 0.0255 0.0336 0.0173

TransRec
Frozen 0.0359 0.0181 0.0411 0.0206 0.0040 0.0023

End2end 0.0478 0.0239 0.0597 0.0303 0.0424 0.0221

3.4.4 End-to-End Training v.s. Frozen Features.

Traditional multimodal and multimedia recommendations have been well studied [79]. While
due to high computing resources and a less powerful text/image encoder network, prior art
tends to extract frozen modality features and feed them into a CTR or recommendation model.
Such practice is prevalent for industrial applications given billions of training examples [13, 99].
However, we want to explore whether end-to-end learning is superior to learning from frozen
features. The results are in Table 3.9. We can achieve consistent improvements through end-
to-end learning; however, finetuning BERT and ResNet is more computationally expensive than
using pre-extracted features. Notably, we notice that frozen textual features yield worse results
than visual features. This may imply that The textual features generated by BERT are more
general than the visual features generated by ResNet. This finding is also aligned with findings
in NLP and CV fields — finetuning all parameters is generally better than finetuning only the
classification layer (with the backbone network frozen).



CHAPTER 3. TRANSFERABLE RECOMMENDATION FROM MOM FEEDBACK 34

3.5 Conclusion

In this chapter, we study a novel recommendation scenario where user feedback contains items
with the mixture-of-modality features. We develop TransRec, the first recommendation model
learning from MoM feedback in an end-to-end manner with the goal of learning general-purpose
models for recommender systems. To show its transferring ability, we conduct an empirical
study in four types of downstream recommendation tasks. Our results verify that TransRec
is a generic model that can be broadly transferred to improve many recommendation tasks as
long as the modality has been trained in the source domain. Our work has significant practical
implications towards universal recommender systems to realize ‘One Model to Serve All’ [69,
101].

One limitation is that we only examine TransRec with two types of modality features (image
and text). As a result, it can only serve three scenarios: image-only, text-only, and image-text.
Since both video and audio data can be represented by images [113, 114], intuitively, TransRec
can be extended to scenarios where items involve more modalities. For example, suppose four
distinct modalities (image, text, audio and video) are available in user feedback. TransRec can
potentially serve at most 15 types of scenarios, covering most modalities for multimedia data.
This is an interesting future direction to realize a more general recommender system. A second
limitation is the high training cost of TransRec because of the end-to-end learning paradigm.
Although TransRec enables effective transfer learning for many downstream recommendation
tasks, its huge computation cost and training time should receive more future research attention.

3.5.1 Summary and Link to Next Chapters

This chapter establishes the representation layer of the thesis workflow by learning transferable
user/item encoders from MoM content rather than platform-specific IDs. The empirical re-
sults demonstrate that MoM-based pretraining improves cross-domain performance under non-
overlapped identities. Building on this transferable foundation, Chapters 4–5 move to the deci-
sion layer, where recommendation is conditioned on multi-objective returns to enable control-
lable trade-offs beyond accuracy.



Chapter 4

Decision Transformers for Reward-driven
Multi-objective Recommendations

Note. This chapter is based on our TKDE 2025 paper on MODT4R, and is revised in this thesis
to align the MOSR task definition and notation with the thesis-wide framework, strengthen mo-
tivation for return-conditioned decision making, and standardize evaluation reporting for multi-
objective trade-offs.

4.1 Introduction

In e-commerce[88] and video platform[115], it is common to recommend the next relevant item
to users based on the interacted items within an active session. Such Sequential Recommen-
dation methods [24–26] are usually trained to produce recommendations given user’s interest
from sequential user-item interactions, where the next item is the ground truth label for self-
supervised learning. Hidasi et al. [26] first proposed modeling user sequences based on gated
recurrent units (GRU) for recommending next items. Since then, sequential models, such as
convolutional neural networks (CNN) [116] and Transformer [33], have been adapted to handle
the SR task.

Many prior works [6, 57, 60] focused on optimizing the objective of recommending accurate
items for users, which refers to the efficacy of ranking relevant items and evaluated by HR
and NDCG metrics. In reality, a strictly relevance-oriented RS may not guarantee a good user
experience in terms of diversity and novelty, which have emerged as pivotal elements in boosting
user engagement, since a diverse and novel list of relevant items is apt to meet the fluctuating
requirements of users. This holds particularly true for e-commerce, music, and video streaming
services, where if users are confined to a limited segment of the broad item space [117], the value
of the recommendations decreases due to repetitive exposure to analogous content. Therefore,
Multi-objective Sequential Recommendation (MOSR) [52] is proposed to offer recommendation
lists that balance accuracy with diversity and novelty to enhance user satisfaction.

35
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However, how to integrate multiple objectives into a single model to efficiently accom-
plish the tasks of the MOSR remains an unresolved issue. In recommendation methods out-
side the SR domain, Multi-objective optimization (MOO) approaches that follow Pareto prin-
ciples [118, 119] require selection methods to identify the best solution from a set of optimal
solutions. MOO methods have been applied to some multi-objective recommendation areas to
address the challenges associated with balancing multiple objectives, such as averaging multiple
objectives [48, 120] or determining the optimal solution via a single objective [121], yielding
sub-optimal outcomes due to the conflicting objectives in such settings. While evolutionary al-
gorithms [122, 123] can effectively discover optimal solutions, this efficacy may be countered by
implementation inefficiencies or increased diversity of solutions. Scalarization methods [124]
that recast the problem into a single-objective problem have been used as a means of achiev-
ing simplicity and efficiency with large datasets. Previous studies [48, 50] also aim to address
the challenge of weight assignment and Pareto optimal solution selection through reinforcement
learning. Nonetheless, these methods require training multiple models for multiple objectives
and applying ensemble methods, making them inefficient and complex.

Moreover, integrating multiple objectives with the user state to effectively generate desired
items through RL agent still poses significant challenges. Motivated by Self-supervised Rein-
forcement Learning-based Sequential Recommendation (SRLSR) [57, 125] that improve rec-
ommendation accuracy in various user behaviors, e.g., purchases and clicks, [52] first proposed
Sequential Multi-Objective Reinforcement Learning (SMORL) to balance recommendation per-
formance of accuracy, novelty, and diversity. SMORL trained the RL agent through multiple re-
wards to actions based on Q-learning in the offline setting, as shown in Figure 4.1a. Specifically,
a user sequence is treated as the state, and the next interacted item is considered the action. The
agents are trained to interact with the environment (the user) by taking actions (recommend-
ing items) and obtain multiple rewards responded by the user. However, this decision process
requires the update of multiple agent heads, each tailored to optimize a different objective. Man-
aging these multiple heads can complicate the training process, as each must be synchronized
and effectively integrated to ensure that the overall system remains balanced and effective across
all targeted metrics. Furthermore, the single-step optimization approach used in SMORL fails to
capture the full scope of user state transitions and tends to oversimplify the nuanced progression
of user interests and behaviors over time. This can lead to a skewed model learning, predom-
inantly favoring frequently recommended items, and potentially overlooking less obvious but
equally valuable recommendations.

To solve the above issues, we propose Multi-objective Decision Transformer for Reward-
driven Recommendation (MODT4R) to trade-off recommendation accuracy, diversity and nov-
elty in sequential recommendation. We formulate multi-objective sequential recommendation as
an offline RL problem, which is taken as as sequence modeling and solved via supervised learn-
ing [30]. First, we propose multi-objective returns infused with user state to capture the user’s
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signals of preferences on accurate, novel and diverse items. The items are predicted conditioned
on the state and returns to balance the recommendation results, as shown in Figure 4.1b and Fig-
ure 4.2. Specifically, MODT4R contains two layers: User Transformer (UserTrans) maintains
effective user states within a sequence by the ordered interacted items; Multi-objective Trans-
former (MoTrans) models the user trajectory consisting of states multi-objective returns, and
previous actions to predict next items.

In the training stage, MODT4R relies only on the offline sequential data. The user trajectory
is generated by the sequences, and error-prone explorations are not required to avoid huge costs.
Both UserTrans and MoTrans are trained via supervised loss, where actions (items) are recom-
mended conditioned on all sequential states and returns. We co-train the supervised loss with
multi-objective return prediction loss in MoTrans to enhance recommendation stability in bal-
ancing multiple objectives. During inference, a score function is proposed to adjust the ranking
of items considering different objectives: recommendations are determined by both predictions
from UserTrans and MoTrans. The former provides foundational recommendation accuracy,
while increasing the weight of the latter can enhance novelty and diversity performance with
minimal impact on accuracy, and vice versa. Additionally, MODT4R allows adjusting diversity
returns at inference time to regulate objectives. Extensive experimental results show the superior
performance of MODT4R on the MOSR task.

Our contributions can be summarised as follows:

• We introduce MODT4R, a novel framework designed to effectively address the balance
between accuracy, diversity, and novelty for Multi-objective Sequential Recommendation.

• We propose a novel user trajectory, consisting of user state transitions and multi-objective
returns within a sequence, for MODT4R to effectively predict the next items through
simple supervised learning.

• We propose a flexible scoring function that adeptly adjusts and balances accuracy and
diversity during the inference stage, allowing for tailored recommendation strategies.

• We evaluate MODT4R on real-world datasets to demonstrate that our method can achieve
substantial improvement in diversity and novelty, and maintaining or improving accuracy
compared to the state-of-the-art method.

4.2 Related Work

Research in Sequential Recommendation has evolved from early recurrent neural networks [26]
to Transformer-based models [33], with a long-standing focus on enhancing recommendation
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(a) MORL (b) MODT

Figure 4.1: (a) Traditional RL-based MOSR methods predict the multiple expected returns (i.e.,
cumulative rewards) to select action and update the recommender via the highest return. MODT
(b) directly predicts action given the state and multi-objective expected returns.

accuracy. However, an overemphasis on accuracy often compromises the diversity and nov-
elty of recommendation lists, thereby impairing user experience and giving rise to the Multi-
objective Sequential Recommendation (MOSR) task [52]. Existing approaches primarily fall
into two categories. The first involves Multi-Objective Optimization (MOO) strategies like
Pareto optimization [48, 49], which often lead to sub-optimal solutions or are complex to im-
plement. The second category is based on RL. While RL has been successfully applied in SR to
improve accuracy [57, 58], state-of-the-art models in MOSR, such as SMORL [52] and its vari-
ant SMONAC [53], exhibit significant limitations. These methods typically rely on single-step
Q-learning, fail to capture the long-term dynamics of user state evolution, and require training
separate RL agents for each objective, making them complex, inefficient, and difficult to scale.

To address these challenges, this chapter draws inspiration from the DT [30], a novel paradigm
that recasts offline RL as a conditional sequence modeling problem. By taking trajectories of
desired cumulative rewards (returns), states, and actions as input, DT leverages a Transformer
architecture to predict actions through supervised learning, effectively circumventing the boot-
strapping errors and instability of traditional temporal difference learning. Inspired by this,
our work introduces the DT framework to the MOSR domain for the first time. Our proposed
MODT4R model constructs user trajectories that incorporate both user state transitions and
multi-objective returns—corresponding to accuracy, diversity, and novelty—enabling the rec-
ommendation process to be conditioned on desired multifaceted goals. This approach not only
simplifies training via simple supervised learning but also more comprehensively utilizes se-
quential information to balance conflicting objectives, directly addressing the shortcomings of
existing methods.
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4.3 Preliminary

4.3.1 Task Definition

The sequential recommendation or next item recommendation task aims to recommend next
item xt+1 from the entire item set I that aligns with user’s interest, given a recent sequence
of user-item interactions x1:t = {x1,x2, . . . ,xt−1,xt}, where xi ∈ I(0 < i ≤ t) is the index of the
interactions ordered by timestamp. Traditional SR [24, 25] primarily focus on recommenda-
tion accuracy, we extend it to Multi-objective Sequential Recommendation (MOSR) [52] that
balances accuracy with multiple objectives to improve user experience. Specifically, RSs rec-
ommend the most relevant items to a user’s historical interactions that are often influenced by
popularity, thereby neglecting long-tail (new and unknown) items and reducing diversity and
novelty of recommendation results. Therefore, the goal of MOSR is to maintain or sacrifice
minimal accuracy while recommending novel and diverse items for users.

4.3.2 Markov Decision Process Formulation of MOSR

The MOSR can be seen as a Markov Decision Process (MDP) [52] that can be described by
tuple (S ,A ,P,R). Specifically, S is the user state, A is the action space (candidate items),
R is the reward function, and P is the state transition probability. In recommendation, users
are seen as the environment E and the recommender is the agent that is trained to interact
with users by taking action at (recommending item) at timestamp t based on the state st from
environment. In traditional offline RL methods, the environment continually generates new
states st+1 and feedback (reward) rt for the agent as users respond to the recommendations. The
process generates the user trajectory τ = (s1,a1,r1,s2,a2,r2, ...). Traditional Q-learning based
methods [57] aim to learn a policy πθ (a | s) that can obtain the maximum expected cumulative
rewards E

[
∑

T
t=1 rt

]
by mapping the state s ∈S into candidate items (actions) a ∈A based on

the Bellman Equation.

4.3.3 Research Objective

To this end, this chapter aims to reformulate the process of MOMDP for the Multi-objective
Sequential Recommendation task and to better trade-off accuracy, diversity and novelty. We
then present our proposed MODT4R to a multi-objective recommendation setting by proposing
multiple desirable rewards and constructing the corresponding trajectories.

4.3.4 Notations

This chapter contains numerous notations. To facilitate understanding reading, we illustrate the
important notations and corresponding descriptions in Table 4.1.
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Table 4.1: An illustration of important notations in this chapter.

Notation Description

I The set of candidate items.
xt The user-item interaction at timestamp t.

x1:T A user-item sequence with T interactions, x1:T = {x1, ...,xT}.
st The user state at timestamp t.

s1:T The user state transitions of a user-item sequence, s1:T = {s1, ...,sT}.
at The action taken at timestamp t, it’s the next interaction in a user-item sequence.

rt,acc The accuracy reward by taking action at at state st .
Rt,acc The cumulative rewards of accuracy (accuracy return) from timestamp t for a se-

quence with T actions.
rt,div The diversity reward by taking action at at state st .
Rt,div The cumulative rewards of diversity (diversity return) from timestamp t for a se-

quence with T actions.
rt,nov The novelty reward by taking action at at state st .
Rt,nov The cumulative rewards of novelty (novelty return) from timestamp t for a sequence

with T actions.
R1:T,o The cumulative rewards(return) of objective o at each timestamp t for a sequence

with T actions, where o ∈ {acc,nov,div}.
Ht The user trajectory at each timestamp t, Ht =

〈
st ,Rt,acc,Rt,nov,Rt,div,at

〉
.

H The user trajectory of a sequence with T actions, H = {H1, ...,HT}.

Figure 4.2: Our proposed Multi-objective Decision Transformer for Recommendation
(MODT4R). MODT4R is the multi-objective sequential recommendation framework, which
consists of a User State Transformer (UserTrans) and a Multi-objective Transformer (Mo-
Trans). UserTrans encodes user sequences and explicitly generates user states to help se-
quence modeling in Multi-objective Transformers. MoTrans considers multi-objective re-
turns Rt,acc, Rt,nov, and Rt,div in the same trajectory. The user trajectory is formulated as〈
. . . ,st ,Rt,acc,Rt,nov,Rt,div,at , . . .

〉
.
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4.4 Method

Traditional offline RL-based recommender mimics the online process by observing the re-
wards w.r.t specific behaviors from users and is trained to maximize the expected cumulative
rewards (expected returns) [52, 57]. To address the complexity in a simple and effective man-
ner, we propose the Multi-objective Decision Transformer for Reward-driven Recommendation
(MODT4R) to address the MOSR task. MODT4R recasts the offline RL as sequence modeling,
predicting actions in a supervised manner conditioned on the multi-objective returns and states.

4.4.1 Overall Framework

Figure 4.2 illustrates our proposed MODT4R, which consists of two layers: the User State Trans-
former (UserTrans) generates dynamic user state as the sequence evolves; the Multi-objective
Transformer (MoTrans) incorporates reward-driven properties/objectives (i.e., accuracy, nov-
elty, and diversity) represented by multi-objective returns into the trajectory to predicts items.
The actions (items) are generated under the guidance of objective-oriented returns to balance
accuracy with diversity, novelty objectives. The trajectory is formed as:

H =
〈
. . . ,st ,Rt,acc,Rt,nov,Rt,div,at , . . .

〉
. (4.1)

The details of the components are:

• State space S : st ∈S is the user state at timestamp t generated by the user-item interactions
x1:t in sequential recommendation.

• Accuracy return Racc: Rt,acc ∈ Racc represents the number of interactions contributed by
remaining items from timestamp t in a sequence.

• Novelty return Rnov: Rt,nov ∈Rnov represents the novelty achieved by the remaining user-item
interactions from timestamp t in sequence, which reflects a user’s preference for novel items
in the system.

• Diversity return Rdiv: Rt,div ∈Rnz denotes the diversity achieved by remaining interactions
from step t in the session Cc, which reflects a user’s preference for diverse items in the system.

• Action space A : A is the discrete action set consisting of candidate items. In the offline
recommendation, the action a ∈ A at time step t in a sequence is the next interacted item, i.e.,
at = xt+1.

We can see the overall training process from Figure 4.2. Initially, each item xi transformed
into the embedding xi ∈ Rd , where d is the embedding size. Then, the user state st at time-
step t is generated by mapping the sequence x1:t into the state encoder, which is the UserTrans.
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Subsequently, the state st , along with objective returns Rt,acc,Rt,nov,Rt,div and action at form the
input trajectory H. MoTrans, a causally masked Transformer, takes as input the user trajectory H

to predict next item (action) at in the sequence conditioned on state and multi-objective returns.
In the next section, the details of modeling user state, design of multi-objective returns, and

action prediction are introduced.

4.4.2 User State

The UserTrans, acting as a state encoder, models user-item interactions x1:T = {x1, ...,xT} to
produce the user state s1:T = {s1, ...,sT} for the input trajectory of MoTrans:

s1:T =UserTrans(x1:T ), (4.2)

where δ is the activation function.

4.4.3 Multi-objective Returns

Multi-objective return functions are proposed for each recommendation objective individually.
Specifically, accuracy aims to recommend relevant items; novelty improves displaying of items
that are rarely seen; diversity is to present as many items as possible from the entire sys-
tem. The following introduction of each return function is based on a user sequence x1:T =

{x1, . . . ,xT}, where {x1, . . . ,xT} is the user sate with T steps, actions at each timestamp corre-
spond to {a1, . . . ,aT} = {x2, . . . ,xT+1}. In addition, the process to generate multiple returns for
the offline training data is shown in Algorithm 1.

Accuracy Return.

The accuracy return Rt,acc at time step t is defined as the cumulative rewards rt,acc of actions
from step t to T in the sequence, which is set to 1 for all types of interactions, i.e. clicks, and
purchases. The accuracy return function is defined as:

Rt,acc = ∑
T
t ′=trt ′,acc = T − t +1, (4.3)

where T denotes the total steps of a user-item interaction sequence. The setting of accuracy
return can mitigate the bias caused by the significant difference in popularity between items,
ensuring that each item is treated equitably.

Novelty Return.

The novelty returns Rt,nov presents user’s future interest in novel/new items in a sequence with
T steps, which is the cumulative novelty reward rt,nov of the remaining interactions from time
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step t to T . The novelty return function is formulated as:

Rt,nov = ∑
T
t ′=trt ′,nov, (4.4)

where rt ′,nov=1 if action at ′ is in the less popular set Inov. Otherwise, rt ′,nov=0. The setting
is based on the assumption that items rarely interacted with are generally novel to users. We
obtain the popularity of items based on their interacted frequency in the training data. The items
in the bottom 90% are considered as the less popular item set Inov, as these items constitute the
long tail in all datasets.

Diversity Return.

The diversity return Rt,div captures the extent to which a user explores items that are distinct from
their historical interactions. Thus, we employ the difference in similarity between sequence x1:t

and sequence x1:t+1, changed by taking action at at step t, as its diversity reward rt,div:

rt,div = Sim(x1, ...,xt)−Sim(x1, ...,xt ,at) , (4.5)

where at = xt+1. The similarity of a sequence with t > 1 interactions is the average cosine
similarity of the interacted items 1. Sim(x1) is set to 1 when computing the r1,div. Thereby
the diversity return Rt,div is computed as the cumulative diversity rewards starting from the
tiemstamp t to T :

Rt,div = ∑
T
t ′=trt ′,div = Sim(x1, ...,xt)−Sim(x1, ...,xT ,aT ) = 1+Sim(x1, ...,xt) , (4.6)

where Sim(x1, ...,xT ,aT ) equals to Sim(x1, ...,xT ,xT+1), which is set to the minimum similarity
value -1 to ensure the the sequence have maximum diversity (dissimilarity).

4.4.4 Action Prediction

MoTrans models the sequence of user states, multi-objective returns, and actions to predict the
next item. 2 Since all the returns are discretized, we map them into the same dimension as
the state and action embeddings by a trainable embedding Eo ∈ Rd , i.e., Rt,o = Rt,o ·Eo. We
also add the positional embeddings P ∈ RT×d to the input tokens for each timestep. The input
embeddings at timestep t are formulated as:

st = st +Pt , Rt,o = Rt,o +Pt , at = at +Pt , (4.7)

1Sim(x1, ...,xt) =
2

t(t+1)∑
t
t1=1∑

t
t2=t1+1 cos

(
xt1 ,xt2

)
2The architecture of MoTrans is GPT [126].
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where t ∈ {1, ...,T}, o ∈ O = {acc,nov,div}. Eo ∈ Rd is the trainable embeddings for multi-
objective returns, respectively. We stack the tokens at each step to obtain the input trajectory
representations H = {H1, ...,HT} as described in Eq. 4.1, which are then fed into the MoTrans
to output the sequential representations H̃ = {H̃1, ..., H̃T}. The process is formulated as:

Ht = stack(st ,Rt,acc,Rt,nov,Rt,div,at), (4.8)

H̃ = MoTrans(H), (4.9)

R̃t,acc, R̃t,nov, R̃t,div, ãt = unstack(H̃t), (4.10)

where t = {1, ...,T}. The final representations of returns and actions at each step t are extracted
from H̃t .

We map the multi-objective return output R̃t,o to the predicted returns using a linear layer.
Additionally, the final state representations are fed into a fully connected layer to produce the
logits for the item set:

R̂t,o =WoR̃t,o +bo, (4.11)

Ât = δ (Waãt +ba), (4.12)

where Ât = [a1,a2, . . . ,an] denotes the n classification logits at each timestep t on n candidate
actions, δ denotes the activation function, Wo ∈ {Wacc,Wdiv,Wnov} ∈ Rd×1 and Wa ∈ Rd×N are
trainable parameters, bo ∈ {bacc,bdiv,bnov} ∈ R1 and ba ∈ RN are bias vectors.

4.4.5 Training Objective

The overall learning optimization process of MODT4R consists of an item prediction loss in
UserTrans, an action loss in MoTrans, and Multi-objective return oredcition loss in MoTrans.

UserTrans is trained to generate next items of a sequence via mapping the state st into n

classification logits on the candidate items, which is optimized via the cross-entropy loss:

Ŷt = δ (Wust +bu), (4.13)

LS =−∑
n
i=1Yi log(pi) , (4.14)

where Ŷt = [y1, ...,yn], n is the number of candidate items, yi is the logit of i-th items. Yi = 1/0
denotes if the i-th item is interacted in the next step or not. Wu ∈ Rd×N is trainable parameters,
bu ∈ RN are bias vector. pi = eyi/∑

n
i′=1eyi′ .

In MoTrans, the returns are predicted by the Mean Squared Error (MSE) loss function LR

defined as :
LR = 1/T ∑

o∈O
∑

T
t=1(Rt,o− R̂t,o)

2, (4.15)



CHAPTER 4. REWARD-DRIVEN DT FOR RECOMMENDER 45

where Rt,o is the target returns at timestep t. The multi-return loss LR acts as an additional learn-
ing task to enhance stability in balancing the recommendation performance between accuracy,
diversity, and novelty.

In addition, the actions for the input sequence are predicted via cross-entropy La:

La = 1/T ∑
T
t=1∑

n
i=1At,i log(ât,i) , (4.16)

where ât,i = eat,i/∑
n
i′=1eat,i′ . At,i = 1/0 denotes if the i-th item is interacted or not. Combining

with LS in Section 4.4.2, the final loss function of MODT4R is formulated as:

L = LS +La +βLR, (4.17)

where β controls the importance of return prediction loss LR in the decision process.

Algorithm 1 Multi-return generation and training procedure of MODT4R.
Input: training set Dts, model MODT4R
Output: parameters in the learning space θ

1: Initialize trainable parameters
2: repeat
3: Sample a user sequence x1:T ,x2:T+1 from Dts
4: Compute R1:T,acc, R1:T,nov, R1:T,div for each sequence via Eq. 4.3, Eq. 4.4, Eq. 4.6,

respectively.
5: Compute s1:T ,R1:T,acc,R1:T,nov,R1:T,div,a1:T via Eq. 4.7
6: Compute H̃1:T via Eq. 4.8 - Eq. 4.9
7: Compute R̃1:T,acc, R̃1:T,nov, R̃1:T,div, ã1:T via Eq. 4.10
8: Compute loss LS according to Eq. 4.13
9: Compute loss LR via Eq. 4.15

10: Compute loss La via Eq. 4.16
11: Compute overall loss L via Eq. 4.17
12: Update parameters by ∇θL
13: until converge
14: return parameters in θ

4.4.6 Inference Setting

In this section, we first outline how to establish the sequence returns for each objective during
the inference phase. Subsequently, we present the function for obtaining the final scores that
consider multiple objectives across all items.

Inference Returns.

The sequential multi-objective returns are generated using offline data for training. However,
during the inference stage, we need to provide the model with a desirable return at time step
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t for the input user sequence x1:p = {x1, ...,xp} to predict the next action ap = xp+1. The pro-
vided returns determine how the model will perform, and we demonstrate the return generation
strategy in the following:

• Accuracy return: produced by Eq. 4.3, where T = p+1.

• Novelty return: we set the novelty reward at the predicted position p according to previous
interactions:

rp,nov =

1.0 if mean reward of previous p−1 steps ≥ ε

0.0 otherwise
(4.18)

where ε is the novelty threshold that determines whether the predicted item is novel or
not. The sequential novelty cumulative rewards are generated by the strategy in Eq. 4.4.

• Diversity return: produced by Eq. 4.6. To flexibly change diversity objective, we use a
hyperparameter λ to control the importance of diversity return, i.e., Rt,div = λRt,div .

To be clear, we outline the process of return generation for a single input sequence to predict
the next item in Algorithm 2, which is employed to all test sequences during the inference
stage. The multi-objective returns and the user-item interactions form the complete inputs to
recommended items for users.

Next Item Recommendation.

We combine both UserTrans and MoTrans to produce recommendation scores for testing. Their
predicted scores on actions (i.e., next items) are added to rank all the candidate items:

Scorep = Âp +αŶp, (4.19)

where Ât = [a1, ...,an] is the score list on all n actions (items) predicted by the MoTrans shown
in Eq. 4.12, Ŷt = [y1, ...,yn] is the score list on all n items predicted by the UserTrans shown
in Eq. 4.2. α controls the influence of the user state encoder. Therefore, Scorep = [a1 +

αy1, ...,an +αyn] denotes the final scores predicted on n items at step p. The inference stage is
illustrated in Algorithm 2. In Section 4.5.4, we will discuss the effect of α on the performance
of distinct objectives.

4.5 Experiments

To extensively verify the MODT4R model, we conduct experiments by the following questions:
RQ1: How does MODT4R trade-off the recommendation performance of accuracy, novelty

and diversity compared with previous methods?
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Algorithm 2: Multi-objective return generation and next item prediction at inference stage.
Input: a sequence x1:p, xp+1 is the ground-truth item, novel item set Inov, trained recommen-

dation model MODT4R
Output: prediction scores of the next item on all candidate items for the testing sequence x1:p

1: Compute R1:p,acc via Eq. 4.3
2: Compute rp,nov via Eq. 4.18
3: Compute R1:p,nov via Eq. 4.4
4: if p > 1 then
5: Sample an interaction sequence x1:p−1 from x1:p
6: Compute R1:p−1,div via Eq. 4.6
7: end if
8: if p = 1 then
9: Set R1,div to 1

10: else
11: Set Rp,div to Rp−1,div
12: end if
13: return (R1:p,acc,R1:p,nov,R1:p,div,x1:p,xp+1)
14: Compute Ŷp via Eq. 4.2
15: Compute Âp via Eq. 4.12
16: Compute Scorep via Eq. 4.19
17: return Scorep

RQ2: How effective is UserTrans in modeling the user state for the MoTrans?
RQ3: How does the performance vary the hyperparameters change in the training stage &

how to control the weights of objectives at the inference stage?
RQ4: How do the returns of accuracy, diversity, and novelty affect the performance of

multiple objectives?

Table 4.2: Dataset summary.

RC15 RetailRocket LFM-1b

#sequences 200,000 195,523 66,293
#items 26,702 70,852 352,602
#interactions 1,234,309 1,154,911 4,864,064

4.5.1 Experimental Setup

We introduce the real-world datasets, evaluated metrics for multi-objectives, baselines and im-
plementation details in this section.
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Datasets

The methods are verified on three publicly available datasets: RC153, RetailRocket4 and LFM-
1b [93]. The former two are from e-commerce websites, and the latter one is from a music
recommendation website.

RC15 is collected from RecSys Challenge 2015, including sequential user-item interactions
of clicks and purchases behaviors sorted by timestamp. We eliminate sequences with lengths
less than three and randomly sample 200k sessions as the final dataset, containing a total of
1,234,309 interactions over 26702 items.

RetailRocket is from an e-commerce website and contains user sequential behaviors of
viewing and adding to the cart. After removing items that interacted less than three times and
sequences with lengths less than three, we obtained 195,523 sessions with a total of 1,154,911
interactions on 70,852 items.

LFM-1b is collected from Last.fm5, a music streaming platform, that contains listening
events of tracks created by users. We sample events of the first week of June 2012 and sort the
sequence by timestamp. The tracks/items played less than three times and users/sequences with
less than three events are removed. The final dataset contains 4,864,064 listening events from
66,293 user sequences on 352,602 tracks.

Detailed statistics of the three datasets are presented in Table4.2. In all cases, we randomly
sample 80%, 10%, and 10% of the data for training, validation, and testing. At the inference
stage, we evaluate the interacted items of a test sequence one by one. We perform each experi-
ment five times and report the average performance to ensure consistency and reliability in the
results.

Metrics

The performance of all the models are evaluated by corresponding metrics, which are illustrated
as follows:

Accuracy. We use two commonly applied metrics: Hit Ratio (HR) [57] and Normalized
Discounted Cumulative Gain (NDCG) [52] to evaluate the recommendation accuracy. HR@k,
k ∈ {10,20} evaluates if the ground-truth item appears in the top-k positions of the recom-
mendations. NDCG@k, k ∈ {10,20} measures the rank of the ground-truth item in the top-k
recommendation list. The average results of overall test interactions are reported.

Diversity & Novelty. Coverage (CV) [98] metric is commonly used to evaluate the diversity
and novelty performance at the system level, examining the extent to which the system suggests
a diverse and novel set of items. To evaluate diversity, we calculate CVdiv@k, k ∈ {5,10,20}
as a percentage of all candidate items covered by top-k recommended items of all sessions. To

3https://recsys.acm.org/recsys15/challenge/
4https://www.kaggle.com/retailrocket/ecommerce-dataset
5http://www.last.fm/api
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assess the novelty, we compare CVnov@k, k ∈ {5,10,20} as a percentage of less popular(long-
tail) items included within all top-k recommended items. By comparing the coverage of the
whole item pool and less interacted items, we can obtain insights into the system’s ability to
provide both diverse and novel recommendations, promoting exploration and variety for users.

Repetitiveness. An RS may trap users in a filter bubble with narrow information, limiting
their exposure to diverse and novel items. We additionally adopt Repetitiveness (R)[52] to eval-
uate the usefulness of recommendation results. R@k, k ∈ {5,10,20} measures the repetitions
within the top-k recommended items of each position in total N sessions, indicating the level an
RS creates filter bubbles. The definition is as follows:

R@k = 1/N∑
N
i=1#repetitions of recommended items in top-k list for session i . (4.20)

For accuracy, diversity and novelty metrics, the higher the better, while for repetitiveness, the
lower the better.

Baselines

We compare MODT4R with four state-of-the-art methods and a variant of our MODT4R ac-
cording to the recent research [52, 53]:

SASRec [33] is a well-established baseline, which is based on self-attention to encode se-
quential items in a session. It is similar to the UserTrans in our MODT4R that can be seen as
adapting SASRec to realize MOSR task.

SQN [57] improves sequential recommendation model by training another RL agent to op-
timize recommendations by user feedback. It first formulated the traditional sequential rec-
ommendation task as RL problem and realize superior performance on accuracy metrics. The
method is integrated with multiple sequential models, e.g., SASRec, to further improve perfor-
mance.

SMORL [52] is the state-of-the-art MOSR model that balances accuracy, diversity, and
novelty based on Q-learning to reward each interaction. It first proposed the MOSR task and
realized state-of-the-art performance. Same as SQN, SMORL can realize the best performance
when integrated with SASRec compared with other sequential models.

SMONAC [53] is the recent MOSR model that extends SMORL by sampling negative items
to predict actions. However, it does not implement experiments and provide results on par with
the SASRec. Thus this method is not directly comparable. To ensure fair comparison, we re-
implement it based on SASRec and compare the results with our method and other baselines
presented in this chapter.

MRDT is a adaptation of our proposed MODT4R that models the same sequence of the
order of return-state-action in DT rather than state-return-action in MODT4R.
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Implementation

The length of sequences for all three datasets is set to 10. A padding token is added to shorter
sequences to ensure the same length. For SASRec, SQN and SMORL methods, the experimental
results on RC15 and RetailRocket datasets are from the previous research paper [52]. The Adam
optimizer [111] is set to all models and their variations. We choose the learning rate from
{0.001, 0.005, 0.01, 0.05, 0.1}. The mini-batch size is 256 for RC15 and RetailRocket, and 512
for LFM-1b. The validation process is conducted every 5,000, 10,000, and 10,000 iterations of
updates on RC15, RetailRocket and LFM-1b, respectively. To be fair, the item embedding size,
state embedding size, return embedding size, and action embedding size are all set to 64 for all
models. The head in self-attention of UserTrans is 1, the same as in SASRec [33]. We apply the
GPT [126] architecture to MoTrans, which uses causal masking for autoregressive generation.
For the four baselines, we set the reward to 1 for all interactions in SQN regardless of the specific
behaviors, while other models follow the original settings.

4.5.2 Overall Performance (RQ1)

Table 4.3 illustrates the experimental results of the top-k multi-objective recommendations on
RC15, RetailRocket and LFM-1b. Overall, our MODT4R achieves superior performance on all
metrics compared to the state-of-the-art, indicating its ability to balance recommendation ac-
curacy with the conflicting objectives, i.e., diversity and novelty. On RC15 dataset, MODT4R
outperforms all benchmark models on all metrics. For example, MODT4R exhibits a remark-
able increase ( 22%) in coverage metrics and a modest improvement (2%) in HR and NDCG
compared to SMORL. Similarly, MODT4R exhibits a significant improvement of up to 16%
on diversity and novelty compared with the second-best baseline on the RetailRocket dataset„
while still maintaining a slight increase (1.3%) in accuracy compared to other baselines. On the
LFM-1b, we obtain similar results to RetailRocket, with the coverage metrics improving by up
to 18% compared to the second-best method, while accuracy is maintained. This indicates that
the prediction of actions conditioned on the returns and states by our MODT4R can stably bal-
ance multiple objectives compared to traditional RL methods (SQN, SMORL and SMONAC)
that predict items based solely on state.

In addition, for the performance of MODT4R, compared to the MRDT model, MODT4R
gains improved performance with the multi-objective returns learning and adapted trajectory or-
der, which verifies the importance of the additional training signal for MODT4R. Compared with
the strong baseline of traditional RL models, MRDT achieve outstanding performance. This
verifies the effectiveness of the straightforward application of the original DT model. However,
MRDT cannot consistently bring significant improvements across different datasets. In contrast,
our MODT4R can reliably provide substantial enhancements for various datasets. In conclusion,
MODT4R demonstrates the ability to significantly enhance the metrics of diversity and novelty,
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Table 4.3: Recommendation performance on RC15, RetailRocket and LFM-1b, respectively.
CV represents Coverage. Boldface denotes the highest scores and the second-best scores are
marked with . ∗ means the significance p-value < 0.05 compared with SMORL.

Objective Metric
Models

SASRec SQN SMONAC SMORL MRDT MODT4R
R

C
15

Accuracy

HR@10 0.4257 0.4288 0.4302 0.4315 0.4386 0.4417
NDCG@10 0.2599 0.2630 0.2635 0.2651 0.2687 0.2715∗

HR@20 0.5053 0.5073 0.5063 0.5104 0.5168 0.5201
NDCG@20 0.2801 0.2829 0.2821 0.2851 0.2885 0.2914∗

Diversity

CVdiv@5 0.5208 0.4527 0.5875 0.5755 0.5827 0.6445∗
CVdiv@10 0.6046 0.5194 0.6628 0.6508 0.6642 0.7243∗
CVdiv@20 0.6792 0.5755 0.7274 0.7158 0.7314 0.7706∗

Novelty

CVnov@5 0.4679 0.3922 0.5357 0.5285 0.5678 0.6325∗
CVnov@10 0.5607 0.4660 0.6393 0.6120 0.6632 0.7205∗
CVnov@20 0.6436 0.5283 0.7263 0.6842 0.7418 0.7876∗

Repetitiveness
R@5 10.62 10.94 10.32 10.38 10.57 10.30
R@10 23.24 23.85 22.31 22.79 23.28 22.69
R@20 49.28 50.79 46.23 48.48 49.44 43.37

R
et

ai
lR

oc
ke

t

Accuracy

HR@10 0.3085 0.3302 0.3473 0.3521 0.3496 0.3565∗
NDCG@10 0.2107 0.2279 0.2472 0.2477 0.2398 0.2478

HR@20 0.3572 0.3803 0.3922 0.4028 0.4043 0.4083∗
NDCG@20 0.2227 0.2406 0.2523 0.2605 0.2537 0.2608

Diversity

CVdiv@5 0.5305 0.4617 0.5775 0.5724 0.5798 0.6545∗
CVdiv@10 0.6300 0.5490 0.6765 0.6672 0.6795 0.7633∗
CVdiv@20 0.7149 0.6254 0.7612 0.7476 0.7635 0.7961∗

Novelty

CVnov@5 0.4806 0.4040 0.5329 0.5261 0.5345 0.6021∗
CVnov@10 0.5899 0.5001 0.6398 0.6311 0.6446 0.7244∗
CVnov@20 0.6838 0.5847 0.7387 0.7202 0.7377 0.7961∗

Repetitiveness
R@5 15.67 15.60 12.32 12.58 13.16 12.16
R@10 32.27 32.20 26.01 26.69 27.45 25.54∗
R@20 66.07 66.10 55.86 56.14 56.83 53.11∗

L
FM

-1
b

Accuracy

HR@10 0.2857 0.2905 0.2874 0.2911 0.2935 0.2955
NDCG@10 0.2394 0.2407 0.2399 0.2405 0.2407 0.2451

HR@20 0.3080 0.3128 0.3102 0.3152 0.3186 0.3192
NDCG@20 0.2450 0.2464 0.2448 0.2465 0.2471 0.2508∗

Diversity

CVdiv@5 0.5637 0.5542 0.5273 0.5167 0.6677 0.7124∗
CVdiv@10 0.6621 0.6451 0.6242 0.6046 0.7667 0.8148∗
CVdiv@20 0.7504 0.7251 0.7162 0.7184 0.8443 0.8748∗

Novelty

CVnov@5 0.5275 0.5163 0.5028 0.4934 0.6397 0.6903∗
CVnov@10 0.6330 0.6141 0.6023 0.6045 0.7468 0.7999∗
CVnov@20 0.7286 0.7008 0.6837 0.6958 0.8308 0.8644∗

Repetitiveness
R@5 161.85 178.19 169.43 178.34 173.90 159.69∗
R@10 336.59 374.69 348.53 375.64 366.28 332.97∗
R@20 691.47 774.70 723.19 776.98 761.72 684.70∗
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while simultaneously maintaining a high level of accuracy for the MOSR task.

4.5.3 Discussion of User State (RQ2)

In our MODT4R, UserTrans plays an important role in generating effective state for the MoTrans
to finish the decision processing. To explore the impact of user state encoder and how the
representation of state affect recommendation performance, we compare MODT4R with its two
state settings: MODT4Ri and MODT4Rimp. As shown in Figure 4.3a), MODT4Ri directly
removes user state encoder and replaces this input with item embedding at that step to evaluate
the function of an individual state encoder; and MODT4Rimp in Figure 4.3b takes the implicit
positional embeddings it as states in a sequence to show the effectiveness of explicitly encoded
state.

The experimental results are detailed in Table 4.4. We can observe that on three datasets,
compared with MODT4Ri, MODT4Rimp achieves a substantial improvement in the coverage
metrics (up to 10%) while there is only a slight fluctuation in the HR and NDCG metrics. These
indicate that the explicit representation of user state has a significant impact on enhancing di-
versity and novelty performance. Furthermore, compared to the basic method SASRec in Ta-
bles 4.3, both MODT4Rimp and MODT4Ri improve the accuracy results on RetailRocket and
LFM-1b, except for a slight decrease on the RC15 dataset. Additionally, the accuracy does
not improve while novelty and diversity are substantially increased compared with SQN and
SMORL. This suggests that the multi-objective decision process incorporating implicit posi-
tional states can significantly enhance diversity and novelty without incurring a substantial loss
of accuracy.

Comparing the results of MODT4Rimp and MODT4R, we can observe that on all three
datasets, MODT4R demonstrates a marked improvement in HR and NDCG (up to 10%) met-
rics. The and maintains high coverage metrics. Furthermore, The comparison highlights the
importance of the state representation explicitly generated by the user state encoder UserTrans.
By effectively modeling and utilizing user states, MODT4R can better balance the recommen-
dation performance of accuracy, novelty, and diversity. In conclusion, our findings underscore
the critical role of effective user state representation in enhancing the performance for MOSR.

4.5.4 Ablation Study (RQ3)

Effect of the Weighted Prediction Score.

According to Eq. 4.19, the ranking scores for candidate items of MODT4R are dominated by
both action and state predictions. In this part, we investigate how the weight α of Scorei,S at the
inference stage affects the performance of distinct recommendation objectives. Figure 4.4 shows
the behavior of MODT4R on RC15 and RetailRocket in terms of HR@20 and CVdiv@20 met-
rics as α changes. On all datasets, the accuracy performance improves as α increases from 0 to
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(a) MODT4Ri

i

(b) MODT4Rimp

Figure 4.3: (a) MODT4Ri is a variant of our proposed MODT4R that removes the state mod-
elling step, and replaces the state with the item embedding at that position. (b) MODT4Rimp is
the variant of our proposed MODT4R that replaces the generated state with implicit positional
state embedding and removes the state encoder.

1, while the coverage metric has the opposite results. It suggests that prediction from UserTrans
part is vital for maintaining high accuracy and that MoTrans mainly contributes to providing
novel and diverse items for users. Moreover, we adjust the model to focus on recommendations
for different sets of objectives by controlling this weight. Therefore, the value of the α is de-
termined by recommendation requirements, i.e., user preference for accuracy or diversity. The
optimal values of α are set to 1, 1, and 0.2 for RC15, RetailRocket and LFM-1b, respectively.

(a) RC15 (b) LFM-1b

Figure 4.4: MODT4R with different weights of scores from user state encoder represented by
Eq. 4.19 during inference.

Investigation of Diversity Return at Inference.

According to Section 4.4.6, λ determines the weight of the diversity objective at inference stage.
We investigate how the settings of diversity return in the inference stage affect the model’s
performance. Figure 4.5 shows that as λ increases, HR@20 decreases slowly, while CVdiv@20
increases continuously. The insights from these findings are twofold. First, by adjusting λ , we
can tailor the recommender to prioritize either diversity or accuracy objective, depending on
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the specific needs of the application or user preferences. Second, the continuous increase in
CVdiv@20 with higher λ suggests that the model effectively expands its recommendation pool,
potentially introducing users to a broader array of items.

(a) RC15 (b) RetailRocket

Figure 4.5: Performance of MODT4R with different weights of diversity returns illustrated in
Section 4.4.6 during inference.

Effect of the Return Prediction Loss.

We report the interaction between the weight β of multi-objective return prediction loss LR

from Eq.4.17 and the recommendation performance. Figure 4.6a-4.6c indicate the behavior of
MODT4R with respect to HR@20 and CVdiv@20 on diversity when varying β from 0 to 1.
We observe that, for all datasets, the value of HR@20 fluctuates slightly as the hyperparameter
changes, while CVdiv@20 shows distinct trends among datasets. When increasing from 0.6 to
1, the result of RC15 changes from a small fluctuation at the beginning to a slight decrease.
For RetailRocket, the overall trend is upward, and the subsequent fluctuations are small. On the
contrary, the return loss brings a slight reduction of diversity to LFM-1b. These observations
suggest that the return loss plays an important role in maintaining a stable balance between the
three conflicting objectives. The optimal values of β are 0.6, 0.8 and 0 for RC15, ReatailRocket
and LFM-1b, respectively.

We further explore the impact of loss LS (Eq.4.13) by comparing the results of MODT4R
with the variant without it. Figure 4.6(d) shows the comparisons on RC15, and RetailRocket and
LFM-1b exhibit similar behavior. It is clear that the performance of MODT4R falls significantly
on all metrics without LS, indicating that the inclusion of an item prediction loss is essential to
maintain a reasonable level of recommendation accuracy.
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(a) RC15 (b) RetailRocket

(c) LFM-1b (d) Effect of loss LS on RC15

Figure 4.6: Figure(a), (b) and (c) show the performance of MODT4R with different weights of
loss LR on all datasets. Figure(d) shows the comparison of MODT4R without(blue bar) and
with(red bar) LS on RC15, CVdiv@20 here is for diversity, and novelty metric shows the similar
trend.
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4.5.5 Objective-oriented Reinforcement (RQ4)

To explore the capability of distinct reinforcement objectives and their interrelationships in
MODT4R, we conduct experiments with different objective combination subsets by varying
the multi-returns. We use 1 and 0 to denote whether or not the relevant returns/objectives are
involved. For example, (Oacc,Odiv,Onov) = (1,0,0) indicates that only the accuracy return is
considered, while the diversity and novelty objectives are discounted. In total, we conduct ex-
periments under the following 6 settings:

(Oacc,Odiv,Onov) ∈ Osets,

Osets = {(1,0,0),(0,1,0),(0,0,1),(1,1,0),(1,0,1),(0,1,1)},
(4.21)

Different from the previous study [52] that controls the weight of objective RL loss, we define
the variant methods by changing the input of objective returns. The comparison results on the
above subsets for RetailRocket are shown in Figure 4.7, while RC15 and LFM-1b are omitted
due to similar trends. Specifically, Figure 4.7a demonstrates the comparison of NDCG@20
on the accuracy objective. It is evident that the methods reinforcing accuracy perform better
in comparison to those that do not. When only the objectives of diversity or/and novelty are
emphasized, NDCG@20 is decreased to varying degrees. We obtain a phenomenon that when
combining the accuracy objective with either the diversity or novelty, both of them show a
significant improvement in relevant metrics. From Figure 4.7b and 4.7c, we observe that the
methods that are limited to reinforcing accuracy alone result in the poorest performance on the
other two objectives.

(a) Accuracy (b) Diversity

(c) Novelty (d) Repetitiveness

Figure 4.7: Performance when integrating different subsets of objectives on RetailRocket
dataset, the settings are represented by Eq. 4.21. Red lines denote metrics of the baseline model
SASRec .
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4.6 Conclusion

In this chapter, we presented the Multi-Objective Decision Transformer for Reward-driven Rec-
ommendation (MODT4R), a novel framework to tackle the problem of multi-objective recom-
mendation for sequential recommendation. MODT4R effectively conceptualizes MOSR as a
sequence modeling challenge resolved through simple supervised learning, avoiding the com-
plexities and instabilities associated with traditional reinforcement learning approaches. Our
approach captures the dynamics of user interests in terms of accuracy, diversity, and novelty
by transforming them into sequential returns. We developed a novel user trajectory repre-
sentation that connects user state transitions with multi-objective returns, all within a unified
sequence modeled by our proposed Multi-Objective Transformer (MoTrans). The User Trans-
former (UserTrans) complements this by explicitly modeling user states based on historical in-
teractions.

We have shown that MODT4R can leverage the strengths of the Transformer architecture,
notably its ability to take actions based on the entire sequence of past states and returns. By co-
training with a Mean Squared Error (MSE) loss to predict subsequent returns in MoTrans, we
enhance the model’s ability to maintain stability while balancing multiple objectives. Empirical
results from extensive experiments on real-world datasets underscore MODT4R’s capacity to
improve or maintain accuracy while making significant strides in diversity and novelty in rec-
ommendations. This positions MODT4R as a robust and adaptable solution, particularly suited
for real-world applications where balancing various recommendation objectives is crucial. In fu-
ture work, we expect to incorporate more personalized reward functions that adapt to individual
user preferences over time and could make recommendations more user-centric.

4.6.1 Summary and Link to Next Chapters

This chapter establishes the first part of the decision layer by reformulating MOSR as return-
conditioned sequence modeling with Decision Transformers, enabling controllable accuracy–
diversity–novelty trade-offs via inference-time adjustment. The results demonstrate that return
conditioning provides a stable and flexible mechanism for multi-objective personalization be-
yond accuracy-centric ranking. Chapter 5 extends this decision layer to hierarchical personal-
ization across sessions and introduces explicit serendipity modeling under the MOPSR setting.



Chapter 5

Multi-objective Recommendations with
Hierarchical Decision Transformers for
Diversity, Novelty, and Serendipity

Note. This chapter is based on our CIKM 2024 paper on HDT, and is revised in this thesis
to clarify the MOPSR setting and the operational definitions of unexpectedness/serendipity, and
connect hierarchical decision-making to the deployability challenges addressed in later chapters.

5.1 Introduction

Personalized Session-based Recommendation (PSR) extends the traditional sequential recom-
mendation models—which typically recommends the next item based on a recent active ses-
sion—to leverage historical sessions of a user for short-term recommendations in the current
session. However, existing PSR methods face two limitations: (1) treating offline sessions uni-
formly as static data and relying on user embeddings to represent personalized information over-
look the dynamic evolution of interests over time, which can change significantly as sessions
progress in practical application. (2) focusing on accuracy, i.e., recommending items relevant to
recent interactions, ignores the balance of multi-faceted requirements for user satisfaction, i.e.,
diversity, novelty, and serendipity.

Therefore, we introduce Multi-objective PSR (MOPSR) task and propose Hierarchical De-
cision Transformers (HDT) framework, which models strictly sequential preference transitions
of users across and within sessions to balance recommendation accuracy with the mentioned
objectives. To address the first problem, Inter-session DT dynamically tracks the user’s long-
term preference across sessions by maintaining a goal state. This goal state serves as per-
sonalized information to collaboratively make recommendations with short-term state via the
Intra-session DT. To tackle the second limitation, we propose inter-session and intra-session
unexpected returns to trade off relevant recommendations and user preferences on diversity,

59
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novelty, and serendipity. The hierarchical returns help the recommender accurately identify
signals of the user’s expectations and changes in multi-objective preferences. To verify the ef-
fectiveness of our method on the MOPSR, we apply HDT to four state-of-the-art sequential
recommendation models and conduct experiments on two publicly available datasets. Experi-
mental results demonstrate that (1) HDT can widely generalize sequential models to solve the
MOPSR task in scenarios with incrementally generated sessions, and (2) our method can bal-
ance multi-objectives by maintaining and even enhancing accuracy while effectively improving
the diversity, novelty, and serendipity objectives.

Recommender Systems (RS) help users discover content from large-scale data streams and
promote engaging content [1, 116, 127] for users. In recent years, next-item recommendation
systems have been at the forefront of research, e.g., in entertainment (e.g., video streaming) and
e-commerce, with a strong focus on recommending the next relevant item based on user-item
interactions within one recent active session. For the most part, sequential or next item recom-
mendation methods [26, 31–33] attempt to model a short-term sequence of user-item interac-
tions within one recent active session to predict the next recommendations for users. However,
in many scenarios, recommendations are determined by both user’s long-term and short-term
interests. For example, users may prefer revisiting past topics in music application [93] and fo-
rums [35]. Therefore, Personalized Session-based Recommendation [35, 128–130] is proposed
to recommend the next item by considering both user’s past sessions and current session.

However, how to effectively model dynamic changes of user preference through historical
sessions and short-term interest in the current session remains a challenging task. Some research
treats all historical sessions as equivalent interactions and adapts the Graph Neural Network
(GNN)-based methods [31, 128–130] extract either global or local graph relations from entire
offline static data in advance to model items/users. However, they ignore the personalized infor-
mation from the dynamic changes of user preference over time in a real-world scenario, where
user session proceeds sequentially. Even user embeddings are trained to present personalized,
they are ineffective due to insufficient training when user sessions are sparse. Consequently,
GNN-based approaches fall outside the scope of our research. To be practical, we focus on PSR
scenarios where user interactions are strictly sequential across and within sessions.

Moreover, Multi-objective PSR (MOPSR) that realizes trade-offs between accuracy, diver-
sity, novelty, and serendipity remain an unsolved task. Existing PSR methods still align with
most traditional recommendation models [6, 26, 57, 60] to optimize the metrics of accuracy,
referring to recommend items that are relevant to recently interacted items, e.g., HR [26] and
NDCG [96] metrics. However, a strictly relevance-oriented RS overlooks the intrinsic recom-
mendation qualities, affecting user experience in terms of diversity (recommended items are
dissimilar to the user’s consumption patterns), novelty (recommended items are new/unseen),
and serendipity (recommendations are relevant to users and beyond expectations). Recently, a
multi-objective recommender system [131] considering the diversity and novelty is proposed for
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the sequential recommendation by the offline reinforcement learning (RL) process. It trains mul-
tiple RL agents to balance accuracy with the two objectives in recommended items (the taken
actions) by maximizing the expected cumulative multi-objective rewards (returns). However,
traditional RL approaches, e.g., Q-learning [57, 58] cannot be directly applied to MOPSR since
they tend to prioritize immediate rewards of action. This concentration on short-term gains in
the current session poses a challenge in capturing multiple long-term preferences in past ses-
sions. Furthermore, the training becomes complex due to setting different agent heads for each
objective. Additionally, the limited offline user data cannot provide sufficient feedback for each
agent, making it challenging to accurately tune and optimize for specific objectives.

To address the above issues, we introduce Multi-objective Personalized Session-based Rec-
ommendation (MOPSR) task to realize trade-offs between accuracy and diversity, novelty and
serendipity objectives. First, the Hierarchical Decision Transformers (HDT) framework is pro-
posed to personalize sequential models by concurrently modeling the user’s long-term prefer-
ences derived from historical sessions, and their short-term interests within the current session.
Moreover, we propose inter-session and intra-session unexpected returns infused with HDT to
capture the user’s signals of preferences on unexpected items to improve the balance between
the mentioned objectives. Specifically, HDT contains two layers: Inter-session DT (InterDT)
maintains user state transitions across sessions to generate goal states conditioned on the user’s
future expectations; Intra-session DT (IntraDT) models state transitions by the user-item inter-
actions within the current session, and the recommendation process is guided by the goal state
from the InterDT with an extra intra-session novelty return.

The Hierarchical Decision Transformer (HDT) is trained on offline user data in a supervised
manner, mitigating the limitations associated with Q-value estimation [57], Multi-agents [52],
and high variances in traditional RL. During the inference, given the user state from the pre-
vious session and the expectations we want to obtain for the next recommendations, HDT can
directly take actions (recommend items) considering long-term and short-term objectives, e.g.,
serendipity and novelty. To verify the effectiveness of our approach, we apply HDT to four
state-of-the-art sequential recommendation models and conduct experiments on two publicly
available datasets. Experimental results are compared by specific objective metrics for accuracy,
diversity, novelty and serendipity, which demonstrate the superior performance of our method
in balancing those objectives.

Our contributions can be summarized as follows:

• We introduce Multi-objective Personalized Session-based Recommendation (MOPSR)
task and propose a Hierarchical Decision Transformers (HDT) framework to recommend
next items by leveraging user preference transitions across historical sessions.

• We infuse HDT with hierarchical unexpected returns in InterDT and IntraDT to com-
prehensively model long-term and short-term changes in user preferences for unexpected
items.
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• We establish specific metrics for multi-objectives to evaluate the trade-off capabilities of
HDT. To validate the effectiveness of our method, HDT is applied to four state-of-the-art
sequential recommendation models and experiments are conducted on two public datasets.

• The experimental results show that our method can balance multi-objectives by main-
taining and even enhancing accuracy while effectively improving the diversity, novelty,
serendipity.

5.2 Related Work

The work in this chapter is positioned at the intersection of three key research areas. First,
Personalized Session-based Recommendation (PSR), which extends sequential recommendation
by modeling dependencies both within a session (intra-session) and across a user’s historical
sessions (inter-session) [35]. Our research focuses on hierarchical methods that respect the
strict chronological order of sessions, as this aligns with real-world scenarios where user data is
generated incrementally. Second, multi-objective recommendation, which aims to improve user
satisfaction beyond accuracy by considering objectives like diversity, novelty, and serendipity.
Existing approaches often rely on joint loss functions or post-processing techniques, but there
is a lack of work that systematically addresses these objectives within the PSR context. Third,
Reinforcement Learning (RL) for recommendation, which trains an agent to recommend items
by maximizing cumulative rewards. For multi-objective tasks, this can involve training multiple
RL agents, one for each objective [52].

While these fields offer valuable contributions, they present limitations when combined.
Existing PSR methods primarily optimize for accuracy, neglecting other important objectives.
Concurrently, traditional RL approaches, such as multi-agent Q-learning, are not only complex
to train for multiple objectives but also struggle to capture the long-term, cross-session user
interests central to PSR. To address these gaps, we are inspired by the Decision Transformer
(DT) [30], which recasts offline RL as a sequence modeling problem. We propose the Hierar-
chical Decision Transformer (HDT) for the Multi-objective PSR (MOPSR) task. HDT adopts
a hierarchical structure to model users’ preference transitions across and within sessions, and
leverages the DT paradigm to condition on hierarchical unexpected returns. This allows our
model to effectively balance accuracy with diversity, novelty, and serendipity in a supervised
manner, directly tackling the identified challenges.

5.3 Methodology

We first illustrate the Multi-objective Personalized Session-based Recommendation (MOPSR)
task.Next, we introduce the overall framework of the proposed Hierarchical Decision Trans-
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Figure 5.1: Example of personalizing sequential models by Hierarchical Decision Transformers
(HDT). The InterDT observes the inter-session state sc and inter-session unexpected return Rc,
where c∈{1,2, ...}, to produce the goal state gc and goal return R̃c for session Cc. s1 is initialized
by zeros. The IntraDT observes the intra-session state sc,t , goal state gc, goal return R̃c, where
t ∈ {1,2,3, ...}, to predict the intra-session unexpected return Rc,t and the action at in session c.

former (HDT) for MOPSR. Finally, we illustrate the modeling details.

5.3.1 Problem Formulation

Task Definition. Different from Sequential Recommendation [1, 31, 33, 34, 132] or Session-
based Recommendation [26, 32, 133] that recommend next items based on ordered/unordered in-
teractions within a recent active session, Personalized Session-based Recommendation (PSR) [35]
aims to recommend the next items based on users’ current session and historical sessions. PSR
models[35] typically leverage the ordered information inside and across sessions to model the
evolution of user preference for recommendations. Therefore, it is of great significance for plat-
forms where user session data is incrementally generated. Let I denote the set of items, C =

{C1, . . . ,Ch} denotes a user’s sequence of sessions in chronological order, Ci = {xi,1, . . . ,xi,T} ∈
C(0< i≤ h) denote the user-item interactions in each session, where xi, j ∈ I(0< j≤ T ) is the in-
dex of the interacted item ordered by a timestamp. Given historical sessions C = {C1, . . . ,Cc−1}
and the current session Cc = {xc,1, . . . ,xc,t}, the goal is to recommend next item xc,t+1 from the
whole item set I that the user might be interested in.
Trade-off of Multi-Objectives. We extend the PSR to the Multi-objective Personalized Session-
based Recommendation (MOPSR) to balance recommendation accuracy with multiple objec-
tives that affect user experience. First, general RSs aim to recommend the most relevant items to
historical sessions that are often influenced by popularity, leading to recommendations that are
frequently seen while neglecting long-tail (new and unknown) ones. This reduces diversity and
novelty [20, 52] in recommendations. Second, recommending relevant and unexpected items
can provide users with serendipity [97]. However, considering past historical interests may bias
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recommendations towards items the already been seen or similar items to a user’s historical in-
teractions for a PSR model, so that reduces unexpectedness. Conversely, overly recommending
dissimilar items can reduce relevance. Therefore, the goal of our MOPSR is to maintain or sac-
rifice minimal accuracy while providing items that offer novelty, diversity, and serendipity to
users.
MOMDP Formulation of MOPSR. We formulate MOPSR as a Multi-Objective Markov De-
cision Process (MOMDP) [52] and the Hierarchical RL (HRL) is introduced to solve the offline
problem. The recommender is the agent, and the users are the environment. The agent (rec-
ommender) interacts with the environment (users), taking actions (recommending items) based
on the state of the environment, and is updated by the feedback (reward) from the environment.
Continually, the environment generates a new state for the agent as users respond to the actions.
In HRL-based MOPSR, users provide inter-session and intra-session states, where the former
guides the agent considering the dynamic preferences across sessions to predict items with the
intra-session state.
Notation. To facilitate clarity for future reading, we provide a reference Table 5.1 illustrating
the important ones throughout this chapter.

Table 5.1: An illustration of notations.

Description

I The set of items
Cc c-th session or the current session of a user
xc,t t-th user-item interaction in Cc, i.e., xc,t ∈ I
sc Inter-session state session Cc
Rc Inter-session unexpected return for session Cc
gc Goal state for session Cc
R̃c Goal return for session Cc.
sc,t Intra-session state at timestamp t in Cc
Rc,t Intra-session unexpected return at timestamp t in Cc
Rn

c,t Intra-session novelty return at timestamp t in Cc
ac,t Action at timestamp t in Cc, i.e., ac,t = xc,t+1

5.3.2 Overall Framework

Traditional offline RL-based recommender mimics the online process by observing the rewards
w.r.t specific behaviors from users and is trained to maximize the expected cumulative rewards
(expected returns) [52, 57]. However, this process becomes very complex when handling multi-
objective tasks for offline data and HRL problems due to adding more agent/value heads [52,
134]. Following the Decision Transformer (DT) [30] that recast the offline RL as sequence
modeling to predict actions in a supervised manner conditioned on the expected returns and
states, we solve the HRL problem by the proposed Hierarchical Decision Transformers (HDT)
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framework as illustrated in Figure 5.1. HDT consists of two layers: 1) the Inter-session DT
(InterDT) models dynamic long-term interest as the session evolves, and 2) the Intra-session DT
(IntraDT) models short-term interests within the current session.

The MOPSR is naturally empowered by expected returns and user states at both inter- and
intra-session levels. On the one hand, actions (items) are generated under the guidance of de-
signed rewards and user states to balance accuracy with diversity, novelty, and serendipity ob-
jectives. On the other hand, to personalize the recommendation with users’ long-term interests,
the goal state and reward of inter-session are conveyed to the intra-session state to jointly rec-
ommend the next items. Formally, the trajectory the HDT aims to model is:

τ = (...,Rc,sc,gc, R̃c,Rn
c,1,sc,1,ac,1, ...,Rn

c,T ,sc,T ,ac,T , ...). (5.1)

The components of the trajectory are:

• Inter-session state space S u: sc ∈S u is a user’s inter-session state at session Cc, providing
representation of long-term preferences evolved across sessions. The initial state s1 ∈S u for
all users is initialized to zeros.

• Inter-session unexpected returns Ru: Rc ∈ Ru represents the expected unexpectedness con-
tributed by the interactions from session Cc to the final session for a user.

• Goal state space G : gc ∈ G is generated by the inter-session state sc and the inter-session
unexpected return Rc from the InterDT at session Cc. gc will affect the intra-session recom-
mendations by conveying a user’s long-term interest in unexpected items to the intra-session
state.

• Goal return space R̃u: R̃c ∈ R̃u is also generated by the inter-session state sc and the inter-
session unexpected return Rc from the InterDT at session Cc. Differently, R̃c is the output
at the return position that will control the intra-session recommendations by producing the
intra-session unexpected return.

• Intra-session state space S z: sc,t ∈S z is a user’s intra-session state at timestamp t within the
session Cc, which represents the short-term interest of a user. sc,t is generated by a sequential
model E that encodes the sequence xc,1:t = {xc,1, ...,xc,t} ∈ Cc and the goal state gc. When
recommending items in session Cc, we also call it the current session Cc.

• Intra-session unexpected return Rz: Rc,t ∈Rz represents the expected unexpectedness achieved
by the remaining interactions from timestamp t in session Cc, which reflects a user’s short-term
preference for unexpected items. Instead of comprising the input trajectory, Rc,t is taken as
the target unexpectedness in the training process to balance multiple objectives.
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• Intra-session novelty return Rnz: Rn
c,t ∈Rnz denotes the novelty achieved by remaining inter-

actions from step t in the session Cc, which reflects a user’s short-term preference for novel
items in the system.

• Action space A : A is the discrete action set consisting of candidate items. In the offline
setting, the action a ∈ A at time step t in the session c is the next item, i.e., ac,t = xc,t+1.

We can see the overall training process from Figure 5.1: at the beginning of a session Cc, the
InterDT observes the inter-session state sc and the inter-session unexpected return Rc to produce
the goal state gc and goal return R̃c for intra-session recommendations. Then, the IntraDT incor-
porates the intra-session state sc,t (generated by user-item sequence Xc,1:t and the goal state gc),
goal return R̃c, and the intra-session novelty return Rn

c,t to generate action (recommend item) at

at timestamp t. Next, we detail designing returns and modeling trajectories in Inter-session and
Intra-session DTs.

5.3.3 Inter-session Modeling

Inter-session Unexpected Return

To provide users with diverse recommendations that touch upon a broader selection of items as
possible, we design an inter-session unexpected return Rc to quantify the maximum unexpect-
edness that future sessions will bring to the user starting from session Cc.

Rc = dismax−dis(C1, ...,Cc), (5.2)

where dis(C1, ...,Cc) is the dissimilarity of previous c sessions, calculated as the average dissim-
ilarity (1 minus average cosine similarity) among all interacted items’ embeddings in the past
c sessions. dismax is the maximum dissimilarity the user can obtain by items in the system. Rc

reflects users’ propensity to explore diverse, novel, and unexpected items across sessions.

InterDT

Inter-session DT models Rc and sc to generate the goal state and goal return for intra-session
recommendation. Rc is mapped by a trainable embedding to form its representation with the
same dimension as sc. Then the inputs for InterDT at session Cc are formulated as:

Hc = stack(Rc,sc) ∈ R2×d, (5.3)

where d is the embedding size. The first state s1 is initialized by zeros for each user. When
session Cc ends, the sc+1 for the next session Cc+1 is updated by the last intra-session state from
session Cc, we illustrate the intra-session state in the following part. The goal return R̃c and goal
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state gc are formulated as:

H̃c = T1(Hc),

R̃c,gc = unstack(H̃c),
(5.4)

where T1 is a self-attention layer with residual connection [135].

5.3.4 Intra-session Modeling

Intra-session State

Given goal state gc that represents long-term preference on diverse and unexpected items and
the user-item interactions xc,1:t within the session Cc, the intra-session state sc,t is the hidden
state from the sequential model [26, 33] G:

xc,t =Ws[xc,t ,gc]+bs, (5.5)

sc,t = G(xc,1:t), (5.6)

Intra-session Novelty Returns

We introduce a novelty return Rn
c,t to promote the recommendation of unknown/novel items [52,

136] that belongs to the less frequently interacted item set Inov (within the bottom 90%) in the
training data. In this way, recommending more unpopular items can lead to an increase in the
system’s diversity and novelty. In session Cc with T steps, Rn

c,t is calculated as:

Rn
c,t = # items ∈ Inov from step t to T (5.7)

We expect to achieve maximum novelty and diversity, so the predicted item is treated as
novel during inference to calculate the Rn

c,t , which is mapped by a trainable embedding to form
its representation with the same dimension as sc,t .

Intra-session Unexpected Return

Rc,t aims to represent the unexpectedness achieved by the remaining interactions from timestamp
t to the end of session Cc:

Rc,t = dis(xc,1, ...,xc,T )−dis(xc,1, ...,xc,t), (5.8)

where T is the length of session c. dis(xc,1, ...,xc,t) is the average dissimilarity (1 minus average
cosine similarity) of previous ts interacted items’ embeddings in session c. During the training
phase, we treat Rc,t as the prediction target rather than an input, with the aim of eliminating the
need for searching for optimal settings during the inference stage.
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IntraDT

Given the goal return R̃c, intra-session novelty return Rn
c,t , intra-session state sc,t , and action at

(next item), intra-session DT models (R̃c,Rn
c,t ,sc,t ,ac,t) sequentially. Specifically, the input at

timestamp t is constructed as:

Zc,t = stack(R̃c,Rn
c,t ,sc,t ,ac,t) ∈ R4×d, (5.9)

Therefore, the complete input sequence of Zc for InterDT is:

Zc = {Zc,1, . . . ,Zc,T}, (5.10)

Z̃c = T2(Zc), (5.11)

where Z̃ = {Z̃c,1, ..., Z̃c,T}. T2 is the GPT [126] architecture to autoregressively predict actions
conditioned on returns and states. The hidden state R̃c,t and s̃c,t at each step t are then unstacked
from Z̃t :

R̃c,t ,_, s̃c,t ,_ = unstack(Z̃c,t), (5.12)

where R̃c,t is mapped by an MLP layer to produce the predicted intra-session unexpected return
Rc,t :

R̂c,t =WrR̃c,t +br, (5.13)

where Wr ∈ Rd×1 are trainable parameters, br ∈ R1 are bias vectors. The actions (next items)
are subsequently predicted based on the hidden state s̃c,t :

âc,i = so f tmax(δ (Was̃c,t +ba)), (5.14)

where δ denotes the activation function, âc,i is the predicted score on i-th candidate action,
Wa ∈ Rd×N are trainable parameters, and ba ∈ RN are bias vectors.

5.3.5 Overall Learning

Training Objective

The overall learning optimization process of HDT consists of a goal loss in InterDT, a sequential
loss, a return loss, and an action loss in IntraDT.

In InterDT, gc is used to predict the first action (item) in the current session Cc via the goal
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Figure 5.2: Left: user data. Right: user-parallel mini-batches for batch size 2.

loss:

ŷi = so f tmax(δ (Wugc +bu)), (5.15)

Lg =−∑
n
i=1yi log(ŷi) , (5.16)

where δ is the activation function, Wu ∈ Rd×N are trainable parameters, bu ∈ RN is the bias
vector. ŷi is the probability that the user interacted with i-th item at the first step of session Cc.
yi = 1 if the session starts with the i-th item, otherwise yi = 0.

The sequential model G is optimized by a sequential loss to predict next items in a session:

ŷc,i = so f tmax(δ (Wssc,t +bs)), (5.17)

LS =−∑
n
i=1yc,i log(ŷc,i) , (5.18)

where sc,t is mapped into n classification logits on the candidate items by a fully connected layer
with softmax function. Ws ∈ Rd×N are trainable parameters, and bs ∈ RN is the bias vector. yc,i

is the logit of i-th action. Ws ∈ Rd×N are trainable parameters, and bs ∈ RN is the bias vector.
yc,i = 1 if the user interacted with the i-th item at the next time step in the current session c.
Otherwise, yc,i = 0.

In IntraDT, to enhance the stability of the balance between accuracy and diversity, novelty,
and serendipity objectives, we also introduce the learning of the intra-session unexpected return
by the Mean Squared Error (MSE) loss:

LR = (1/T )∑T
t=1(Rc,t− R̂c,t)

2, (5.19)

where Rc,t is the target intra-session unexpected return, R̂c,t is the predicted value.
Furthermore, an action loss in a cross-entropy manner is used to predict the actions (next
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items):

La =−(1/T )∑T
t=1∑

n
i=1ac,t log(âc,i), (5.20)

ac,i = 1 if the user interacted with the i-th item at the next time step in session c. Otherwise,
ac,i = 0.

Finally, we jointly train all the loss on the training data to update all components of HDT:

L = LS +αLR +βLa +λLg, (5.21)

where α and β are hyperparameters that control the weights of intra-session unexpected return
prediction loss and intra-session action prediction loss. λ is the weight of the first action pre-
diction loss in the inter-session layer. In the inference, items are ranked by the scores from the
sequential model and the interDT. The impact of these hyperparameters will be discussed in
section 5.4.6.

Efficient Offline Training

Algorithm 3 Offline training set generation.
Input: user-item interaction sessions set Dts, novel item set Inov
Output: multi-objective training set Dtr

1: repeat
2: Sample a user with sequential sessions C = {C1, . . . ,Cm}
3: from Dts, where Cc = {xc,1, . . . ,xc,T},c = 1, . . . ,m
4: for c=1 : m do
5: Compute Rc according to Eq. 5.2
6: for i=1 : T do
7: Compute Rc,1:T according to Eq. 5.8
8: Compute Rn

c,1:T according to Eq. 5.7
9: end for

10: end for
11: Dtr.append(C,R1:m,R1:m,1:T ,Rn

1:m,1:T )
12: Dts.remove(C)
13: until Dts = /0
14: return Dtr

Algorithm 3 outlines the procedure for generating the offline training set Dtr from train-
ing data Dts. Specifically, the HDT framework is trained in an end-to-end manner, while the
InterDT is updated between sessions. The InterDT captures the evolution of user preferences
across sessions sequentially, which personalizes the sequential model and IntraDT then gener-
ates recommendations. To improve training efficiency, we adapt the user-parallel mini-batch
training strategy [35] to HDT, where sessions are grouped by users and sorted by timestamp
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(see Figure 5.2). In the iteration, the initial session with sequence {x1,1, ...,x1,T} of the first B

users are fed into HDT; the sequence {x1,2, ...,x1,T+1} is used to construct the sequence of next
items/actions for the intra-session part. In the next iteration, the second session of the first B

users continue the process, and so on. Sessions of users are processed in chronological order.
Once a user has been completely processed, the inter-session state s1 to InterDT is reset and the
next new user takes its place in the mini-batch. With both generative training and user-parallel
mini-batches, we can train HDT efficiently over users with different numbers of sessions.

Table 5.2: Dataset statistics († denotes mean).

Dataset Album Reddit

Users 14,341 11,160
Items 129,273 21,583
Sessions 115,225 321,878
Events 1,051,698 1,234,442
Events per item† 8.13 57.19
Events per session† 9.12 3.83
Sessions per user† 8.03 28.84

Training - Events 915,195 1,194,739
Training - Sessions 100,890 310,719
Test - Events 136,503 39,703
Test - Sessions 14,335 11,159

5.4 Experiments

In this chapter, we aim to address the following research questions:
RQ1: How does HDT architecture personalize the sequential methods to improve user satis-

faction across sessions, focusing on the objectives of diversity, novelty, and serendipity without
sacrificing the accuracy performance?

RQ2: How do the intra-session unexpected and novelty returns affect the recommendation
in current session?

RQ3: How to select weights of training objectives to balance accuracy, diversity, novelty,
and serendipity?

5.4.1 Datasets

We perform experiments on two real-world datasets: Album [93] and Reddit [35]. The detailed
statistics are summarized in Table 5.2. The Album dataset contains one-week listening events
of users on albums, collected by the music streaming platform Last.fm1. The second Reddit

1http://www.last.fm/api
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dataset came from the Reddit social media platform and includes interactions made by users
over a five-day period.

To reduce the noise in the Album dataset, we remove consecutive repeated interactions while
retaining the first timestamp. Both datasets are preprocessed following the approach described
in [35], and user interactions are divided into sessions using a 60-minute threshold. More pre-
cisely, we filter items with less than three interactions. Then, sessions with less than three
interactions are excluded. Finally, users with at least five sessions are retained to ensure suffi-
cient cross-session information. For hyperparameter tuning, we further partition the training set
using the same procedure to create a validation dataset. We conduct each experiment2 five times
and report the average results.

Same as [35], the testing set consists of all interactions of the last session of each user, and
the sessions before the test (last) sessions form the training set. For example, for a user with
sessions C = {C1,C2,C3}, the training set are the C1 = {x1,1,x1,2} and C2 = {x2,1,x2,2,x2,3},
and the last session C3 = {x3,1,x3,2,x3,3} is the testing set. During the inference stage, historical
sessions, current session, and truth next item are built as {{x1,1,x1,2},{x2,1,x2,2,x2,3}}, {x3,1},
and x3,2; {{x1,1,x1,2},{x2,1,x2,2,x2,3}}, {x3,1,x3,2}, and x3,3.

5.4.2 Baselines and Settings

Our proposed HDT can personalize many sequential models to recommend the next items by
strictly adhering to the sequential dependencies across sessions and order information within a
recent session. To verify its generalization, we integrate HDT with four well-known sequential
recommendation models:

• GRU4Rec [26] that employs a GRU layer to capture user interactions within a session.

• Caser [31] that utilizes convolution operations to process previous item embeddings based on
CNN.

• NItNet [32] that improves the receptive field via dilated CNN operations and deepens the
network by residual connections.

• SASRec [33] that is based on self-attention to encode sequential items in a session.

Each sequential recommendation model is adapted and compared with the following ap-
proaches:

• Normal: Sequential recommendation models Trained by the normal cross-entropy loss. Ses-
sions from the same user are concatenated into a single session to form the training data.

2https://drive.google.com/drive/folders/1AnN7dyf3_-i79ZPfvQe-cSjlJqcujvBU?
usp=sharing

https://drive.google.com/drive/folders/1AnN7dyf3_-i79ZPfvQe-cSjlJqcujvBU?usp=sharing
https://drive.google.com/drive/folders/1AnN7dyf3_-i79ZPfvQe-cSjlJqcujvBU?usp=sharing
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• SMORL [52]: A state-of-the-art RL-based multi-objective sequential recommendation model
that balances accuracy, diversity, and novelty based on Q-learning to reward each interaction.
We implement it with the same setting as the Normal method.

• Hier [35, 36]: The only hierarchical structure-based PSR models that recommend items fol-
lowing strictly order information across and within sessions. Besides the original RNN [35]
and CNN-based [36] methods, we extend Hier to SASRec for comprehensive comparison.

• InterDT: Hier methods that incorporate inter-session DT. Item prediction is done by the intra-
session state and goal state.

• HDT: Our proposed Hierarchical Decision Transformers.

The length of user sessions is limited to 20, and longer sessions are truncated to retain only
the most recent interactions. Padding tokens are added to shorter sessions in the end to ensure the
same length. The user mini-batch size is set to 100 for the Album dataset and 200 for the Reddit
dataset. To ensure a consistent and fair comparison, all models and variations are trained using
the Adam optimizer [52], and the learning rate is searched from [0.005, 0.001, 0.0005, 0.0001].
Evaluation of the validation set is performed every 1,000 batches of updates. The embedding
sizes for item, state, return, and action are all set to 64. For GRU, the hidden state size is also
set to 64. Caser uses 1 vertical convolution filter and 16 horizontal filters with heights set from
2,3,4. NItNet follows the parameters described in the original paper. For SASRec, the number
of heads in self-attention is set to 1, and the dropout ratio is set to 0.1, as described in [33].

5.4.3 Metrics

We apply the following metrics to comprehensively evaluate the performance of HDT in balanc-
ing multiple objectives.

Accuracy. Hit Ratio (HR@k) [52] and Normalized Discounted Cumulative Gain (NDCG@k) [96]
are applied to measure the relevance of recommended items, where k ∈ {10,20}. We report the
average results over all interactions of the test sessions.

Diversity & Novelty. We measure the aggregate diversity and novelty at the system level
by the commonly applied Coverage (CV) [98] metrics. CVd@k, k ∈ {5,10} for diversity is
calculated as a percentage of the whole item set covered by all top-k recommended items for all
events in test sessions. CVn@k for novelty is calculated based on the novel items.

Unexpectedness & Serendipity. Unexpectedness (UP@k) metric, where k ∈ {5,10}, eval-
uates the ability of an RS to recommend items that are unexpected for a user given his his-
torical sessions. In this chapter, UP@k for a user is formulated as the disparity between the
top-k recommended items for current session and the interacted items in the past sessions, i.e.,
UP@k = 1

U ∑
U
u=1UNSEENu, where UNSEENu is the count of items in the top-k recommenda-
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tion list that are not interacted by user u before. The unexpectedness is reported as the average
value of all users in the test set.

To evaluate serendipity, i.e., unexpected and relevant items for a user, we adopt HRser@k [137],
where k ∈ {10}, to measure if a serendipity item (ground truth and unexpected item for the
user) is recommended in top-k list. Similar to accuracy metrics, the Serendipity-Based Normal-
ized Discounted Cumulative Gain (NDCGser@k) [137] is also used to calculate the rank of the
serendipity items. The results are reported as the average value over all serendipity interactions
of the test sessions.

5.4.4 Performance Comparison (RQ1)

In this section, we analyze the performance of various recommendation methods across multi-
ple objectives using the Album and Reddit datasets, as detailed in Tables 5.3 and 5.4. Our HD
method outperforms other techniques, achieving the best balance across all evaluated metrics.
For instance, when employing the Caser-based approaches on the Album dataset, HDT-Caser
enhances performance by 18.4% in HR@10, 13.4% in CVd@10, 17.2% in UP@10, and 6.4%
in HRser@10, all relative to InterDT-Caser. HDT not only sets new benchmarks in these metrics
but also uniquely improves both accuracy and unexpectedness, a combination where conven-
tional sequential methods typically show high unexpectedness but lower accuracy. While GRU-
SMORL and Caser-SMORL on the Reddit dataset achieve marginally better results in diversity
and novelty, they fall short of HDT’s performance across other metrics.

Additionally, Hierarchical (Hier) method exhibits strong improvements in accuracy-related
metrics; for example, Hier-NItNet on the Album dataset reports up to a 12% increase in NDCG@10.
This underscores the significant influence of modeling the evolution of user preferences across
sessions. However, it is notable that the improvements in accuracy by Hier- models do not ex-
tend equally to diversity and serendipity. For instance, while Hier-GRU on the Album dataset
shows a 6.96% improvement in HR@10 over standard GRU, it suffers from noticeable declines
in diversity and novelty. This trend is consistent across other hierarchical implementations like
Hier-Caser and Hier-NItNet on the Reddit dataset when compared with baseline methods like
Caser and NItNet.

InterDT models are more effective compared with Hier methods, particularly InterDT-GRU
and InterDT-NitNet, which enhance accuracy, diversity, and serendipity concurrently.

Specifically, InterDT-Caser on the Album dataset shows increases of about 4.2% in HR@10,
41.9% in CVd@10, 5.2% in UP@10, and 3.6% in HRser@10. These gains are attributed to the
model’s capability to track the user’s goal state across multiple objectives effectively.

In conclusion, while hierarchical models excel in capturing user interest evolution to rec-
ommend more accurate items, they do not equally enhance other objectives like diversity and
serendipity. While HDT achieves a superior balance across all metrics, setting a new standard
for multi-objective recommendation systems.
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Table 5.5: Effect of intra-session returns on Accuracy, Diversity, Novelty, Unexpectedness,
Serendipity. uxp/nov denotes the variants of integrating either the intra-session unexpected or
novelty return. Boldface denotes best results.

Methods Acc. Div. Nov. UP. Ser.

HR@10 CVd@5 CVn@5 UP@5 HRser@10

Album
uxp 0.1182 0.5272 0.4768 4.042 0.1482
nov 0.1197 0.5706 0.5264 4.001 0.1242
HDT 0.1202 0.5742 0.5285 4.195 0.1503

Reddit
uxp 0.4036 0.3209 0.2575 3.721 0.4123
nov 0.4021 0.3408 0.2998 3.311 0.4054
HDT 0.4073 0.3445 0.2972 3.744 0.4354

5.4.5 Intra-session Return Investigation (RQ2)

We examine the impact of intra-session unexpected (uxp) and novelty (nov) returns by the
IntraDT-SAS model, analyzing their influence on the performance of Album dataset. The results
are presented in Table 5.5. Considering both nov and uxp, we note that they achieve compara-
ble accuracy performance, with uxp achieving higher scores on serendipity and unexpectedness,
while nov performs higher in diversity and novelty. This demonstrates that the intra-session un-
expectedness return guides the model to recommend items that the user has not interacted with
personally, while the novelty return encourages recommending unexplored/new items of the
system. Moreover, HDT consistently outperforms other variants across all evaluated objectives,
confirming its robustness in effectively integrating multiple objective returns to enhance the rec-
ommendation quality. On the Reddit, the performance of uxp and nov appears to be comparable,
further underscoring the versatility of the HDT in different contexts. The findings highlight the
utility of tailored intra-session returns in guiding the recommendation process toward achieving
specific objectives and the superior capability of HDT to deliver multiple benefits.

5.4.6 Hyperparameter Study (RQ3)

We optimize three key hyperparameters: α , β , and λ , which control the weights of the return
loss LR, action loss La, and goal loss Lg in Eq.5.21, respectively, influencing the model’s
ability to balance between accuracy and other performance metrics such as unexpectedness and
diversity. We optimize one weight at a time and individually observe the changes in accuracy
and the corresponding objective metric to determine the optimal value that balances the two
objectives. Due to space constraints, we present the results for the Reddit dataset on a GRU-
based model.

Figure 5.3a illustrates the impact of α , which controls the influence of the return loss LR,
on the metrics HR@20 and UP@10. We observe that both metrics improve as α increases from
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0 to 0.2. While HR@20 begins to decline when α continues to increase beyond 0.2, UP@10
continues to show positive growth. Based on these trends, we set α to 0.5 to optimize HR@20
and UP@10 simultaneously.

Diversity and novelty are mainly affected by the action loss La. Figure 5.3b shows that
increasing β results in a steady increase in CV (we show CVd@10) and a slow decrease in
HR@20. We set β as 0.2 to maintain a reasonable balance between diversity, novelty and accu-
racy. We observe influence of λ on HR@20 and UP@10 by ensuring accuracy while reducing
potential adverse effects of goal loss Lg on other objectives. We set λ to 0.1 which best supports
accuracy without excessively compromising unexpectedness.

For the Album dataset, the optimal settings for α , β , and λ are found to be 0.5, 0.1, and 0.2
respectively. These values reflect a tailored approach to balancing the multiple objectives of our
recommendation system, ensuring that accuracy is maintained while also enhancing other vital
metrics like diversity, novelty and serendipity.

(a) (b)

(c) (d)

Figure 5.3: HDT with different weights of distinct objective loss on the Reddit dataset.
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5.5 Conclusion

We proposed the novel Hierarchical Decision Transformers (HDT) framework for Personal-
ized Session-based Recommendation (PSR). This framework models users’ long-term interest
changes across past sessions and their short-term preferences within the current session. To en-
hance user experience by addressing multiple objectives, we introduced the Multi-objective PSR
(MOPSR) and integrated both inter-session and intra-session unexpected returns into the HDT.
This integration aims to guide recommendations by balancing accuracy with diversity, novelty,
and serendipity.

We established specific metrics for each objective and conducted comprehensive experi-
ments on publicly available datasets. The results from these comparisons underscored the effec-
tiveness of our method in managing the trade-offs between conflicting objectives in MOPSR. In
the future, we plan to extend the proposed framework to encompass additional recommendation
scenarios and balance more objectives, thereby broadening its applicability in real world.

5.5.1 Summary and Link to Next Chapters

This chapter completes the decision layer by extending multi-objective control to a hierarchical
session-based setting (MOPSR), capturing both cross-session long-term preferences and within-
session short-term intent. By introducing hierarchical (expected/unexpected) returns, HDT bal-
ances accuracy with diversity, novelty, and serendipity under realistic temporal progression.
Chapters 6–7 then address the deployability layer, focusing on how to learn and deploy RL-
based recommenders under biased offline logs, distribution shift, and online exploration risk.



Chapter 6

Reinforcement Learning-based
Recommender Systems with Large
Language Models for State Reward and
Action Modeling

Note. This chapter is based on our SIGIR 2024 paper on LE/LEA, and is revised in this thesis to
clarify the thesis stance that LLMs are used as auxiliary environment components (state/reward
modeling and offline augmentation) rather than deployed recommenders, unify notation, and
strengthen controlled ablations for where LLM assistance helps RL-based learning.

6.1 Introduction

RS has become an essential tool that navigates through extensive data to deliver relevant and
engaging content to users [116, 127] in commercial platforms. Sequential or next-item recom-
mendation [26, 31–33] have gained prominence, especially in music and video streaming RS, to
recommend the next relevant item based on user-item interactions within a recent active session.
Typically, sequential recommendation models [26], such as those based on gated recurrent units
(GRU), convolutional neural networks [116], and Transformer [33], have been trained to predict
the next interacted items based on historical user data in a self-supervised manner. To address
suboptimal recommendations due to the dependence on supervised learning, self-supervised re-
inforcement learning (SSRL) has been proposed. This approach trains an RL agent to satisfy
user expectations, e.g., the desire for diverse content, by employing sequential models with re-
wards tailored to accommodate various behaviours [52, 57]. However, recent efforts [57–59]
to develop off-policy/offline RL policies trained on historical user data have been met with the
challenge of constructing a high-quality environment that provides meaningful user feedback,

80
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e.g., state representation and reward function.
LLMs with knowledge-transferring capabilities have recently received significant attention

in RS [138–140]. In the context of sequential recommendation, LLMs have been shown to be
acceptable zero-shot [86] or pre-trained [2] RS. These LLM-recommenders have been proven
to perform on par with, or even outperform, conventional models. Recent research has heavily
focused on fine-tuning/pre-training with user data to adapt LLM for recommendations. This
results in large models with orders of magnitude more parameters than traditional recommenda-
tion models. Despite the adoption of efficient tuning methods [141, 142], the computational cost
of inference with LLM models with billions of parameters remains very high, making serving
LLM recommendation models impractical in real-world scenarios.

Motivated by their generative and language-understanding capabilities, we propose adapting
LLM as an environment (LE) to model user behavior and return feedback for training the RL-
based recommenders. More importantly, LE can help train leaner and more adaptable sequential
recommendation models that outperform those trained with standard techniques without incur-
ring additional computational costs at inference time. Specifically, we address the following
limitations of the above-mentioned state and reward problems for RL-based RS: Recommenda-
tion approaches based on reinforcement learning typically utilize state representations derived
from generative sequential models. These models, such as Transformers or RNNs, process
user-logged actions to produce output or hidden states, which are then employed to generate
recommendations. LLMs have been shown to be world models [143, 144], which may help gen-
erate more accurate representations of user state given the sequence of historical user actions.
Additionally, in typical RL-based recommenders, rewards are usually predefined with respect to
behavior categories [57], for example, purchase and click. However, a simple uniform reward
setting might not accurately reflect user satisfaction across items, resulting in an agent that is
unable to capture latent differences between actions. LLMs are capable of generating good re-
ward estimates [91] that can be used to train RL algorithms. To this end, we capitalize on these
powerful LLM properties to learn an environment (LE) that acts as state and reward model to
return high-utility feedback for training RL-based recommendation models.

To construct the LE we fine-tune the LLM by introducing an item tokenization strategy,
using autoregressive training. We first learn semantically-rich tokens by using the items’ tex-
tual descriptions. We subsequently fine-tune the LLM through a small subset of user data and
adapters to obtain the reward model (RM) and state model (SM). Specifically, we prompt the
LLM with instructions based on user-item token interactions to output the scalar reward by a
score head. We then learn effective state representations by contrasting the user-item tokens’
interactions with the positive and negative actions. In our modular architecture, RM and SM
constitute the LE that enables the acquisition of the state representations and scalar rewards for
the RL-based recommendation model.

Moreover, in an offline setting, the agent is trained on fixed historical user-item interactions
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without probing the environment. Thus, we further propose an LE Augmentation (LEA) method
prompting the obtained LE to enrich the offline data for RL-based sequential recommendation.
In particular, LE is tasked with selecting potentially positive feedback by prompting it with a
combination of user historical behavior and a sampled list of items. This step aims at leverag-
ing the predicted positive items as positive samples to augment the training of the supervised
learning component, and as positive actions to reinforce the training of the RL agent.

Finally, we train the supervised loss and the RL loss on the original historical user data
and the augmented positive samples. At the inference stage, only the sequential model with
the supervised head is used for the evaluation of the top-k recommendation performance, to
guarantee efficiency. To validate the effectiveness of our method, we compare LEA with two
state-of-the-art Q-value-based RL frameworks, with two sequential models as the backbone. We
also directly apply LE to the above frameworks by enhancing the state representation and reward
function, and demonstrate significant performance gains on two publicly available datasets. Our
contributions can be summarised as follows:

• We propose an LLM-based Environment, acting as the state model and reward function,
to improve the performance of the offline RL-based recommender systems.

• We present an efficient fine-tuning method for adapting LLMs for LE using limited user
data. Additionally, we propose an item-tokenization strategy to incorporate user data and
improve training efficiency.

• We introduce a positive feedback augmentation approach LEA to enhance both supervised
learning and Q-learning. The LE is utilized as the behaviour policy to infer positive signals
from historical user data.

• We apply the environment LE and augmentation method LEA to two state-of-the-art RL-
based sequential recommendation models. Experimental results on real-world datasets
show a general improvement across recommendation performance metrics.

6.2 Related Work

Sequential recommendation has evolved from deep learning models like GRU [26] and Transformer-
based architectures [31, 33] towards RL frameworks, such as SQN [57] and SA2C [58], which
model the task as a Markov Decision Process [28, 55]. However, these RL methods are of-
ten limited by simplistic, pre-defined rewards and state representations derived directly from
the sequential model itself. Concurrently, LLMs are being adapted as powerful standalone rec-
ommenders through methods like fine-tuning [83, 86] or pre-training [2]. While effective, this
approach introduces significant computational overhead, especially during inference. Our work
diverges from these trends by proposing a novel synthesis: we leverage an LLM not as the
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recommender, but as a sophisticated offline environment to generate nuanced state representa-
tions and reward signals, thereby enhancing existing, efficient RL frameworks without adding
inference-time cost.

6.3 Method

6.3.1 Task Formulation

Let I denote the set of items in the system, x1:t = {x1, . . . ,xt} denote the user-item interaction
sequence, where xi ∈ I(0 < i≤ t) is the index of the interacted item ordered by timestamp. The
goal is to recommend the next item xt+1 at timestamp t + 1 for the user from the whole item
set I, such that the user might be interested in given the previous interactions x1:t . Sequential
recommendation methods [57] have been proposed to tackle the task as a self-supervised learn-
ing problem and map the sequence x1:t into the hidden state ht by a sequential model G(·), i.e.,
ht = G(x1:t). A fully connected layer then follows to map ht to classification logits (ranking
scores) on all candidate items at the next step. In RL-based recommendation, the task is fur-
ther modeled as an MDP, where users are treated as the environment. As Figure 6.1a shows,
the state from the environment is represented by the user’s historical interactions, and an RL
agent is additionally trained to interact with users by taking actions (i.e., recommending items)
to maximize the cumulative rewards.

In previous methods, the user state is taken (re-used) from the hidden state ht of the sequen-
tial model G(·), and the observed rewards are usually predefined w.r.t. specific behaviours, e.g.,
purchase=1, click=0.2. However, the uniform reward setting for all positive or negative actions
fails to accurately capture the nuances of user preferences, resulting in an agent that cannot dis-
cern the latent differences between items for a user. Moreover, user states generated via G(·),
based on implicit data comprised of item IDs, cannot reflect user behaviours on specific content.
In offline training, the agent is usually trained on fixed historical user-item interactions without
probing the environments due to the significant costs associated with error-prone explorations,
which introduces the challenge of insufficient positive and negative signals. The proposed so-
lution involves developing a state model to represent nuanced user states based on historical
data, along with formulating an accurate reward model that assigns rewards contingent upon
specific user states and actions. Additionally, we attempt to distill user’s potential interests from
the environment to augment the positive feedback for offline training, thereby reinforcing the
exploration capabilities of RL-based RS.

6.3.2 Large Language Model as Environment

LLMs are considered as emergent world representations [143, 144] with transfer learning ca-
pabilities. They can adapt to specific downstream tasks with minimal data through fine-tuning
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(a) Traditional SSRL4R (b) SSRL4R with state & reward models

Figure 6.1: Self-supervised Reinforcement Learning for Recommendation (SSRL4R). (a) shows
the previous offline structure, where the state for the RL agent is the hidden state from the
sequential model, and the reward value is a predefined scalar. (b) shows our proposed structure,
where the state is generated from a separate state model, and the reward is from a reward model.

or prompt-based methods, e.g., optimization based on prompts and adapters that adjust a small
number of parameters [80, 145] to generate question answers [146]. In this work, we leverage
LLM as an offline user environment to return user feedback for RL-based RS attributes for three
reasons. First, LLMs are ideal for creating environments that can simulate user queries/behaviours
and feedback due to their ability to generate natural language [138, 147]. Second, environments
created with LLMs significantly decrease the cost incurred by RL experiments in online settings,
as error explorations could impair the user experience. Third, LLMs can generate feedback and
shape rewards on various objectives, aiding RL-agents in learning complex signals that reflect
user satisfaction. Therefore, we construct the LE based on the Transformer decoder-based LLM
and use the latest Mistral 7B model for its simplicity and efficiency.

In summary, our objective is to efficiently tune LLMs with a small subset of offline user data,
transforming them into a user environment (LE) capable of providing user feedback, including
states, rewards, and predicted positive actions.
•Item tokenization. We first propose an initial step of tokenizing items based on their tex-
tual content, a preparation step for efficiently fine-tuning the LLM with user-item interaction
data. Item tokenization addresses two issues. First, when representing items by textual content,
e.g., descriptions of a product in Amazon, excessively long user-item interactions can lead to
truncation and inefficiency [148], and the dilution of user signals for training an LE. Second,
recent studies [90] represent semantic items via outputs of an encoder fed with textual content
to support another recommendation model. However, such item embeddings are not suitable as
the input of the LLM since they deviate from the LLM’s token embedding distribution. There-
fore, we aim to tokenize each item into the LLM’s token embedding space W without losing its
semantics and improve efficiency in learning an LE.
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We achieve this goal by condensing the textual information of an item into a new item em-
bedding space Ie belonging to W . We refer to iei ∈ Ie as an item token, since it is not associated
with an actual word, but is rather another representation of the items in W . Given an item ii ∈ I

with textual content, we build a sentence T and adopt an optimization-based approach that per-
forms tokenization by updating the randomly initialized item token iei for each item:

An example of T : S∗ track is titled Live Forever from album Definitely Maybe, its artist is Oasis.

where S∗ signifies a placeholder of iei . T is fed to the decoder-only LLM. Figure 6.2a shows
the process. The objective is to generate the next tokens of the sentence autoregressively, con-
ditioned on the only-optimized item token. The final obtained item token encapsulates signals
of descriptive content and serves as a semantic representation in LLM. We finally obtain the
environment item token set Ie and the corresponding item ID embedding set I in the system,
where their indices are aligned. The user-item interactions x1:t in the environment is denoted as
xe

1:t ,where xe
i ∈ Ie(0 < i≤ t).

•Reward Model (RM). To learn a reward model from a small amount of historical data, we
fine-tune the LLM to take input as a reward prompt concatenated by a user prompt pt and an
action prompt pat to output a scalar reward:

Reward Prompt is the concatenated text of pt and pat : "pt pat ", where

pt ←The user has listened to these tracks in chronological order: xe
1:t

pat ←Compute the likelihood that itemX be the next track to be listened to based on the listening

history.

where itemX ∈ {a+t ,a−t }. a+t is the truly interacted item xe
t+1 at next step and a−t is the negatively

sampled one. As Figure 6.2b shows, the reward prompt pt , pat guides the LLM to generate the
reward score based on the similarity between user-item token interaction and the specific action.
A linear network φ is added as score head to generate rewards by the last hidden state. We use
the Low-Rank Adaptation architecture (LoRA) [141] adapter φ for each Transformer block for
computational efficiency1. The loss function for updating the RM is defined as:

L e
rm =−log[σ(re

θ+φ (pt , pa+t
)− re

θ+φ (pt , pa−t
))], (6.1)

where re ∈ [r+t ,r
−
t ] is the scalar reward conditioned on the reward prompt for action a+t and a−t

at timestamp t, while θ and φ represent the trained parameters of the score head and the adapter.
•State Model (SM). We learn an SM to refine state representations from historical interactions.
As shown in Figure 6.2b, the user-item token interactions xe

1:t is fed to the LLM to generate
the user state representation s′et at timestamp t, which is represented by the last hidden state of
the outputs. Given that the state is modeled from a sequence of actions, where the difference
between two consecutive states is the addition of the next interacted item in the input of the
LE, there is a possibility that consecutive states could be quite similar. To ensure the model can

1We utilize the established prompt engineering [82, 147] and adapter techniques [86, 141].
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differentiate states even when their interaction patterns are similar, we employ a contrastive loss:

L e
sm =− 1

B

B

∑
j=1

log(σ( s′et ·a+t − s′et ·a j)), (6.2)

where B is the batch size. For each sample, s′et is the state at timestamp t generated by xe
1:t , a+t

is the next interacted item and a j is the j-th action of the batch. Parameter φ is updated.
•Discussion. The SM loss computes the disparity between the user state and token embeddings
of true and sampled actions. While the RM loss takes both user interaction and sampled actions
as input, the score differences are generated by the reward values. We train RM and SM si-
multaneously using a shared adapter on a small amount of offline historical user data, e.g., 10%
interactions (Figure 6.2b). After fine-tuning RM and SM, we obtain the LE that can generate
user feedback for our RL-based recommendation tasks.

(a) Item Tokenization
(b) Prompt-based fine-tuning of LE

Figure 6.2: Our approach of adapting decoder-only LLM as Environment (LE). (a) we produce
token iei ∈ Ie for item ii ∈ I by optimizing the objective of generating the next tokens of its textual
content autoregressively. (b) we learn the LE by parameter-efficient adapters φ on a small subset
of user data. User-item token interactions xe

1:t , where xe
i ∈ Ie, is the input to generate the state

representation se
t . We enhance the state representation by comparing the similarity between the

state and actions through loss Lsm. Reward prompt pt , pat contains xe
1:t and action at ∈ [a+t ,a−t ],

where a+t is the positive action (next interacted item), and a−t is the negative action (sampled
uninteracted item). The action-specific reward for a user is produced by a score head θ , and the
LLM is trained by comparing user preferences for actions via loss Lrm.

6.3.3 LE for RL-based Recommenders

We reframe the RL-based sequential recommendation as a novel LE-based Markov Decision
Process (LEMDP), discussed in section 6.3.1. The process by which the agent interacts with
the LE to obtain user feedback is shown in Figure 6.3, which can be represented by a tuple of
(S e,A ,P,re,γ):
• State space S e generated by the State Model (SM) E e in LE. The set of states with the time
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series, modeled by the user’s historical interacted item tokens xe
1:t via the SM and the hidden state

ht from the sequential model:

s′et = E e(xe
1:t), (6.3)

se
t = s′et ∥ ht ,where ht = G(x1:t). (6.4)

•Action space A . The discrete action set is comprised of the candidate items. Taking action in
LEMDP means recommending items. In the offline data, the action at ∈ A at timestamp t is the
interacted item in the next step, i.e., at = xe

t+1.
•Reward Model (RM) re in LE. The reward function that returns immediate reward rt as the
state se

t and the action at taken by the agent at step t are observed:

rt = r(se
t ,at) = re(pt , pat ), (6.5)

where pt , pat is the reward prompt.
•State Transition Function P . The transition function describes the next state from the envi-
ronment given the observed action and the current state. When learning from offline data, only
the positive actions affect the state.
• Discount factor γ . This defines the discount factor to the future rewards, where γ ∈ [0,1].

RL aims to learn a target policy πψ(at |se) that maps the state se ∈ S e to an action distri-
bution a ∈ A by maximizing the expected cumulative rewards (returns), where ψ denotes the
parameters:

max
πψ

Eτ∼πψ
[R(τ)], where R(τ) =

|τ|

∑
t=0

γ
tr ( se

t ,at) , (6.6)

where τ denotes the trajectory of (se
t ,at ,se

t+1). We apply the LE to the value-based Q-learning
algorithm [58] to train the target policy.

Following the objective in section 6.4.1, we improve the SNQN and SA2C [58] frameworks
to combine supervised learning of the sequential model G and RL via the agent-LE interactions.
More specifically, given the input item sequence x1:t and G(·) for self-supervised learning, the
hidden representation is formulated as ht = G(x1:t). Then, ht is used into a fully connected layer
and a softmax function to output ranking scores over the candidate items:

Ŷi = so f tmax(δ (Wuht +bu)), (6.7)

where Ŷi = [ŷ1, ŷ2, ..., ŷn] ∈Rn. n is the number of items, δ is the activation function, Wu ∈Rd×n

are trainable parameters, and bu ∈ Rn is the bias vector. The self-supervised part is trained via
the cross-entropy loss:

Lh =−
n

∑
i=1

yi log(ŷi) , (6.8)



CHAPTER 6. RL-RSS WITH LLMS FOR ENVIRONMENT AND ACTION MODELING 88

yi = 1 if the user interacted with the i-th item in the next timestamp. Otherwise, yi = 0.

Figure 6.3: Structure of LEA. Left: the LE is applied to offline data. (x(e)1 ,x(e)2 , ...,x(e)t ) denotes
the user-item interaction x1:t for the sequential model, where xi ∈ I, and xe

1:t denotes the user-
item token interaction for the LE, where xe

i ∈ Ie. ae
t is the positive action predicted by LE. Right:

RL policy is trained via the original Q-loss and the augmented one Laq; the base sequential
model is jointly trained through RL loss and the supervised loss over the original next item and
the augmented one Lah over ae

t .

Regarding the Q-learning network, we obtain the state se
t by the SM in LE and compute the

Q-value as follows:

Q(se
t ,at) = δ (Wqse

t +bq), (6.9)

where δ is the activation function, Wq ∈ Rd×n are trainable parameters, and bq ∈ Rn is the bias
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vector. The one-step time difference (TD) Q-learning loss to improve SNQN is defined as:

Lq = (re(pt , pa+t
)+ γ max

a′
Q( se

t+1,a
′)−Q( se

t ,a
+
t ))

2︸ ︷︷ ︸
Lp: positive TD error

+(re(pt , pa−t
)+ γ max

a′
Q( se

t ,a
′)−Q( se

t ,a
−
t ))

2︸ ︷︷ ︸
Ln: negative TD error

, (6.10)

where a+t and a−t are the positive action and sampled unobserved (negative) action at timestamp t,
respectively. In our method, we only sample one negative action. We follow the assumption that
taking negative actions will not affect the state. Therefore, the maximum operation is performed
in Q( se

t ,a′) other than Q( se
t+1,a

′) in the negative TD error Ln. In SA2C, the advantage Q-
value [60] is calculated to formulate the supervised loss:

A( se
t ,a

+
t ) = (Q( se

t ,a
+)−Q( se

t ,a
−
t ))/2. (6.11)

Then the supervised loss Lh is formulated as Lh←Lh ·A( se
t ,a

+
t ) for SA2C. The corresponding

loss function used in the LE to directly improve the above RL frameworks is formulated as
follows:

Lc = Lh +Lq. (6.12)

6.3.4 Augmentation via LE

Since the recommender is trained on historical data without online exploration, both the super-
vised model and the RL agent can only be trained on user-item interactions that exist in the
offline training data. As a result, the models may fail to estimate the value functions for unseen
user feedback. We propose an LE augmentation (LEA) method to augment the historical user
data for offline training. We prompt the LE to predict items ae

t the user is likely to interact with
in the next timestep, these predicted positive actions are used for both supervised learning and
Q-learning. We build an augmentation prompt template constructed by the user prompt pt and a
selection prompt plt to generate feedback:

Augmentation Prompt is the text concatenation of pt and plt : "pt plt ".

plt ←In the list of the following 5 tracks:[listt], based on the history, select the number of the track

that he is most likely to continue to listen to.

where listt is the token sequence of the sampled items. After an early training stage, we sample
the top-5 items from the supervised head to construct listt . We feed the augmentation prompt
into the LE and obtain the predefined item position classification (e.g., “first” for the first
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Algorithm 4 Training procedure of LEA
Input: user-item interaction sequence set X , recommendation model G, reinforcement head

Q, supervised head, environment LE comprised of state model E e and reward model re,
item set I, item token set Ie

Output: all parameters in the learning space Θ

1: Initialize all trainable parameters
2: Create G′ and Q′ as copies of G and Q, respectively
3: repeat
4: Draw a mini-batch of (x1:t ,at) from X , the corresponding user-item token interaction

xe
1:t , sample a negative action a−t , augmented action ae

t
5: se

t = G(x1:t)||E e(xe
1:t), se

t+1 = G(x1:t+1)||E e(xe
1:t+1)

6: se′
t = G′(x1:t)||E e(xe

1:t) , se′
t+1 = G′(x1:t+1)||E e(xe

1:t+1)
7: Generate random variable z ∈ (0,1) uniformly
8: if z≤ 0.5 then
9: a∗ = argmaxa Q(se

t+1,a)
10: Calculate Lq and Laq by Q(se

t ,a
(e)
t ), Q′(se′

t+1,a
∗)

11: Calculate Lh and Lah by G
12: else
13: a∗ = argmaxa Q′(se′

t+1,a)

14: Calculate Lq and Laq by Q′(se′
t ,a

(e)
t ), Q(se

t+1,a∗)
15: Calculate Lh and Lah by G′

16: end if
17: Perform updates by ∇ΘL
18: until converge
19: Return all parameters in Θ
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item in the list). Then we select the item with the highest label score as the predicted posi-
tive action. The predicted item will be used to augment both the supervised learning for the
sequential model and the Q-learning for RL agent:

Lah =−
n

∑
j=1

ye
j log

(
ŷ j
)
, (6.13)

Laq = (re(pt ,ae
t )+ γ max

a′
Q( se

t+1,a
′)−Q( se

t ,a
e
t ))

2, (6.14)

ye
j = 1 if the LE predicts that the user will interact with the j-th item at the next timestamp.

Otherwise, ye
j = 0. The max operation of Laq is performed in Q(se

t+1,a
′), since the positive

actions will transit the current state to the next state.
•Training. We jointly train the supervised and Q-learning loss on the original offline user data,
with the augmented supervised and Q-learning loss on the predicted positive feedback:

L = Lc +wahLah +waqLaq, (6.15)

where wah and waq are the weights of augmented supervised learning loss and Q-learning loss,
respectively.

Table 6.1: Dataset statistics. seq. denotes sequence, inter. denotes interaction.

Dataset #item #seq. #inter. Item content

LFM 18,927 11,073 146,255 title; album; artist
Industry 5,814 10,935 71,872 title; category; brand; description

•Inference. Our goal is to distill knowledge from LLMs into the RL-based RS. Previous meth-
ods train LLMs to act as recommenders, which are difficult to deploy in real world settings due
to low inference speed. During the inference stage, we only use the sequential model with the
supervised head to generate the top-k recommendations without compromising efficiency.

6.3.5 Discussion

We compare LEA with two SOTA RL frameworks: SNQN and SA2C [58]. The difference be-
tween LEA and the direct application of LE in existing RL frameworks is that it implements
an augmentation method through the LE. We illustrate the training procedure of LEA utilizing
LE as both state and reward models in Algorithm 4, where double Q-learning [125] is adopted
to alternatively train two copies of trainable Q-networks. The function of LE as a state model
or a reward model will be discussed in the experimental section by directly replacing the corre-
sponding part of existing RL methods.
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6.4 Experimental Setup

6.4.1 Research Questions

We detail the experimental setup for validation of our augmentation method via the LLM-based
environment (LEA). We aim to answer the following research questions:
RQ1: How does LEA, integrated with feedback from LE, perform compared with the existing
RL-based recommendation frameworks?
RQ2: Does action augmentation affect the performance of LEA?
RQ3: How does the user feedback from LE, i.e., rewards and state, affect the RL-based recom-
menders?
RQ4: Do various fine-tuning strategies for LE affect its performance, i.e., item tokenization,
data scale, state model loss, the use of LLMs?

6.4.2 Datasets

We perform experiments on two real-world datasets (Table 6.1): LFM [93] and Industry [3].
The LFM dataset was collected from the music streaming platform Last.fm2 and contains more
than one billion listening events by 120k users. We sample a subset of 3-day listening events on
tracks as experimental data. The textual description for each track (item) includes its title, album
and the artist. We filter out sequences with fewer than three interactions and tracks listened to
less than three times, obtaining a dataset comprising 18,927 items and 11,073 user sequences,
with a total of 146,255 interactions. The second Industry dataset is from the publicly available
Amazon review dataset3 of the Industrial and Scientific category. The textual description for
each product (item) includes the title, category, and product description. Similarly, we filter
out sequences with fewer than three interactions and products reviewed less than three times,
yielding a dataset containing 5,814 items and 10,93 sequences, with 71,872 interactions.

6.4.3 Baselines

We compare LEA with two state-of-the-art RL frameworks: SNQN and SA2C [57, 58] which
are introduced in section 6.3.3, under two backbone sequential models: GRU4Rec [26], the
first sequential recommendation RS based on RNN, and SASRec [33], a renowned sequential
recommendation model based on self-attention. Normal denotes the original sequential models
with normal supervised loss. By applying LEA method, we obtain the following strategies: (1)
LEAR denotes training RL framework with the rewards from LE. (2) LEAS denotes that the
state for the RL component is derived from LE. (3) LEASR denotes that both state and rewards
are from the LE. In SA2C, the advantage calculation allows the training of the RL policy to affect

2http://www.last.fm/api
3https://nijianmo.github.io/amazon
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the updates of the sequential model when only s′et is used, therefore, we introduce an additional
method (4) LEAS′R for SA2C that the state for RL agent is solely from LE, i.e., se

t = s′et in
Eq. 6.3. In ablation studies, we replace each feedback in the compared RL framework with the
corresponding one from LE to examine the LE environment: (1) LER and (2) LES denote the
rewards and states in the baseline RL methods are generated by LE, respectively. Moreover, (3)
LEA denotes only the augmented training strategy applied to the baseline models.

6.4.4 Metrics

We apply two commonly used metrics: Hit Ratio (HR@k) [58] and Normalized Discounted
Cumulative Gain (NDCG@k) [96] to measure the relevance of recommended items for the eval-
uated sessions, where k ∈ {5,10,20}. HR@k evaluates whether the ground-truth item is in the
top-k positions of the recommendation list. NDCG@k, k ∈ {5,10,20} measures the rank of
the ground-truth item in the top-k recommendation list. We report the average results over all
interactions of the test sequences.

6.4.5 Implementation Details

For training the LE, we perform 300 iterations with a learning rate of 5e−3 for optimization-
based item tokenization. The sequence length for the fine-tuning of LE for state generation is
set to 10. The epochs for all datasets is 10 with a batch size of 20. We employ the Adam
optimizer for fine-tuning. The batch size and epochs is 10 for all datasets. For efficient training,
we only use a 10% subset of the original dataset to obtain the LE. For all compared models and

our LEA methods, the length of sequences is set to 10, and a padding token is added to shorter
sequences for all datasets. We train all models and variants with the Adam optimizer [52, 57].
The mini-batch size is 100 for LFM and Industry. The learning rates are 1e−3 for LFM, and
2e−3 for Industry. We evaluate the validation set every 1,000 and 500 steps of updates on LFM
and Industry, respectively. All experiments are performed on one H100 GPU. To ensure a fair
comparison, the item embedding size and hidden size are set to 64 for all models. Since there is
only one kind of behaviour, we set the reward to 1 for all interactions in the original SNQN and
SA2C [58].

6.5 Experimental Results

6.5.1 Performance Comparison (RQ1)

The performance comparison of the two public datasets is shown in Table 6.2. We observe the
following: (1) In contrast to standard sequential models, our RL-based methods consistently
outperform across all datasets. This demonstrates that the integration of augmented RL and
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supervised learning, with feedback from LE, contributes to enhancing recommendation per-
formance. (2) LEA further improves the performance over the RL frameworks of SNQN and
SA2C. This suggests that the augmentation method improves the learning performance on the
supervised component, as well as the RL head. (3) On the LFM dataset, LEASR achieves the
highest results on both HR and NDCG metrics, across two frameworks, outperforming other
strategies. This indicates that the state and reward obtained from LE, when combined, can sig-
nificantly improve the performance of RL-based recommenders. On the Industry dataset, the
overall relative improvement of the RL method by the LEA approach is not as pronounced as
on the LFM dataset. This could be attributed to the LLM potentially incorporating more knowl-
edge about music, an artefact due to its exposure to such content during pre-training, compared
to product review data from the Amazon dataset. In conclusion, the proposed LEA methods are
effective in improving the recommendation performance of RL frameworks.

6.5.2 Effect of Action Augmentation (RQ2)

We assess the impact of the LE generated augmented positive actions. We first examine the
influence of the feedback on supervised learning (sv) and Q-learning (q) separately. Here, sv+q
denotes that both components are augmented. Results are reported on two datasets utilizing
the SASRec as the backbone. As Table 6.3 shows, the first pair is the original sequential mod-
els (Normal) and its sv augmented version. We can see that when the augmented samples are
taken as additional supervised labels, the recommendation performance increases in all cases
and datasets. This confirms the LE’s capability to generate high-quality positive samples for
offline training. The second comparison is considering the SA2C framework and augmentation
on sv, q, and sv+q. We observe that the sv augmentation produces the same trends as in the
first pair we compare. Furthermore, the improved performance of q over SA2C indicates the
effectiveness of augmenting the Q-loss with the positive feedback. Notably, when combining
sv and q augmentations, sv+q on the Industry dataset achieves better performance than the indi-
vidual methods, demonstrating the potential of joint augmentation. On the LFM dataset, sv+q
surpasses the baseline and other augmentation methods in most cases, which suggests that the
predicted positive samples may require specific reward configurations, distinct from the truth
action, to fully realize the benefit.

Furthermore, we investigate the impact of wah and waq - the weights of augmentation Lah

and Laq - in LEASR under the SA2C framework. The results on the LFM dataset are shown
in Figures 6.4a and 6.4b, respectively. We can see that the performance initially improves with
the increase of wah. The best performance is achieved when wah is 0.1. As wah constantly in-
creases, the performance drops gradually. This suggests that over-weighting augmented actions
incrementally diminishes the effect of the true labels, leading to a proportional decrease in per-
formance. We achieve the best performance for waq = 0.01. As waq increases, we observe an un-
stable ascending trend in performance. When beyond a certain threshold, the incremental gains
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(a) (b)

Figure 6.4: LEASR with different weights of (a) supervised learning and (b) Q-learning aug-
mentation loss on the LFM dataset.

drop. The optimal value of waq is 0.01. This shows that while the augmentation of Q-learning
through predicted action is relatively stable, beyond a certain point further augmentation does
not produce proportional performance benefits.

6.5.3 Effect of LE (RQ3)

Table 6.4: Effect of LE as reward function. NG is short for NDCG. Boldface denotes the highest
score.

SAS HR@5 NG@5 HR@10 NG@10 HR@20 NG@20

L
FM

SA2C 0.2902 0.2501 0.3372 0.2851 0.3516 0.2885
LER 0.3252 0.2714 0.3401 0.2928 0.3539 0.2961

LEA 0.3296 0.2802 0.3405 0.2877 0.3548 0.2912
LEAR 0.3298 0.2833 0.3429 0.2942 0.3571 0.2977

In
du

st
ry SA2C 0.0935 0.0775 0.1145 0.0842 0.1427 0.0913

LER 0.0994 0.0841 0.1219 0.0928 0.1432 0.0982

LEA 0.1032 0.0859 0.1252 0.0929 0.1558 0.1006
LEAR 0.1037 0.0861 0.1231 0.0922 0.1525 0.0996

Effect of LE as reward model

We conduct experiments via the RL-based RS by SA2C framework using the SASRec backbone
to see the effect of LE as a reward model (RM). The results on two datasets are reported in Ta-
ble 6.4. LER method replaces the predefined reward of SA2C as the reward return from RM. We
observe that LER outperforms SA2C across all cases, which substantiates the effectiveness of
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Table 6.5: Effect of LE as state model. NG is short for NDCG. Boldface denotes the highest
score.

Model
LFM

HR@5 NG@5 HR@10 NG@10 HR@20 NG@20

SAS
SA2C 0.2902 0.2501 0.3372 0.2851 0.3516 0.2885
LES′ 0.3202 0.2804 0.3504 0.2956 0.3711 0.3008
LES 0.3311 0.2913 0.3539 0.2988 0.3734 0.3037

GRU
SA2C 0.2896 0.2743 0.3173 0.2797 0.3337 0.2838
LES′ 0.2973 0.2597 0.3141 0.2641 0.3345 0.2785
LES 0.3128 0.2818 0.3321 0.2891 0.3518 0.2935

the RM. We further note that the smaller the k the greater the improvement in the top-k recom-
mendation list, suggesting that a well-designed reward model can effectively prioritize correct
actions to higher ranks. LEA incorporates the augmentation technique into the SA2C, whereas
LEAR applies both the augmentation and the reward model. It is evident that LEAR gener-
ally outperforms LEA. This superior performance can be attributed to the common advantages
gained from the augmentation feedback provided by the LE, which potentially obscures the en-
hancements derived from the RL components. However, the superiority of LEAR still holds the
second phenomenon as described above.

Effect of LE as state model

We conduct experiments within the SA2C framework on the LFM dataset between three meth-
ods: (1) the baseline SA2C, relying on the hidden state from the sequential model, i.e., ht in
Eq. 6.4, (2) LES′ that uses the state from SM, i.e., s′et in Eq. 6.3, and (3) LES that leverages
both the state from LE and hidden state from the sequential model i.e., se

t in Eq. 6.4. Table 6.5
indicates that LES has the highest performance across all backbones and metrics, while LES′

outperforms SA2C in most cases. This demonstrates that leveraging effectively all state repre-
sentations can introduce performance gains in RL-based RS.

6.5.4 Effect of learning strategies for LE (RQ4)

Effect of data scale.

Despite optimizing the LE on a subset of the training data, we study the effect of data scaling
to provide insights into how to more efficiently obtain LE in the future. We train the LE on a
portion of the LFM dataset with varying portions: 5%, 10%, 20%, 50%, and 100%. The results
on the LEASR method are shown in Figure 6.5a.

These indicate that as the data portion increases to 10%, we observe a notable enhancement
in performance, demonstrating that a bigger dataset enables the LE to capture complex user-item
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(a) (b)

Figure 6.5: Effect of scaling the training data for LE. The result of LEASR on the LFM dataset.

interactions and return effective user feedback. The scale we set is 10%. As the scale continu-
ously increases, the effect of LE grows slowly and fluctuates within a range. This demonstrates
that our method is capable of efficiently optimizing LLMs with a small data portion, producing
a state, reward model, and augmented feedback that are scalable to the entire user data.

Effect of item tokenization

We compare the performance of LE utilizing item tokenization against representing items by
their textual content (-IT), where user-item interactions are generated from sequences of item
titles. We utilize LEASR to examine the impact on LE. Figure 6.5b shows the results, which
suggest that applying item tokenization surpasses the contentenation method. This underscores
that the items tokens, represent the semantic information in a concise way, and hence contribute
to an effective learning of interaction sequences.

Effect of state loss

To observe the impact of the loss L e
sm on state generation, we train LE without (-SM) contrastive

learning and show the impact by the LES method. Figure 6.5b shows a decrease in performance
when L e

sm is omitted. This implies that the SM loss plays a critical role in refining the state
representation, which is integral to the robustness and accuracy of the LE.

Effect of LLMs

We show the effect of different LLMs on LE by comparing Mistral with Llama2-7B, a model
with a 7B parameter count similar to Mistral but launched earlier. Figure 6.5b shows that the
performance of Mistral is slightly higher than Llama2-7B. We argue that as LLMs evolve, there
is the potential for continuous improvement in building LE.
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6.6 Conclusion

The use of LLM’s as reward, state, and action models is shown to be a promising direction in the
context of RL-driven recommender systems. In contrast to current adaptations of LLMs used as
recommenders, the design of LLM as Environment (LE) enhances RL-based sequential models
without requiring significant increases in inference computations; hence, our model is very easy
to deploy in real-world recommendation settings. Future directions of research can include the
shaping of different rewards and the inclusion of additional user behaviour data in the LLM to
create better state representations. We also intend to investigate alternative fine-tuning methods
for both reward state and action generation. Moreover, the use of more powerful LLM’s can
lead to even better results.

6.6.1 Summary and Link to Next Chapters

This chapter initiates the deployability layer by improving offline RL training signals through
an LLM-based environment that provides richer state and reward modeling and supports offline
augmentation (LEA). The experiments show consistent gains across RL frameworks and back-
bones, indicating that better feedback modeling can reduce offline learning brittleness. Chap-
ter 7 builds on this by addressing online deployment explicitly: warming-starting policies and
adapting safely under exploration–exploitation trade-offs without relying on LLMs at inference
time.



Chapter 7

LLM driven Policy Exploration for
Recommender Systems

Note. This chapter is based on our WSDM 2025 paper on iALP/A-iALP, and is revised in this
thesis to to explicitly separate offline preference distillation from online adaptation, standard-
ize notation for warm-start and adaptation variants, and strengthen the connection to the thesis
deployability narrative.

7.1 Introduction

Modelling user states through interacted items to generate future recommendations has become
a common paradigm for RS, particularly in session-based or sequential models [26, 31–33].
Traditionally, these methods implement offline training on historical user log data, using self-
supervised techniques. To address long-term user benefits, recent research reformulated this
process as a Markov Decision Process (MDP) [57–59], introducing RL to solve the associated
decision-making challenges.

However, efforts to develop offline RL policies using historical user data [57–59] are vulner-
able to distribution drift when deployed online [95, 149]. This can lead to erroneous actions in
out-of-distribution states due to the absence of real-time user feedback from interactions with the
environment. Furthermore, offline RL-based systems often suffer from insufficient exploration
of the data space, resulting in sub-optimal model performance. These limitations are particularly
pronounced in cold-start scenarios and during initial stages when training data is sparse, causing
policies to perform poorly and fail to provide satisfactory recommendations. To address these
challenges and improve long-term gains, effective methods that can thoroughly explore the data
space while adapting to real-time user interactions are needed.

To this end, researchers have explored online RL methods for recommendation that learn
from real-time user feedback, as illustrated in Figure 7.1. For example, DQN [150], A2C [151],
and DDPG [152] have been used to optimize cumulative rewards, aiming to enhance long-

101
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term user engagement. However, these methods typically require extensive training iterations
before achieving optimal performance. Moreover, they overlook a crucial issue that can lead
to user churn: if users receive unsatisfactory recommendations during their initial interactions
with a system, they are likely to abandon it rather than stay and provide feedback for future
improvements. This challenge is one of the main reasons [57] why online RL has not gained
widespread adoption in RS.

LLMs with knowledge transfer capabilities have recently gained significant attention in
RS [138–140]. In offline settings, LLMs have demonstrated potential as zero-shot [86] or pre-
trained [2] RS, achieved through fine-tuning on user data. Moreover, LLMs have been shown to
capture user objectives, learnt from expert demonstrations or preferences, through their intuitive
use of language [153]. This suggests the potential to leverage LLMs to interpret user preferences
and generate appropriate actions across various states. Such feedback can be utilised to pre-train
a policy offline, enabling desirable initial behaviours for online recommendations.

To further enhance the performance of an RL-based RS, we introduce an Interaction-Augmented
Learned Policy (iALP). We initially train the policy by exclusively interacting with an LLM. We
first derive user preferences from an offline LLM, which are subsequently employed for online
user interactions. To derive preferences for various items, we prompt the LLM with task-specific
instructions to select potential actions. The LLM assigns rewards (1 or 0) for candidate items
based on the prompted preferences. This process generates an interactive offline dataset, entirely
generated by the LLM, which is used to continuously update the RL policy using an actor-critic
framework [151].

For transitioning the policy to online, we propose an adaptive Interaction-Augmented Learned
Policy (A-iALP) variant. Specifically, we introduce the direct fine-tuning strategy A-iALP f t to
initialise and update the online agent with real feedback from the user environment. A-iALP f t

can be deployed as an online agent to effectively address policy drift issues and limited explo-
ration, two challenges with off-line RL. In addition, we propose a second adaptive approach,
A-iALPap, which combines a frozen pretrained agent with an online policy to allow further
learning. Specifically, the useful behaviours of iALP are retained to generate desirable sequences
in the initial training stage, and in the later stage, the actions from the online policy are mainly
used to interact with the environment. Furthermore, we validate the performance of A-iALP un-
der different exploration strategies against established baselines. Experimental results on three
simulated environments demonstrate the superior performance A-iALP in generating desirable
initial and stable episodes. Our contributions can be summarised as follows:

• We propose to distill user preferences on items using LLMs and use these preferences to
train an Interaction-Augmented Learned Policy (iALP).

• We introduce two adaptive methods for iALP-to-Online (A-iALP) RL-based recommen-
dation, leading to faster and stable online policy convergence, to enhance long-term re-
wards (return) and alleviate gain loss for users at early steps.
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• We conduct experiments on three recommendation datasets. Experimental results show
significant improvements in all metrics.

Figure 7.1: Process of online RL for recommendation.

Table 7.1: Prompt template to generate user preference from LLM.

Below is an instruction that describes a task, paired with an
input that provides further context. Write a response that
appropriately completes the request.

Instruction: You are a user in a {scenario} platform now. The {item}
is in the form of {attribute1; attribute2; ... }. Given a
user’s {behavior} history of {item}, and candidate {item}
labelled by lowercase letter to be decided to recommend to
the user, identify which {item} the user will mostly prefer
to at next timestamp. Please judge by the user’s preference
on {attribute1; attribute2; ... }; if you think that none of
the candidates will be selected by the user, please answer
"None"

Input: History: {interacted items}. Which one the user will
mostly like at next timestamp in the following candidates?
a. {item1} b. {item2} ... j. {item10} k. None

Response: By analysing the user’s preference, the user will select
{label from a-k}

7.2 Related Work

Reinforcement Learning has been widely explored for optimizing long-term user engagement in
recommender systems. However, a primary challenge divides current approaches. Offline RL
methods train policies on historical data but suffer from distribution shift when deployed online,
leading to sub-optimal performance [57, 95]. Conversely, online RL methods learn from real-
time feedback but face a critical cold-start problem, where an initially untrained policy provides
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poor recommendations, risking user churn before the model can converge [57, 154]. This paper
directly addresses the challenge of bridging this gap: we aim to achieve the adaptability of online
learning without suffering its detrimental initial performance.

Recent advancements have introduced LLMs into the recommendation landscape, leveraging
their ability to comprehend user preferences [85]. Some studies have integrated LLMs directly
into the online RL loop as agents or planners [92], but this often incurs significant computa-
tional latency. In contrast, our work proposes a more practical, two-stage approach. We utilize
an LLM exclusively in an offline phase to distill user preferences and generate a rich interactive
dataset. This dataset is then used to pre-train a lightweight RL policy (iALP), which serves
as a high-quality "warm start" for subsequent online adaptation (A-iALP). This strategy effec-
tively mitigates the cold-start problem of traditional online RL while maintaining the efficiency
required for real-time recommendation.

7.3 Preliminary

Online recommender systems aim to retrieve items that can enhance the user experience and
provide long-term engagement. RL-based RS for long-term user engagement/satisfaction is
based on the principles of a Markov Decision Process (MDP) [57]. The agent (recommender)
interacts with the environment (users), taking actions (recommending items) based on the state
of the environment, which is represented by the interacted items of the user. The agent is then
updated by the feedback (reward) from the user. Continually, the environment generates a new
state for the agent as users respond to the actions. Figure 7.1 shows the process, represented by
the tuple (S ,A ,P,r,γ):

• State space S represents the user’s state. st ∈S is the state at timestamp t, which is usu-
ally generated by mapping the sequence of interacted items (user history) into a sequential
model/state encoder.

• Action space A . The discrete action set is comprised of the candidate items. Taking
action means recommending items. In the online setting, the action at ∈A at timestamp
t will be the interacted item in the next timestamp to construct the next state.

• Reward function r returns immediate reward rt given state st and the action at taken by
the agent at timestamp t, which reflects the user’s feedback on current recommendation,
e.g., likes, dislikes.

• State transition function P describes the next state st+1 from the environment given the
current state st and observed action at .

• Discount factor γ to the future rewards, where γ ∈ [0,1].
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The RL-based recommendation aims to learn a target policy πψ(a|s) that maps the state
s ∈S to an action distribution a ∈A by maximizing the expected cumulative rewards (return)
to realize long-term user engagement, where θ denotes the parameters:

max
πθ

Eτ∼πθ
[R(τ)], where R(τ) =

|τ|

∑
t=0

γ
tr ( st ,at) , (7.1)

where τ denotes the trajectory of (st ,at ,st+1).

Figure 7.2: Generate user preference, e.g., action and reward, for offline pre-training.

(a) A-iALP f t : Direct fine-tuning iALP θ

(b) A-iALPap: Adaptive policy combining θ and learnable policy β

Figure 7.3: Illustration of different adaptation schemes of iALP-to-online. Donline consists of
generated actions a from policy πθ and corresponding rewards from the reward model.
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7.4 Method

We first introduce the interaction-Augmented Learned Policy (iALP), which is based on item
preferences extracted from a Large Language Model. Following that, we outline strategies for
adapting iALP (A-iALP) to an online RL-based recommendation system.

7.4.1 Recommendation Policy trained on Preferences from LLM

Preference Distillation

The principle of obtaining user preferences from an LLM involves using it as judge to evaluate
which items the user is likely to prefer or dislike, based on their interaction with the LLM. We
design a preference prompt p(s,ak) to obtain this knowledge. Table 7.1 presents the prompt tem-
plate, which is guided by the description of the recommendation task for a specific scenario (e.g.
scenario = track / video). The template uses the textual attributes of items (e.g., attribute1=title,
attribute2=brand) to define the recommendation context. As illustrated in Figure 7.2, the prompt
contains the state s and a list of k (k=10 in the prompt example) actions ak, which are fed to an
LLM to provide a response, a choice a from ‘a’ to ‘k’. If the output is not None the correspond-
ing action is selected for the user, otherwise the action is randomly selected from ak. We can see
this procedure as an LLM-based sub-policy to select action:

a∼ LLM[p(s,ak)], (7.2)

Next, the reward rp for the action is designed as:

rp =

1.0 if the action is selected ,

0.0 if the response is None .
(7.3)

Policy Pre-training

We utilize these responses as reward signals and training data to pre-train the recommendation
policy offline. As the Figure 7.2 shows, once feedback from the LLM on actions is received, we
train the interaction-Augmented Learned Policy (iALP) using the actor-critic (A2C) architecture
[151]. This is combined with SASRec [33] as a state encoder G(·), a widely adopted approach
in RL-based RS. More specifically, given the interacted items x1:t , the state at timestamp t is:

st = G(x1:t) , (7.4)

where x1:t = {x1, . . . ,xt} denote the interacted sequence of items, i.e., previous episode. I denote
the set of items in the system, xi ∈ I(0 < i ≤ t) is the index of the interacted item ordered by
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timestamp. st is then used for the actor and critic networks:

at ∼ πθ (·|st), (7.5)

The implementation of πθ contains two steps. First, Actor network maps the state st into ac-
tion distribution, and a list of k actions ak

t is sampled (random or top-k actions), i.e., ak
t ∼

Sample(Actor[st ]). Second, the preference distillation procedure in section 7.4.1 is executed
to select action at and generate reward rp

t , i.e. at ∼ LLM[p(st ,ak
t )]. The LLM can be seen as

a helper policy to select the best action for the recommendation agent that finishes decision-
making. Accordingly, the actor loss is formulated as:

LA =− logπθ (at |st), (7.6)

Regarding the Q-learning network as critic network, we compute the Q-value as follows:

Q(st ,at) =Critic[st ], (7.7)

The one-step time difference (TD) Q-learning loss as critic loss is defined as:

LQ = (rp(st ,at)+ γ max
a′

Q( st+1,a′)−Q( st ,at))
2, (7.8)

where at is appended to x1:t to generate next state st+1 by G(x1:t+1). The advantage Q-value is
calculated as:

A( st ,at) = rp(st ,at)+ γ max
a′

Q( st+1,a′)−Q( st ,at), (7.9)

The actor loss LA is finally formulated as LA←LA ·A( st ,at). In summary, the corresponding
loss function for pre-training based on feedback from LLM is formulated as follows:

L = LA +LQ. (7.10)

7.4.2 Simulated Online Learning

We propose two strategies to adapt iALP (A-iALP) to online recommendation for better long-
term gains and alleviation of reward loss in the initial steps. Note that while in the previous
phase we used the LLM as the reward and action model, here we do not utilise any LLM model.

Online Environment Simulation

To provide immediate feedback and update online recommendation policies, we need to build
RL environments. Due to the inaccessibility and high cost of real recommendation platforms, we
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use a simulated environment, following the approach of Liu et al. [155] and Shi et al. [92]. This
simulated environment returns rewards based on state and action and can be easily constructed
using public datasets. We employ two different simulated environments tailored to specific
experimental settings, generating states based on user history and providing rewards for the
recommended items.

We perform experiments on three user environments from different recommendation scenar-
ios: LFM [93], Industry [3] and Coat[94]. The LFM is a music streaming platform Last.fm1

with textual content of title, album, and artist for each track (item). The Industry is the Industrial
and Scientific category of Amazon review2 with textual description of title, category and brand
for each product (item). We simulate an online environment for each scenario using a publicly
available sequential interaction dataset, which is summarized in Table 7.2.

Reward Model: For the Coat dataset, we follow the setting in [92], using Matrix Factor-
ization (DeepFM)[156] to establish a user model, which acts as the reward model to simulate
user feedback in training and testing environments. For the LFM and Industry datasets, we
construct the reward model based on a sequential recommender method [155], which generates
scores/rewards based on a user’s state that consists of sequential items and the action. The Coat
simulator focuses on user behaviors toward items, with the user as the initial state, while the
latter two emphasizes the relationship between the recommended item and the user’s interaction
history, using an item as the initial state.

iALP-to-Online Fine-tuning

Although online recommendation benefits from real user feedback for performance improve-
ment, it is less sample-efficient and experiences low returns at the beginning of training. In
contrast, the pre-training RL policy is sample-efficient since no online interactions are required.
Therefore, instead of treating online recommendation as an individual topic, we directly use
the policy πθ learned from LLM to generate the online policy and, in particular, we sample the
action from policy πθ :

at ∼ πθ (·|st) = Actor[st ], (7.11)

The use of the pre-trained policy πθ essentially means that we deploy the pre-trained actor-critic
network with the help of the simulator that provides the corresponding rewards r. The policy is
then is fine-tuned based on the simulated real-time user reward r (feedback), we call this method

1http://www.last.fm/api
2https://nijianmo.github.io/amazon
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A-iALP f t . The online actor loss and critic loss are as follows:

L on
Q = (r(st ,at)+ γ max

a′
Q( st+1,a′)−Q( st ,at))

2, (7.12)

L on
A =− logπθ (at |st). (7.13)

The key difference of A-iALP f t is that the same algorithm is further improved for online learning
using the simulated environment reward r to replace the designed signal rp in Eq. 7.8. The
process is also illustrated in Figure 7.3a, which directly uses online feedback to continue to
optimize πθ .

Algorithm 5 Training iALP Phase
Input: Item set I (action space A ), LLM

1: Initialize replay buffer DLLM by initial user sequence x1 ∈ I
2: Initialize parameters of the agent θ : actor network Actor, critic network Critic, and the state

encoder G
3: for each iteration do
4: Obtain initial user sequence x1 from DLLM
5: for step t = 1, · · · ,T do
6: Generate state st by G(x1:t)
7: Execute Actor[st ] to produce action distribution
8: Sample a list of k actions ak

t
9: Construct prompt p(st ,ak

t ) based on template
10: Act LLM(p(st ,ak

t )) to generate at(i.e., xt+1),rt
11: Store transition (x1:t ,at ,rt ,x1:t+1) in DLLM
12: Sample minibatch b from DLLM
13: With b, calculate LQ and LA
14: Update θ

15: end for
16: end for
17: Return Agent θ : G, Actor, and Critic

Adaptive Policy

Although direct fine-tuning is straightforward, it presents several challenges. For example, the
pre-trained policy might be compromised or even deteriorate during the initial phase of online
training, particularly due to distribution shifts between LLM-generated preferences and actual
online user behavior [157]. Another concern is that exploration [158] may be overlooked as the
iALP often prioritizes non-preferred actions, limiting the system’s ability to discover newer and
potentially better recommendations.

To solve the above issues, we propose an alternative scheme A-iALPap (illustrated in Fig-
ure 7.3b) that combines the existing algorithm with the online policy to allow further learning.
Given a policy πθ obtained from pre-training phase, instead of directly fine-tuning the param-
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eters, we freeze πθ and propose another learnable policy πβ . Both are added into a policy set
π̃ = [πθ ,πβ ], which is responsible for further performance improvement during online training.
The final policy π̃ can be represented as follows:

at ∼ π̃(·|st) = (1−α)πθ (·|st)+απβ (·|st), (7.14)

L on
A =− log π̃(at |st), (7.15)

where α is the weight of taking actions from the learnable policy πβ , 1−α indicates the prob-
ability of using the pre-trained policy πθ . As the training steps increase, α increases to 1. In
practice, the initial value of α depends on the specific recommendation scenario. It is intu-
itive to understand that the pre-trained policy πθ mainly determines actions in the early stages
of training, and as the new policy πβ learns more and more preferences, it will take over the
decision-making process at the end of the fine-tuning process.

7.4.3 Discussion

Algorithms 5 and 6 illustrate the iALP pre-training and iALP-to-Online procedures, respec-
tively. Note that the critic and state encoder networks of A-iALPap are updated the same way as
A-iALP f t . The total loss of online recommendations is L on = L on

A +L on
Q . We can retain the

useful behaviours of iALP to generate desirable sequences in the initial online training stage.
The adaptive scheme enables learning new abilities by interact with the user environment.

Algorithm 6 A-iALP: iALP-to-Online Phase

Input: iALP θ , learnable agent β , scheme, weight α

1: Initialize empty online replay buffer DOnline
2: Initialize parameters of the agent β with θ .
3: for each iteration do
4: Obtain initial state s0 from environment
5: for step t = 1, · · · ,T do
6: if scheme is A-iALP f t then
7: Act at ∼ πθ (·|st)
8: else if scheme is A-iALPap then
9: Act at ∼ (1−α)πθ (·|st)+απβ (·|st)

10: end if
11: Obtain rt , st+1 from environment
12: Store transition (st ,at ,rt ,st+1) in DOnline
13: Sample minibatch b from DOnline
14: With b, calculate L on

Q and L on
A

15: Update β

16: end for
17: end for
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7.5 Experimental Setup

7.5.1 Research Questions

In this section, we describe the experimental setup used to validate our proposed A-iALP ap-
proach. We aim to answer the following research questions:
RQ1: How does iALP compare to traditional purely online RL-based recommendation methods
in the initial stages of online recommendation?
RQ2: How effective is A-iALP at achieving long-term effectiveness in online recommenda-
tions?
RQ3: How does A-iALP compare to directly incorporating preference of LLMs in online train-
ing?
RQ4: How does A-iALP perform under various exploration-exploitation strategy?

Table 2 summarises the three data sets (section 4.2.1) used for the experiments. The datasets
are partitioned to simulate online training (80% dataset) and testing (20% dataset) environments.

Table 7.2: Dataset statistics.

Dataset #item #seq./user #inter. Item attribute

LFM 18,297 11,073 146,255 title; album; artist
Industry 5,814 10,935 71,872 title; category; brand
Coat 290 300 11,600 jacket colour; type

7.5.2 Baselines

We compare the proposed A-iALP with several online RL methods for online recommendation.

• DQN [150]: A Q-learning based off-policy method learning from data produced by a policy
different from the one currently being optimized.

• PG [159]: An on-policy gradient-based method that utilizes data generated by their current
policy.

• A2C [151]: An on-policy gradient-based method with the actor-critic framework, which is the
same as our proposed iALP in the pre-training stage.

• iALP: The pre-trained agent to take advantage of the preferences derived from LLM and
optimised based on A2C. This model serves as a baseline, providing recommendations without
further exploration or updates.

The two adaptation strategies of our A-iALP are described as A-iALP f t and A-iALPap, respec-
tively, for clarity.
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7.5.3 Metrics

We apply three metrics: Return, Length and Average Reward[154, 160] to evaluate the RL-
based RSs. Return (R = ∑t rt ) measures the cumulative rewards (return) of the recommended
episode/sequence, which is applied in the RL methods [160] to evaluate long-term gains. The
higher Return denotes better performance. In addition, the length (Len) of the sequence and the
mean reward (Ravg = R/Len) of the actions are also used as a reference [92, 154] to analyse user
engagement and performance of the immediate recommendation of the policy. To evaluate in
early training steps, we incorporate R@e, Len@e and Ravg@e, where e ∈ {0,1,2}, to show the
results in epoch e.

7.5.4 Implementation Details

For the training stage of iALP, to generate the correct label format, we first tune the LLM with
the commonly used LORA in the PEFT [141] strategy to learn the template prompt via 1000 ran-
domly sampled interactions. The LLM we use is Mistral 7B [161]. iALP is an A2C framework
trained with generated preferences (action, reward) from LLM at every step for 100 epochs. In
the online stage, we use the same architecture for A-iALP. The difference in A-iALPap is that it
freezes the iALP policy network and initialises randomly another learnable policy with the same
network. For online learning, all RL methods are trained with 50k steps and evaluated in the
same test environment, and the most recent 20 episodes are used to generate the learning curve
results.

7.6 Experimental Results

In this section, we present the experimental results to answer the research questions described
in Section 7.5.1.

7.6.1 Initial Performance Comparison (RQ1)

Table 7.3 shows the performance of directly applying iALP to recommend items without learn-
ing from online environment, i.e., e=0. We see that iALP significantly outperforms traditional
on-line RL methods that are randomly initialised in the context of cold-start online recommen-
dation. The results demonstrate that iALP, which is trained on preferences distilled from LLMs,
can provide a relatively desirable item sequence in terms of cumulative rewards and sequence
length of the recommended items. Specifically, iALP manages to alleviate the common issue of
poor quality recommendations during the initial phase of deployment, which is a typical prob-
lem for traditional RL methods trained from scratch. This advantage not only improves the
user experience from the outset, but also accelerates the process of online updates and learning.
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By leveraging the pre-trained knowledge, iALP is able to bypass the initial random exploration
phase that purely online RL methods undergo, which often results in suboptimal recommenda-
tions and user dissatisfaction. Instead, iALP starts with a more informed and refined strategy,
leading to higher initial user engagement and satisfaction. We also see in Table 7.4 that, af-
ter incorporating a small amount of user feedback (training 1 epoch), A-iALP maintains greater
long-term returns compared to general methods. This demonstrates that A-iALP leverages effec-
tively user feedback to enhance performance. This improved starting point facilitates gathering
more relevant early feedback, enabling faster and more effective online learning and adaptation.

Table 7.3: The initial performance, i.e., epoch=0, on LFM and Industry environments for online
RL-based recommendation. Boldface denotes the highest score.

Method
LFM Industry

R@0 Len@0 Ravg@0 R@0 Len@0 Ravg@0

DQN 1.53 4.52 0.34 1.12 5.21 0.21
PG 1.73 4.73 0.37 1.06 5.15 0.22
A2C 1.96 5.15 0.38 2.43 5.92 0.41
iALP 5.11 6.21 0.82 6.35 5.94 1.06

Table 7.4: Performance of online RL-based recommendation on LFM and Industry environ-
ments while epoch=1. Boldface denotes the highest score.

Method
LFM Industry

R@1 Len@1 Ravg@1 R@1 Len@1 Ravg@1

DQN 5.04 6.01 0.84 3.84 6.51 0.59
PG 4.85 6.32 0.77 3.32 5.96 0.56
A2C 6.12 6.84 0.89 7.32 6.41 1.14
A-iALP f t 8.83 8.01 1.11 9.28 8.62 1.07

7.6.2 Long-term Performance Comparison (RQ2)

Figures 7.6 and Figure 7.7 illustrate the training curves between baseline and A-iALP w.r.t. re-
turns, the sequence length on the LFM and Industry, respectively. The performance of all meth-
ods are presented on the LFM, while Industry focusses on the top three methods. We can see
that in both LFM and Industry A-iALPap converges quickly and demonstrates stability, which
achieves best return at around 1,000 steps and 20,000 step, respectively. In Industry, A-iALP f t

performs second best on Industry before 40,000 environmental steps, while A-iALPap takes the
first position as steps continue. In LFM, A-iALP f t increases stably though with slightly lower
performance at the beginning. The performance in the test environment from is illustrated in Ta-
ble 7.5. We can observe that A-iALP in general outperforms the training from scratch methods
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(DQN, PG and A2C) in return and length. In the metric of length, there is no obvious differences
on all methods, which might be attributed to the phenomenon that the length of recommended
sequence might not reflect the user’s long-term satisfaction. Specifically, A-iALP f t shows large
improvements over iALP, implying the benefits brought about by additional online training over
pure offline training based on LLM interactions. The proposed A-iALPap outperforms baselines
method overall. It shows stable improvements starting from a desirable performance brought
about by the pre-training procedure.

Figure 7.6: Learning curves of return (left) and length (right) between baselines and A-iALP on
LFM.

Figure 7.7: Learning curves of return (left) and length (right) between several baselines and
A-iALP on Industry.

7.6.3 Utilisation of LLM (RQ3)

Here we compare A-iALP with LLMOnline, which directly uses LLM as a sub-agent in an on-
line environment for taking actions. The goal is to verify the effectiveness of our iALP-to-Online
recommendation procedure. LLMOnline is similar to pre-training iALP, but differs in that the
agent is directly updated by user feedback in the online RL-based recommendation, rather than
by a predefined reward function. The results on LFM (Figure 7.8) and Industry (Figure 7.9)
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Table 7.5: Performance comparison of online RL methods for online recommendation. Boldface
denotes the highest score, and the second-best results are underlined.

DQN PG A2C iALP A-iALP f t A-iALPap

LFM
R 28.8 29.7 28.1 11.2 31.5 33.1
Len 9.53 8.46 9.29 7.21 10.1 10.2
Ravg 3.02 3.51 1.55 3.21 3.13 3.22

Industry
R 40.3 43.3 46.3 25.3 52.4 51.8
Len 11.3 10.4 10.8 10.7 11.5 11.3
Ravg 3.57 4.16 4.28 2.36 4.55 4.58

Coat
R 54.3 79.3 81.7 31.2 83.2 84.4
Len 22.1 29.8 29.9 12.9 29.6 29.7
Ravg 2.47 2.66 2.73 2.42 2.81 2.84

indicate that, in the initial stages, LLMOnline performs similarly to A-iALP. However, as the
environment steps increase, A-iALP demonstrates superior performance. This can be attributed
to the capacity of iALP to enable an effective exploration during the initial stage, while A-iALP
refines its recommendations through continuous interaction with real-time simulated user feed-
back. In contrast, LLMOnline may be facing limitations as training progresses, with the model’s
reliance on LLM choices potentially diminishing its ability to adapt to preferences directly from
the environment. Another key consideration is the time cost of online adaptation with LLMs.
LLMOnline requires significant additional time for processing and generating recommendations
through prompting, which can be less efficient in an online setting. In contrast, A-iALP main-
tains a time cost comparable to traditional RL methods, thanks to its independent pre-training
phase.

Figure 7.8: Comparison of return (left) and length (right) between using LLM online and A-
iALP method on LFM.
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Figure 7.9: Comparison of return (left) and length (right) between using LLM online and A-
iALP method on Industry.

(a) ε-greedy

(b) Categorical sample

(c) Greedy

Figure 7.10: Performance comparison between A-iALP and the baseline under various explo-
ration strategies on Industry environment.
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(a) ε-greedy

(b) Categorical sample

(c) Greedy

Figure 7.11: Performance comparison between A-iALP and the baseline under various explo-
ration strategies on LFM environment.
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7.6.4 Effect of Exploration Strategy (RQ4)

Finally, we examine the impact of exploration-exploitation [162] strategies on A-iALP, includ-
ing: (a) ε-greedy [163], which explores by a random action with probability ε and the greedy
action with probability 1− ε; (b) categorical sampling [155], which samples actions based on
the probability distribution; (c) greedy selection, which is a baseline that exploits the action with
the highest estimation without exploration and exploitation balance. Using LFM as a reference
(Figure 7.11), A-iALP consistently outperforms the baseline A2C method across all exploration
strategies. This demonstrates the effectiveness of integrating preferences distilled from LLMs
at the pre-training phase, which provides a robust foundation for more efficient exploration.
Specifically, with the ε-greedy method, A-iALP shows slightly better performance than A2C
in the early training stages, with A-iALP achieving stable growth later, while A2C experiences
significant fluctuations. In categorical sampling, both show stable growth, but A-iALP con-
verges faster. Notably, under the greedy exploitation method, both maintain almost constant
performance, but A-iALP’s return and sequence length far exceed those of A2C. Similar results
are shown in Figure 7.10 for the Industry scenario. These observations demonstrate A-iALP’s
advantages in convergence speed and stability, leading to greater long-term gains for users.

7.7 Conclusion

We addressed the challenges of offline and online distribution shift and the lack of data explo-
ration in RL based recommender systems, which hinders online deployment of RL based sys-
tems. Our investigation focused on utilizing LLMs to pre-train the RL policy, enhancing both
initial user gains and long-term effectiveness in recommendation scenarios. By distilling user
preferences from LLMs, we created an offline user feedback to train our RL policy, which was
then adapted online using our adaptive (A-iALP) methods. Our experiments on three simulated
environments demonstrated that A-iALP enhances the quality of initial recommendations while
maintaining stability over time. Future research directions include expanding the pre-training
dataset with more diverse user interactions and integrating advanced reward mechanisms to fur-
ther optimize user satisfaction and engagement.

7.7.1 Summary and Link to Next Chapters

This chapter completes the deployability by using LLM-distilled preferences to warm-start RL
policies offline and by introducing adaptive strategies for safer and faster online convergence
in simulated environments. The results show that warm-start mitigates early-stage performance
drops and improves long-horizon return and stability under online learning. Chapter 8 then
moves to the generation layer, where learned preferences are made interpretable and controllable
via preference generation and decoding for stakeholder-facing insights.



Chapter 8

A Two-Stage Diffusion Framework for
Personalized Preference Generation and
Decoding

Note. This chapter is based on our research on PDiT-GIM, and is revised in this thesis to to
align the generation/decoding task with the thesis workflow, clarify evaluation across decoding
quality, ranking utility, and controllability/compliance, and emphasize the optional decoding
pathway for interpretability and steering.

8.1 Introduction

Understanding user preferences is crucial for the success of e-commerce platforms, and existing
recommender systems excel at suggesting relevant items to users. However, modern generative
recommendation pipelines increasingly operate in implicit latent spaces, where learned prefer-
ence signals can be effective for retrieval and ranking but remain difficult to interpret, audit, or
steer toward explicit attribute-level intents. As a result, practitioners often lack an explicit in-
terface to inspect what a model has captured about user preferences and to impose controllable
constraints (e.g., material, color, restriction tags) at inference time. This motivates a framework
that not only generates preference-conditioned item representations but also provides an optional
pathway to decode them into human-readable, attribute-conditioned outputs for inspection and
constraint satisfaction.

To address this limitation, we propose an augmented information flow for generative rec-
ommendation. As illustrated in Figure 8.1, we retain the standard retrieval/ranking pathway
(orange arrows) while introducing an additional optional decoding pathway (green arrows).
The model first captures user preference signals from interactions and generates personalized
item representations; these latents can be used directly for ranking, or decoded into explicit,
attribute-conditioned descriptions when interpretability, debugging, and constraint satisfaction

119
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Figure 8.1: An augmented generative recommendation pipeline with an optional decoding path-
way. Orange arrows: generating item representations for retrieval/ranking. Green arrows: de-
coding latent preferences into explicit, attribute-conditioned outputs for inspection and con-
straint satisfaction.

are required. This design provides a unified interface that preserves recommendation utility
while exposing controllable, human-readable preference representations.

To this end, we propose PDiT-GIM, a two-stage preference generation–decoding framework
that augments the generative recommendation process with an optional decoding pathway for
interpretability and controllability. By introducing an independent decoding module, we extend
conventional user-centric recommendation pipelines with an optional pathway that translates
latent preference representations into explicit, attribute-conditioned outputs, while keeping the
original ranking-oriented workflow intact. PDiT-GIM enables explicit inspection of preference
factors regarding product features, design elements, and functional attributes, providing an au-
ditable and controllable interface on top of latent generative recommendation. However, the
generation and decoding process face challenges that have not been adequately addressed in
existing literature.

First, although diffusion-based generative models [164, 165] and generative recommenda-
tion methods [166–169] provide a solid foundation, few approaches can generate flexible and in-
terpretable preference representations in the first stage. While recently proposed diffusion-based
recommendation methods [168, 170] generate item embeddings conditioned on user behavior to
compute item similarity for ranking recommendations, they mainly target ranking performance
in latent embedding spaces and seldom support interpretability or controllable decoding. These
approaches suffer from a critical limitation: item embeddings generated using learned itemID
embeddings as conditions lack semantic labels, making them difficult to decode into explicit tex-
tual or visual content. Consequently, the learned representations remain as latent vectors without
readable outputs that can be inspected or audited by humans, limiting attribute-level analysis and
controllable steering. Moreover, these approaches struggle to effectively incorporate temporal
patterns [171] while generating personalized content, often treating user conditions as a single
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encoded embedding rather than dynamic behavioral signals.
To address the above issues, we propose PDiT, a hierarchical Transformer architecture that

captures both general and temporal user preferences and aims to generate comprehensive person-
alized item distributions in a text-encoder latent space. PDiT produces semantically grounded
latent representations that can serve dual purposes: traditional recommendation ranking and
optional preference decoding for interpretability and attribute steering.

Second, while diffusion models have shown success in text-to-image generation [164, 165],
the task of decoding latent item representations into explicit, attribute-compliant textual de-
scriptions for interpretability and controllable steering has not been systematically studied. In
particular, we require a decoding mechanism that can (i) expose the semantics encoded in the
generated latents, and (ii) incorporate explicit attribute constraints at inference time without
retraining the diffusion generator.

To solve this problem, we propose Guided Item Modeling (GIM), a simple prompt-generator-
based, attribute-guided decoding module that converts the latent features generated in Stage 1
into human-readable content under specified attribute constraints (e.g., textual descriptions, and
optionally visual content). Notably, the first-stage generation and second-stage decoding pro-
cesses are trained independently, leveraging a shared text encoder for item representation. The
decoding step is invoked only at inference when explicit interpretation, auditing, or attribute-
controlled generation is required.

Our contributions can be summarized as follows:

• We propose PDiT-GIM, a two-stage preference generation–decoding framework that aug-
ments generative recommendation with an optional decoding interface for interpretability,
auditability, and controllability. The two stages are optimized independently for efficient
training and modular deployment.

• We introduce the Personalized Diffusion Transformer (PDiT), which performs latent dif-
fusion in a text-encoder representation space and conditions generation on both general
and temporal user behaviors, producing semantically grounded item representations suit-
able for retrieval and ranking.

• We introduce Guided Item Modeling (GIM), an attribute-guided decoding mechanism
that translates generated latents into human-readable outputs under explicit constraints,
enabling attribute steering and compliance-aware generation without retraining the diffu-
sion generator.

• We conduct extensive experiments on real-world datasets, demonstrating consistent im-
provements in decoding quality, preference alignment, and attribute compliance while
maintaining competitive recommendation performance.



CHAPTER 8. PERSONALIZED PREFERENCE GENERATION AND DECODING 122

Item Prompt 
Generator

      

...

is  recyclable material. 

Large Language Model

Token embedding

<Attribute guidance>  

   Colgate Optic White Toothpaste
...

...

Stage2: Item Decoding

��

Forward 
process

User preference prompt

The user is male aged 25 he 
likes cleaning

Text 
Encoder

Time t

Text 
Encoder

Item title of temporal interactions
 User

Text 
Encoder

   Colgate Optic 
White Toothpaste

General latent 

   

Noisy laten

Temporallatents

t Item latent  z

Stage1: Personalized item latent generation

OralB Electric 
toothbrush

Thieves 
toothpaste

Vacuum 
cleaner

… …

�

�����

����
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ates the personalized item latent ztem. GIM (Stage 2) then translates ztem into textual descriptions
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8.2 Related Work

8.2.1 Diffusion Models for Text Generation

Diffusion models have recently shown remarkable success in the domain of language gener-
ation. Initial explorations by [172, 173] demonstrated the feasibility of applying iterative de-
noising processes to discrete text generation. These approaches typically operate in contin-
uous embedding spaces to enable gradual denoising. Subsequent innovations introduced la-
tent space optimizations, notably through Latent Diffusion Models [164], which improve ef-
ficiency by operating in compressed representation spaces. The recent emergence of Diffu-
sion Transformers [174] marked a paradigm shift by replacing convolutional architectures with
transformer-based denoising networks, enabling superior modeling of long-range textual depen-
dencies. While these advancements have demonstrated impressive capabilities in controlled text
generation [173, 175] and multimodal synthesis [165], current literature predominantly focuses
on general-purpose generation tasks. The specific challenges of personalized item generation for
broader e-commerce scenarios – particularly the integration of dynamic user preferences with
attribute constraints – remain largely unaddressed in existing diffusion frameworks.

8.2.2 Item Generation

Item generation refers to the process of creating items that satisfy specific requirements. The
related concept is generative recommendation [166], which typically focuses on generating la-
tent user or item representations for improved ranking performance. Traditional systems pre-
dominantly rely on retrieval-based methods, where items are selected from predefined cat-
alogs. These methods, such as VAE-based approaches [176], generative adversarial recom-
menders [22], diffusion-based models [168, 177] aim to produce better latent embeddings for
existing items rather than creating novel discrete item space under requirements. Recent work
in controllable text generation [178] has demonstrated the feasibility of generating textual con-
tent with specific attributes, which provides technical foundations for our approach. However,
these methods lack personalization mechanisms and are not designed for e-commerce user-
specific scenarios. Recent developments integrate pretrained language models [61] for item
generation, leveraging their deep semantic understanding. However, these methods typically
lack mechanisms for precise attribute control and personalization. The critical challenge lies in
balancing three competing objectives: generation quality that reflects nuanced user preferences,
computational efficiency for real-world deployment, and explicit controllability over item at-
tributes. Beyond accuracy-centric evaluation, recent studies emphasize that recommendation
quality is shaped by data characteristics and may interact with fairness objectives across stake-
holders [179, 180]. Our work complements this line by enabling explicit preference decoding
for interpretability and controllable attribute steering.
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8.3 Preliminary

8.3.1 Diffusion Models

Diffusion models [181, 182] are a class of generative models that learn to synthesize data by
iteratively inverting a gradual corruption (noising) process. In practice, they are commonly
trained via a denoising objective that predicts the injected noise at each diffusion step.

Latent diffusion. To improve computational efficiency, Latent Diffusion Models (LDMs) [164]
perform diffusion in a compressed latent space. Given a data sample x0, an encoder E maps it to
a latent code z0 = E(x0) (optionally decoded back via a decoder). The diffusion process is then
defined over the latent trajectory {zt}T

t=1 in the encoder’s representation space, rather than in the
original data space (which corresponds to the pixel space in image diffusion).

Forward process. Let {βt}T
t=1 be a variance schedule, define αt = 1−βt and ᾱt = ∏

t
s=1 αs.

The forward noising process is:

q(zt | z0) = N
(
zt ;
√

ᾱt z0, (1− ᾱt)I
)
, (8.1)

which admits the reparameterized sampling form:

zt =
√

ᾱt z0 +
√

1− ᾱt ε, ε ∼N (0,I), t ∈ {1, . . . ,T}. (8.2)

Reverse process. The generative model learns the reverse-time Markov transitions

pθ (zt−1 | zt) = N (zt−1; µθ (zt , t), Σθ (zt , t)) , (8.3)

where µθ (·) and Σθ (·) are predicted by a neural denoiser. A standard parameterization predicts
the noise εθ (zt , t) and computes the mean as:

µθ (zt , t) =
1
√

αt

(
zt−

βt√
1− ᾱt

εθ (zt , t)
)
. (8.4)

While early diffusion models often use U-Net denoisers [183], recent Diffusion Transformers
(DiT) [174, 184, 185] replace convolutions with transformer blocks, improving the modeling of
long-range dependencies; in our setting, the denoiser operates in the LDM latent space.

Training objective. A widely used objective trains εθ via noise prediction:

Lsimple = Ez0∼q(z0),ε∼N (0,I), t

[
∥ε− εθ (zt , t)∥2

2

]
, (8.5)
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where zt is obtained by Eq. (8.2) (typically with t sampled uniformly from {1, . . . ,T}).
To learn a reverse-process covariance Σθ (e.g., learned variance) [186], one can additionally

optimize the variational lower bound (up to constants):

Lvlb =− log pθ (z0 | z1)+
T

∑
t=2

DKL(q(zt−1 | zt ,z0)∥ pθ (zt−1 | zt)) , (8.6)

and jointly train the model parameters to obtain improved likelihood and sampling quality.

8.3.2 Problem Definition

Personalized item generation aims to create items based on individual user preferences while
satisfying specific requirements. The generated items could serve multiple purposes: informing
future product design, facilitating user feedback collection and enhancing recommendation sys-
tems. In our context of language modeling and personalization, user preferences are captured
through past textual interactions, while requirements are expressed as explicit attribute guidance.

Formally, let U = {v1,v2, ...,vn−1} denote a user’s historical interactions, and each item vi is
represented as a sequence of words vi = [w1,w2, ...,wm], where w j is the j-th word in the textual
description of item vi, m is the token length. These historical interactions are concatenated
to form user prompt P . Given an attribute constraint A (e.g., "environmentally friendly" or
"restricted items"), our goal is to generate a new item vn that satisfies both the user features
implied by P and the attribute constraint A . This generation process can be formally expressed
as: vn = F (P,A ) where F represents the model that maps the input prompt and attribute
constraint to a new item: F : P×A .

8.4 Methodology

We present the sampling/inference procedure of our framework in Figure 8.2. PDiT-GIM con-
sists of two independently trained components: i) a diffusion network, Personalized Diffusion
Transformer (PDiT), that generates items in the latent space based on user preferences (Fig-
ure 8.3), and ii) a Guided Item Modeling (GIM) module (Figure 8.4) that deciphers the latent
features into discrete text. This design makes the diffusion process more efficient by operating
in the compressed latent space. During sampling, we can optionally decode the generated latent
conditioning on explicit attributes. PDiT achieves efficiency by performing its diffusion process
in the compressed latent space. During inference, GIM can optionally decode these generated
latent representations guided by explicit attributes.
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Figure 8.3: Overview of the Personalized Diffusion Transformer (PDiT) architecture.

8.4.1 PDiT: Personalized Latent Representation Generation

We propose Personalized Diffusion Transformer (PDiT) for generating items grounded on per-
sonalization, a hierarchical framework that comprises two distinct Transformer blocks (Figure
8.3): General DiT (PDiTgen) and Temporal DiT (PDiTtem). The former captures general user
preferences described in one sentence, and the latter captures dynamic preferences across tem-
poral interactions. Each denoising step in PDiT consists of General Update on general user
preference P via PDiTgen and Temporal Update on temporal interactions U via PDiTtem.

General DiT Suppose a user has bought products [v1, ...,vn−1], e.g., v1 is "Oral-B Electric

Toothbrush",..., vn−1 is "Colgate Optic White Toothpaste", the general preference prompt P is
"A user has bought v1, ...,vn−1", the next item he preferred is vn. We choose Sentence-T5-
xl [89] as text encoder E, which is widely used to understand and encode the input text prompts
in generation tasks, to obtain latent representations of the general preference prompt P and each
item vi in U :

p = E(P) ∈ Rd,

hi = E(vi) ∈ Rd,

z = E(vn) ∈ Rd,

(8.7)

where d is the dimension, i ∈ [1, ...,n−1], p is the general latent, hi is the ith temporal latent.
The noisy item latent is given as zt according to Eq. 8.2. As shown on the left of Figure 8.3.1,

PDiTgen takes zt and conditioning signals, i.e., general prompt latent p and diffusion timestep
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t, as input to generate the item latent zg at the global level. Specifically, zt is reshaped into
k-dimensional features zt ∈ Rk×d by an embedding layer for multi-head attention and a feed-
forward layer. To integrate the condition information in the normalization step of PDiTgen, i.e.,
Adaptive Layer Norm [174], we utilize the timestep embedding similar to baseline DiT [174],
and add the mapped general latent p as the overall condition embedding. This embedding is
utilized to calculate the scaling and shifting parameters.

zg = PDiTgen(zt , p, t) ∈ Rk×d. (8.8)

Temporal DiT Subsequently, the general latent zg is taken as input for PDiTtem after being
mapped by an embedding layer to generate temporal latent ztem, where the condition signal be-
comes the temporal latents [hi, ...,hn−1] ∈ R(n−1)×d . Different from the Adaptive Layer Norm
used in PDiTgen, we modify the transformer structure to combine the fine-grained temporal con-
ditions with the diffusion model using multi-head cross-attention and a feedforward layer.The
process of getting ztem can be formally expressed as:

ztem = PDiTtem(zg, [hi, ...,hn−1]) ∈ Rk×d. (8.9)

After the Transformer backbone, we project the k item latent into predicted noise and pre-
dicted covariance, with dimensions matching the input latent z ∈ Rd . Similar to [184], we
employ a standard linear decoder and reshape operation to produce the outputs.

Training Objective. We train the PDiT by employing LPDiT =Lsimple+Lvlb in section 8.3.1,
where the denoising loss follows standard DDPM formulation [182], the KL term aligns latent
distributions with user preferences. q(z) is the prior distribution of item embeddings.

8.4.2 GIM: Guided Decoding of Generated Latent Representations

GIM serves as an independent decoding module that translates the latent features generated
by PDiT into textual content. This separation allows us to maintain the efficiency of latent-
space diffusion while ensuring the generated items are explicit and meaningful. Moreover, the
decoding can be guided by some explicit attributes to generate satisfied items. We employ
prompt-tuning to train an Item Prompt Generator based on a pre-trained LLM, which translates
PDiT’s latent features into soft prompts. These prompts then guide the LLM to produce human-
readable item descriptions that can be precisely controlled by specific attributes.

Item Prompt Generator Let I = {i1, i2, ..., im} denote all items in the dataset, and each item
is represented as a sequence of words, e.g., "Colgate Optic White Toothpaste". Specifically, we
use the same text encoder E to obtain latent item representations x j ∈ Rd which are used for
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Figure 8.4: Architecture of the Guided Item Modeling (GIM) module.

training the Item Prompt Generator (IPG). We map x j into l× (dL) dimension via an MLP layer
and reshape it into x j ∈ Rl×(dL). A one-layer Transformer follows to yield L soft tokens, which
prompt the LLM to reconstruct the item content i j. The item modeling loss is:

Lim =− log(pΦ,Θ(i j|x j)), (8.10)

where Φ is the parameters updated during the training process. Θ is the frozen parameters of the
LLM, we use Llama-3.1 8b [187].

Guided LLM-based Decoding To guide item generation with attribute A (e.g., “restricted
purchasing”, see Table 8.5), we construct the input for the LLM by concatenating the L soft
prompt tokens, the attribute text (derived from A ), and user data P. This combined input con-
ditionally prompts the LLM to reconstruct the item content i j.

The guided item modeling loss is:

Lgim =− log(pΦ,Θ(i j|P,A ,x j)). (8.11)

Weighted Training. We optimize the prompt generator by the weighted loss:

Lg = Lim +αLgim, (8.12)
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Algorithm 7 Inference Process of PDiT-GIM
Input: User preference U and general prompt P, attribute set A , diffusion steps T , scheduler
{βt}T

t=1, IPGΦ, LLMΘ

Output: Generated item description i
Stage 1: PDiT Reverse Process

1: Precompute αt = 1−βt , ᾱt = ∏
t
s=1 αs, and β̃t =

1−ᾱt−1
1−ᾱt

βt for t = 1, . . . ,T
2: z∼N (0,I) ▷ z≡ zT
3: for t = T, . . . ,1 do
4: (εθ ,vθ )← PDiT(z,U,P, t) ▷ vθ ∈ [−1,1] for variance
5: µθ ← 1√

αt

(
z− βt√

1−ᾱt
εθ

)
6: if t > 1 then
7: λ ← vθ+1

2 ▷ map to [0,1]
8: logσ2

t ← λ logβt +(1−λ ) log β̃t ▷ learned_range
9: σt ← exp

(1
2 logσ2

t
)

10: η ∼N (0,I)
11: z← µθ +σtη ▷ z≡ zt−1
12: else
13: z0← µθ

14: end if
15: end for

Stage 2: GIM Decoding Process
16: s← IPGΦ(z0) ▷ Map to L soft tokens
17: prompt← Concatenate(s,P,A ) ▷ Add attribute guidance
18: i← LLMΘ(prompt) return i

where α is the guidance weight that controls the influence of guidance information.

8.4.3 Inference

During inference, PDiT-GIM combines both components in a sequential manner to generate
discrete items as shown in Algorithm 7. Initially, PDiT performs the reverse diffusion process
following the DDPM [188] to generate personalized item representations conditioned on user
preferences. The reverse process gradually denoises the latent features through T timesteps,
where each step predicts the noise component using the personalized diffusion transformer.
Specifically, starting from random Gaussian noise zT ∼N (0,I), the model iteratively refines
the latent representation by computing pθ (zt−1|zt) until reaching z0.

Subsequently, GIM decodes these latent features into explicit textual content while incorpo-
rating desired attribute guidance through cross-attention mechanisms. The final output is an in-
terpretable item description that aligns with both user preferences and attribute constraints. This
two-stage design offers several advantages: efficient training through independent optimization,
reduced computational complexity by performing diffusion in latent space, and flexible attribute
control during the decoding phase.
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8.5 Experiments

In this section, we illustrate the datasets, tasks, metrics and baselines used to answer the follow-
ing research questions.

RQ1: To what extent can the PDiT-GIM decoding pathway translate latent preference rep-
resentations into interpretable and auditable item descriptions?

RQ2: How well does PDiT-GIM support personalized recommendation compared to exist-
ing diffusion-based recommendation approaches in terms of ranking performance?

RQ3: How effectively can the GIM module steer the decoded item generation to satisfy
explicit attribute constraints (i.e., controllability and attribute compliance)?

8.5.1 Setup

Table 8.1: Examples of items and interaction data.

Industry Dataset Example

Inter.1 "Oral-B Electric Toothbrush with Bluetooth Connectivity"
Inter.2 "Philips Sonicare Replacement Brush Heads, 4 Pack"
Inter.3 "Colgate Optic White Toothpaste, Fresh Mint"
Target "Waterpik Water Flosser Electric Dental Countertop"

LFM Dataset Example

Inter.1 "Rolling in the Deep by Adele from Album 21"
Inter.2 "Someone Like You by Adele from Album 21"
Inter.3 "Set Fire to the Rain by Adele from Album 21"
Target "Skyfall by Adele from Album Skyfall"

Datasets. We evaluate PDiT-GIM on two real-world datasets from personalization and recom-
mendation scenarios: LFM [93] and Industry [3]( Table 8.2). The LFM dataset is collected from
the Last.fm music streaming platform1 and contains 146,255 listening behaviors from 11,073
users over 18,927 tracks (items). Each user has at least three listening events. The track meta-
data includes title, album, and artist. The Industry dataset is derived from the Industrial and
Scientific category of the Amazon review dataset2 and comprises 71,872 shopping behaviors
from 10,093 users over 5,814 products (items). Each user has at least three reviewing interac-
tions. The product metadata includes title and brand.

For both datasets, each item is represented by its corresponding textual tokens and encoded
by the shared text encoder. The general user prompt is templated from a subset of the user’s
historical preferred items Given a user sequence with t timesteps, we use the first t−1 items as
temporal preference context and treat the t-th item as the generative target. We split the datasets

1http://www.last.fm/api
2https://nijianmo.github.io/amazon

http://www.last.fm/api
https://nijianmo.github.io/amazon
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Table 8.2: Dataset statistics. seq. denotes sequence; inter. denotes interaction.

Dataset #item #seq. #inter. Item content

LFM 18,927 11,073 146,255 title; album; artist
Industry 5,814 10,935 71,872 title; brand

into training, validation, and test sets with an 8:1:1 ratio at the user level, i.e., all interactions of
a user belong to exactly one split. Table 8.1 illustrates example user interactions for LFM and
Industry, respectively.3

Tasks, Metrics, and Baselines. We verify the function of PDiT-GIM as the basic component
for preference generation and decoding in three aspects. To assess the quality of decoding the
personalized item latent (RQ1), we adopt natural language generation (NLG) metrics to evaluate
the generated items tokens with respect to the ground truth item tokens using rule-based match-
ing in terms of precision and recall, including BLEU [23], ROUGE [189], and BERTScore [190].
We compare our method with four baselines: a fine-tuned LLM (the same Llama-3.1 8b as GIM)
model with LoRA adapter [141] trained on the same data. PDiTgen, a variant that generates
items only by the general DiT. PDiTtem, a variant using the temporal DiT. Item descriptions
of PDiT and variants are decoded by GIM. We also adapt DiffuSeq [172], a diffusion-based
conditional discrete text generation model. We assess the utility of predicted user representa-
tions (RQ2) in recommendation tasks using Hit Ratio (HR@20) [14] measures the proportion
of ground truth items appearing in top-k recommendations, and Normalized Discounted Cu-
mulative Gain (NDCG@20, abbreviated to NG@20) [96] evaluates the ranking quality with
position-aware weights. Besides the aforementioned LLM, PDiTgen, and PDiTtem, we also com-
pare with DreamRec [177], a recent diffusion-based recommendation model using sequential
item IDs as the condition. To evaluate the effectiveness of guided generation (RQ3), for the
Industry, we guide the generation with product properties, e.g., recyclable materials (shorten as
Recy.), restricted purchasing (shorten as Rest.), and measure the attribute alignment rate [191].
For the LFM, we control the music generation with genre constraints (e.g., Pop, Country). For
guided item modelling, we compare GIM and Item Modeling (IM), a model trained without
guided item mapping. Since ground truth labels for the generated items are unavailable, we em-
ploy a large language model (LLM) as an evaluator to assess whether the decoded items comply
with the specified attributes. The LLM outputs binary judgments (yes/no) regarding attribute
compliance.

3The general user prompt for PDiTgen is constructed as: "Ordered products: a product titled [inter.1], a product
titled [inter.2], a product titled [inter.3]" or "Listened tracks: a track titled [inter.1], a track titled [inter.2], a track
titled [inter.3]".
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Implementation Details. All experiments are conducted on a single H100 GPU. We employ
Sentence-T5-xl [89] as the text encoder. PDiT is a 2-layer hierarchical Transformer architecture
featuring 768-dimensional embeddings and 12 attention heads for both general and temporal
preference modeling. The model generates 8 latent item representations and is trained using
AdamW [192] optimizer with a learning rate of 1e-4, batch size of 100, and 1000 diffusion
steps following a linear noise schedule. GIM is based on Llama-3.1-8b [193] with 8-token soft
prompts and trained by AdamW optimizer with a learning rate of 1e-5 and batch size of 10. The
guidance weight α ranges from 0 to 20 for attribute control. We employ the standard DDPM
sampler [182] with 1000 sampling steps and linear β schedule ranging from 0.0001 to 0.02.

Table 8.3 and 8.4 illustrate the parameter and training settings of PDiT and GIM, respec-
tively. Table 8.5 illustrates the attribute prompt.

Table 8.3: Implementation details of PDiT

Text Encoder Sentence-T5-xl [89]
Depth 2
Embedding Dimension (d) 768
Item Latent Num (k) 8
PDiTgen Self-Attention Heads 12
PDiTtem Cross-Attention Heads 12
Activation Function GELU [194]
Normalization Layer Adaptive Layer Norm [195]
Optimizer AdamW [192]
Learning Rate 1e-4
Batch Size 100
Warmup Steps 1000
Learning Rate Schedule Linear Warmup [135]
Weight Decay 0.01
Gradient Clipping 1.0
Diffusion Steps (T ) 1000
Noise Schedule Linear [182]
Most Training Steps 500,000

Setting of LLM-based Evaluation We call DeepSeek-chat/V3 4 for attribute compliance
evaluation. We instruct the model to answer "Yes" or "No" to assess whether each generated
item satisfies the specified attribute constraints. For example, when evaluating if a product has
purchasing restrictions, the following instruction is used:
Purchase restriction compliance. We ask the LLM to judge whether the generated description
implies purchase restrictions (e.g., age verification, permit, prescription, hazardous shipping
restrictions, region ban, or quota). The evaluator is prompted as follows:

4https://api-docs.deepseek.com/
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Table 8.4: Implementation details of GIM

LLM Llama-3.1-8b [193]
Text Encoder Sentence-T5-xl [89]
Soft Prompt Length (L) 8
Hidden Dimension (dL) 4096
Transformer Layer 1
Self-Attention Heads 12
Activation Function GELU [194]
Normalization Layer Layer Norm [196]
Max Sequence Length 500
Optimizer AdamW [192]
Learning Rate 1e-5
Batch Size 10
Warmup Steps 500
Gradient Clipping 1.0
Guidance Weight (α) [0, 20]
Most Training Epochs 50

Table 8.5: The prompt for attribute guidance. The content in ‘[]’ is added as the items don’t
have the corresponding attribute.

Attribute Guidance Templates

Industry-Recyclable "A product made with [none-]recyclable materials"
Industry-Unrestricted "A product without[with] purchase restrictions"
LFM-Pop "A [none-]pop music track"
LFM-Country "A [none-]country music track"
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Does this product require purchase restrictions (age

verification / permit / prescription / hazardous shipping

restrictions / region ban / quota)? Output: Restricted:

Yes/No.

Product description: <generated item description>

Sampling Setting. Table 8.6 illustrates the detailed setting of sampling. We did not discuss the
choice of sampler, but exploration of sampling configurations could potentially yield additional
performance improvements for future research.

Table 8.6: Settings during sampling.

DDPM Sampler Configuration

Sampler Type DDPM [182]
Sampling Steps 1000
Noise Schedule Linear β schedule
β start 0.0001
β end 0.02
Mean Type epsilon
Variance Type learned_range

8.5.2 Main Results

Table 8.7: Personalized item generation comparisons. Generation of PDiT and variants are
decoded by GIM.

Method
LFM Industry

BERTScore↑ BLEU↑ ROUGE↑ BERTScore↑ BLEU↑ ROUGE↑

LLM 0.5563 0.0902 0.2543 0.5832 0.0643 0.2401
DiffuSeq 0.5784 0.1024 0.3081 0.5932 0.0673 0.2543
PDiTgen-GIM 0.6182 0.1649 0.4425 0.6179 0.0702 0.2776
PDiTtem-GIM 0.6461 0.1905 0.5035 0.6219 0.0817 0.2848
PDiT-GIM 0.6791 0.2289 0.5562 0.6262 0.0902 0.3003

Decoding Performance (RQ1). Table 8.7 evaluates how effectively the PDiT-GIM decod-
ing mechanism transforms latent user preferences into textual content. The results demonstrate
that our two-stage approach significantly outperforms direct generation baselines. Compared to
LLM approaches (which directly generate text from user prompts) and DiffuSeq (which gener-
ates discrete text without latent preference modeling), PDiT-GIM achieves superior text quality
that better captures and communicates user preferences to business stakeholders.
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Table 8.8: Recommendation performance compared with generative methods.

Model
LFM Industry

HR@20↑ NG@20↑ HR@20↑ NG@20↑

LLM 0.0954 0.0631 0.0056 0.0022
DreamRec 0.1142 0.0372 0.0185 0.0073
PDiTgen-GIM 0.1286 0.0374 0.0218 0.0087
PDiTtem-GIM 0.1463 0.0486 0.0236 0.0093
PDiT-GIM 0.1906 0.0647 0.0315 0.0119

On the Industry dataset, the complete PDiT-GIM framework consistently outperforms base-
lines across all metrics, achieving substantial improvements of 28.5% on BLEU, 8.2% on ROUGE,
and 1.3% on BERTScore compared to PDiTgen alone. The performance comparison between
variants reveals that while PDiTtem shows advantages over PDiTgen with 16.4% higher BLEU
score, the full PDiT framework with GIM decoding further enhances interpretability by effec-
tively combining both general and temporal preference signals. This demonstrates that GIM suc-
cessfully bridges the gap between abstract latent user preferences and concrete, readable content
that business stakeholders can understand and act upon. The superior decoding quality indicates
that our approach effectively addresses the critical challenge of making user preferences ex-
plicit and actionable for business decision-making, rather than remaining as latent embeddings
of existing recommendation systems.

Figure 8.5: User case 1.

More examples of generated items can be seen from Figure 8.7 and 8.8.

Recommendation Performance (RQ2). Table 8.8 demonstrates that PDiT-GIM achieves su-
perior recommendation performance compared to LLM and DreamRec baselines5, validating
our approach’s effectiveness in predicting personalized items for generative recommendation.
The results show that PDiT-GIM’s diffusion-based preference modeling significantly outper-
forms existing diffusion-based recommendation approaches, with our method generating more
accurate personalized item predictions that better align with user interests. Figure 8.5 and
8.6 illustrate two examples of generated personalized item alongside the user behaviours and

5For LLM and PDiT-GIM, the ranking scores of the generated item are computed as the cosine similarity
between its embedding and all items, encoded by the text encoder.
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Figure 8.6: User case 2.

Figure 8.7: User case 3.

Figure 8.8: User case 4.
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the target item, showcasing the quality of our prediction approach. Contrasting with existing
diffusion-based methods that rely on learnable item embeddings, PDiT-GIM’s semantic rich-
ness enables more effective similarity computation and ranking. The substantial performance
gains also indicate that our text encoder-based latent space preserves meaningful semantic rela-
tionships that facilitate better user-item matching, while traditional ID-based embeddings lose
this interpretable structure. The progressive improvements in HR@20 from variants (PDiTgen-
GIM: 0.0218, PDiTtem-GIM: 0.0236) to the full PDiT-GIM framework (0.0315) demonstrate
that our hierarchical modeling effectively captures user interests from both global and tempo-
ral perspectives, resulting in more accurate personalized item predictions compared to existing
diffusion-based recommendation approaches.

(a) Recyclable Material Rate (b) Restricted Purchase Rate

Figure 8.9: Impact of guidance weight α on Industry dataset.

Table 8.9: Attribute rate of generated items.

Model
LFM Industry

Country↑ Pop↑ Recy.↑ Rest.↓

IM 0.105 0.242 0.362 0.178
GIM 0.127 0.264 0.441 0.153

Guidance Performance (RQ3). Table 8.9 demonstrates how effectively the GIM module
guides item generation to meet target attribute requirements through its attribute-guided decod-
ing mechanism. On the Industry dataset, GIM achieves substantial improvements in meeting
target specifications: 21% higher compliance for recyclable material attributes and 14% reduc-
tion in restricted purchase violations compared to the IM baseline. For the LFM dataset, GIM
demonstrates consistent guidance effectiveness with 20% improved compliance in country mu-
sic generation and 9% better alignment with pop style requirements. These results validate that
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GIM successfully transforms latent user preferences into attribute-compliant content that meets
specific business requirements.

To analyze the guidance mechanism’s controllability, we examine the impact of guidance
weight α in Eq. 8.12 across 1,000 Industry samples. Figure 8.9 shows how attribute compliance
rates vary as α ranges from 0 to 20, compared with IM and LLM baselines. The results reveal
that GIM’s guidance mechanism allows fine-grained control over target attribute adherence.
LLMg, which incorporates attribute guidance prompts during fine-tuning, shows higher attribute
compliance than standard LLM, demonstrating the effectiveness of guidance-aware training in
steering item generation toward desired specifications.

8.5.3 Ablation Study

Table 8.10: Ablation Analysis of PDiT-GIM on Industry dataset.

Model GIM HR@20↑ NG@20↑

PDiTtem
w/o 0.0213 0.0083
w 0.0236 0.0093

PDiTgen
w/o 0.0185 0.0073
w 0.0218 0.0087

PDiT
w/o 0.0282 0.0109
w 0.0315 0.0119

Table 8.11: Effect of user data for GIM on Industry dataset.

Model User data BLEU↑ ROUGE↑ Recy.↑

IM
w/o 0.0703 0.2824 0.354
w 0.0724 0.2895 0.362

GIM
w/o 0.0842 0.2901 0.452
w 0.0902 0.3003 0.441

Ablation Analysis of PDiT-GIM We analyze the contribution of GIM to PDiT’s performance
in recommendation tasks. Table 8.10 shows the performance of PDiT with (w) and without
(w/o) GIM module for decoding. Notably, PDiT w/ GIM outperforms PDiT w/o GIM by 11.7%
in HR@20 and 9.2% in NG@20, indicating that decoded item representations provide more
effective embeddings than direct latent features for recommendation ranking. Adding GIM
consistently improves performance across all variants, with substantial gains of 7.9% and 9.0%
in HR@20 for PDiTtem and PDiTgen respectively. The complete PDiT-GIM achieves the best
performance, validating GIM’s effectiveness in transforming latent preferences into semantic
items for recommendation.
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Prompt Analysis of Guided Item Modeling We analyze the effectiveness of different prompt
configurations for training the GIM module through four variants: IM w/o (basic soft prompts
from latent features), IM w (soft prompts with user history guidance), GIM w/o (soft prompts
with attribute guidance), and GIM w (full version with soft prompts, user history, and attribute
guidance). As shown in Table 8.11, incorporating user history (w methods) consistently im-
proves generation quality with higher BLEU and ROUGE for variants of IM and GIM, indi-
cating that user historical interactions effectively guide the decoding process. The full model
achieves the best performance across all metrics, demonstrating that user history and attribute
guidance provide complementary benefits for generating preference-aligned item descriptions.

8.5.4 Limitations

While PDiT-GIM demonstrates promising results in personalized item generation and attribute
guidance, several limitations remain. First, in our current implementation, the general prefer-
ence prompt P is solely based on users’ historical interactions (e.g., “a user has bought/listened
to items v1,v2”). Incorporating richer user profiles (e.g., demographics, explicit interests, shop-
ping habits) may further improve preference modeling, but this is constrained by privacy con-
siderations and data availability. Future work could explore ways to safely incorporate richer
user information while maintaining generalizability across domains. Second, our attribute eval-
uation relies on an LLM-based judge, which may introduce assessment bias and may not fully
align with domain-specific standards. For example, recyclability assessment can require special-
ized knowledge that general-purpose LLMs may lack. Future work should incorporate expert
evaluation and develop domain-specific verification modules.

8.6 Conclusion

We presented PDiT-GIM, a two-stage preference generation–decoding framework for diffusion-
based recommendation that augments latent generative modeling with an optional decoding in-
terface for interpretability, auditability, and controllability. In Stage 1, PDiT performs diffusion
in a text-encoder representation space conditioned on both general and temporal user behaviors,
producing semantically grounded item latents that remain effective for retrieval and ranking.
In Stage 2, GIM maps the generated latents into soft tokens and decodes them into human-
readable outputs under explicit attribute guidance, enabling attribute steering and compliance-
aware generation without retraining the diffusion generator. Experiments on two real-world
datasets demonstrate consistent gains in decoding quality, preference alignment, and attribute
compliance while maintaining competitive recommendation performance. Future work includes
extending the decoding interface to richer modalities and more fine-grained constraints, im-
proving evaluator reliability for automatic compliance assessment, and exploring more efficient
sampling strategies for latency-sensitive deployment.
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8.6.1 Summary and Link to Next Chapters

This chapter establishes the generation/value layer by introducing a two-stage preference generation–
decoding framework that preserves ranking utility while enabling interpretable, attribute-constrained
outputs for inspection, auditing, and stakeholder-facing decision support. The evaluation demon-
strates improvements in decoding quality, preference alignment, and controllability/compliance,
while maintaining competitive recommendation performance. The final chapter synthesizes
the thesis contributions across the four layers (transferability, controllability, deployability, and
value generation) and discusses limitations and future directions for multi-objective personal-
ization in sequential recommendation.



Chapter 9

Conclusion and Future Work

9.1 Conclusions

The core contribution of this thesis lies in providing a comprehensive theoretical framework and
technical pathway for building recommender systems that are more universal, useful, and value-
generative. Through a series of interconnected studies, this work has demonstrated how the
synergy between RL and LLMs can address fundamental limitations in the field. The specific
conclusions are as follows:

First, concerning the transferability of recommendation models, we identified and addressed
the limitations inherent in traditional ID-based collaborative filtering. The TransRec framework
proposed in Chapter 3 demonstrates that by pre-training on Mixture-of-Modality (MoM) feed-
back, it is possible to learn general-purpose, transferable user and item representations. This
model, which operates on the intrinsic content of items (e.g., text and images) rather than over-
lapping IDs, can be effectively transferred to various downstream recommendation tasks. This
approach significantly mitigates the cold-start problem and lays a foundational step towards
building a General-purpose Recommender System.

Second, in pursuit of enhancing user experience through multi-objective optimization, we
moved beyond the conventional focus on accuracy. The MODT4R and HDT frameworks,
presented in Chapters 4 and 5, innovatively reframe Multi-Objective Sequential Recommen-
dation (MOSR) as a conditional sequence modeling problem using Decision Transformers.
This paradigm enables the system to generate recommendations conditioned on explicit multi-
objective returns (e.g., diversity, novelty, and serendipity), thereby significantly enhancing mul-
tiple dimensions of the user experience without compromising accuracy. Experiments confirm
that this approach is more efficient and stable than traditional multi-agent RL methods.

Third, in leveraging LLMs to overcome RL challenges, we tackled critical bottlenecks in the
application of RL to recommender systems. The LLM-based Environment (LE) framework in
Chapter 6 successfully employs an LLM as a high-fidelity state and reward model, providing
high-quality feedback signals for offline RL agents and improving policy performance through

141
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data augmentation (LEA). Subsequently, the Interaction-Augmented Learned Policy (iALP) and
its adaptive online version, A-iALP, introduced in Chapter 7, utilize an LLM to distill user
preferences offline and pre-train a high-quality initial policy. This effectively resolves the critical
cold-start and inefficient exploration problems of online RL, providing a viable pathway for its
safe deployment in real-world recommendation scenarios.

Finally, in constructing a multi-stakeholder generative recommendation ecosystem, we pro-
posed a paradigm shift. The PDiT-GIM framework in Chapter 8 elevates the role of the rec-
ommender from a simple retrieval system to a value-generative engine. Through its two-stage
"preference generation-decoding" architecture, the framework not only generates novel, person-
alized items for consumers that satisfy their latent needs but also decodes these latent preferences
into explicit, attribute-based insights for business stakeholders such as merchants and designers.
This effectively closes the loop between consumer demand and product innovation, creating a
symbiotic, multi-stakeholder value ecosystem.

In summary, the contributions of this thesis collectively delineate a developmental roadmap
from foundational model building to advanced intelligent applications and, ultimately, to ecosys-
tem innovation. They systematically showcase the immense potential of integrating RL and
LLMs to drive recommender systems towards a future that is more universal, human-centric,
and value-generative.

9.2 Future Work

Building upon the foundations laid in this thesis, future research will advance along two primary
trajectories. The first path involves enhancing the core recommendation models by expanding
their scope and efficiency. The work on the general-purpose recommender system, TransRec,
can be extended by incorporating richer modalities such as video and audio to create a truly
universal foundation model. This ambition, however, necessitates addressing the high com-
putational costs through advanced parameter-efficient fine-tuning and model compression tech-
niques. Concurrently, the reinforcement learning frameworks, including MODT4R and A-iALP,
should be transitioned from simulated environments to real-world online deployments. This step
will require tackling significant challenges in safety, scalability, and unbiased evaluation, while
also exploring more sophisticated, personalized reward mechanisms that dynamically adapt to
individual user needs and providing greater explainability for the agent’s decisions.

The second trajectory focuses on expanding the novel, multi-stakeholder generative paradigm
introduced by PDiT-GIM. This involves deepening the integration of Large Language Models
to transform the recommendation ecosystem. The LLM’s role can evolve from an offline en-
hancement tool into a fully interactive and dynamic user simulator, providing a robust testbed
for RL policies before they encounter real users. Furthermore, the business insights generated by
the framework can be made more accessible and actionable through a conversational interface,
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allowing stakeholders to query user preferences in natural language. As these generative capa-
bilities become more powerful, a critical and parallel line of inquiry must address the associated
ethical considerations, ensuring that the generated content is fair, unbiased, and free from harm,
thereby fostering a responsible and equitable recommendation environment for all parties.
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