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Abstract

This thesis studies Human Emotion Recognition, 3D Human Head Reconstruction and Ar-
ticulated Animal Reconstruction from in-the-wild videos. This is to enable interpretable
analysis for human emotions, and facilitate controllable synthesis of human faces and recon-
struction of articulated animals by jointly considering appearance (e.g., colour, opacity, and
scale), audio, and dynamic motion cues. Our approaches to all three tasks share a common
theme: they incorporate explicit representations of 2D and 3D motion and geometry.

When interpreting human emotions from a video, it is natural to do so from different
modalities, that is, fusing features from 2D images and audio segments. Here lies our first
contribution: understanding human emotions from talking videos by training a multi-modal
neural network to predict various emotion categories in a principled fashion. Particularly,
this is done by jointly model 2D visual features, optical flow feature, audio signals, and
motion representations through an intra- and inter-modal interaction pipeline. We show it
achieves state-of-the-art performance on multi-modality emotion recognition setting.

Beyond interpreting 2D images and audio features from a talking portrait video, we
further estimate a 3D shape and learn how to reconstruct the 3D portrait and deform its
shape so that it could talk, i.e. synthesising talking portrait videos. Our second contribution
is a regression approach to synthesise talking portrait videos, which supports training purely
from 2D images – without 3D supervision, and without using pre-defined 3D shapes from
face specific priors such as 3D morphable models, landmarks and depth maps. Moreover,
this model is generic, so it allows sampling new portrait and animating it condition on one
arbitrary audio chunk.

Going beyond human heads, our third contribution addresses more complex articulated
and deformable objects, articulated animals in particular, which are challenging to reason
about in terms of motion and the articulated structure. In this task, we reconstruct a articu-
lated 3D Animal model given an animal monocular video. It models jointly complex animal
pose variation and canonical appearance, and optimises an implicit opacity–colour texture
that is supported on a mesh scaffold.
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Chapter 1

Introduction

This chapter introduces the motivation, challenge and objective of the thesis. In particu-
lar, we introduce the three main tasks: (i) human emotion understanding from talking-head
videos, (ii) synthesising talking portraits from monocular videos, and (iii) synthesising ar-
ticulated animals from monocular videos using a mesh scaffold. We then present the thesis
tasks and contributions. Finally, we present the thesis statement and provide an overview of
the thesis organisation.

1.1 Motivation and Challenges

Nowadays, computer vision systems have evolved rapidly to accurately understand diverse
scenes. In today’s information-driven era, the advancement of multimedia technologies (such
as digital humans, avatars, virtual reality, and generative models) has rapidly developed un-
der an enormous amount of diverse media data, including images, audio, videos, and text.
By these technologies, we can identify objects, perceive and reason about them by either a
deterministic or generative way. However, computer vision systems still struggle with the
task of interpreting and synthesising diverse objects from the data in the wild [10]. Substan-
tial progress has been made, over decades of research, understanding face dynamics and 3D
animals, and these remain to be a central pursuit in computer vision and artificial intelligence
more generally.

For the purposes of this thesis, we consider the task of perceiving and reasoning about
more challenging articulated objects from 2D images, specifically Human faces and Ani-
mals. These entities exhibit rich dynamics but often appear under difficult conditions such
as occlusions and limited viewpoints. The essential goal is to find human interpretable 3D
representations of these articulated objects or their labels such as emotions. Ultimately, this
research aims to understand, predict, generate, reconstruct, and rig these entities.
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Interpretation of articulated objects requires predicting important attributes of these en-
tities and has myriad applications; we now give a brief flavour of some. Interpreting the
emotion category from humans is an important task in many fields, e.g. affective computing
and human-robot-interaction, where machines need to understand human emotion correctly
in order to respond appropriately. In most cases, emotion recognition from facial expres-
sions relies on regression models trained on diverse facial data to improve generalization.
However, faces within the same emotion category can vary widely in texture and appear-
ance. Although the face data could be fetched widely, but one emotion class face might have
various face images under different condition. Therefore, this variability requires regression
models manner to capture facial representations which contains emotion information, and
using more information for modelling these representations such as fusing the feature from
other modalities.

Synthesising human faces and articulated animals requires generating, reconstructing
and animating these entities. Reconstructing 3D heads and animals is difficult, particularly
when only monocular data is available for training. Talking Head Generation aims to syn-
thesize and controllably animate 3D human heads driven by modalities such as text and au-
dio. This task typically requires higher-fidelity geometry and texture than general 3D object
reconstruction. Analogously, articulated animal reconstruction demands similarly detailed
modeling under non-rigid motion and occlusions. A common—and particularly challeng-
ing—setup is single-image reconstruction, where a full 3D representation must be recovered
from a single view, in contrast to the more supervised multi-view setting. Unlike human
faces, where well-established rigging techniques and parametric models enable accurate re-
construction, articulated animals such as dogs and cats present additional difficulties. We
consider whole bodies of animals, and this is immediately more complex since there are lots
of legs and complex articulation. Besides, obtaining accurate camera intrinsics and extrin-
sics from in-the-wild articulated animal data is difficult. This is because monocular videos
of animals often suffer from occlusions, uncontrolled lighting, and unpredictable poses.
Although recent advances have made it possible to reconstruct rigid scenes reliably from
moving cameras, recovering non-rigid, deformable 3D shapes from monocular sequences
remains a highly unconstrained and challenging problem.

The overall goals of this thesis are to predict human emotions, and to reconstruct and
animate 3D representations of human faces and animals. We describe the specific tasks and
contributions in detail in the next section.
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1.2 Thesis Tasks and Contributions

This thesis tackles three related but self-contained tasks, touching on three different, yet
related, aspects of human faces and animals, and makes contributions for each of them; In
particular, we do not attempt to build a system incorporating all our contributions, although
we do present suggestions on how they can be combined in future work. We now describe
each of our contributions.

1.2.1 Human Emotion Recognition

Task. Understanding human emotions from multimodal data is a key problem in affective
computing, human–computer interaction, and social robotics. In particular, Audio-Visual
Emotion Recognition (AVER) aims to infer emotional states by jointly modelling the dy-
namic cues present in both the visual (facial expressions) and auditory (speech) modalities.
While recent progress in multimodal learning has improved overall recognition accuracy,
two major challenges remain largely unsolved. First, it is difficult to effectively capture fine-
grained temporal variations within each modality, such as subtle facial texture changes or
micro-expressions between consecutive frames, which are often lost after global pooling or
high-level feature abstraction. Second, modelling complex inter-modal dependencies be-
tween audio and video streams remains challenging, as the two modalities have inherently
different feature distributions and temporal dynamics. Existing AVER methods often fuse
modalities through simple concatenation or shared attention layers, which can lead to in-
formation loss and insufficient exploitation of cross-modal complementarity. Consequently,
they struggle to represent subtle yet discriminative emotion-related details, particularly un-
der unconstrained and diverse emotional expressions. We tackle multimodal human emotion
recognition under a difficult setting: given one image and one audio chunk, the proposed
model fuses visual and acoustic cues to achieve efficient and accurate emotion classification.

Contributions. To address these challenges, we propose a new framework called Detail-

Enhanced Intra- and Inter-modal Interaction (DE-III) for audio-visual emotion recognition.
Our method explicitly models local temporal details in video and promotes deeper, bidirec-
tional interaction between modalities. The key contributions of this work are summarized as
follows:

• We leverage optical flow as an explicit representation of fine-grained facial motion
and texture variations between video frames. To integrate this information, we design
a pairwise optical flow–video attention fusion module, which adaptively weights
and fuses flow and frame features, yielding a detail-aware visual embedding that better
reflects emotional cues.
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• We develop novel intra- and inter-modal feature enhancement modules that al-
low audio and video modalities to attentively exchange information in both directions.
These modules incorporate residual connections to preserve modality-specific charac-
teristics while effectively capturing complementary information from the other modal-
ity.

• We propose a Cross-attention Classification with independent prediction heads for
audio cross to video, video cross to audio, and fused representations. This structure
encourages robust learning across modalities and provides a more comprehensive su-
pervision signal during optimization.

• Extensive experiments on three widely used benchmarks—CREMA-D, MSP-IMPROV,
and RAVDESS—demonstrate the effectiveness of our method. The proposed DE-III
achieves new state-of-the-art performance on both categorical and continuous emotion
recognition tasks, surpassing recent transformer-based fusion approaches and high-
lighting the benefit of detailed intra- and inter-modal modelling.

1.2.2 Talking Head Generation

Task. Talking Head Generation (THG) aims to synthesize realistic and temporally coherent
videos of a talking portrait, conditioned on a portrait image and an audio sequence. This
task is fundamental for applications such as digital avatars, movie generation, and virtual
content creation. Despite recent progress in neural rendering and implicit 3D representa-
tions, generating photorealistic talking heads remains an open challenge, especially when
only monocular videos are available for training. The key difficulty lies in jointly mod-
elling 3D head geometry, dynamic motion, and appearance consistency under natural,
unconstrained conditions. Existing methods often rely on parametric priors such as 3D Mor-
phable Models (3DMM) or deformation fields that encode predefined facial motion spaces.
Although such priors help stabilize optimization, they inevitably constrain the expressive-
ness of generated motion and fail to generalize across diverse identities, expressions, and
head poses. Moreover, implicit NeRF-based methods tightly couple static appearance and
dynamic motion within volumetric fields, which makes it difficult to achieve accurate ge-
ometry and consistent rendering across different viewpoints. These limitations motivate a
new formulation that explicitly separates the static 3D structure of the head from the dy-
namic, audio-driven motion while remaining free from handcrafted priors and multi-view
supervision. Our task is that, from one portrait image and a short audio segment, our method
reconstructs a personalized 3D head and animates it to produce a temporally coherent 4D
talking sequence.

Contributions. To address these challenges, we propose Splat-Portrait, a novel framework
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for audio-driven talking head generation built upon the principles of 3D Gaussian Splat-
ting (3DGS). Our approach leverages the explicit, differentiable nature of 3D Gaussians to
learn realistic head geometry and motion directly from monocular video data. By decompos-
ing the synthesis process into static and dynamic components, Splat-Portrait achieves both
structural accuracy and temporal expressiveness. The main contributions of our work can be
summarized as follows:

• 3D Gaussian-based static reconstruction. We introduce a static branch that recon-
structs the subject’s canonical 3D head representation from a single portrait image
using Gaussian splats. This branch simultaneously estimates the background through
an inpainting-based refinement network, allowing seamless head–background com-
positing without requiring segmentation masks or multi-view alignment.

• Audio-conditioned dynamic animation. We design an audio-driven decoder that
directly animates Gaussian splats by predicting per-point temporal offsets modulated
by speech features. Unlike deformation-based methods, our model avoids complex
motion fields and instead learns fine-grained correlations between phonetic content
and geometric displacement, leading to synchronized and expressive facial motion.

• Two-stage self-supervised training. We adopt a progressive training strategy: a
large-scale pretraining phase focuses on stable static reconstruction, followed by an
audio-conditioning stage where temporal dynamics are introduced. Additionally, we
integrate Score Distillation Sampling (SDS) to enhance photo-realism and geometric
fidelity under unseen viewpoints.

• Generalization and Portrait in a content. Our method requires no 3D ground-truth
supervision, yet generalizes effectively across identities and expressions. The Gaus-
sian representation ensures faster rendering and lower memory cost compared to vol-
umetric NeRFs [11], while maintaining high-quality details. Our method remain a
portrait in a content, i.e. a reconstructed portrait with background. Extensive experi-
ments has showed that our method are better than pervious methods.

In summary, Splat-Portrait provides a unified and efficient framework for monocular 3D talk-
ing head generation, bridging the gap between explicit 3D representations and dynamic mo-
tion learning. It demonstrates that Gaussian Splatting, when combined with audio-conditioned
modelling, can serve as a powerful foundation for building expressive and generalizable dig-
ital humans.
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1.2.3 Articulated Animal Reconstruction

Task. Reconstructing animatable 3D animal avatars from monocular videos is a long-
standing challenge in computer vision and graphics. Unlike humans, animals exhibit highly
non-rigid and often unpredictable deformations, possess complex surface appearances (e.g.,
fur, colour patterns, tails), and typically lack well-calibrated camera parameters or anno-
tated 3D datasets. The task requires jointly recovering both the articulated 3D structure and
the detailed appearance of the animal over time, using only casual, in-the-wild videos. Ex-
isting works either rely on single-frame image-based shape regression or multi-view video
inputs with strong supervision, which limit their generalization and robustness in real-world
scenarios. Moreover, prior template-based approaches using the SMAL parametric model
struggle with ambiguous or unseen viewpoints, since they depend on sparse keypoint corre-
spondences that mainly cover front-facing body parts. Template-free methods, while flexible,
often fail to maintain geometric consistency or produce temporally coherent motion. Hence,
Our task is how to leverage both the geometric prior of an animal template and the dense
visual cues available in videos to achieve faithful, temporally consistent 3D reconstructions
of animals from monocular inputs.

Contributions. We adopt, build on, and evaluate more data on an existing method called
AnimalAvatar [9], an approach that reconstructs fully animatable and textured 3D animal
models from monocular articulated animal videos. It jointly estimates the animal’s pose,
shape, and appearance by combining the SMAL [12] parametric template with dense image-
to-surface correspondences and implicit neural representations. Our method current has ma-
jority components are learned from AnimalAvatar [9], the main contributions of our method
build on AnimalAvatar are as follows:

• Dense tracking loss Apart from AnimalAvatar [9], we propose a dense tracking method
that provides 3D-aware pixel motion information to further supervise the poses and
shapes of articulated animals. This method introduces a pixel tracking mechanism that
captures how each pixel of the animal moves across subsequent frames, and by com-
bining this loss with the existing losses we further improves the accuracy of articulated
animal reconstruction.

• More evaluation, and state-of-the-art performance. Apart from the data used from
AnimalAvatar, we perform a much more thorough evaluation of AA than the original
authors, on more diverse video data under challenging scenarios e.g. light, occlusion,
complex articulation and complex animal texture. We conduct extensive experiments
on these data and find that the original AnimalAvatar method does not generalize well
to these challenging cases.
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Our method that is built on AnimalAvatar, apply dense tracking loss function to enhance the
3D reconstruction and analyse a larger amount of data across various articulation states.

1.3 Thesis Statement

The central claim of this thesis is that interpreting and synthesizing rigged entities—human
faces and articulated animals—from visual observations can be effectively achieved by learn-
ing structured and controllable representations through understanding, generation, and re-
construction. These tasks share a common objective: to recover and exploit structured rep-
resentations of rigged entities from the monocular observations. By leveraging 2D images,
monocular video data, motion cues, as well as geometric and semantic consistency across
modalities, the approaches proposed in this thesis aim to build understandable regression
model for classification and animatable, high-fidelity, and generalizable 3D representations
from monocular data for generation. For instance, in human emotion recognition, relational
understanding across audio cues and 2D images enhances the emotion recognition robust-
ness. In talking head generation, disentangling static and dynamic structures through explicit
3D representations, such as Gaussian Splatting, facilitates photorealistic reconstruction from
limited viewpoints. Furthermore, in articulated animal reconstruction, embedding dense
surface correspondences and implicit appearance representations promotes geometric and
textural coherence, even under unconstrained camera motion and complex non-rigid defor-
mations. Overall, leveraging 2D images, prior knowledge, and motion cues from monocular
videos through supervised learning enables effective interpretation of human emotion recog-
nition and reconstruction of 3D human faces and animals

1.4 Thesis Outline

We devote one section to describing each of our main contributions for every chapter, and
we list the related publications and paper works for each chapter.

Chapter 2. We present related work and background on our three sub-tasks in Chapter
2. This includes the baselines, related technical approaches, datasets, metrics used in related
works and highlights the unique challenges of each topics.

Chapter 3 focuses on understanding human emotions from multimodal signals. We in-
troduce a detail-enhanced framework for audio-visual emotion recognition (DE-III) method,
which captures fine-grained temporal dynamics within and across modalities. This chapter
presents a comprehensive evaluation on benchmark datasets and demonstrates that incor-
porating optical-flow–based motion cues and cross-modal attention substantially improves
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emotion recognition accuracy and robustness.

Chapter 4 introduces talking head generation. We propose Splat-Portrait, a novel
audio-driven framework built upon Gaussian Splatting. The chapter describes how disentan-
gling static and dynamic components allows realistic 3D head reconstruction and expressive
motion synthesis from audio input. The model provides both static 3D Portrait in a con-
tent and 4D talking Portrait given corresponding audio chunk. Extensive experiments show
that the proposed method achieves superior rendering quality, and generation to unseen head
parts.

Chapter 5 addresses the reconstruction of articulated animal avatars from monocu-
lar videos. It presents our method which builds upon AnimalAvatar [9], and various sci-
entific experiments on more animal videos. AnimalAvatar consists of a dense correspon-
dence–guided method combining the SMAL template model with implicit texture represen-
tations, and camera optimization process. Our idea is to extend it with dense tracking loss.
This chapter demonstrates how dense tracking supervision and temporally coherent opti-
mization enable faithful 3D animal reconstructions under challenging real-world conditions,
achieving state-of-the-art results on multiple animal entities.

Chapter 6 concludes the thesis by synthesizing the findings across the three sub-tasks
of this thesis. It discusses the shared challenges of interpreting and synthesizing human
faces and articulated animals, highlights the importance of and contributions of this thesis,
and finally it outlines potential future directions toward unified, generalizable talking head
generation frameworks for both humans and animals.

1.4.1 Publications and Paper Works

The following is a list of publications included in this thesis:

Chapter 3: Shi, T., Ge, X., Jose, J. M., Pugeault, N., & Henderson, P. (2024). Detail-

enhanced intra- and inter-modal interaction for audio-visual emotion

recognition. In International Conference on Pattern Recognition (ICPR).
Springer Nature Switzerland.

Chapter 4: Shi, T., de Almeida, M., Ivanova, D., Pugeault, N., & Henderson, P.
(2025). SplatPortrait: Generalizing Talking Heads with Gaussian Splat-

ting. In International Conference on Multimedia Modeling (MMM).
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Chapter 2

Background and Related Work

In the chapter, we introduce the related work for each of our three sub-tasks, We organise
the related works into two subsections: Human Faces and Animals. In this first Section,
we review the research on understanding and generating human faces, highlighting widely
adopted approaches and commonly used datasets. The second subsection covers the recon-
struction of articulated animals, with an emphasis on techniques that handle non-rigid motion
and occlusion.

2.1 Understanding and Reconstructing Human Heads

In this section, we introduce the related work for our first two sub-tasks, Human Emotion
Recognition and Talking Head Generation. These tasks are both relative to human face im-
ages, and human audio. We review key research in the field of understanding human expres-
sions, the generation of expressive human faces, their condition on audio, and the datasets
used in the face domain. Research on Emotion Recognition has been attempts broadly many
modalities, such as text, image, audio, and psychological Signals. Our focuses are face im-
ages and audio, we discuss in following order: 1) Emotion recognition from face images, 2)
Emotion recognition from Speech and 3) Audio–Visual Emotion Recognition (AVER). Re-
search on talking head generation broadly falls into two streams. (1) 2D-based approaches
operate purely in the image plane—manipulating pixels or learned 2D features—without
explicit 3D reasoning. (2) 3D-based approaches explicitly reconstruct a head using a 3D
representation (e.g., meshes, implicit fields, Gaussians) and then deform this representation
over time into a 4D dynamic model to drive animation.
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Figure 2.1: Overview for multi–modal ER systems: multiple streams fuse together for emo-
tion classification

2.1.1 Emotion Recognition from Face images

Research on emotion recognition spans single–modality pipelines, such as faces alone, speech
alone, or text alone. And multi–modal systems that couple the multiple streams including
RGBs, audio, text or psychology signals, through some form of fusion as shown in Fig-
ure 2.1. Bringing multiple streams together is general a big research. We specifically focus
on the facial (RGB) and acoustic (speech) modalities. Below we review the pieces most rel-
evant to our setting: facial expression recognition (FER), speech emotion recognition (SER),
and audio–visual emotion recognition (AVER) with decision– or feature–level fusion. Early
FER systems relied on hand-crafted geometric or appearance cues (e.g., landmarks) with
shallow classifiers such as SVM/HMM, and required careful preprocessing to cope with
pose and illumination changes [13, 14]. Recent efforts inject temporal context attention to
focus on salient facial regions, and intensity–aware objectives to handle subtle or occluded
expressions [15, 16, 17, 18]. In constrained settings (e.g., lab videos), these models achieve
strong accuracy, yet their performance can degrade in the wild due to motion blur, head
rotations, and identity/expression entanglement, motivating complementary audio cues and
cross–modal priors.

A recurring observation is that discriminative evidence for many expressions lies in sub-

tle, short-lived motions (eyebrow raises, nasolabial changes, micro-smiles). Intensity-aware
formulations—where labels reflect graded expression strength rather than binary presence—
also help models avoid over-fitting to exaggerated prototypes and generalize to everyday,
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low-intensity displays [16, 17]. In practice, combining fine temporal windows with region-
focused attention has proven more reliable than scaling networks depth-wise on single frames [18].
In-the-wild scenarios introduce frequent head rotations, partial occlusions (hands, hair, glasses),
and motion blur. Classical pipelines mitigated these with alignment and illumination nor-
malization, but deep systems increasingly rely on built-in mechanisms: spatial attention
suppresses noisy regions and highlights stable facial parts (eyes/eyebrows/mouth) [15, 18];
multi-branch designs fuse global and local crops to retain identity-invariant evidence; and
short-term temporal modeling compensates for occasional frame corruption by integrating
adjacent, higher-quality frames [17]. Nevertheless, when occlusions are persistent or the
head is far from frontal, identity/expression entanglement resurfaces, and performance drops
relative to controlled lab conditions reported by surveys [19, 20].

Another practical bottleneck is dataset bias and label ambiguity, especially for classes
with overlapping semantics (e.g., “neutral” vs. low-intensity “sad”). Recent works address
this with stronger augmentation schedules, class-rebalancing objectives, and curriculum-
style intensity modeling [16, 17]. Surveys consistently note that improvements in FER
accuracy often come from procedural choices—temporal sampling, region selection, and
calibration of attention—rather than adding more parameters alone [21, 19, 20]. These in-
sights motivate designs that (i) explicitly encode motion, (ii) localize attention to stable facial
parts, and (iii) regularize for intensity, which together yield stronger out-of-domain behavior
without excessive model complexity [15, 18].

Consistent with these trends, we adopt simple off-the-shell backbones, i.e. Efficient-
Net [22], and Dinov2 [23] augmented with lightweight temporal cues and region-sensitive
attention. Rather than relying on deeper static encoders, we preserve fine motion patterns
over short horizons and balance global context with part-level focus; this mirrors the empir-
ically validated recipe across recent FER literature for handling subtle expressions and mild
occlusions in the wild [15, 16, 18, 17].

2.1.2 Emotion Recognition from Speech

Compared with facial streams, speech naturally carries strong sequential regularities at mul-
tiple time scales (phoneme, syllable, word). SER has a parallel trajectory: classical pipelines
transform audio into prosodic and spectral descriptors (e.g., MFCC, pitch, ZCR) and train
SVM/HMM–style classifiers [24, 25, 26]. Modern SER replaces manual features or aug-
ments them with learned representations from recurrent models (RNN/LSTM), often with
attention to emphasize emotionally informative segments [27, 28, 29, 30, 31]. Practical sys-
tems also address data scarcity and long silences through augmentation and silence removal;
when benchmarks such as SAVEE, MSP-IMPROVE, and RAVDESS are used, bidirectional
LSTM variants with moderate model size can reach high accuracy while keeping deployment
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affordable [32, 33, 34]. These results underscore a key point for multi-modal design: while
audio alone can be highly predictive, its error modes (e.g., lexical ambiguity, background
noise) are complementary to visual ones. Log–Mel spectrogram containes time-frequency
patterns, while BiLSTMs pool information over longer contexts to capture prosodic con-
tours and rhythm; attention layers could further highlight emotionally salient spans (e.g.,
sustained pitch elevations) [29, 27, 28]. End–to–end systems often combine short windows
for local detail with utterance-level pooling for global decisions, which improves robustness
to speaking rate variation and hesitations [30, 31]. Classical HMMs and modern RNNs thus
form a continuum: both model temporal dependencies, but deep encoders reduce reliance on
handcrafted features while maintaining sequence awareness [25, 24].

In-the-wild recordings suffer from channel mismatch, background noise, and variable
loudness. Common practice includes voice activity detection and silence removal, dynamic
range normalization, and targeted augmentation (time/frequency masking, pitch shifting) to
mitigate overfitting [24, 27]. Because emotion corpora are typically small and imbalanced,
systems favor compact backbones with attention in lieu of very deep models, trading a slight
drop in peak accuracy for improved generalization and latency—a pattern repeatedly ob-
served on SAVEE, MSP-IMPROV, and RAVDESS [32, 35, 36]. Utterance segmentation
also matters: aggregating decisions over overlapping chunks stabilizes predictions under
long pauses and coarticulation, while calibrated thresholds curb false positives in neutral
segments [28, 31]. Overall, survey evidence suggests that careful preprocessing and tem-
poral pooling strategies are as impactful as architectural scale for SER in realistic settings
[24, 27]. Guided by these findings, audio branch prioritizes a compact spectrogram front
end followed by BiLSTM with local attention, rather than deep stacks. This choice reduces
computational overhead and latency while preserving the prosodic cues that complement the
visual stream.

2.1.3 Audio–Visual Emotion Recognition (AVER)

Fusing facial and speech streams usually boosts robustness and cross-domain generaliza-
tion [37, 38]. A straightforward AVER pipeline is Early AVER: train shallow models per
modality and fuse at the score or feature level (e.g., GMM/SVM) [39, 40, 41]. With multi-
modality modelling, a common approach is using two separate backbones for video alone
and for audio alone, then late fusion using weighted averaging or a small MLP; more ad-
vanced variants add cross attention for visual dynamics, temporal relation to align the two
streams over time [42, 43, 44]. However, bigger fusion stacks often increase latency and
compute without reliable gains in the wild [45]. In practice, lightweight designs that (i)
cap backbone complexity per modality, (ii) use simple but well-calibrated decision-level fu-
sion, and (iii) model operation on various datasets tend to offer a better accuracy–complexity
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trade-off [41, 44].

A recurring theme across AVER is the handling of temporal asynchrony and modal-
ity imbalance. Audio often carries higher short–term variability than video; naı̈ve concate-
nation can suppress subtle facial cues or, conversely, over–weight noisy speech segments.
To mitigate this, studies adopt temporal alignment (e.g., fixed hop sizes, windowed pool-
ing) and normalization strategies that stabilize per–stream statistics before fusion [42, 44].
Cross–attention mechanisms explicitly modulate one stream by the other to focus on com-
plementary evidence, though the added parameters and memory footprint can be substantial
on long clips [43, 45]. Decision–level fusion remains attractive when deployment con-
straints dominate: calibrated weighting or simple meta–classifiers on per–modality pos-
teriors yield competitive accuracy while keeping inference predictable and easy to harden
against dropouts [41, 44]. Evaluation choices matter, too. On small– to mid–scale bench-
marks like SAVEE, MSP-IMPROVE, and RAVDESS, broad ablations show that careful
per-modality regularization, moderate backbone depth, and conservative fusion beat heav-
ier stacks once latency and robustness are considered [41, 44]. Recent studies also stress
uncertainty-aware fusion and test-time calibration to cope with real-world noise, supporting
the view that scaling up the architecture alone does not ensure generalization [37, 38, 45].
Overall, a practical recipe emerges: keep encoders compact yet expressive, align and nor-
malize signals before fusion, and favor calibrated decision-level aggregation when efficiency
and reliability are the priorities [41, 44].

2.1.4 2D based Talking Head Generation

Understanding how human emotions arise—and how they map across audio and visual
cues—is crucial for generating truly expressive human faces. We now introduce Talking
Head Generation. Research on 2D talking-head generation spans two intertwined threads:
(i) self-/weakly-supervised image animation that transfers motion from a driving signal to
a static portrait via learned 2D correspondences, and (ii) speech-driven synthesis that con-
ditions the animation on audio while preserving the identity and visual fidelity of the input
face. Below we outline related approaches, focusing strictly on 2D formulations without
requiring explicit 3D reconstruction.

Early systems established the idea of learning to warp a source portrait using motion
cues estimated from a driving frame or video, e.g. Figure 2.2, or to animate a single por-
trait image based on one audio chunk, e.g. Figure 2.3. Both methods learn to manipulate
a face via disentangled codes and a learned warping field [46]. First-Order Motion Model
(FOMM) generalizes this idea with keypoint-based motion and learned local affine trans-
forms, enabling one-shot reenactment and robust transfer across identities [47]. Subsequent
work improves motion expressivity and temporal stability: Motion Transformer leverages
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Figure 2.2: Example for 2D talking Head Generation based on frame driven method and
audio driven method reproduced from MakeitTalk [4]

transformer-based temporal aggregation for unsupervised animation [48], other 2D method
[5] navigates a latent space with a warping renderer to produce temporally coherent edits
and reenactment [49]. Methods such as sadtalker [50] further decouple pose and expression
within a 2D editing pipeline to reduce jitter and identity leakage during reenactment [51].
One-shot free-view talking-head synthesis also appears in the 2D literature through strong
warping and rendering modules that preserve identity across poses [52]. Collectively, these
approaches show that 2D motion fields, learned keypoints, and latent warping can deliver
convincing facial dynamics without explicit geometry, though challenges remain in handling
large pose, occlusion, and long-range temporal consistency.

For audio-driven 2D talking head generation, early work like Anitalker [5], as shown
in fig:anitalker generates mouth motion and coarse head dynamics from speech with identity
preservation. Wav2Lip (“a lip-sync expert”) [53] demonstrates that precise lip synchroniza-
tion can be obtained by focusing on an audio-visual sync discriminator and a 2D generator,
improving robustness “in the wild”, it also conclude that audio feature has high correlations
to lip region than other facial parts. Subsequent systems emphasize controllability and pose
sensitivity in purely 2D setups: PC-AVS factorizes pose control from the audio-visual repre-
sentation for pose-consistent animation [54], and Audio2Head targets one-shot generation
with natural head motion while remaining in the 2D warping-and-rendering regime [?]. With
the advent of diffusion, many works replace adversarial renderers with audio-conditioned
diffusion processes to enhance visual fidelity and reduce artifacts while staying 2D at infer-
ence time (e.g., DiffTalk [55], Diffused Heads [56], Diff2Lip for lip-synchronization [57],
and EMO for expressive audio-to-video diffusion [58]). These diffusion-based 2D gener-
ators tend to improve image realism and diversity, though at increased computational cost.

Across both reenactment and speech-driven settings, a central 2D question is how to
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Figure 2.3: Example for 2D talking Head Generation based on audio driven method repro-
duced from Anitalker [5]

encode motion in a way that is expressive yet identity-agnostic. Purely explicit 2D control
points (e.g., landmarks) are highly interpretable but can be too rigid for subtle dynamics,
motivating learned motion latents and stronger warping renderers. An interesting single-
identity study by Luo et al. [59] transfers human talking-face motions to animal faces,
achieving cross-domain facial reenactment. Another persistent issue is that identity leak-
age during cross-identity driving, which 2D pipelines address by better factorization of ap-
pearance/motion and by training objectives that regularize identity consistency. Evaluation
typically relies on 2D reconstruction and perceptual metrics (PSNR/SSIM/LPIPS), identity
similarity (CSIM), and audio-visual sync scores (e.g., LSE-D) on public talking head monoc-
ular datasets such as VoxCeleb [60], HDTF [61], and VFHQ [62] that provide unconstrained
faces and in-the-wild conditions for 2D face learning. Overall, 2D talking head generation
has converged on (i) learned warping fields guided by keypoints or motion latents, (ii) audio-
conditioned 2D generative models (increasingly diffusion-based) for lip-sync and prosody-
aligned motion, and (iii) lighter identity and pose controls that keep pipelines efficient while
remaining robust under real-world variability.

2.1.5 3D Head Reconstruction

Purely 2D pipelines animate a reference image via warping and inpainting [63, 64, 65, 66,
67]; they are fast and data-friendly but struggle with disocclusions and identity drift under
large view changes. 3D head reconstruction is closely linked to digital avatar methods that
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support diverse inputs (multi-view images, monocular video, or a single portrait image) and
a range of representations, from classical meshes to volumetric/radiance fields and recent
popular Gaussian Splatting representation. Current systems build animatable head avatars
with (i) textured meshes [68, 69, 70, 71, 72], (ii) volumetric or NeRF-like models [73, 74,
75], and (iii) point-based methods [76]. Meshes are efficient, easy to rig, and align well with
3DMM controls [77], but can miss fine details (e.g., hair/teeth). Volumetric/radiance-field
methods capture rich appearance and view-dependent effects at higher rendering cost [11],
often guided by 3DMM parameters or learned latents [78, 79, 80, 74]. A complementary
line uses 3D Gaussian Splatting [81], achieving photoreal quality with efficient optimization
and real-time rendering; head-specific variants show high fidelity and explicit rigging [82,
83, 84, 85, 86].

Single-image avatars rely on large-scale priors to (i) directly regress meshes [87, 88, 89],
(ii) predict feature-grid/tri-plane-style representations and use feed-forward neural render-
ers [90, 91, 92, 93, 94], or (iii) adapt NeRF-like fields for one-shot settings [95, 96]. Ex-
pression/pose control is typically driven by 3DMM conditioning, latent controls, or learned
deformation fields [97, 98, 99, 100]. Across different 3D representations, the main trade-
offs are rendering speed vs. photorealism, explicit control vs. expressivity, and robustness to
challenging domains (e.g., stylized or low-light data).

Across different 3D representations, neural scene representations have become a com-
pelling alternative for modeling facial geometry and view-dependent appearance from sparse
captures. Implicit radiance fields (NeRF) parameterize colour and density as continuous
functions, achieving high-fidelity novel-view synthesis under multi-view supervision [101].
Deformable extensions such as Nerfies and D-NeRF model nonrigid motion via per-frame
warps or canonical fields, improving temporal coherence for expressive faces [102, 103].
Head-specific variants condition the radiance field on audio to animate lips and jaw directly
from speech (e.g., AD-NeRF), enabling talking-head synthesis without explicit blendshape
rigs [104]. To increase efficiency, tri-plane feature representations (EG3D) replace full volu-
metric grids with three orthogonal feature planes, delivering fast rendering and GAN-based
inversion/editing while preserving fine identity cues [105]. More recently, explicit point-
based encodings with 3D Gaussian Splatting (3DGS) trade volumetric integration for differ-
entiable rasterization of anisotropic Gaussians, yielding order-of-magnitude speedups and
sharper details from limited views [106]. While these neural 3D families excel at photoreal-
istic view synthesis and can capture subtle, view-dependent facial reflectance, they typically
rely on short-baseline multi-view or carefully calibrated monocular video, and require addi-
tional canonicalization.
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2.1.6 Face priors

Face specific priors are very important for 3D head reconstruction. The classic 3D Mor-
phable Model (3DMM) is one typical face specific prior with a linear shape–appearance sub-
space learned from scans, fitting via analysis–by–synthesis [107]. Its public successor, the
Basel Face Model (BFM), broadened access to a research community and catalyzed a decade
of work on 3D face analysis [108]. Subsequent efforts increased population coverage and
statistical power by collecting larger, more diverse scan corpora to learn neutral–expression
identity spaces [109, 110]. These linear identity spaces are compact and easy to fit, but
their expressiveness is limited by the training cohorts (age, ethnicity, expression neutral-
ity) and by linearity assumptions. Beyond pure identity spaces, expression variability has
been modeled additively by learning a residual PCA space on top of the neutral identity
subspace [111], or jointly via multilinear (tensor) models that disentangle identity and ex-
pression factors [112]. Practical facial reenactment pipelines often combine linear identity,
linear expression, and albedo components to enable real–time performance capture and edit-
ing from RGB video [113]. Expression–specific PCA banks [114] offer another alternative.
While effective, these approaches can struggle to represent the continuum of natural facial
motion when training data cover only a few discrete poses; multilinear models, in particular,
presuppose a limited set of expression modes shared across subjects.

High-end capture pipelines combine dense scanning and semi-automatic tracking to
produce personalized rigs and photoreal animation (e.g., Digital Emily) [115]. Online or
real-time variants learn corrective spaces or example-based rigs to adapt to new performances
without full re-scans [116, 117, 118]. At the same time, internet photo collections and
monocular videos have been exploited for person-specific reconstruction using shape-from-
shading, 3D flow, and texture synthesis [119, 120, 121], demonstrating feasibility outside
controlled studios but with remaining challenges in geometry accuracy, temporal coherence,
and illumination disentanglement. Building expressive models from many subjects and ex-
pressions hinges on robust nonrigid registration. Variants of nonrigid ICP and learned corre-
spondence have been developed for static faces [122, 123], while dynamic capture pipelines
reduce drift using anchor frames and repeated expressions [124]. Co-registration methods
align entire datasets while simultaneously learning a shared template and deformation pri-
ors [125], enabling consistent mesh topology across subjects and frames—a prerequisite for
learning statistical spaces from 4D sequences. Practical pipelines also benefit from explicit
eye modeling to avoid attributing eyeball geometry to eyelids during fitting, which otherwise
yields artifacts and photometric residuals in the periocular region [126]. Recent model fam-
ilies integrate the above ingredients—large, diverse identity scans; sequence-driven expres-
sion spaces; localized parameterizations; and robust co-registration—to balance genericity
with per-subject fidelity. Compared to earlier tensor or residual schemes bound to discrete
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expression sets, sequence-trained expression spaces can better capture the continuous na-
ture of facial motion observed in 4D scans, while still retaining a compact parameterization
amenable to optimization and animation.

2.1.7 Face probabilistic model

Single-view 3D head reconstruction [127] is an ambiguous problem due to the fact that
training data usually have limited variation in poses, particularly in face monocular videos.
Recently, diffusion models have been employed for conditional novel view synthesis [128]
and also multi-view synthesis [129]. Since the results usually have ambiguous geometry, the
output rendered results can exhibit noticeable artifacts, particularly a lack of texture details in
unseen views. This can be mitigated by distilling prior knowledge from a 2D model [7, 130].
Diffusion further expands the toolbox: latent diffusion for images/videos provides strong pri-
ors and scalable decoders [131, 132, 133, 134]; 2D-diffusion–based 3D/4D synthesis recov-
ers shape/dynamics via score distillation and trajectory or hierarchical priors [135, 136, 137,
138]. Multi-view diffusion generates consistent view sets for reconstruction [139], enabling
“generate-and-reconstruct” workflows such as CAT3D [140]. For single-image heads, Mor-
phable Diffusion conditions on 3DMM signals to yield controllable, 3D-consistent multi-
view imagery [141].Existing 3D reconstruction works found that distilling knowledge from
2D images could help to make the 3D representation much more controllable by reconstruct-
ing a geometry at every step of the denoising process [142]. Other works pre-train a robust
reconstructor [143] and use a 3D prior [144] which can be used in an image-conditioned
auto-decoding framework. However, their work is complex and computationally heavy to
train. We also leverage a pretrained 2D generative prior when training for 3D reconstruc-
tion; this helps our method with extreme-view 3D head reconstruction, but avoids expensive
iterative sampling.

2.1.8 Face Datasets

One of the biggest limitation for face datasets, is that in the wild data usually don’t cover
full head viewpoints, but mostly are frontal viewpoints, therefore existing 3D face recon-
struction models usually fail to reconstruct the back view of the head. We introduce the
commonly used datasets in face domain in this section. Most of face datasets are face-
centric and downloaded from YouTube or staged recordings, offering many identities with
emotion labels; many include audio–video (VoxCeleb1/2 [60, 145], LRW, LRS2 [146, 147],
CREMA-D [148], MEAD [149], VFHQ [150], TalkingHead-1KH [151], Obama [152],
while others are images only, e.g. CelebA [153], CelebAMask-HQ [154]. They differ
mainly in amount of identities, modalities, labels, resolution and quality. CelebV-HQ [155]
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Figure 2.4: Conclusion about face dataset [5]

and CelebAMask-HQ [154] are high quality datasets. High-quality videos or images, e.g.,
HDTF [61], CelebV-HQ, and CelebAMask-HQ [155, 154] has shown more geometric detail
and mouth teeth fidelity. MEAD [149], RAVDESS [36], MSP-IMPROV [35], CREMA-
D [148] contain more emotion annotations. LRW, LRS2, HDTF, TalkingHead-1K and
VoxCeleb show reliable alignment of audio–video sequences, thus they are better for lip
Synchronization. Semantic masks in CelebAMask-HQ [154]) are quite precise, and there
are diverse poses and motions are shown in Voxceleb, LRS, VFHQ and TalkingHead-1KH
[60, 145, 147, 150, 151].

All these datasets various in many aspects, they commonly offer many identities and
in-the-wild captures, which helps train more generic generative models. For 2D talking
head modelling, LRW, LRS2, Talkinghead-1KH, and voxceleb2 [146, 147, 151, 145] are
preferable, they typically do not include emotion labels, their alignment quality benefits
speech-conditioned generation. In this thesis, for the human emotion recognition task, we
employ RAVDESS, MSP-IMPROV, and CREMA-D because they provide well-annotated,
acted emotions collected in controlled lab environments, leading to high label reliability. For
the talking-head generation task, we use monocular datasets, i.e. HDTF and TalkingHead-
1K since they present a more challenging, limited-viewpoint setting with a larger number of
identities captured in the wild.
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Figure 2.5: Example for single-mage 3D animal reconstruction reproduced from 3D-Fauna
[6]

2.2 Reconstructing Articulated Animals

2.2.1 3D Reconstruction of Animals and priors

Both 3D head reconstruction and articulated animal reconstruction benefit from strong priors
for accurate geometry. Unlike the human-face domain, animals exhibit complex, varied body
topologies, which makes learning substantially harder. As shown in Figure 2.5, body topolo-
gies vary across animal species. In practice, 3D priors for animals are typically provided by
SMAL [156] rather than FLAME [157], which helps for generate articulated animals. Early
approaches therefore fit pre-defined parametric SMAL [156] model to single images using
2D keypoints and silhouettes, and later extend this paradigm to multi-view settings [158]. A
complementary line of work directly optimises category shapes from small image or video
collections, augmenting mask supervision with additional cues such as keypoints [159, 160],
self-supervised semantic correspondences [161, 3], optical flow, surface normals [162] , and
category-specific templates [163].

Practically, these methods rely on differentiable rendering and carefully designed ob-
jectives that balance data terms and priors. Typical losses include keypoint reprojection
and silhouette consistency, mask IoU terms, flow- and normal-consistency across frames
or views, as well as geometry regularizers such as Laplacian/ARAP smoothness, symme-
try constraints, and articulation consistency around a kinematic skeleton [68–71, 74–76].
Many pipelines also estimate or refine camera parameters jointly with shape and pose, en-
force multi-view cycle consistency, and use temporal smoothness to stabilize video-based
optimization [68–71]. When available, category templates (or learned morphable families)
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constrain the search space and improve identifiability under heavy occlusion and background
clutter [6, 58, 80, 81]. Despite impressive progress, persistent challenges include large intra-
class variability, extreme articulation, and scale–pose ambiguity from single views. Robust
correspondence learning [74–76], stronger motion cues from long videos [68–71], and richer
anatomical priors continue to close the gap, showing that careful integration of weak 2D sig-
nals with lightweight shape priors can mitigate the scarcity of ground-truth 3D annotations
for animals.

2.2.2 Animal Rigging

Research on animal rigging includes controllable skeletal–skin models for animation has
evolved along two threads and is increasingly hybrid. Template-based methods build on
parametric LBS rigs such as SMAL [156], transferring human-pose practices to quadrupeds
and fitting shape/pose to images or videos; they benefit from dense pixel–mesh correspon-
dences (e.g., CSE) [8] to overcome the front-view bias and sparsity of keypoints and to
stabilize non-frontal views and temporal consistency. To further constrain optimization in
casual videos, recent systems couple SMAL with Structure-from-Motion for camera sep-
aration and temporal regularization, and replace sparse joints with CSE-driven dense su-
pervision to improve coverage of side/rear views. Meanwhile, template-free pipelines (e.g.,
LASR/ViSER/BANMo/RAC) learn canonical spaces and deformation fields from monocular
or multi-video inputs, often achieving compelling view synthesis but sometimes sacrificing
anatomical plausibility and mesh fidelity relative to rig-constrained models. Contemporary
approaches increasingly hybridize these lines: SMAL-like kinematic structure anchors artic-
ulation; CSE fields provide dense correspondences for analysis-by-synthesis fitting; and im-
plicit appearance modules (e.g., duplex/NRF-style textures) are deformed consistently with
the rig to capture fine surface detail, yielding animatable avatars that track motion and texture
in casual videos and outperform prior template-based (BARC/BITE) [1, 2] and template-free
(RAC) baselines on COP3D [162] and APTv2 [164].

2.2.3 Learnable Deformable 3D Representations for Animals

Learning deformable 3D animal categories requires a representation that is both expressive
enough to capture non-rigid shape variation and structured enough to remain identifiable
from weak supervision. Early works rely on explicit triangular meshes with per-vertex off-
sets, regularized by geometric priors such as ARAP, and often paired with linear blend skin-
ning (LBS) to model articulation [165, 166, 10, 167, 168]. Parametric animal models like
SMAL constrain deformation to a low-dimensional manifold and provide rig-aware con-
trol, at the cost of requiring curated scans and limiting topology change [12]. To increase
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flexibility while retaining control, cage- or bone-driven models and other low-dimensional
controls have been explored [169, 168, 10]. In contrast, implicit neural fields (e.g., SDFs
and NeRF) represent geometry volumetrically and have shown strong capacity for detail
and topology variation [170, 171, 101, 172], and their dynamic counterparts (D-NeRF, Ner-
fies, A-NeRF) capture motion via time- or pose-conditioned radiance fields [173, 102, 174].
However, purely implicit approaches face practical issues when coupling articulation with
rendering, notably the need to invert deformations from posed/world space back to a canon-
ical field, which is harder than forward skinning [175]. Recent category-from-video sys-
tems (LASR, ViSER, BANMo) therefore combine optical flow/masks and engineered objec-
tives to optimize animatable shapes; while effective, they can be brittle and computationally
heavy [160, 161, 176]. Hybrid designs that marry implicit fields with explicit meshes offer
a promising middle ground: an SDF in canonical space is converted to a mesh (e.g., via
DMTet) for efficient posing and differentiable rendering, keeping strong priors on articu-
lation while retaining implicit expressivity [177]. MagicPony [163] exemplifies this trend
by learning a category-level implicit–explicit prior and articulating an extracted mesh for
analysis-by-synthesis training from single images, showing that hybrid SDF–mesh repre-
sentations alleviate optimization instabilities and reduce supervision compared to purely
mesh- or NeRF-based pipelines [163]. Animal Avatars similarly demonstrates that, in ca-
sual videos, SMAL-based LBS with dense correspondence and photometric losses yields
riggable avatars, highlighting the benefit of rig-consistent deformation spaces when super-
vision is limited [178]. Overall, the field is converging on learnable deformable represen-
tations that integrate (i) explicit articulation priors (rigs, skeletons), (ii) implicit fields for
geometry/appearance, and (iii) correspondence- or feature-based supervision, achieving ani-
matable, re-targetable reconstructions with reduced reliance on 3D ground truth [163, 176].
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Chapter 3

Detail-Enhanced Intra- and
Inter-modal Interaction for
Audio-Visual Emotion Recognition

We now introduce our method for understanding human expression, corresponding to our
first task, human emotion recognition. In this task, emotion recognition is approached
through apparent emotion, namely the observable affective signals conveyed by facial ex-
pression and vocal cues. Since our model only has access to visual and audio cues, the task
is to infer emotion labels from these observable signals rather than to directly access the sub-
ject’s latent internal state. The setting that given a face image and its corresponding audio
segment as input and outputs the predicted emotion class. We describe the task in detail in
the following sections.

3.1 Introduction

Capturing complex temporal relationships between video and audio modalities is vital for
Audio-Visual Emotion Recognition (AVER). However, existing methods lack attention to
local details, such as facial state changes between video frames, which can reduce the dis-
criminability of features and thus lower recognition accuracy. In this paper, we propose a
Detail-Enhanced Intra- and Inter-modal Interaction network (DE-III) for AVER, incorpo-
rating several novel aspects. We introduce optical flow information to enrich video rep-
resentations with texture details that better capture facial state changes. A fusion module
integrates the optical flow estimation with the corresponding video frames to enhance the
representation of facial texture variations. We also design attentive intra- and inter-modal
feature enhancement modules to further improve the richness and discriminability of video
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Figure 3.1: Setting for our task(AVER): Given one face image and corresponding audio
chunk, emotion is classified based on fusion method

and audio representations. A detailed quantitative evaluation shows that our proposed model
outperforms all existing methods on three benchmark datasets for both concrete and continu-
ous emotion recognition. To encourage further research and ensure replicability, our project
code is public avaliable at https://github.com/stonewalking/DE-III.

The basic setting of our task is that giving one face image and one audio chunk, we fuse
the feature extracted from them, and regress the features for final classification, as shown in
Figure 3.1. Emotion perception is attracting ever-increasing research attention due to its wide
range of applications, such as affective computing [179], human-computer interaction [35],
and social robotics [180]. Multi-modal emotion recognition, especially integrating audio and
video (i.e. AVER), is particularly important since it makes use of the information present
in two modalities that are vital to human communication. Unlike single-modal emotion
recognition, multi-modal emotion recognition has access to different representations of the
same emotion from different modalities. This improves feature representation capabilities
and distinguishability, leading to improved recognition accuracy [181, 182].

However, there are still two challenges that are the focus of ongoing research in AVER:
(i) how to enhance the representation of fine details within modalities, such as tiny details
of facial motion (e.g. due to micro-expressions), and (ii) how to better leverage inter-modal
associations to fully exploit the complementary information from different modalities. Solv-
ing both will enable learning better feature representations, and improve emotion recognition
accuracy.

When learning features from one modality, intra-modal temporal relationship mining
[183, 184, 185] and feature detail enhancement [186] are important ways to make features
more discriminative. For instance, [185] proposed an adaptive graph attention network to
explore the relationship between frames of videos for micro-expression recognition, while
[186] introduced optical flow to replace face images for micro-expression recognition based
on a multi-scale feature representation. However, these methods focus on the single-modal
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setting, and cannot exploit information from multiple modalities. [183] used self-attention
[187] within each modality to enhance their representation and then fused them by a linear-
based function to classify; however this cannot fully account for the complex, nonlinear
relationships between audio and video.

Multi-modal approaches have recently become mainstream [188, 189, 190] since con-
sidering both audio and video further improves representations, by fusing information in
associated video frames and audio fragments. For example, [182] explored the effectiveness
of different variants of transformer-based inter-modal attention mechanisms for AVER and
showed inter-modal interaction can significantly improve performance. However, although
inter-modal interaction improves recognition, these methods do not investigate modeling
temporal relationships within each modality. [191] adopts a multi-branch joint auxiliary
training method, designing independent audio and video branches and multi-modal fusion to
enhance feature relationships, which greatly improves recognition performance. [192, 193]
used a network shared across modalities to encourage consistency of the multi-modal feature
space. However, since different modalities have different feature distributions and properties,
a shared network may not fully capture the unique characteristics of each modality, resulting
in information loss.

Most of the relationship modeling strategies mentioned above [194, 195, 192, 193]
model temporal relationships based on implicit appearance representation of video frames
and audio fragments, but ignore an inherent challenge of AVER – that in video features the
frame-to-frame variations of faces are much weaker than in audio. For example, there may
be significant changes in content and intonation between two audio fragments, while there
is little difference between video frames. It is clear that these missing explicit details, es-
pecially state changes between face frames of videos, may lead to reduced discriminability
of feature representations during the relationship modeling process, thereby affecting the
accuracy of AVER.

We address these issues by introducing a multi-modal interaction network (Figure 3.2)
that incorporates an explicit representation of visual detail changes between frames, and
which can better fuse the complementary information from video and audio. Different
from methods that directly model relationships between local regions of a facial sequence
[196, 197, 198, 199], optical flow is a simple and effective way to represent the state changes
between the facial frames. Optical flow can enhance the discriminability of visual repre-
sentations by directly highlighting significant detail differences between frames, especially
those texture changes that can express facial emotions [186]. To this end, we propose a
novel detail-enhanced intra- and inter-modal interactions network (called DE-III) for AVER,
which integrates explicit optical flow information into an end-to-end multi-modal interac-
tion framework. In addition, two independent multi-modal interaction fusion mechanisms
and multiple residual connections further alleviate the information loss problem in existing
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shared interaction strategies [192, 193]. Our main contributions are as follows:

• we explicitly capture detail changes between video frames using optical flow, and
integrate this information using a lightweight attentive fusion module;

• we design novel detail-enhanced intra- and inter-modal interaction modules for the
video and audio modalities, which can effectively fuse associated information of one
modality into the other modality and reduce information loss by residual connections.

We evaluate the resulting model and several variants on three widely used benchmarks
and obtain highly competitive results including a new state-of-the-art on multiple metrics,
e.g. 83.7% F1-Micro score on CREMA-D, 82.7% accuracy on RAVDESS and the highest
scores on MSP-IMPROV with 89.3%, 88.7% and 85.8% for valence, arousal and domi-
nance.

3.2 Related Work

Emotion recognition has received a significant amount of attention in the computer vision
community. Numerous methods [200, 201, 202, 203] have been proposed to solve this task
by using different data modalities, such as images, speech and text. These methods can be
divided into two main kinds: unimodal methods (that input just one modality), and multi-
modal methods (that input two or more modalities). Our proposed DE-III belongs to the latter
category, combining audio and video modalities to improve the performance of emotion
recognition.

3.2.1 Unimodal Emotion Recognition

Unimodal emotion recognition methods [200, 204, 201, 202, 203] focus on application sce-
narios where only one kind of data is available; they design feature enhancement and inter-
action methods based on the inherent properties of the corresponding modality. The most
common methods are text-based [205, 206, 204] and image-based [200, 201, 202]. For
example for text, [204] present a BERT-based model to explore the importance of context
extraction in texts for emotion recognition. One work by [207] proposed one sequence-based
convolutional neural network to detect human emotion from big data. However, it is harder
to to accurately predict human emotions from a text transcription compared to using richer
modalities such as images or videos. For image data, [202] proposed feature decomposition
and reconstruction learning for effective facial image expression recognition. [208] intro-
duced the image depth information to improve the context information of images, which im-
proved the representation capability and thus recognition accuracy. Moving to video, [209]
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introduced facial micro-expression analysis methods that can improve emotion recognition
by capturing richer contextual sequence information than static images. Although unimodal
emotion recognition has achieved substantial progress and delivers promising results, it is
inherently limited by having less information available than multi-modal approaches.

3.2.2 Multi-modal Emotion Recognition

Recently, multi-modal emotion recognition has become mainstream [210, 211, 191, 195,
193, 192, 182, 212, 181] due to its ability to fully exploit the complementary information
present in different modalities. For instance, [182] explored the effectiveness of different
variants of transformer-based inter-modal attention mechanisms for audio-video emotion
recognition and showed that inter-modal interaction can significantly improve performance.
[213] showed that combining audio and with a corresponding text transcription improves
the representation ability of features, since audio captures details of intonation, while text
captures semantics more explicitly. Moreover, [211] fused three modalities (audio, text and
vision), further improving recognition accuracy. The above works indicate that combining
multiple modalities can significantly enhance the discrimination ability of fused represen-
tations and thus the recognition performance. In this work, we study multimodal-based
emotion recognition, specifically for audio-video emotion recognition (AVER). The most
similar works to ours are [192, 193], both of which used a transformer-based architecture
that is shared across video and audio modalities to encourage consistency of the multi-modal
feature space. However, their proposed shared network cannot fully capture the unique fea-
ture distributions of each modality, such as explicit facial state changes between face video
frames, resulting in the loss of information during the multimodal relationship modeling pro-
cess. Unlike [191, 212, 181], which adopt attention-based neural network to effectively pro-
cess and integrate audio modalities, our model not only learns the intra-relationships within
video feature representations but also models the inter-relationships when attentively fuses
the audio representation. Our proposed model augments video features with optical flow
information before fusing with the audio features. Unlike traditional methods [214] that di-
rectly combine the optical flow features with visual representations, we use Conformer [195]
networks to extract context-aware features, and design a novel pairwise O-V attention fusion
module to combine them.

3.3 Method

The overall framework of our proposed model DE-III is shown in Figure 3.2. We first extract
video and audio features, then enhance their representative power through temporal relation-
ship modelling within their respective modalities, also fusing optical flow information with
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Figure 3.2: Overview of our proposed method DE-III. Given video frames vi and audio
fragments ai, we extract features and pass these through separate Conformer encoders. We
introduce explicit information about facial motions – captured by optical flow oi – to enhance
video feature representations, with a new pair-wise O-V attention fusion module that effec-
tively integrates the information from optical flow and video frames. We propose an inter-
modal feature enhancement module (large boxes near top) to attentively fuse the associated
audio and video representations in both directions, i.e. audio-to-video and video-to-audio.
During training, the final emotion predictions are calculated independently from three sets
of features: the video features albeit with audio information fused (i.e. without the model
components in the chequered box); the converse using the audio features; and finally using
both sets of features after a further fusion stage. During inference, we use the prediction
head that performed best on validation data.

the video features to better capture detail changes. Then, the inter-modal feature enhance-
ment module performs attention-weighted fusion of each modality’s information with the
other modality.

3.3.1 Audio Self-enhancement Module

To represent the information in audio, we use a pre-trained wav2vec model [215] to embed
the extracted audio fragments.The original speech audio is resampled at 16 kHz. Specifi-
cally, we split a given audio clip into a sequence of m fragments A = {a1, a2, . . . , am}
using a sliding window. Then we use the wav2vec-large-robust model to extract correspond-
ing fragment-level representations Ȧ = {ȧ1, ȧ2, . . . , ȧm}. Next, a Conformer encoder [195]
(a transformer-based model with convolutions to improve temporally-local information pro-
cessing) is used to obtain enhanced audio-fragment representations Ā = {ā1, ā2, . . . , ām}
that account for (intra-modal) local and global temporal relationships.
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3.3.2 Video Pairwise Attention Enhancement Module

Different from the audio features where contextual semantics are clear, i.e. there is clear se-
mantic content and significant intonation changes, in the video, subtle yet important changes
in facial texture tend to be lost during feature extraction. We therefore use a pre-trained opti-
cal flow model [216] to extract the flow oi between adjacent pairs of video frames {vi−1, vi},
where i ∈ {1, . . . , n} and n is the number of video frames; this can explicitly represent fine-
grained changes of facial texture such as micro-expressions. In our implementation, the opti-
cal flow is estimated as a 2D vector field and then converted into a three-channel RGB image
using an HSV-based encoding. Specifically, motion direction is mapped to hue, normalized
motion magnitude to saturation, and the value channel is fixed. Then, we employ the widely-
used EfficientNet-B2 model [179], which has been fine-tuned on VGGface2 [217] dataset,
to extract representations for video frames and their corresponding optical flow maps; we
denote these features by V̇ = {v̇1, v̇2, . . . , v̇n} and Ȯ = {ȯ1, ȯ2, . . . , ȯn} respectively. To
further enhance the representational ability of these visual features, we use two indepen-
dent Conformer encoders [195] to embed them into the same dimensional space as the audio
modality. This also allows for subsequent inter-modal interaction. We next propose a simple
and efficient pairwise O-V attention fusion module to combine the features of frames and op-
tical flow into a joint embedding space. Specifically, we use a fully-connected (FC) layer to
map the features at each time-point to two channels, then apply a softmax function [218] and
interpret these values as weights for the frame and flow features respectively. We finally ob-
tain the detailed-enhanced video representation ovi by a weighted sum of linearly-projected
frame features and corresponding flow features. Thus, we set

[ōi : v̄i] = [Conformer(ȯi) : Conformer(v̇i)], (3.1)

(βo, βv) = softmax(FC([ōi : v̄i])), (3.2)

ovi = βoWoōi + βvWvōi, (3.3)

where [ : ] denotes concatenation along the channel dimension, Wo and Wv are the linear
projection parameters, and βo + βv = 1. We refer to the two conformers followed by the
OV-fusion as the pair-wise attention enhancement (PAE) module. Compared with simple
concatenation, our pair-wise O-V attention fusion adaptively selects the more informative
channel. Since the softmax weights βo and βv are likely to often be close to 0 and 1, and
the larger value is frequently pushed close to 1 while the smaller one is pushed close to 0,
meaning that the fusion often primarily attends to either the optical-flow or the RGB feature
rather than averaging them equally.



3.3. Method 30

3.3.3 Inter-modal Feature Enhancement Module

Inspired by the attention mechanisms [190, 191], we next design an inter-modal feature
enhancement module (IFE) that allows each modality to attend to the other and integrate rel-
evant information. For simplicity we describe only the audio-to-video fusion (IFE-Video);
however a similar approach is used for video-to-audio. We want to allow the enhanced video
frame features ovi to attend to features of relevant audio fragments Ā = {ā1, ā2, . . . , ām}.
Different from traditional self-attention [187] and cross-attention [181], we take the target
video frame ovi as the query to calculate the attention weights, with the audio fragment
defining the keys and values after the linear projections. Attentive fusion from another
modality allows relevant modality information to be extracted and integrated, thereby im-
proving the distinguishability of target modality representation. Finally, we obtain the video
representations ÖV = {övi} after IFE by adding a residual connection, and passing through
a feed-forward block (FFB) which contains two linear layers. In summary, we set

sij =
(Wovovi)(Waāj)

T

||Wovovi|| ||Waāj||
∀ i ∈ {1, . . . , n}, j ∈ {1, . . . , m} (3.4)

αij =
exp(sij)∑m
j=1 exp(sij)

(3.5)

övi =
∑m

j=1
αijW̄aāj + ovi, (3.6)

where Wov, Wa and W̄a are linear projection parameters. Similarly, we obtain the attention-
aware video fragment representations of each audio fragment and combine them with an
audio residual operation to give the final audio representations Ä = {ä1, ä2, ..., äm}.

3.3.4 Feature Aggregation and Objective Function

Since we want to make a single prediction for an entire video, we max-pool the features along
the temporal axis, yielding a video-centric feature vector öv∗ from ÖV , and audio-centric
feature vector ä∗ from Ä (note that öv∗ still incorporates information fused from the audio
modality as described in Section 3.3, and vice-versa). Since the supervision is provided at the
utterance level, pooling allows information from all frames and audio fragments to contribute
to the final representation, rather than assigning the training signal to only a single time step.
We use three independent emotion prediction heads (each a multi-layer perceptron) with
corresponding losses to jointly optimize different branches the model – the video-cross loss
LV (using öv∗ as input to the MLP), audio-cross loss LA (using ä∗) and audio-visual fusion
loss LF (using öv∗ concatenated with ä∗). The overall objective function is the sum of
the three losses. We use multi-class cross-entropy for datasets with discrete emotion class
labels, and concordance correlation coefficient (CCC) for datasets with continuous labels.
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Table 3.1: Comparisons with state-of-the-art methods for AVER on CREMA-D, MSP-
IMPROV and RAVDESS (in %). The best results are bold and second-best underlined.

Method
CREMA-D MSP-IMPROV RAVDESS

F1-Macro F1-Micro Val. Aro. Dom. Acc.

Multi. [181] 64.4 69.2 77.5 76.1 77.8 78.5
MMER [182] – – – – – 81.6
UAVM [192] 74.9 76.9 47.1 54.4 68.7 –

AuxFormer [191] 69.8 76.3 67.2 65.2 82.0 –
LADDER [212] 80.2 80.3 – – – –

DE-III (ours) 79.5 83.7 89.3 88.7 85.8 82.7

Specifically, CCC is given by

LCCC = 1− 2ρσxσy
σ2
x + σ2

y + (µx − µy)2
(3.7)

where µx and µy are the mean of the predicted result ŷ and the label y, respectively, σx and
σy are their standard deviations, and ρ is their Pearson correlation coefficient (a ρ value close
to ±1 suggests a strong linear relationship, while a value of 0 signifies the absence of any
linear correlation). During inference we can use predictions from any of the three heads; for
our main experiments we use the prediction head that performed best on the validation data.

3.4 Experiments

3.4.1 Experimental Setup

Datasets and Metrics.

To verify the effectiveness of our proposed approach, we evaluate it on three popular AVER
datasets: CREMA-D [219], MSP-IMPROV [35] and RAVDESS [36]. CREMA-D consists
of 7,442 facial videos with corresponding audio from 96 participants (48 male, 48 female).
Each audio-video clip is labeled with one of 6 concrete emotion classes – anger, disgust, fear,
happiness, sadness, and neutrality. RAVDESS consists of 2,880 videos from 24 actors, each
enacting eight concrete emotional states. MSP-IMPROV consists of 8,385 audio-video clips
from 12 participants (6 male, 6 female) with each clip labeled by both concrete emotional
states and continuous emotional states – valence, arousal and dominance; following previous
works [181, 182, 192, 212] we use only the continuous labels. We adhered to the protocol
in [182, 191], with 5 separate folds where each fold divides the data into training, valida-
tion, and test sets with non-overlapping actor identities. We evaluate based on the most
commonly-used metrics for each dataset – F1-Macro and F1-Micro for CREMA-D [219],
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Accuracy for RAVDESS [36] and CCC for MSP-IMPROV [35].

Implementation Details.

All models were trained for up to 20 epochs using early stopping on the validation set, and
we report our results on the test set. We choose hyper-parameters based on validation set
performance. We use AdamW for optimization with a learning rate of 5 × 10−6 and weight
decay of 5 × 10−2. The face images are extracted from each frame of every video clip and
resized to 224× 224 pixels. We generate optical flow maps using [216] and normalize their
magnitude by a standard deviation calculated from the local optical flow magnitude at ev-
ery pixel position within an entire video clip. We use the pre-trained EfficientNet-B2 from
[179] to extract features from the video frames and optical flow maps. The audio features
are extracted using wav2vec2-large-robust [215]. Separate Conformer encoders for video
and audio map the extracted features to vectors of 1408-dimension each. Each Conformer
block has a hidden dimensionality of 512, with 8 attention heads. The number of blocks
in the acoustic, visual, and optical flow Conformers were set to 3, 3, and 2, respectively.
For the prediction heads, we use MLPs with hidden dimensionality of 512. Our IFE mod-
ule (Section 3.3) uses single-head attention [187] with the linear feed-forward block and the
highlighted fusion feature dimensions remain unchanged. All models are trained and eval-
uated across five folds on each dataset with five different random seeds, and the reported
results are averaged over all folds and seeds.Our model was implemented in PyTorch and
trained on 2 NVIDIA RTX A5000 GPUs, taking 1 hour.

3.4.2 Quantitative Comparison

In Table 3.1 we present quantitative results for our method and several existing works: 1)
Multi [181], a transformer-based cross-modal attention fusion method; 2) MMER [182], with
multiple self-attention fusion mechanisms; 3) UAVM [192], a transformer-based feature en-
hancement model with a shared audio-visual encoder; 4) AuxFormer [191], a transformer
framework with two independent auxiliary branches; 5) LADDER [212], a transformer-
based cross-attention framework with auxiliary reconstruction tasks. We see that compared
with the previous best method LADDER [212] on CREMA-D, our DE-III achieves higher
performance in terms of F1-Micro score, 83.7% vs. 80.3%. On MSP-IMPROV, our DE-
III attains excellent CCC values of 89.3% for valence (Val.), 88.7% for arousal (Aro.), and
85.8% for dominance (Dom.), establishing a new state-of-the-art for this dataset. Moreover,
we also achieve a better accuracy (Acc.) score on RAVDESS compared with the SOTA
method, 82.7% for DE-III vs. 81.6% for MMER.
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Table 3.2: Effectiveness of our inter-modal feature enhancement module (IFE), evaluated on
CREMA-D.

Method
Cross attention Accuracy

A-cross V-cross F1-Macro F1-Micro

IFE-Fusion ✓ ✓ 77.2 82.2
IFE-Audio ✓ ✗ 78.3 82.2
IFE-Video ✗ ✓ 79.5 83.7
None-IFE ✗ ✗ 75.8 78.6

3.4.3 Ablation Studies

In this section, we evaluate the performance benefit due to various components and design
decisions in our model.

Effects of Inter-modal Feature Enhancement (IFE).

In the IFE block, we define video attending to audio as V-cross and audio attending to
video as A-cross. We first experiment with removing the IFE module (i.e. without any inter-
modality fusion, only RGB images and flow maps, denoted None-IFE). In Table 3.2, we see
a large performance drop in this setting – compared with the best output (from IFE-Video),
the F1-Macro and F1-Micro scores decrease by 3.7% and 5.1% on the CREMA-D test set,
respectively. This suggests that inter-modality fusion plays an important role in improving
AVER capabilities. Recall that our model has three prediction heads: IFE-Audio (i.e. us-
ing features ä∗), IFE-Video (i.e. using öv∗) and IFE-Fusion (i.e. using their concatenation).
While the main results use IFE-Video at inference time, we also report results from the others
in Table 3.2. IFE-Video achieves the best AVER performance, 79.5% F1-Macro and 83.7%
F1-Micro. The other prediction heads achieve slightly lower though still competitive results.

Effects of Video Pairwise Attention Enhancement (PAE) Module.

To demonstrate our ablations on pair-wise attention enhancement (PAE) Module, we cat-
egorize different settings as ”Fuse when?”, ”Visual input”, ”sequential model”, and ”Fuse
how?”. Results on CREMA-D are given in Table 3.3, all using the IFE-Video prediction
head. We first present results when trained with only one part of the video information, i.e.
RGB images only (IFE-V-F), or optical flow maps only (IFE-V-O). We see that IFE-V-O
achieves 55.4% F1-macro and 64.9% F1-micro. The result shows optical flow informa-
tion present low capability to distinguish emotions, and it is much weaker than using RGB
images only. When combining optical flow maps with RGB images in the full model (IFE-
Video), there is a remarkable performance improvement vs. IFE-V-F. It indicates that the
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Table 3.3: Effectiveness of different approaches to inter-modal fusion within our model,
evaluated on CREMA-D.

Model
Fuse when? Visual input Seq. model Fuse how? Accuracy

Early Late Flow RGB Conf. Transf. Concat Sum PAE F1-Macro F1-Micro

IFE-V-O n/a ✓ ✓ n/a 55.4 64.9
IFE-V-F n/a ✓ ✓ n/a 76.7 81.4

IFE-V-FOSC ✓ ✓ ✓ ✓ ✓ 78.5 81.7
IFE-V-FODC ✓ ✓ ✓ ✓ ✓ 77.8 82.6
IFE-V-FODS ✓ ✓ ✓ ✓ ✓ 78.0 81.8

IFE-V-Early ✓ ✓ ✓ ✓ ✓ 79.2 83.0

IFE-V-Trans ✓ ✓ ✓ ✓ ✓ 77.9 82.6

IFE-Video ✓ ✓ ✓ ✓ ✓ 79.5 83.7

flow maps indeed augment the video feature representations. Next, we replace our PAE with
one single conformer followed by one OV-fusion block. To pass the image and optical flow
features together into the conformer, we attempt several alternative operations– temporal
concatenation (IFE-V-FOSC), channelwise concatenation (IFE-V-FODC), and summation
(IFE-V-FODS). We see (Table 3.3) that our PAE module achieves the highest recognition
performance, with 1.0% improvement over IFE-V-FOSC on F1-macro and 1.1% improve-
ment over IFE-V-FODC on F1-Micro. These observations indicate that our PAE module is
a more effective fusion method for combining visual features and optical flow features. Fi-
nally, we explore early fusion and late fusion strategies. We find that by moving OV-fusion
block before the Conformer (IFE-V-Early), accuracy decreases slightly vs. having OV-fusion
after the Conformer (IFE-Video), by 0.3% F1-Macro and 0.7% F1-Micro. We hypothesise
that this is because the additional computation performed beforehand by the Conformer is
beneficial in helping the OV-fusion module to determine whether to focus on image or flow
information for each time-point. Additionally, we compare our method by replacing the con-
former to the vanilla transformer [187], the accuracy decreases slightly by 1.6% and 1.1%,
this demonstrates that the conformer is superior to the vanilla transformer at the image level
in capturing changes in facial details from feature representations.

Effects of optical-flow extraction variants.

We next experiment with using different sliding window lengths and strides when extracting
the optical flow from the videos. Firstly, we vary the window length while keeping the stride
fixed to 1 (i.e. moving frame by frame). Secondly, we vary both the window length and the
stride together (i.e. non-overlapping windows). The results in Table 3.4 show that using a
window length of 1 with a stride of 1 performs best. Increased window lengths, with fixed or
increasing strides, show consistent drops in performance, with the worst-performing variant
having window length of 5 and stride of 1 (achieving 74.3% F1-Macro, versus 79.5% for
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Table 3.4: Effectiveness of different feature extractors and frame-selection strategies for
optical-flow, evaluated on CREMA-D for our IFE-Video model variant.

Feature extractor Window Stride
Accuracy

F1-Macro F1-Micro

EfficientNet-B2 [179] 1 1 79.5 83.7

3 1 76.1 81.4
5 1 74.3 80.8
7 1 75.2 81.6

3 3 77.2 82.4
5 5 76.2 80.7
7 7 78.5 82.8

DINOv2 [23] 1 1 76.8 82.6

window length and stride of 1). This indicates that temporally-fine-grained information is
valuable in increasing the accuracy of emotion recognition. We also experiment with using a
different backbone feature extractor for the optical flow, since face images and flow-maps are
quite different domains. We choose DINOv2 [23], which has been shown to be robust across
many image domains, and fix the window length and stride to 1 (i.e. the best-performing
setting). However, we find it performs worse than using EffcientNet pre-trained on a large
face images dataset, dropping from 79.5% to 76.8% F1-Macro and from 83.7% to 82.6%
F1-Micro.

3.4.4 Qualitative Analysis

To better understand the behavior of our model, we visualize the inter-modal fusion weights
αij for IFE-Audio and IFE-Video (see Section 3.3) in Figure 4.10. The brightness of each lo-
cation in the heatmap represents the strength with which the modality on the horizontal axis
is attending to that on the vertical axis, at that particular time-point. The pattern of attention
varies considerably for different points along the horizontal axis, showing that the model
does not attend to fixed, specific points in the other modality, but adapts depending on the
current features, and presumably the varying emotional states depicted in the video. Notably,
the heatmaps do not exhibit a bright diagonal line; this indicates that time-points generally
attend not to the corresponding time-point in the other modality, but to other (presumably
relevant or informative) time-points. Overall these results suggest that our inter-modal fea-
ture enhancement module can selectively fuse the useful information from each modality
into the other.
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Figure 3.3: Heatmaps showing inter-modality attention weights calculated by IFE-Audio
(left) and IFE-Video (right), for an example sequence with emotion ‘angry’. The horizontal
axis corresponds to time-points in one modality, which is fusing in information from the
other modality on the vertical axis. Brighter colors indicate stronger attention to the time-
point on the vertical axis, from the time-point on the horizontal axis.

3.5 Conclusion

We have presented a new model, DE-III, for audio-visual emotion recognition, which com-
bines intra- and inter-model feature enhancement in a unified framework. DE-III introduces a
pair-wise attention fusion method that integrates explicit facial detail changes between video
frames, captured by optical flow. It not only improves the distinguishability of features
within each visual modality, but also further increases the effectiveness of subsequent inter-
modal feature interactions. Our results demonstrate that DE-III enhances emotion recogni-
tion by optimally fusing the information available in different modalities. Indeed, our model
achieves state-of-the-art performance on three popular datasets, for both concrete and con-
tinuous emotion labels. This chapter addresses the task of interpreting human expressions,
while the next chapter focuses on talking head generation, and facilitate reconstructing ex-
pressive human faces.

3.6 Future Work

In this section, we summarise the limitations of this work and propose future work to enhance
understanding of human emotion states. In this task, we focus on multimodal modeling to
better understand human emotional states through a deterministic model.
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Despite being trained and evaluated on three benchmark datasets, our model still faces
generalization challenges due to the limited number of training identities, which may lead to
reduced accuracy on in-the-wild data. Further improvement could be achieved by training on
larger-scale datasets, such as LRW [146] and LRS2 [147], that include more diverse identi-
ties and well-synchronized audio-visual data. We extract features from 2D images and audio
cues, combine with optical flow feature for fusion [23, 22]. These features are implicit fea-
tures, more explicit feature injected into the pipeline might benefit the overall accuracy, such
as landmarks, action units and face correspondences feature. To make the fused represen-
tation more robust and semantically aligned, audio–visual contrastive pretraining [220, 221]
can establish soft cross-time anchors before fine-tuning, and max-pooling over time can be
upgraded to attention-based or multi-scale temporal aggregation for longer clips. Besides,
it is also possible to inject 3D facial priors (3DMM/action units, head pose, lip dynamics)
to capture micro-expressions [222]. Human emotion recognition has largely overlooked 3D
representations. Moving forward, 3D-aware models should be optimized end-to-end with
geometry-aware losses, validated on in-the-wild datasets.
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Chapter 4

Splat-Portrait: Generalizing Talking
Heads with Gaussian Splatting

In this Chapter, we tackle our second task, talking head generation. Unlike building a regres-
sion model for human expression classification, in this task, we aim to generate expressive
and natural talking heads. The setting of it is that it takes one portrait image and its cor-
responding audio segment as input and generate 3D head and 4D talking sequences. We
describe the tasks in detail in the following sections.

4.1 Introduction

Talking Head Generation (THG) aims to synthesize natural-looking talking videos from con-
ditioning information such as driving speech [223, 50, 224, 225] or driving videos [226, 225,
92]. Previous 3D talking head generation methods have relied on domain-specific heuristics
such as warping-based facial motion representation priors to animate talking motions, yet
still produce inaccurate 3D avatar reconstructions, thus undermining the realism of generated
animations. We introduce Splat-Portrait, a Gaussian-splatting-based method that addresses
the challenges of 3D head reconstruction and lip motion synthesis. Our approach automati-
cally learns to disentangle a single portrait image into a static 3D reconstruction represented
as static Gaussian Splatting, and a predicted whole-image 2D background. It then generates
natural lip motion conditioned on input audio, without any motion driven priors. Training
is driven purely by 2D reconstruction and score-distillation losses, without 3D supervision
nor landmarks. Experimental results demonstrate that Splat-Portrait exhibits superior perfor-
mance on talking head generation and novel view synthesis, achieving better visual quality
compared to previous works.

The generation of talking heads has received increasing attention due to its importance
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Figure 4.1: Settings of Splat-Portrait: given a single portrait image and a corresponding
audio segment, we reconstruct a 3D head model and predict 4D splatting offsets the ensuing
facial expression trajectory.

in various applications, including digital humans [227], virtual video conferencing [228] and
visual dubbing [229]. We study the single-image setting: given a single portrait image and
a corresponding audio segment, we reconstruct a 3D head model and predict 4D splatting
offsets ensuing facial expression trajectory, which we render and composite to produce a
talking-head video (see Fig. 4.1).

Recent 2D methods [50, 230, 231] have achieved significant improvements in video
quality and achieve expressive animation results. However, such 2D methods struggle to gen-
erate views with large head pose variations, and are not guaranteed to output 3D-consistent
renderings from different poses.

3D THG methods [225, 226, 92, 92] have attracted increasing attention in the past two
years, since they simultaneously reconstruct accurate 3D geometry and generate expressive
facial motions, allowing realistic and 3D-consistent portrait rendering from arbitrary user-
controllable viewpoints. The majority of such methods focus on personal talking head gen-
eration [232, 233, 234, 235, 236], where they overfit a single person’s head; they maintain
realistic 3D geometry and preserve rich texture details. However, in this work, we consider
the more challenging setting where we synthesise a 3D talking head given just a single 2D
image, learning a model that generalizes across identities even without 3D supervision.

To represent 3D or 4D faces in THG, Neural Radiance Fields (NeRF) [11] or 3D Gaus-
sian Splatting (3DGS) [237] are commonly used. NeRF-based methods often exhibit prob-
lems such as visual jitters, unsynchronized lip movements, and rendering artifacts; this is
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because the implicit definition of NeRF entangles static facial geometry with dynamic mo-
tion, complicating simultaneous control of lip motions and 3D geometry reconstruction.

Other works [129, 238, 239] have explored 3D Gaussian Splatting (3DGS) [237] for
3D avatar generation in the person-generic setting. Compared to NeRF, 3DGS not only
improves inference speed and visual quality, but is also more controllable due to its explicit
point-cloud-based representation; this makes it possible to animate facial movements more
directly and intuitively. For example, [233] drives Gaussian point clouds for facial motion
using parametric 3D facial models [157], but it is still challenging to generalize to a person-
generic setting. In addition, significant efforts have been made to design and improve 4D
animation conditioned on driving information [225, 236, 238, 233]; the model reconstructs
3D geometry from a single portrait image and learns the corresponding facial motions. These
motions are predicted from either an audio sequence or a video sequence driven by motion
representation priors, e.g., PNCC, SECC and FLAME [240, 226, 157, 241]. These methods
relax the difficulty of model training by injecting domain priors, e.g. 3D distillation [242]
and motion driven priors, which can lead to unnatural results with limited 3D texture details.

Overall, existing works either reconstruct accurate 3D geometry but require multi-view
inputs; or they learn it from monocular videos but yield inaccurate geometry.

In this work, we introduce Splat-Portrait, a novel audio-driven THG method based on
3DGS (see Fig. 4.5). Our method operates in the single-view setting—it reconstructs the 3D
shape of the head directly from one image, outputting pixel-aligned Gaussian splats. To en-
able lip motion during speech, our model learns to directly animate these splats conditioned
on an audio sequence.

Our approach is self-supervised from monocular videos only, and does not rely on 3D
morphable models such as FLAME to represent facial shape and expression. We first train
our model for static splat reconstruction on a large dataset without audio, then fine-tune on
a smaller dataset of portrait videos to learn the correct splat dynamics. This strategy avoids
3D supervision, with the exception of easily-obtained approximate camera intrinsics and
extrinsics. During the fine-tuning stage, to further improve the realism of extreme viewpoints
that are rare in the training data, we adopt score distillation sampling (SDS) [7, 130], to
extract knowledge from a powerful 2D diffusion prior [243].

Existing works [91, 226] typically model only the head region, or model the head and
torso regions as a whole, while disregarding the background. This results in a video of a
‘floating head’, rather than a realistic video of the talking head in context. To address this,
our model also predict a static RGB background image, and alpha-blend the rasterized splats
over this. Driven only by the unsupervised frame-prediction loss, our model automatically
learns to reduce the opacity of splats in the background region, and to inpaint the background
even behind the head, resulting in realistic disocclusions when the head rotates.
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In summary, our main contributions are as follows:

• A novel model architecture that disentangles a single portrait image into an accurate
3D splat representation of the head over an inpainted 2D background.

• Given audio sequences and corresponding time deltas, we show how to directly an-
imate the 3D splats by predicting and adding dynamic offsets, without any complex
motion representation such as a deformation model.

• A self-supervised training recipe that uses only monocular videos, without 3D super-
vision, and integrates knowledge from a strong 2D face prior, distilling its knowledge
to improve reconstruction of extreme views.

Experimental results on the HDTF [61] and TH-1KH [244] datasets demonstrate that our
approach yields higher video fidelity and quality compared with OTAvatar [92], HiDe-NeRF
[226], Real3D-Portrait[225], and NeRFFaceSpeech [245] and GAGavatar[239].

4.2 Related Work

4.2.1 3D Head Reconstruction.

3D Gaussian Splatting (3DGS) [237] has emerged as a popular method for 3D head recon-
struction due to its efficient rendering speed and superior reconstruction quality [233, 129,
246, 238]. Neural Radiance Fields (NeRF) [11] have been widely adopted for 3D talk-
ing head generation; NeRF represents scenes through volumetric radiance fields encoded
by neural networks, enabling photorealistic renderings from novel viewpoints. NeRF-based
methods have naturally extended into talking-head synthesis [232, 247]. Early NeRF-driven
approaches for talking-head reconstruction [248, 92, 249, 247] often require subject-specific
training, limiting their scalability. Recent methods leverage 3DGS to address these limi-
tations by significantly improving rendering speed and depth estimation [237, 233, 234].
3DGS represents scenes explicitly with discrete geometric primitives (3D Gaussians), en-
abling efficient optimization and real-time rendering. Notably, Rivero et al. [250] introduced
a dynamic head reconstruction framework using 3DGS, and GaussianHead [246] further
advanced these capabilities. By binding the Gaussians to an underlying geometric model,
dynamic talking heads can be generated. However, these works for directly regressing 3D
representations require prediction in a canonical space, which often fails to handle extreme
head poses or significant appearance variations, such as non-photorealistic or animated sce-
narios. Current techniques still exhibit overfitting issues and rely heavily on domain priors
during training, such as the parametric FLAME model [157]. Our method builds upon 3DGS
to reconstruct dynamic talking heads directly from a single image.
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Figure 4.2: The pipeline of score distillation sampling from DreamFusion [7]

4.2.2 Probabilistic 3D Reconstruction.

Single-view 3D head reconstruction [127] is an ambiguous problem due to the fact that
training data usually have limited variation in poses, particularly in face monocular videos.
Recently, diffusion models have been employed for conditional novel view synthesis [128]
and also multi-view synthesis [129]. Since the results usually have ambiguous geometry, the
output rendered results can exhibit noticeable artifacts, particularly a lack of texture details in
unseen views. This can be mitigated by distilling prior knowledge from a 2D model [7, 130].
This method is so called score distillation sampling, the idea is originally shared by [7], the
typical pipeline of it is shown as Figure 4.2.

Existing 3D reconstruction works found that distilling knowledge from 2D images could
help to make the 3D representation much more controllable by reconstructing a geometry at
every step of the denoising process [142]. Other works pre-train a robust reconstructor [143]
and use a 3D prior [144] which can be used in an image-conditioned auto-decoding frame-
work. However, their work is complex and computationally heavy to train. We also leverage
a pretrained 2D generative prior when training for 3D reconstruction; this helps our method
with extreme-view 3D head reconstruction, but avoids expensive iterative sampling.

4.2.3 Face Animation.

Initial efforts for talking head animation utilized 2D approaches, employing generative ad-
versarial networks, image-to-image translation [251] or diffusion models [252], to generate
facial animations. Most 2D talking head generation methods design a mapping relation-
ship between face images and audio feature. These methods [50, 253] often underestimate
detailed individual differences. Recently, 3D facial animation methods [226, 225] became
popular, however they adopt PNCC SECC as driving features, leading to unnatural expres-
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Figure 4.3: Visualization of 3DMM shapes and poses obtained from sample identities in the
HDTF dataset.

sions and lip motion. Some warping-based methods [254, 254, 223] employ 3D morphable
models(3DMM), or face blend shapes, which support animation via disentangled represen-
tation of shape, expression and pose. The visualized 3DMM example are shown in Figure
4.3. However, these approaches can fall short of accurately reproducing a talking face due to
limited amplitude, leading to shortcomings in identity preservation and pose controllability.
Our approach is designed to directly edit the 3D representation to animate lip motion over
time.

4.3 Methodology

The overall architecture of our method Splat-Portrait is illustrated in Fig. 4.5. Splat-Portrait
consists of two main stages: (1) pre-training to reconstruct 3D static splats (Sec. 4.3.1); (2)
fine-tuning with an audio-conditioned dynamic decoder (Sec. 4.3.2), while also using score
distillation (Sec. 4.3.3) to refine appearance from extreme viewpoints.

4.3.1 Static Splat Generation

3D Gaussian Splatting (3DGS) [237] uses anisotropic 3D Gaussians as geometric primi-
tives to explicitly represent 3D scenes. For our 3D head reconstruction, we first pre-train
a static generator (SG) that outputs pixel-aligned splats, as shown in Fig. 4.5. The design
of SG is based on Splatter-Image [255]. However, unlike [255] we do not have access to
wide-baseline multi-view images for training; instead we use more challenging monocular
video data. We also predict an inpainted 2D RGB background as well the per-pixel 3D splat
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Figure 4.4: Overview of Splat-Portrait. The identity image Ii is passed through a U-Net
Static Generator(SG) to reconstruct static 3D Gaussian Splats, alpha-blended over a pre-
dicted 2D background. The dynamic decoder estimates splat offsets at timestep Tn using
audio features An and time embedding ∆T . The training procedure consists of two stages,
stage(I): an initial pre-training phase, where the static components are trained on a large-
scale dataset using a static reconstruction loss Lstatic, and stage(II): a fine-tuning phase on
a smaller dataset incorporating an additional dynamic reconstruction loss Ldynamic. And a
score distillation loss LSDS on extreme viewpoints applied during both stages.

attributes, and alpha-blend the rasterized splats over this. During training, we randomly
choose pairs of frames from a video, denoted source image Ii and future image In. Given
Ii, the network predicts a set of Gaussian Splatting parameters GS, at each pixel: opacity
o, scale s, depth d, static offset ∆s, rotation r, splat colour c (encoding per-pixel 3D Gaus-
sian attributes), and the 2D background colour RGB. The view-space 3D position p of the
Gaussian at a pixel with ray direction r is then given by p = r d+∆s.

During training, we feed the network with Ii at time step Ti. Additionally, we inject
the approximate camera-to-world translation and focal length π. We do so by encoding each
entry via a sinusoidal positional embedding of order 9, resulting in 60 dimensions in total.
These are applied to the U-Net blocks via FiLM [256] conditioning. During our experiments,
we found this helps with convergence of depth predictions.

Given the Gaussian attributes described above, we use the differentiable rasterizer R
from [237] to render the splats at canonical space with static offset enabled to reconstruct
images I∗i and I∗n at the camera poses of both Ii and In respectively. We compute a combined
L2 and LPIPS reconstruction loss Lrec

static between corresponding rendered and ground-truth
images, i.e.

Lstatic = ||Ii − I∗i ||2 + ||In − I∗n||2 + λLPIPS [LLPIPS(Ii, I
∗
i ) + LLPIPS(In, I

∗
n)] (4.1)
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Here the LPIPS term combines VGGface and VGG19 features, and the weight λ is em-
pirically set to 0.01. For each image, we render (and calculate the loss) twice, once with
a random coloured background and once with our predicted 2D background alpha-blended
behind the splats. We found that this helps to improve the colour and opacity for both back-
ground and foreground regions, without incorporating any mask supervision.

4.3.2 Audio-Conditioned Dynamic Splats

For predicting audio-conditioned dynamics representing lip movements, we designed a dy-
namic decoder with skip connections from the SG decoder. We only use this during the fine-
tuning stage, after a good static reconstruction model has been learnt during pre-training. It
predicts time-dependent offsets for every splat, conditioned on the audio signal and a time
delta indicating what instant in the audio we want the splat offsets for. In our experiments
we found that including this time delta improves convergence of the dynamic decoder.

For a given input frame Ii, and future frame In plus its contemporaneous audio segment,
we first extract audio features using Wav2Vec2-XLSR 53 [257]. Our model employs ded-
icated networks to fuse audio and temporal information effectively. Specifically, audio fea-
tures are first encoded through an audio feature extraction module (AudioNet), which com-
prises several 1D convolutional layers followed by fully connected layers to yield compact
audio embeddings. These embeddings are further refined through an attention-based network
(AudioAttNet); this consists of a series of convolutional layers with decreasing channel sizes
(from 16 to 1) interleaved with LeakyReLU activations. The output from these convolutional
layers is then reshaped and passed through a linear layer followed by a softmax operation to
calculate attention weights across the audio sequence. The weighted audio embeddings are
summed to produce a refined audio representation capturing temporal dependencies across
audio frames. For temporal embeddings, positional encoding or Fourier-based embeddings
are utilized to encode timestep information; then audio and temporal embeddings are com-
bined to form the conditioning feature. This combined embedding is injected into the dy-
namic decoder using FiLM conditioning, allowing the audio and time delta to control the
generated motion. During training, when the input image shows a closed or only slightly
open mouth, the teeth and parts of the inner mouth can be fully or partially occluded. When
the mouth opens at a future time step, the model must still generate plausible teeth and mouth
appearance. This means the task is not only to deform visible geometry, but also to predict
the occluded content from the source image. In practice, this requires the dynamic splats to
model the teeth and inner mouth part.

Our dynamic decoder outputs a dynamic offset ∆d for the splat at each pixel, condi-
tioned on time T . Hence the splat position at time T is pT = p+∆d. To effectively train our
model and maintain the static reconstruction ability learnt during pre-training, we adopt both
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Lstatic loss and the SDS loss introduced in Sec. 4.3.3. We render the source frame I∗i with
dynamic offsets fixed to zero (as in Sec. 4.3.1), but now render the future frame I∗∗n using the
predicted offsets. Our dynamic reconstruction loss in the fine-tuning stage is:

Ldynamic = ||Ii − I∗i ||2 + ||In − I∗∗n ||2 + λLPIPS [LLPIPS(Ii, I
∗
i ) + LLPIPS(In, I

∗∗
n )] (4.2)

4.3.3 Distillation from a 2D diffusion prior

In the fine-tuning stage, we also use score distillation [7] to extract knowledge from a 2D
diffusion model [243] to improve the appearance of extreme poses. We first render our
predicted reconstruction at a randomly sampled extreme pose, then crop and align the image
following [258] to match the distribution learnt by the 2D diffusion model. Given this aligned
image xclean, we then add a random amount of noise then run the reverse diffusion process.
This score distillation sampling (SDS) is important for our talking head generation setting.
Unlike original DreamFusion [7] SDS, our goal is not to synthesize a new identity or alter the
underlying facial motion, but to use the 2D diffusion model as a portrait realism prior for the
supervision of rendered head images. we apply this prior only to extreme viewpoints, where
monocular talking head reconstruction is typically most under-constrained due to limited
viewpoints and missing texture evidence. In this way, the diffusion prior mainly improves
realism and texture completion for challenging poses while preserving the geometry, identity,
and expression predicted by our model.

Specifically, we define a sequence of noise levels σ as follows:

σi =

[
σ

1
ρ
max +

i

N − 1

(
σ

1
ρ

min − σ
1
ρ
max

)]ρ
, (4.3)

where σmax and σmin denote maximum and minimum noise levels, ρ is a hyper parameter
controlling the distribution of timesteps, and N is the total number of discretized steps. We
choose the noise level from 60%–80% of the original range used in training the diffusion
model, since we found this range effectively preserves the portrait’s overall appearance while
significantly improving texture inpainting for extreme viewpoints.

The noised image at the initial timestep t0 is generated by adding Gaussian noise to
the normalized input image, i.e. xnoised = xclean + σ0 · ϵ, where ϵ ∼ N (0, I). For each sub-
sequent timestep, we perform an Euler integration step to progressively denoise the image.
Specifically, given the current timestep tcur and next timestep tnext, the Euler step is computed
as:

xnext = xcur + (tnext − tcur) · dcur, dcur =
xcur − net(xcur, tcur)

tcur
, (4.4)

where net represents the pre-trained denoiser model.
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Figure 4.5: Visualization results for SDS loss during training, with top row: sampled extrem
viewpooints, middle row: with random noise added, bottom row: denoised rgb

This sampling procedure yields a denoised face image (the final xnext) that is similar to
the original rendered one, but more realistic according to the diffusion prior. We define a loss
LSDS as the L2 reconstruction loss between the rendered frame xclean and the denoised frame,
back-propagating only into the former. This guides our rendered frames to look more like
similar realistic samples from the diffusion model. During training, we randomly sample
extreme viewpoints following a bullet-effect trajectory, with pitch variations up to ±12.5◦

and yaw variations up to ±45◦ from the canonical view, and apply the SDS loss between Ii
and xclean. Note that unlike [7] and common practice, we apply the SDS loss during model
training, not during inference, meaning the latter remains very fast.

4.3.4 Overall Loss

Our total losses are defined as follows. For stage one (static pretraining):

Ltotal static = Lstatic(Ii, In) + LSDS. (4.5)

For stage two (audio-conditioned fine-tuning):

Ltotal dynamic = LLdynamic(Ii, In) + LSDS. (4.6)

In both cases, we use AdamW for optimization, with a learning rate of 2.5×10−5 and weight
decay of 10−5.
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4.4 Experiments

Datasets and Implementation Details. We evaluate our approach on two widely
used datasets of monocular talking portrait videos – HDTF [61] and TalkingHead-1KH
[244]. HDTF consists of over 400 samples of talking videos from over 350 subjects. For
TalkingHead-1KH, we manually select 1100 identity videos following a similar distribution
as HDTF, such that there is no occlusion over the torso and mouth, and with static back-
ground. Each identity video contains minimum 300 frames and maximum 10000 frames.
We extract frames at 25Hz, and the audio sampling rate is 16kHz. We resize the image
frames to 256 × 256. Following the steps in [232], we follow [247] to use 3DMM optimiza-
tion to extract approximate intrinsic and extrinsic camera parameters. We use the complete
video clips (often with substantial camera motion) for training. For evaluation, we randomly
sample 50 identity videos as test sets, and use the first 5s of each. We adopt the SongUNet
[259] architecture for our static encoder and dynamic decoder.

Metrics. We measure the quality of synthetic images using structural similarity (SSIM),
peak signal-to-noise ratio (PSNR), Learned Perceptual Image Patch Similarity LPIPS [260],
and Fréchet Inception Distance (FID); we use Cosine similarity (CSIM) for measuring iden-
tity preservation, and SyncNet [261] to measure lip synchronization scores (LipSync).

Baselines. We compare our approach to several existing 3D talking head generation
works. OTAvatar [92] is a video-driven method that uses a pre-trained 3D GAN to ob-
tain a 3D talking portrait video; HiDe-NeRF [226], a 3D talking face model that uses a
motion prior and deformation field for face animation; Real3D-Portrait [225], a nerf-based
method that uses images generated by EG3D to train a 3D model; NeRFFaceSpeech [245]
one nerf-based audio driven method for synthesising talking head video, and the state-of-
the-art GAGavatar [239]. Additionally in the audio-driven setting, we extend GAGavatar
with ARtalker [262]. Note OTAvatar and HiDe-NeRF are video-driven methods, they are
not directly driven by audio; for fair comparison, we use the same identity video as driving
video for evaluation. We set the input image size as 256×256 to enable fair comparison,
upsampling for methods that require this. We compare the baselines using their preferred
masking and cropping settings.

4.4.1 Quantitative Evaluation

We compare with the baselines in same identity and cross-identity settings. During testing,
the driving motion condition and head pose are obtained from a reference video. Under the
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Source OTAvatar NerfFaceSpeech Hide-Nerf GAGAvatar Real3D Ours Our depth

Source Our depth Real3D Depth Source Our depth Real3D Depth Source Our depth Real3D Depth

Figure 4.6: Qualitative results. Top: We show source frames from five videos, future pre-
dicted frames from ours and baselines, and future depths from ours. Bottom: Additional
examples of 3D reconstruction, for our method and Real3D-Portrait, displaying the input
frame, and the reconstructed depth-map from each method.

Method PSNR ↑ SSIM ↑ LPIPS ↓ CSIM ↑ FID ↓ LipSync ↑

OTAvatar 13.85 0.488 0.432 0.559 78.98 5.908
NeRFFaceSpeech 13.90 0.520 0.480 0.580 64.6 4.880
HiDe-NeRF 21.44 0.685 0.221 0.716 28.63 5.552
Real3D-Portrait 22.40 0.758 0.191 0.761 35.69 6.681
GAGAvatar + ARtalker 23.08 0.786 0.182 0.753 37.89 6.580
Ours 23.87 0.814 0.128 0.811 25.58 6.328

Table 4.1: Quantitative evaluation of our method and baselines in the same identity setting.
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Method CSIM ↑ FID ↓ LipSync ↑

NeRFFaceSpeech 0.450 50.80 4.423
OTAvatar 0.521 79.32 5.032
HiDe-NeRF 0.628 31.23 5.652
Real3D-Portrait 0.691 40.82 6.521
GAGAvatar + ARtalker 0.687 35.82 6.503
Ours 0.726 28.62 6.218

Table 4.2: Quantitative evaluation of our method and baselines in the cross-identity setting.

Figure 4.7: Setting comparison for baselines and our method

same-identity setting, we use the first frame of the reference video as the source image; oth-
erwise, the source image is of a different identity. For the cross-identity setting, for Real3D-
Portrait, we only compare with its audio-driven setting. Quantitative results concerning the
quality and fidelity for the same-identity setting are listed in Tab. 4.1. These show that our
method outperforms other state-of-the-art approaches on almost all fidelity metrics. This is
despite our method being trained without 3D supervision, using only a dataset of monocu-
lar videos. Splat-Portrait achieves the best overall video quality, as well as higher LipSync
score, demonstrating that our 3D deformable model without any motion representation could
sync well on lip motions. In Figure 4.7, we show different settings for the baselines and our
method. Moreover, our model achieves the highest performance on CSIM, meaning it has a
strong ability to preserve subject identity in different views. We also compare the baselines
with cross-identity evaluation, where the driving videos are obtained from a reference video,
and we use another identity for target. Since there is no ground truth for this setting, we
evaluate the results only on CSIM, FID and Lip sync. The results are given in Tab. 4.2. We
see that our method performs best on FID and CSIM, which indicates our model still yields
high video generation quality even in this more challenging setting.

4.4.2 Qualitative evaluation

In this section we provide visual comparisons of all tested methods (see Figure 4.6). We
find that our method preserves face texture details, such as hair and wrinkles well, yielding
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Figure 4.8: More results of Splat-Portrait. From left to right: predicted frame, predicted
background(second and last second columns), depth, extreme-view renderings, and ground
truth (third and last columns).

high-quality novel views. In particular, our method preserves details such as earrings which
move during the video. Since we do not require the head to be pre-segmented, our method
handles fine details at the silhouette edges well, and effectively blends the rendered portrait
over the estimated background. Fig 4.6 also compares depth-maps rendered by our model
with those from Real3D-Portrait, to better visualise the quality of the 3D shape. We show
more of our results in Figure 4.8. Compared with Real3D-Portrait, it is clear that our method
preserves much more detailed geometry information.

4.4.3 Ablation Study

We test four ablations of our model: (1) w/o time delta, which does not inject the time em-
bedding (see Sec. 4.3.2); (2) w/o pre-training, which does not pre-train the static generator
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Method PSNR ↑ SSIM ↑ LPIPS ↓

w/o time delta 22.68 0.768 0.146
w/o pre-training 23.30 0.758 0.149
w/o SDS 23.58 0.788 0.147
w/o static offset 23.30 0.791 0.145
only future l2 loss 23.41 0.772 0.138
Full (SP) 23.87 0.814 0.128

Figure 4.9: Ablation study showing the benefit of different components of our model.

Figure 4.10: Ablation results under three head yaw angles: -35° (top row), 0° (middle row),
and +35° (bottom row). The columns from left to right correspond to the following settings:
without pre-training, without SDS loss, without static offset, using only the future L2 loss,
and our full model.

(see Sec. 4.3.1); (3) w/o SDS, which omits the score distillation loss during the fine-tuning
stage (see Sec. 4.3.3); (4) without static offsets during fine-tuning stage; (5) without the
initial-frame reconstruction loss, only the future reconstruction loss. We show the results in
Fig. 5.6. Without the pre-training process, we see the 3D geometry accuracy drops signif-
icantly, the reconstructed 3D head exhibits flattened geometry, with reduced 3D structure.
Training with only one frame for supervision instead of two randomly selected frames, it
is hard to reconstruct depths and static offsets (and thus the static shape of the face) well,
as some structural information is instead represented in the dynamic offsets. As shown in
Fig. 5.6, when enabling static splat offsets, the visualized 3D representation shows a smooth,
realistically curved geometry. Lastly our SDS loss greatly enhances the realism of extreme
poses.
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4.5 Conclusion

We proposed Splat-Portrait for Talking Head Generation. Our method is trained on monoc-
ular videos without 3D supervision, yet can synthesize accurate 3D geometry and plausible
lip movements directly from a single portrait image, yielding state-of-the-art results. By
effectively disentangling static and dynamic attributes and using a score-distillation loss,
Splat-Portrait significantly enhances realism, particularly from extreme viewpoints rarely
encountered during training. Additionally, the simplicity and efficiency of our model struc-
ture allow it to animate 3D splats effectively without complex deformation models, making
it lightweight and practical for real-world applications. In this chapter, we focus on re-
constructing human faces. In the next chapter, we introduce methods and insights for the
reconstruction of animals.

4.6 Future work

In this section, we discuss the future directions of Splat-Portrait. Our current splat-portrait
model is trained purely with 2D supervision. While it yields strong reconstruction quality,
it still fails to recover a complete head under large viewpoint changes, primarily because
the training data lack full head coverage. A promising direction is to adopt a powerful pre-
trained generative prior—e.g., CogVideoX-2B [263], to improve generalization to unseen
regions via prior-driven completion. In addition, our approach does not create any stochastic
content; the reconstructed expressions are sometimes imperfect. In particular, eye blinking
and other fine-grained facial nuances are rarely captured. Incorporating a stochastic expres-
sion prior (e.g., diffusion- or VAE-based) could better model the nuances of facial dynamics.
Moreover, audio features are strongly correlated with the mouth region but are less correlated
with other facial areas, making audio-conditioned expression synthesis inherently ambigu-
ous. Future work should therefore explore uncertainty-aware objectives and latent-variable
conditioning to disambiguate audio-to-expression mapping. Finally, although our method
reconstructs portrait content reliably, it struggles under large torso motions because we only
use camera extrinsics associated with the head. We plan to jointly estimate head and torso ex-
trinsics without relying on any “ground-truth” camera poses, enabling end-to-end, pose-free
optimization that accounts for coupled rigid motions.
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Chapter 5

Articulated Animal Reconstruction

In this chapter, we focus on our final task, Articulated Animal Reconstruction, Unlike the
human-face domain, animals exhibit complex, varied body topologies, which makes recon-
structing a 3D animal substantially much harder. In contrast to building a generic talking
human face model, our goal in this task is to overfit a single monocular animal video in order
to reconstruct the animal’s 3D geometry and 4D motions.

5.1 Introduction

We consider the task of creating animatable 3D dog avatars from single-view videos. This
problem is difficult because animals often move in unpredictable, non-rigid ways and show
large variations in appearance such as fur patterns and tails. Based on the original work
from AnimalAvatar [178], we analyse their performance, and make some extensions. The
overall setting of this approach is given a monocular video of a dog, AnimalAvatar builds
a template-based method to reconstruct the shape, time-dependent motion and texture, as
shown in Figure 5.1.

AnimalAvatar builds a 4D representation that jointly captures pose changes and canon-
ical appearance across frames. To improve shape fitting, AnimalAvatar extends the SMAL
model with Continuous Surface Embeddings (CSE), providing dense image-to-mesh con-
straints instead of relying on sparse keypoints. For appearance modelling, AnimalAvatar
designs an implicit duplex-mesh texture defined in the canonical pose, which deforms with
SMAL pose parameters and ensures photometric consistency with the input frames. How-
ever, in AnimalAvatar we often observe misalignment between the SMAL model and the
ground-truth animal videos. To further enhance the mesh optimization, we propose a dense
tracker loss based on AnimalAvatar to further track better 3D geometry. We also evaluate
more animal videos than original AnimalAvatar did. Experiments on these videos show that
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Figure 5.1: Setting of the extended AnimalAvatar method: given a monocular video of a
dog, we extract their dense tracker feature, and then AnimalAvatar builds a template-based
method to reconstruct the shape, time-dependent motion and texture.

our extension on AnimalAvatar outperforms both template-based and template-free baselines
in pose estimation and appearance reconstruction.

Reconstructing realistic and animatable 3D animal models from everyday videos is an
emerging and challenging topic in computer vision. Unlike rigid objects or static scenes,
animals exhibit a wide range of complex, non-rigid deformations and diverse surface ap-
pearances such as fur, colour variations, and tails. Building 3D models that can represent
both geometry and motion of animals from casual, monocular videos would enable numer-
ous applications in augmented and virtual reality, video editing, and behaviour analysis.

While modern approaches have achieved impressive progress in reconstructing humans
from videos [168, 264, 265], extending these techniques to animals remains difficult. Human
reconstruction benefits from large 3D scan datasets and dense annotations [266, 267], but
similar resources are rarely available for animals. Consequently, existing methods either rely
on synthetic data or limited annotated image collections such as StanfordExtra [268, 269].

Template-based methods address this by using the SMAL model [156], a parametric
representation similar to the SMPL model for humans. SMAL provides a deformable mesh
template with pose and shape parameters, enabling single-view or multi-view 3D reconstruc-
tion of quadruped animals [1, 2]. However, these approaches often depend on sparse 2D
keypoints that primarily cover frontal body parts, making reconstructions from side or rear
views unreliable.Recent progress in differentiable rendering [270] and neural implicit repre-
sentations [101, 105] has opened new possibilities for learning 3D geometry and texture from
images. At the same time, works such as BANMo [176] and RAC [3] demonstrated the po-
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tential of learning canonical 3D embeddings from videos of deformable objects. However,
these methods are either template-free and prone to geometric inconsistency, or template-
based but lack dense image-to-surface correspondences.

The key idea of AnimalAvatar to integrate the SMAL parametric model with Continu-

ous Surface Embeddings (CSE) [271], enabling dense pixel-to-vertex correspondence across
diverse viewpoints. Furthermore, AnimalAvatar adopt a duplex-mesh implicit texture repre-
sentation that maintains appearance consistency under articulated motion, and a temporal op-
timization strategy that decouples camera and subject motion using Structure-from-Motion
(SfM) [272]. In this work, we extend the AnimalAvatar method, and do a more thorough
evaluation on Cop3d data. For accurately reconstructing animatable and textured 3D animal
models directly from monocular videos, we propose a new dense tracker loss. Through these
design choices, our extended model produces geometrically accurate, temporally consistent,
and photo-realistic reconstructions without requiring multi-view data or 3D supervision. We
evaluate the overall approach on the CoP3D [162], achieving superior performance com-
pared to both template-based (BARC, BITE) and template-free (RAC) baselines. In sum-
mary, our main novel contributions of the extended AnimalAvatar [178] from the original
AnimalAvatar [178] method are twofold. First, we introduce a dense tracking loss, beyond
AnimalAvatar [178], that provides 3D-aware pixel motion supervision for articulated animal
reconstruction. By modelling pixel movements across consecutive frames, it adds stronger
constraints on pose and shape estimation and improves reconstruction accuracy. Second,
we perform a substantially more comprehensive evaluation than the original AnimalAvatar
work, using not only its original data but also more diverse and challenging videos with
difficult lighting, occlusions, complex articulations, and complex animal textures. These
experiments show that the original method generalizes poorly in such scenarios, while our
approach achieves more robust performance.

5.2 Related Work

5.2.1 Template-based Animal Reconstruction

Early progress in 3D animal reconstruction has relied on parametric template models de-
rived from limited 3D scans. The SMAL model [156] introduced a skinned linear shape
representation similar to SMPL [168], enabling optimization of animal pose and shape from
2D keypoints. Subsequent works improved realism by integrating breed-specific shape pri-
ors and learning-based regressors. We show Flame, SMPL and SMAL model in Figure 5.2
For instance, BARC [1] leveraged breed information to infer dog shape and pose directly
from single images, while BITE [2] enhanced SMAL-based estimation with learned pose
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Figure 5.2: Three Parametric model: Flame, SMPL and SMAL.

priors and multi-view consistency. Despite their success, these template-based approaches
heavily rely on sparse semantic keypoints and annotated silhouettes, which restrict their gen-
eralization to unseen poses and camera viewpoints. Furthermore, they often fail to capture
fine-scale geometric or appearance details beyond the coarse mesh topology defined by the
template.

5.2.2 Template-free and Implicit Representations

Recent advances in neural implicit modeling and differentiable rendering have enabled learn-
ing 3D geometry and appearance directly from image supervision. Methods such as Sof-
tRas [270] and NeRF [101] have shown that dense photometric consistency can replace
explicit 3D supervision. These techniques were later extended to dynamic or deformable
scenes, as in BANMo [176] and RAC [3], which reconstruct canonical 3D models of hu-
mans and animals from monocular videos. However, fully template-free models typically
struggle with non-rigid objects like animals, suffering from pose ambiguity, drift, and lack
of temporal coherence. Hybrid methods combining implicit fields with deformable tem-
plates [273, 274] attempt to overcome these issues but still depend on strong priors or con-
trolled multi-view data.
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Figure 5.3: Continuous Surface Embeddings for in the wild animals, reproduced from [8]

5.2.3 Dense Correspondence and Feature Supervision

Dense pixel-to-surface correspondences offer an alternative to sparse landmark supervision
for articulated reconstruction. Continuous Surface Embeddings (CSE) [271] introduced a
descriptor space that provides dense correspondences between 2D pixels and 3D surface
points, enabling stronger geometric constraints. This approach has been successfully applied
in works such as CoP3D [162], which reconstructs deformable pets from casual videos, and
APTv2 [164], a large-scale dataset for animal pose estimation and tracking. CSE has various
animal categories and provide rich dense correspondences, examples are shown in Figure
5.4. Combining such dense supervision with parametric models like SMAL allows for more
accurate alignment across varied viewpoints. Nevertheless, most existing studies focus either
on static pose estimation or rely on controlled laboratory settings. AnimalAvatar builds upon
these insights and introduces a unified framework that jointly optimises animal pose, shape,
and texture from monocular videos by combining SMAL priors with dense correspondence
learning and implicit appearance modelling.

5.2.4 Dense Tracking for Animal Reconstruction

While dense correspondence descriptors such as CSE [271] offer powerful frame-wise pixel-
to-surface mappings, they do not explicitly model temporal coherence across frames, which
is crucial for reconstructing dynamic animals. Recent advances in dense point tracking have
introduced architectures that jointly reason over spatial and temporal correlations to establish
long-range correspondences between arbitrary frames in a video.

The most notable of these is AllTracker [275], a state-of-the-art model that unifies opti-
cal flow estimation and point tracking under a multi-frame dense correspondence framework.
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Figure 5.4: Qualitative results of AllTracker for pixel tracking on animal images. From left
to right: input image, tracking representation, and intermediate pixel tracking visualization
result.

Unlike conventional optical flow models [276, 277], which estimate instantaneous motion
between adjacent frames, or sparse point trackers such as CoTracker3 [278], AllTracker esti-
mates the flow between a reference “query” frame and all subsequent frames simultaneously,
producing full-resolution, all-pixel correspondence maps. The dataset it trained on contains
animal data, one example of AllTracker is shown in Figure 5.4. It operates in a sliding-
window fashion across long video sequences, using a recurrent module with spatial 2D con-
volutions and pixel-aligned temporal attention to iteratively refine motion estimates. This
design enables AllTracker to maintain spatial precision while capturing long-range tempo-
ral dependencies, achieving state-of-the-art tracking accuracy on diverse datasets, including
those with non-rigid animal motion such as BADJA [279] and Horse10 [279].

In the context of 3D animal reconstruction, dense temporal tracking provides comple-
mentary supervision to geometric fitting. In our method, we integrate AllTracker as a motion-

aware supervision signal, guiding the optimization of articulated animal poses across frames.
Specifically, the dense motion field predicted by AllTracker offers per-pixel trajectory cues
that regularize the deformation of the SMAL-based [156] mesh, improving temporal coher-
ence and mitigating pose jitter under camera movement or occlusion. This allows our system
to align both geometric and photometric consistency over time, outperforming keypoint-only
or frame-independent correspondence supervision.

By combining dense tracking from AllTracker with spatial surface embeddings from
CSE, our extended approach from AnimalAvatar benefits from both high-frequency temporal
cues and stable spatial correspondences, effectively bridging the gap between optical flow-
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Figure 5.5: Pipeline: The system follows a two-stage optimization process. In the first stage,
it initialize the root pose g0

t using a PnP-RANSAC procedure, guided by the CSE-based
mesh–pixel correspondences. In the second stage, it jointly optimize the shape parameters β,
the time-varying pose parametersθt, and the implicit texture representation ψ in an analysis-
by-synthesis manner. This joint refinement is driven by multiple complementary supervision
signals, including the silhouette consistency loss Lmask, and the photometric reconstruction
loss Lphoto, and our extended part the dense correspondence loss Ltrack

based motion estimation and template-based reconstruction. Such synergy enables more
robust and temporally consistent animal reconstruction from casual monocular videos.

5.3 Extending AnimalAvatar

As illustrated at the beginning of the chapter, we extent the AnimalAvatar with dense track-
ing supervision, and We conduct extensive experiments on more challenging animal videos.
The aim of original Animal avatar is to reconstruct a fully animatable and textured 3D model
of an articulated animal from a single monocular video. AnimalAvatar recovers the underly-
ing 3D shape, time-varying pose, and consistent appearance without relying on multi-view
supervision or 3D ground truth. It is a unified optimization framework that combines para-
metric modelling, dense image-to-surface correspondences, and implicit appearance repre-
sentation. Figure 5.5 provides an overview of the system with extended part from our idea
and original AnimalAvatar idea.
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5.3.1 Overview

Given a monocular video sequence {It}Tt=1, the system jointly estimates three components:
(i) the animal’s 3D pose and shape via the SMAL model [156], (ii) the camera motion tra-
jectory, and (iii) a deformable implicit texture representation that captures photometric con-
sistency over time. To ensure geometric accuracy and temporal coherence, in this thesis, we
introduce dense tracking supervision signals derived from AllTracker [275] and optimize all
components under an analysis-by-synthesis paradigm.

5.3.2 Parametric Shape and Pose Representation

The system adopt the SMAL model [156], a skinned linear blend model for quadruped ani-
mals defined by shape parameters β, pose parameters θt, and a set of joint transformations.
Each frame’s mesh Mt(β, θt) is obtained by applying blend-skinning to a canonical template
mesh M0. The model provides a low-dimensional space capturing inter-breed variations [1]
while maintaining articulation constraints. This parametric prior stabilizes optimization, es-
pecially under occlusion or ambiguous motion. We further refine the mesh vertices with a
non-rigid offset field ∆vt, allowing the model to capture individual-specific and fine-grained
deformations beyond the linear shape space.

The system model each dog’s 3D geometry (parameters θt,β in Eq. (1)) using the
SMAL canonical template. SMAL has a deformable template mesh (V̂,F) with V̂ ∈
R3889×3 vertices and F ∈ N7774×3 triangular faces. The deformation of V̂ is

F
(
V̂, β, θt

)
:= V ∈ R3889×3, (5.1)

where β ∈ Rdβ are shape parameters (PCA coefficients and bone lengths) that control non-
rigid shape in a canonical pose, and θt := (g0, θJ) are pose parameters: (i) g0 ∈ SE(3) is
the global rigid transform; (ii) θJ ∈ RdJ are joint angles that deform the limbs.

To model time-varying deformation, the system estimates a tuple (θt)
T
t=1 of SMAL

pose coefficients θt for the T frames, and a single vector β, since intrinsic deformation is
typically time-invariant. Because animal motion is usually smooth, we define θt from a
smooth temporal basis γ(τ(t)) via

θt := θ
MLP(τ(t)), (3)

where θMLP is a shallow multi-layer perceptron that takes the positional encoding γ of the
timestamp τ(t) ∈ R+ of frame It.
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Figure 5.6: Implicit duplex-mesh model of AnimalAvatar It is defined that radiance ψc
and opacity ψσ inside an R3 band bounded by the canonical duplex meshes with vertices V̂ ↑

and V̂ ↓. Given a view ray ru, AnimalAvatar intersect the posed boundaries F (V̂ ↑, β, θ) and
F (V̂ ↓, β, θ), map the hits to canonical space to form r̂u, and render colour via EA raymarch-
ing.

5.3.3 Camera Motion Factorization

Accurate recovery of articulated motion requires separating animal motion from camera
motion. We first estimate the camera trajectory and intrinsics via Structure-from-Motion
(SfM) [272], which provides initial camera poses {Rt, Tt}. During optimization, we de-
couple the global motion by fixing the SfM trajectory and optimizing only the local pose
parameters θt of the SMAL model. This factorization prevents entanglement between sub-
ject and camera motion, yielding temporally smooth 3D reconstructions. We further enforce
a temporal regularization loss Ltemp =

∑
t ∥θt − θt−1∥22 to ensure stable motion transitions.

5.3.4 Dense Correspondence Supervision

Sparse 2D keypoints are insufficient to constrain complex body parts like tails, legs, and
ears under severe self-occlusion. To overcome this limitation, the system employ dense
correspondence supervision using the CSE descriptor space [271]. Each pixel p in frame It
is associated with a learned descriptor cp, and each vertex vi on the mesh is embedded into the
same feature space. By aligning cp and cvi , we obtain dense pixel-to-vertex correspondences
that cover the entire animal body, including rear and side views. We use a cosine-similarity
loss to enforce descriptor alignment:

LCSE = 1− cp · cvi
∥cp∥∥cvi∥

. (5.2)

This dense constraint complements the sparse keypoint loss Lkpt and improves geometric
coverage, especially for unconstrained video data [162, 164].
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5.3.5 Implicit Duplex-Mesh Texture Modeling

To capture view-dependent appearance and subtle fur texture, we define an implicit radiance
field around the mesh surface following a duplex-mesh representation [274]. For each sur-
face point x within a narrow shell around the mesh, we predict colour and opacity using an
MLP fψ(x,n,d), conditioned on surface normal n and viewing direction d:

fψ : (x,n,d) → (c, σ). (5.3)

This implicit texture is differentiably rendered via a soft rasterizer [270] that accumulates
per-pixel radiance using volumetric compositing.The duplex structure allows the texture to
deform coherently with articulated motion, avoiding texture stretching common in UV-based
mapping.

Given the animal shape (V ,F) and implicit texture ψ, we render from a camera P using
a differentiable renderer R:

R(P,V ,F , ψ) := Ī , (4)

which outputs Ī ∈ [0, 1]3×H×W for a camera with projection matrix P ⊂ R3×4.

To obtain Ī , we iterate over each pixel u ∈ [1..H] × [1..W ] and perform Emission-
Absorption (EA) marching along the canonical ray r̂u, defined from the camera-space ray
ru = P−1u in rest-pose coordinates. Concretely, we first intersect ru with the posed outer

boundary mesh F(V̂↑, β, θ), then use the intersection’s barycentric coordinates on the canon-
ical mesh V̂↑ to obtain a 3D point x̂↑u ∈ N̂ϵ. Repeating the same for the inner mesh
F(V̂↑, β, θ) yields a second point x̂↓u ∈ N̂ϵ. The two points x̂↑u and x̂↓u define r̂u, along
which we apply EA and accumulate the outputs of ψc and ψσ to produce the final colour at
pixel u (see supplementary for details). Note that this EA rendering differs from duplex radi-
ance fields, which directly use an MLP to map positional encodings of the two intersections
x̂↓u, x̂

↑
u to a surface colour.

5.3.6 Dense Tracking Supervision

Dense frame-to-frame tracking provides complementary temporal constraints that are not
captured by per-frame correspondences. We employ AllTracker [275] to obtain dense, long-
range pixel trajectories and visibility/confidence maps for each frame t w.r.t. a reference
frame (we use the first frame, t=0). Concretely, AllTracker predicts for every pixel u a 2D
trajectory Tt(u) ∈ R2, a visibility score νt(u) ∈ [0, 1], and a confidence score st(u) ∈ [0, 1].
Let Mt(u) ∈ {0, 1} denote the foreground mask, and τvis, τconf be thresholds for visibility
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and confidence respectively. We define the valid set

Vt =
{
u
∣∣Mt(u) = 1, νt(u) > τvis, st(u) > τconf

}
. (5.4)

To compare AllTracker’s trajectories with our geometry as the dense loss, we render
appearance-based correspondences Ût(u) ∈ R2 for each pixel u: given the reference-
frame surface point associated with u (via the posed SMAL mesh and differentiable ren-
dering [270]), we project its 3D location under the current pose (β, θt) and camera to obtain
its expected image location at frame t. This yields a dense, geometry-consistent correspon-
dence field aligned with our model (Sec. 5.6). We name this process as SMAL barycentre
tracking.

We supervise the trajectories using an ℓ1 objective normalized by the number of valid
pixels and coordinate dimensions:

L(t)
track =

1

2 |Vt|+ ε

∑
u∈Vt

∥∥Tt(u)− Ût(u)
∥∥
1
, (5.5)

and sum it over time, Ltrack =
∑

t L
(t)
track. This loss encourages the projected motion of

mesh-attached surface points to agree with dense video evidence, thereby reducing pose
drift and improving temporal coherence under non-rigid motion and occlusions. In practice,
we compute Ût by ray–mesh intersection with the posed duplex boundaries F (V̂ ↑, β, θt)

and F (V̂ ↓, β, θt) in view space, mapping intersections to the canonical band to obtain the
canonical ray r̂u and back to frame t via EA rendering [270] (see Fig. 5.6). Compared
with adjacent-frame optical flow [277] or sparse point trackers [278], AllTracker’s all-pixel,
multi-frame design provides long-range, high-resolution cues that are particularly beneficial
for articulated animals with self-occlusions and thin structures.

5.3.7 Joint Optimization and total loss

We jointly optimize β, {θt}, {∆vt}, and ψ with the following objective:

Ltotal = λphotoLphoto + λmaskLmask + λCSELCSE + λkptLkpt + λtempLtemp + λtrackLtrack. (5.6)

Here, Ltrack is the dense tracking supervision in Eq. (5.5), which complements the dense spa-
tial constraints from CSE with long-range temporal cues from AllTracker [275], yielding
smoother and more stable motion estimates. The combination of parametric priors, dense
supervision, and implicit texture modelling provides a strong inductive bias for reconstruct-
ing animals from real-world videos. Unlike previous template-only methods [1, 2], An-
imalAvatar supports temporally coherent animation and fine-grained appearance recovery.



5.4. Experiments 65

Compared to fully template-free pipelines [176, 3], our formulation maintains geometric
consistency and reduces pose drift. In summary, AnimalAvatar combined with our extended
method achieves high-fidelity reconstruction from unconstrained inputs by bridging struc-
tured animal models with dense, differentiable supervision.

5.4 Experiments

5.4.1 Dataset

Dataset. AnimalAvatar curated a small set of relatively easy 50 dog videos from CoP3D [162]
for evaluation. CoP3D is a collection of crowd-sourced “turntable” videos of dogs and
cats annotated with cameras and foreground masks. Apart from the dog videos from An-
imalAvatar, we further incorporate 16 randomly chosen identities from the CoP3D dataset
and manually add 5 additional challenging dog videos. These videos are particularly chal-
lenging, from drastic motion changes (e.g., rolling on the floor) to intricate textures (e.g., rich
facial hair), which small templates might struggle to model. The added videos are selected
to test the robustness of the method to AnimalAvatar, seeing how performance drops beyond
the curated validation set in the original paper. Unless stated otherwise, videos are resized to
256×256 and each video contains around 200 frames. We name original 50 dog videos from
AnimalAvatar as OriginalSet, we name our randomly selected 16 identities as RandomSet,
and final we name our manually selected challenging dog videos as DifficultSet.

Same as AnimalAvatar, we adopt an interleaved split: contiguous blocks of 15 frames
are used for training, interleaved by 5-frame blocks for testing (abbreviated as 15/5), sim-
ilar to [162]. All methods are evaluated with the same splits. AnimalAvatar additionally
report results with two stricter protocols, 15/10 and 15/15, to stress-test view extrapola-
tion under fewer supervision frames.

5.4.2 Implementation Details

In our extended version of AnimalAvatar [9], SMAL [156] parameters (β, θt) are initialized
from Bite model [159], except for g0t . We use the public AllTracker implementation [275]
to generate per-pixel trajectories and visibility/confidence maps. Only pixels with visibility
> τvis and confidence > τconf (empirically 0.5) contribute to Ltrack. Trajectories are down-
sampled to the original input images resolution.
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5.4.3 Metrics

Same as AnimalAvatar, we report both reconstruction fidelity and temporal stability. Sil-
houette accuracy is measured by IoU between the predicted silhouette M̂t and ground-truth
mask Mt:

IoU =
|M̂t ∩Mt|
|M̂t ∪Mt|

.

Appearance fidelity is assessed via PSNR and perceptual distance LPIPS [280] between the
rendered image Ît and the frame It. This metric is particularly useful as it takes into account
human visual perception and the structural information of the images, providing a more
accurate measure of visual similarity compared to PSNR. To capture worst-case behavior
(e.g., extreme poses), we also report the worst 5th-percentile variants IoUw5 and PSNRw5

computed per sequence by sorting frame-wise scores and averaging the bottom 5%.

5.4.4 Baselines and Evaluation Protocols

We first report the reproduced results of AnimalAvatar using the official code and settings,
with baselines: (i) BARC [1], a template-based single-image regressor leveraging breed
priors; (ii) BITE [2], which refines SMAL fits [156] with stronger priors and a test-time loop;
and (iii) the template-free RAC [3], trained on animal videos to learn animatable category
models. BARC and BITE regress pose/shape only; RAC also predicts texture. For fairness,
we run official code where available and keep resolution, masks, and splits identical. The
quality of our textures can only be directly compared to RAC’s model, which also includes
texture, but we cannot compare them to BITE or BARC because they only output 3D shapes.

We then evaluate our extension of AnimalAvatar and compare it with the original ver-
sion. AnimalAvatar provides, for each evaluation identity, a global shape and a set of sparse
keypoints. Besides, AnimalAvatar further refines the sparse keypoints by running the process
with multiple random seeds and selecting the best result. One example of sparse keypoints
is shown in Figure 5.7. These global shape parameters and sparse keypoints are extracted
from BITE [2] and are used as initial model parameters and supervision signals during model
training. When comparing with AnimalAvatar, especially on our selected set, we consider
three evaluation protocols.

Protocol One we consider replicate AnimalAvatar results, we just use the global shape pa-
rameters and sparse keypoints extracted from BITE [2] for comparison.

Protocol Two we average the global shape parameters across all 50 identities and use the
averaged results as the initial parameters for training on the OriginalSet, RandomSet, and
DifficultSet by using the original AnimalAvatar method and compare against it. In the fol-
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Figure 5.7: Sparse keypoint visulazation: from Bite [2], Barc [1] and AnimalAvatar [9]

lowing section, we our replicated results from original AnimalAvatar and the results from
our new evaluation protocol.

Protocol Three we add dense tracking loss based on original AnimalAvatar method, and we
experiment it with different visibility and confidence scores. We compare it against original
AnimalAvatar method on the OriginalSet.

5.4.5 Experimental Results

In Protocol One, Table 5.1 reports the original AnimalAvatar results. In Figure 5.8, we show
the replicated AnimalAvatar qualitative comparison results. On the evaluation, our method
again surpasses all three baselines. We observe that RAC performs significantly worse than
the other methods.AnimalAvatar method achieves the best perceptual quality (LPIPS) and
strong PSNR, indicating that the duplex texture recovers high-frequency appearance details
while maintaining geometric accuracy. In terms of silhouettes, AnimalAvatar match or sur-
pass the best template baseline in mean IoU and substantially improve IoUw5, highlighting
the benefit of dense CSE constraints for uncommon viewpoints. RAC [3] benefits from
learned category priors but exhibits shape drift on thin structures; BARC/BITE [1, 2] pro-
duce sharp silhouettes on easy views but degrade under large out-of-plane rotations due to
frame-independent fitting.

In Protocol Two , we average the global shape parameters across all 50 identities and
use the resulting mean shape as the initialization for training. As illustrated in Figure 5.9
and summarized in Table 5.2, the global shape parameters play a crucial role in guiding pose



5.4. Experiments 68

Figure 5.8: AnimalAvatar Qualitative Comparison Results, It is worth to notice that,
unlike template-based approaches, the reconstructed meshes from RAC are very far from the
actual shape of a dog
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Table 5.1: AnimalAvatar comparison results against BARC [1], BITE [2], and RAC [3]

Method Dataset IoU↑ IoUw5↑ PSNR↑ PSNRw5↑ LPIPS↓

BARC [1] OriginalSet 0.74 0.47 – – –
BITE [2] OriginalSet 0.81 0.59 – – –
RAC [3] OriginalSet 0.76 0.52 21.86 17.51 0.164
AnimalAvatar OriginalSet 0.82 0.78 22.2 19.50 0.040

Table 5.2: AnimalAvatar with and without Averaged Globe Shape cross OriginalSet, Diffi-
cultSet, and RandomSet

Method Dataset IoU↑ IoUw5↑ PSNR↑ PSNRw5↑ LPIPS↓

AA + Averaged Shape OriginalSet 0.78 0.72 20.2 17.50 0.058
AA OriginalSet 0.82 0.78 22.2 19.50 0.040
AA + Averaged Shape DifficultSet 0.72 0.66 18.7 16.47 0.056
AA DifficultSet 0.74 0.68 19.8 17.50 0.052
AA + Averaged Shape RandomSet 0.75 0.70 21.0 18.80 0.058
AA RandomSet 0.78 0.75 22.0 19.00 0.048

reconstruction. By providing a stable initial shape prior, they help the optimization process
converge toward plausible body structures. However, while this averaged initialization offers
a consistent starting point, it limits the model’s ability to capture individual geometric vari-
ations across subjects. Consequently, we observe that although the OriginalSet maintains
reasonable reconstruction quality, the results on DifficultSet and RandomSet degrade no-
tably. In particular, complex poses such as folding, twisting, or lying down lead to distorted
or incomplete geometry.

Quantitatively, the metrics in Table 5.2 confirm this observation: using averaged shape
parameters consistently underperforms compared to the full AnimalAvatar model across IoU,
PSNR, and LPIPS metrics. This suggests that individualized global shape estimation is es-
sential for accurately modeling fine-grained animal geometry, especially under challenging
poses. Overall, the AnimalAvatar framework benefits significantly from personalized shape
priors, which enable better alignment between pose and geometry during optimization.

In Protocol Three, we investigate different configurations of the dense tracking loss
when integrated with the AnimalAvatar framework, specifically examining the effects of
varying the confidence and visibility scores. As shown in Table 5.3, the dense tracking loss
has a significant influence on reconstruction quality. Using the default AllTracker setting,
with both confidence and visibility scores set to 0.5, leads to noticeably improved geometric
accuracy.

From Figure 5.11, we observe that overly strong or weak tracking supervision tends to
harm reconstruction quality. In these cases, the recovered geometry often exhibits distorted
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Figure 5.9: AnimalAvatar with and without Averaged Globe Shape
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Figure 5.10: RandomSet only: AnimalAvatar with and without Averaged Globe Shape
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Table 5.3: AnimalAvatar with and without Averaged Globe Shape cross OriginalSet, Diffi-
cultSet, and RandomSet

Method confidence visitability IoU↑ IoUw5↑ PSNR↑ PSNRw5↑ LPIPS↓

AA + Ltrack 0.80 0.50 0.70 0.69 18.60 17.80 0.058
AA + Ltrack 0.20 0.50 0.73 0.70 19.30 18.30 0.068
AA + Ltrack 0.50 0.50 0.82 0.80 23.8 21.28 0.038
AA – – 0.82 0.78 22.2 19.50 0.040

Table 5.4: Ablation on CoP3D reporting performance with various loss terms removed and
without camera motion factorization (gcam

t = g0t ).

w/o Lchamfer Lcse Lkeypoint Lcolor Larap Ledge gcam
t = g0t AA AA+ Ltrack

IoU ↑ 0.70 0.81 0.80 0.81 0.81 0.83 0.72 0.82 0.82
PSNR ↑ 20.65 20.89 21.54 21.62 21.61 21.88 19.12 22.20 23.8
LPIPS ↓ 0.060 0.051 0.048 0.047 0.047 0.045 0.067 0.04 0.040

structures, such as folded limbs or duplicated facial regions, resulting in unrealistic textures
(e.g., “one and a half” dog faces). In contrast, applying a balanced dense tracking loss (0.5
for both confidence and visibility) yields more stable and coherent results. This balanced
weighting effectively guides small facial vertices toward correct spatial positions, enabling
the model to better capture detailed shape and pose variations during optimization.

5.4.6 Ablation Studies For Original AnimalAvatar

To validate the overall design choices of the original AnimalAvatar and our dense tracking
loss, we first replicated the ablation results of AnimalAvatar on the OriginalSet to evalu-
ate the contribution of its individual components (subtractive ablation). We then introduce
the dense tracking loss as an additional additive ablation—following the same ”protocol
three”—to assess how much improvement it brings over the subtractive ablation results and
the original AnimalAvatar results.

Motion factorization We further evaluate the effectiveness of our rigid motion factoriza-
tion, which separates the measured motion into the motion of the camera and the motion of
the shape (Sec. 3.3). To this end, we conduct an experiment where the rigid motion gt of each
rendering camera Pt is replaced by the root rigid component g0t of the SMAL deformation
coefficients θt, i.e., ∀t ∈ [1..T ], gcam

t = g0t , effectively discarding the structure-from-motion
(SfM) estimate gSfM

t . As shown in Tab. 2, this simplification leads to a notable drop in per-
formance across all metrics, thereby validating the necessity of our proposed rigid motion
factorization.
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Figure 5.11: AnimalAvatar with Dense Tracking Loss: C indicates confidence score and
V indicates advisability
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Effect of dense CSE supervision Removing LCSE degrades IoUw5 more than IoU,
indicating that dense correspondences mainly help hard poses (rear/side views). Perceptual
quality also drops, suggesting that better geometry aids texture fitting.

Effect of dense tracking loss Disabling Ltrack enhances both gemotry and texture re-
construction, while keeping mean IoU nearly unchanged, showing that AllTracker [275]
chiefly improves temporal coherence beyond what per-frame CSE [271] can provide.

5.5 Conclusion

In this chapter, we examine and extend AnimalAvatar by introducing a dense tracking loss
and conducting more comprehensive, unbiased evaluation experiments. The goal of this
work is not simply to synthesize articulated animals; rather, it aims to analyze how the
method still depends on pre-defined global shape parameters, SMAL-CSE model, and cam-
era factorization. This reliance comes from the nature of our task — overfitting a single
animal video instead of building a general model.

To conclude, we extend and evaluate more data based on AnimalAvatar [9], which
presents a method for recovering a textured, fully animatable 3D dog model from casually
captured monocular videos. The original AnimalAvatar optimize an implicit opacity–colour
texture defined in the canonical pose (duplex-mesh band), which deforms coherently with ar-
ticulation and preserves fine-scale appearance. Building upon this design, our designed dense
tracking loss strengthens template-based fitting by coupling the SMAL prior with dense Con-

tinuous Surface Embeddings (CSE), yielding reliable pixel-to-surface correspondences even
under challenging viewpoints. For our dense tracking supervision, we integrate all-pixel,
long-range trajectories from a dense tracker to regularize the per-frame pose, reduce temporal
drift and the global shape. This complementary temporal cue, combined with original CSE’s
spatial constraints leads to more stable motion and sharper reconstructions. We test origi-
nal AnimalAvatar with more data from CoP3D: OriginalSet, RandomSet, and DifficultSet,
by using dense tracking loss, the overall approach surpasses representative template-free and
template-based baselines in both geometric fidelity and photometric quality, while remaining
practical for in-the-wild footage, without multi-view capture or 3D supervision. We test our
dense tracking loss with scientific experiments, i.e. different confidence and vistability score
settings. Future work includes handling tracking under heavy occlusions, and pretraining
correspondence/texture modules on larger, diverse video datasets. In the following chapter,
we conclude all three tasks and discuss future work.
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5.6 Future Work

One key direction for future work is to develop a generic model capable of understanding and
representing articulated animals across different species. This requires training on diverse
animal species, as the SMAL model may not generalize well to unseen species due to its
limited pose and shape space. A promising approach would be to build a 3D morphable
model with latent variables that can enrich the pose and shape coefficients, which in turn
requires training a latent-based 3D morphable model encoder.

Furthermore, the ablation studies show that the keypoint loss has limited contribution to
the final performance while introducing unnecessary computational overhead. As illustrated
in Figure 5.7, the visual results suggest that sparse keypoints are not sufficiently robust to
capture the true skeletal structure of animals, often leading to geometric inaccuracies. These
findings indicate that dense correspondence plays a more critical role, and that additional
feature-based constraints are necessary for accurately learning animal geometry.

Besides, according to our work in Chapter 4, which reconstructs human faces without
relying on a 3D morphable model, humans and animals share the property of inherent articu-
lation. Building on this insight, we believe that developing a unified framework that connects
both human and animal faces could be a promising direction for future work. Since both hu-
man and animal faces can be represented using parametric models for reconstruction and
reenactment, such a framework could enable motion or expression transfer across species,
leading to more flexible animation and a deeper understanding of articulated motion in faces
in general. In the following chapter, we discuss the key insights and implications drawn from
our studies on human faces and animals, and how they can inform future research.
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Chapter 6

Conclusions

This chapter summarizes the key contributions of this thesis, which focuses on exploring
explicit 2D and 3D motion and geometry representations of human faces, as well as synthe-
sizing human faces and articulated animals from in-the-wild videos. Our research advances
the understanding of human emotions and the synthesis of dynamic facial and animal models
through the development of a multi-modal emotion recognition framework, a Splat-Portrait
reconstruction model, and an extended version of the AnimalAvatar [178] method.

Despite these advancements, challenges such as full view reconstruction and expressive
animation remain a problem for us to solve. In the chapter, we first summarise the contri-
butions and insights of this thesis. Then, we discuss potential avenues for future work that
incorporate ideas spanning several of the earlier chapters.

6.1 Summary of insights and contributions

We summarizes the three major works presented in this thesis, each addressing a different
aspect of either human face or articulated animals. The first work focus on developing a
deterministic model for classifying human emotions. We achieve it by fusing two modalities
together, i.e. face images and audio segments. We design a Intra- and Inter-modal Interactive
model for fusing facial and audio feature. This is more powerful than simple approaches of
using single modality, and we show it achieves comparable performance on multi-modality
emotion recognition task. Key contributions of this work are as follows: We introduce op-
tical flow as an explicit representation of fine-grained facial motion and texture, and design
a flow–video attention fusion module that adaptively combines flow and frame features for
more detail-aware visual embeddings. We develop intra- and inter-modal enhancement mod-
ules to enable deeper bidirectional interaction between audio and visual modalities while
preserving their modality-specific information. We propose a cross-attention classification
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framework with independent prediction heads for each modality and their fusion, improving
cross-modal consistency and supervision.

The second work focused on developing a robust method for 3D human head recon-
struction and motion analysis from monocular videos. By leveraging only 2D supervision,
and optimization strategies, it enabled accurate estimation of head pose, facial geometry,
and appearance under audio conditions. We build a regression approach to synthesis talk-
ing portrait videos, which supports training purely from 2D images – without 3D super-
vision, and without using pre-defined 3D shapes from face specific prior such as 3D mor-
phable model, landmarks and depth maps. Moreover, this model is generic, so it allows
sampling new portrait and animating it condition on one arbitrary audio chunk. Main contri-
butions of this work are summarized as follows: We present Splat-Portrait, an audio-driven
talking-head framework based on 3D Gaussian Splatting (3DGS), enabling realistic geom-
etry and motion learning directly from monocular videos. A static reconstruction branch
builds canonical 3D head representations from a single portrait using Gaussian splats, with
inpainting-based background refinement for seamless head–background compositing. An
audio-conditioned animation module predicts per-point temporal offsets from speech fea-
tures, achieving expressive and synchronized facial motion without explicit deformation
fields. A two-stage self-supervised training strategy—static pretraining followed by audio
conditioning—combined with Score Distillation Sampling (SDS) enhances realism and geo-
metric fidelity under novel views. Our method requires no 3D supervision, generalizes across
identities and expressions, and achieves faster rendering with higher detail than NeRF-based
approaches.

Our third work explored the reconstruction and animation of articulated animals through
the extension of the AnimalAvatar [9] framework and extensive evaluation experiments.
This study proposed a dense tracking loss and additional evaluation on more dag videos,
it should that dense tracking loss demonstrates superior performance over original Ani-
malAvatar method, and combine with it, it beats existing baselines in pose estimation and
appearance reconstruction in a overfitting settings. More importantly, it revealed key lim-
itations of current template-based models, such as their dependence on sparse keypoints
and predefined global parameters. The insights from this work highlight the importance
of developing a more generic and unified model that can handle diverse species and non-
rigid motions. Our evaluation contribute new insights into how parametric modeling, dense
correspondence learning, and temporal optimization can be integrated to achieve realistic,
animatable 3D animal avatars from in the wild monocular videos.

Overall, these three works together advance the field of human face and animals related
research, by developing from human-centric models to more general human face representa-
tion and complex articulated animal representations. The next section discusses the broader
implications and future research directions inspired by these findings.
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6.2 Future work

In the conclusion of the preceding chapters, we outlined potential extensions and future
research for each work. We now discuss some directions for future work that draw together
ideas presented in the different chapters.

6.2.1 Towards Human Emotion Recognition in 3D-aware Condi-
tion

From the work presented in Chapter 3, we explored how to fuse audio features with 2D
facial images to enhance emotion recognition. As discussed in Section 2.1.8, the training
datasets mainly consist of monocular videos containing front-facing human faces captured
in the wild. While this setting works well for frontal views, it limits the understanding of
facial dynamics under more complex 3D poses. In Chapter 3, we used optical flow to capture
local motion information between consecutive frames and integrated it into our full model.
Although this approach helps represent short-term facial dynamics from 2D images, it relies
heavily on closely neighboring frame pairs to provide accurate motion cues. When the tem-
poral gap between frames increases or when the viewpoint changes drastically, the estimated
dynamics can become unreliable. Understanding facial dynamics in 3D space would not only
provide a more complete representation of expressions under extreme viewpoints but also of-
fer more stable cues about emotional states compared to using optical flow alone. Therefore,
it would be worthwhile to investigate how facial expressions evolve across different spatial
orientations in 3D space, toward building a 3D-aware Human Emotion Recognition system.
This requires collecting and labelling a dataset with multi-view facial images and corre-
sponding emotion annotations. With such data, a model trained on it, or one that optimises
a 3DMM based on such data, could accurately present emotions in 3D space. Besides, ex-
ploring and incorporating 3D geometric information, such as depth maps or reconstructed
3D face meshes, could help build this system..

6.2.2 Towards Emotion-Aware 3D Head Generation

One interesting future direction for 3D head generation is to develop an emotion-aware
model capable of reconstructing a static 3D head that appropriately reflects an inferred emo-
tional state from text or audio input. For example, given an abstract auditory input such as
a piece of music or a speech segment, the system could first infer the underlying emotion
state (e.g., happiness, sadness, anger) using an emotion recognition module trained on mul-
timodal emotion datasets (e.g., RAVDESS[281], CREMA-D [219]). Then, conditioned on
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the predicted emotion, the model could synthesize a corresponding 3D head that expresses
this emotion through facial geometry and texture adjustments.

Similarly, in a text-driven scenario, a simple sentence such as “I am happy” or “I feel
nervous” could serve as input to a language-based emotion encoder (e.g., leveraging large
language models or pretrained multimodal encoders like CLIP [282] or EmotiCLIP [283]) to
extract the emotional intent. This emotional embedding could then be used to guide a condi-
tional 3D head generation model, implicit neural representations, or 3D Gaussian Splatting
frameworks, allowing for controllable emotional expression in the synthesized 3D head.

Such a system would bridge affective computing and 3D generative modeling, enabling
applications in digital avatars, virtual humans, and emotionally responsive human–AI inter-
action. Achieving this goal would likely require (1) constructing or curating a large-scale
dataset that aligns 3D facial geometry with emotion labels, (2) developing a disentangled
latent space separating identity, pose, and emotion, and (3) designing a multimodal condi-
tioning framework that robustly maps emotion cues from text or audio to expressive 3D head
geometry.

6.2.3 Towards a Generalized Talking Head Model Across Hu-
mans and Animals

In Chapter 4, we described how to train a generic model capable of performing 3D recon-
struction from human portrait images. The model is trained exclusively on monocular hu-
man videos, which enables it to reconstruct talking human faces effectively. When applied
to movie production, for instance, animating cartoons or creating animated films, this model
cannot be directly extended to cases such as talking animals, even though their visual ap-
pearance and motion share certain similarities with humans (e.g., facial symmetry, eye and
mouth regions). This limitation stems from the lack of suitable datasets in the wild, such as
“talking animals” or “talking cartoons” datasets.

As discussed in Section 2.1.4, a single-identity method [59] has attempted to perform
human-to-animal face reenactment; however, it fails to generalize to diverse human–animal
face mappings due to its reliance on overfitting during training. To build a generic model
that can animate both talking human and animal faces, several future directions can be ex-
plored. In 2D base animation, a cross-domain representation learning framework could be
introduced, for example in [284], where a shared latent space encodes motion and expression
across species. By learning disentangled representations of identity, expression, and pose,
the model could transfer expressive motion patterns—such as lip and jaw movements—from
human speech videos to animal faces.

Besides, geometry-aware priors can be integrated to handle species-specific differences.
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For example, human and animal faces could share a canonical 3D structure with correspond-
ing regions (eyes, nose, mouth), but have species-dependent shape deformations modeled
through parametric templates or deformation networks. Using weak 3D supervision from
animal datasets or synthetic renderings could help bridge the gap between these morpholo-
gies and understanding their kinematic facial skeletons. Since both humans and animals
produce correlated mouth dynamics with speech or vocalization, audio features could serve
as a universal cue to guide lip and jaw movements across species. A cross-species motion
transfer model could be trained to predict plausible mouth motion for animals by leverag-
ing large-scale human audio-visual data and a smaller set of animal talking clips. Domain
adaptation techniques such as adversarial learning or feature alignment could be applied to
make the model robust to appearance variations in fur, texture, or lighting, which often dif-
fer drastically from human data. Learning a cross-domain 3D morphable model under a
unified framework, where kinematic keypoints are automatically aligned across human and
animal faces, could further regularize the training process and enable consistent geometry
reconstruction across domains.

In summary, creating a unified framework for animating both human and animal faces
would require learning shared representations of expression and motion, while respecting
the unique geometric structures of different species. Such a model would enable new possi-
bilities in cross-species animation, digital storytelling, and behavioral analysis, bridging the
gap between human and animal visual communication.
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