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Abstract

Automatic generation of short emotional video sequences from static facial im-
ages is a challenging task, as it must jointly ensure temporal coherence, identity
preservation, and realistic expression transitions. The problem becomes partic-
ularly hard when the goal is to model plausible dynamics over time while keep-
ing the subject identity stable and avoiding visually inconsistent artifacts across

frames.

In the context of conditional facial video generation, this thesis builds on the
VICEGAN baseline and uses LFDM as a state-of-the-art reference for compar-
ison. In VICEGAN, a recurrent motion-code generator first produces a latent
trajectory: a series of motion codes encoding temporal dynamics, which a GAN-
based frame generator then converts into video frames conditioned on the target
emotion and a neutral input image. The thesis focuses on the semantic role
of temporal conditioning codes for improving temporal coherence and controlla-
bility of expression dynamics in generated videos, and systematically compares
GAN-based and diffusion-based frame generators in terms of frame quality, visual

realism and identity preservation.

The first contribution is to quantify the effect of enforcing an emotion-aware
semantics in the temporal conditioning: instead of learning generic dynamics
from noise, the VICEGAN motion-code generator is explicitly conditioned on the
target emotion so that motion codes themselves encode the evolution of the ex-
pression. This shifts the main conditioning signal toward the part of the pipeline
responsible for dynamics, improving controllability over expression changes and

reducing the need for the frame synthesis stage to implicitly infer motion patterns.

The second contribution is a diffusion-based frame synthesis module that replaces
the GAN generator in VICEGAN. By combining identity conditioning from a

neutral input frame with motion codes and emotion labels inside a conditional
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U-Net, the diffusion model aims to improve visual realism, training stability, and

identity preservation over time.

Finally, an external Expression Embedding Network is employed to provide com-
pact, semantically meaningful expression representations insensitive to identity.
These embeddings support a modular design in which identity, expression, and
motion are disentangled: they make it possible to drive the diffusion model with
retrieval-based motion trajectories, obtained by reusing motion codes from real
training sequences with the target emotion, while preserving identity and tempo-

ral coherence in the generated videos.

The system is trained and evaluated on the MUG dataset. Performance is as-
sessed using three groups of measures: a video-quality score based on the Fréchet
Video Distance (FVD), emotion-recognition accuracy through Dominant Emotion
Accuracy and Average Emotion Accuracy, and identity and temporal consistency
through the Average Content Distance for Identity and for temporal Consistency
(ACD-I and ACD-C). The results show that moving emotion conditioning to the
motion generator improves classifier-based emotion scores over the VICEGAN
baseline, while diffusion-based frame synthesis yields substantially better realism
according to FVD and stronger identity preservation, outperforming both the
baseline and the LEDM reference. The experimental analysis highlights a trade-
off between distribution-level realism and classifier-based emotion scores, and is
therefore complemented by a user study that directly measures human perception

of realism, identity consistency, and emotion plausibility.
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Chapter 1
Introduction

The automatic generation of realistic emotional videos from static facial images
represents a challenging problem at the intersection of computer vision, genera-
tive modeling, and affective computing. The ability to synthesize natural facial
expressions and their temporal evolution has significant applications in human-
computer interaction, digital content creation, video conferencing, and entertain-
ment. This thesis addresses the problem of generating temporally coherent video
sequences that depict smooth transitions from neutral expressions to specific tar-

get emotions while preserving the subject’s identity.

Recent advances in generative models, particularly Generative Adversarial Net-
works (GANs) [12] and Denoising Diffusion Probabilistic Models (DDPMs) [15],
have enabled the synthesis of high-quality images and videos. However, gener-
ating emotionally expressive facial videos remains challenging due to the need
to model complex spatiotemporal dynamics while maintaining consistency across
multiple dimensions: visual quality, temporal coherence, identity preservation,

and emotional realism.

This thesis addresses the problem of automatic emotional video generation
from static facial images. Given a neutral facial image and a target emotion
label, the objective is to produce a short video sequence depicting a smooth and

natural transition from the neutral expression to the specified target emotion.

The main challenges involved in this task include:

e Spatiotemporal Consistency: Maintaining both spatial consistency
within individual frames and temporal consistency across consecutive

frames to ensure smooth video playback without artifacts or discontinu-
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ities.

e Identity Fidelity: Preserving the subject’s identity throughout the entire
sequence, ensuring that facial features, structure, and appearance remain

recognizable despite changes in expression.

e Emotional Realism: Generating facial movements and expressions that
appear natural and realistic, following the typical dynamics of human emo-

tional displays rather than abrupt or artificial transitions.

e Emotion-Motion Coupling: Ensuring that temporal dynamics (motion
patterns) are appropriately conditioned on and reflective of the target emo-

tion, capturing emotion-specific characteristics in facial movements.

These challenges are particularly difficult because facial expressions involve sub-
tle, coordinated movements of multiple facial regions, and different emotions ex-

hibit distinct temporal patterns of onset, apex, and offset phases.

1.1 Research Questions
This thesis seeks to answer the following research questions:

1. How can the model’s conditioning strategy be designed so that motion codes
acquire emotion-related semantics and yield emotion-specific temporal dy-

namics?

2. Can diffusion models provide superior frame synthesis quality compared to

GAN-based approaches for emotional video generation?

3. Can a pretrained model, whose embeddings already capture emotional se-
mantics, be used to drive facial-expression video generation, transferring
the expression dynamics learned from the training set to previously unseen

identities?

4. How does the semantic content of the motion codes affect the quality of the

generated videos across different model configurations?
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1.2 Proposed Approach

This work starts from VICEGAN [4], a two-stage model for emotional video
generation. In VICEGAN, a recurrent motion generator first produces a sequence
of motion codes, and a frame generator then converts these codes into video frames
conditioned on the input face and the target emotion. Starting from this baseline,
the thesis studies a simple design question: where should emotion information be
injected, and which frame generator should be used. To answer this question, the

work explores three main ideas that can also be combined in different settings.

1.2.1 Emotion-Aware Motion Code Generation

The first idea is to move emotion conditioning from the frame generator to the
motion generator. Instead of producing generic motion codes, the motion gen-
erator is trained to produce motion trajectories that already contain emotion
information. In this way, the temporal signal is not only about movement, but

also about how the target expression develops over time.

This change is expected to improve control over the dynamics of the generated

sequence, because the target emotion affects the motion representation directly.

1.2.2 Diffusion-Based Frame Synthesis

The second idea is to replace the GAN-based frame generator with a diffusion
model. Denoising Diffusion Probabilistic Models (DDPMs) are attractive for this
task because they often provide:

e Greater training stability compared to adversarial training

e Higher visual quality and fidelity in generated images

e More effective conditioning mechanisms through feature modulation

e Reduced mode collapse and training instabilities
In our framework, the diffusion model uses a conditional U-Net [24]. It receives
identity information from the neutral face, motion information from the temporal

codes, and emotion information from the target label. The model then generates

each frame through an iterative denoising process.
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1.2.3 Expression Embedding Network

The third idea is to use a pre-trained Expression Embedding Network based on
the compact embedding approach of Vemulapalli and Agarwala [27]. This net-
work produces compact expression embeddings in which distances reflect facial-
expression similarity, while being less sensitive to subject identity. The main

advantages of this component are:

e A semantically meaningful space for facial-expression similarity
e Compact embeddings that support analysis, retrieval, and conditioning

e A modular workflow based on a frozen, reusable embedding network

In this thesis, the embedding network is kept frozen and used to extract expression
embeddings from the training data, which are then used to train the diffusion

model supporting retrieval-based conditioning.

1.3 Thesis Contributions

The main contributions of this thesis are:

1. A clear comparison of conditioning strategies: this work compares
the standard VICEGAN design with a variant in which emotion is moved
from the frame generator to the motion generator, showing how this choice

changes the generated dynamics.

2. A diffusion-based frame generator for facial videos: a conditional
diffusion model is adapted to facial expression video generation and com-

pared with the original GAN-based synthesis pipeline.

3. A modular setting based on expression embeddings: the study ex-
plores how a compact expression embedding space can be used to separate
identity, expression, and motion, and to support retrieval-based motion

conditioning.

4. A broad experimental evaluation: all settings are compared using
established metrics, including Fréchet Video Distance (FVD), Dominant
Emotion Accuracy (DEA), Average Emotion Accuracy (AEA), Average
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Content Distance for Identity (ACD-I), and Average Content Distance for
temporal Consistency (ACD-C).

5. Human validation through a user study: automatic metrics are com-
plemented with a user study to verify whether the model selected from the

quantitative results is also preferred by human observers.

1.4 Thesis Organization
The remainder of this thesis is organized as follows:

e Chapter 2: Provides background on video generation, reviewing relevant
literature on GANS, diffusion models, spatiotemporal consistency, and dis-
entangled representation learning. It also presents a detailed analysis of the

VICEGAN architecture and related generative approaches.

e Chapter 3: Presents the proposed methodology in detail, describing the
Expression Embedding Network, the Emotion-aware Motion Code Genera-
tor, and the Diffusion-based Frame Synthesizer. It explains the integration
of these components, training procedures, and specific architectural design

choices.

e Chapter 4: Describes the experimental setup, including the MUG Facial

Expression Database, evaluation metrics, and training configuration.

e Chapter 5: Presents the quantitative and qualitative results, including

comparisons with baseline methods, ablation studies, and the user study.

e Chapter 6: Concludes the thesis with a summary of the main findings,
a discussion of contributions and limitations, and suggestions for future

research directions.



Chapter 2
Literature Review

Video generation has rapidly evolved as a key component of Artificial Intelligence
Generated Content (AIGC), enabling the creation of dynamic visual sequences
that extend beyond the capabilities of static image synthesis. While image gen-
eration focuses on pixel-level quality within a single frame, video generation in-
troduces the complexity of the time dimension, requiring models to maintain

coherence across a sequence of frames.

2.1 Spatiotemporal Consistency in Video Gener-

ation

A fundamental challenge in video synthesis is maintaining spatiotemporal consis-
tency. As highlighted in the survey [29], video generation requires satisfying two

distinct yet interconnected forms of consistency:

e Spatial Consistency: This refers to the quality and structural integrity
of individual frames. It ensures that objects, colors, and textures remain
coherent and free from varying distortions or artifacts. In the context of
facial generation, spatial consistency is critical for preserving the subject’s

identity and anatomical correctness in every frame.

e Temporal Consistency: This pertains to the smoothness of transitions
between consecutive frames. It ensures that motion, lighting changes, and
object deformations occur naturally over time without abrupt jumps or

flickering.
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Ensuring high spatiotemporal consistency involves several stages of the generative
process, from selecting the foundation models to designing data representations
and post-processing techniques. While foundation models provide the mathemat-
ical framework for motion, specialized representations are needed to capture both
appearance and movement effectively. In facial expression synthesis, balancing
these two aspects is particularly challenging: the model must generate dynamic

facial movements while keeping the person’s identity consistent.

2.2 VICEGAN: Baseline Architecture for Video

(Generation

VICEGAN |[4] (Video Identity-Consistent Emotion GAN) is a framework designed
for controllable video generation through a two-stage architecture that separates
motion generation from frame synthesis. The system is built on the principle of
separating temporal dynamics from spatial content, enabling independent control

over motion patterns and visual appearance.

2.2.1 Architecture Overview

The VICEGAN architecture consists of two primary components that operate

sequentially:

original video

generated
video

""""""" T e
Gr Gr ‘ G
ho — R R R
(0) L) ()

so

Figure 2.1: VICEGAN architecture overview. Figure adapted from [4].

original
frame
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Motion Code Generator: The first component is a recurrent neural network,
implemented using Gated Recurrent Units (GRUs), used for generating a se-
quence of motion codes. These codes represent temporal dynamics and are pro-
duced autoregressively, where each code depends on the previous states in the
sequence. The motion code generator takes as input an initial random latent
vector and generates a trajectory of latent representations that encode motion

information over time.

Frame Generator: The second component is a convolutional neural network
that synthesizes individual video frames from the motion codes. This generator
operates on each motion code independently, translating the latent motion rep-
resentation into a corresponding video frame. In VICEGAN;, frame synthesis is
conditioned on (i) the sequence of motion vectors generated by the RNN, (ii)
the target emotion label 6,, and (iii) the neutral input frame f(® that provides
the identity/content to be preserved along the entire sequence. Importantly,
the identity is not provided as an explicit conditioning label to the generator;
instead, it is inferred from the input frame and enforced through a dedicated

identity-preserving loss.

During generation, VICEGAN produces videos by first sampling or generating a
sequence of motion codes through the motion code generator, then feeding each
code through the frame generator to produce the corresponding frames. This
separation allows for flexible control over the generation process, as motion and

appearance can be manipulated independently [4].

N
>

Figure 2.2: Examples of emotional video sequences generated by VICEGAN.
Each row shows a sequence of frames expressing a specific target emotion from a
neutral input image. Figure from [4].

2.2.2 Training and Loss Functions

The learning problem is cast in the standard adversarial learning framework

as a min-max game, in which the generator GG; and the RNN R try to fool
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the discriminator Dy, while the discriminator tries to correctly distinguish real

samples from generated ones:

min max L(R,Gr, Dy). (2.1)

RG; Dy
The total loss is composed of three terms:
'C(Ra GI; DV) = Eadv + )\emo Eemo + )\ide *Cz'deu (22)

where M., and A4 are scalar weights that balance the relative importance of

the auxiliary terms.

real video
- 0;

original
video
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Figure 2.3: VICEGAN training loss components and their interactions. From [4].

e Adversarial loss (L.4,). The standard GAN loss applied to video se-
quences, used to enforce video realism. It pushes G to produce natural-
looking frames and drives R to generate coherent motion vectors, free from

spatial or temporal anomalies.

e Emotion classification loss (L.,,,). Inspired by InfoGAN [7], this term
forces the generator to produce videos belonging to a specific emotion class.
It is implemented as a Categorical Cross-Entropy (CCE) between the tar-
get emotion 6. and the emotion predicted by the discriminator f.. The
gradient of this loss flows back through the RNN and updates its weights,
so that R learns to map Gaussian noise to motion-vector distributions that

consistently represent the target emotion.

e Identity-preserving loss (L;;). An original component introduced by
the authors to force the model to preserve the identity of the input face
and keep it consistent throughout the video. It uses the identity output 6;

of the discriminator and compares it (via CCE) with the expected identity,
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which is inferred directly from the input frame f(©. This loss is essential

for mitigating the spatio-temporal artifacts typical of two-stage pipelines.

Training relies on the multi-task discriminator D), whose multiple output
heads (real/fake, emotion class, identity class) allow the different requirements
(realism, emotion accuracy, and identity preservation) to be balanced within a

single network.

The procedure follows these cyclic steps:

1. Discriminator update. For each video in the batch, Dy analyses both
the real sample and the corresponding generated sample. The total discrim-
inator loss Lp is computed and its weights are updated via the AdamW
optimiser. Note that the classification heads (emotion and identity) are
trained with CCE only on real videos, since the labels for generated se-

quences are not reliable.
2. Generator and RNN update.

e A random target emotion 6, is sampled and the real first frame f(© is

taken from the dataset.
e R and Gy generate a synthetic video.

e Dy evaluates the generated video and provides feedback on realism,
emotion, and identity.

e The generator loss Lg is computed and the weights of both G; and
R are updated simultaneously via AdamW. Because the generators
have no effect on the real-data terms, L4 includes only the terms that

involve generated samples.

2.2.3 Observations and Opportunities for Enhancement

VICEGAN provides an effective framework for video generation through its two-
stage architecture. An analysis of its design reveals different opportunities for

further improvements.

Motion Code Generation and Emotional Conditioning

In the VICEGAN architecture, motion codes are generated by the RNN without

taking the target emotion label as an explicit input. The emotional information
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is instead provided to the frame generator, which conditions the synthesis of each
frame on the desired emotion. At the same time, the training objective includes
an emotion classification loss whose gradient flows through the full pipeline and
updates the RNN parameters. However, since the emotion label 6, is not an
input to the RNN and the motion-code generation is initialized only from ran-
dom noise, the supervision received by R is indirect. In practice, this suggests
that the RNN is primarily encouraged to learn generic expression dynamics (i.e.,
the temporal evolution of facial motion), while it may struggle to reliably learn

distinct, emotion-specific temporal patterns for each individual emotion class.

This design choice offers modularity and flexibility in the generation process. An
interesting direction for exploration would be to investigate whether integrating
emotional information directly into the motion code generation could further
improve controllability and help capture emotion-specific temporal patterns, such

as gradual onset or characteristic dynamics, more explicitly.

Analysis of Motion Code Behavior

To better understand the role of motion codes in VICEGAN, the temporal evo-
lution of motion latent sequences can be visualized. Figure 2.4 shows multiple
examples of motion code sequences generated by the RNN. Each visualization rep-
resents the temporal evolution of a single sequence, where columns correspond
to time steps (16 steps total), rows represent latent dimensions (10 dimensions),

and color intensity indicates normalized activation values ranging from 0 to 1.

Overall, these visualizations suggest that motion codes capture smooth temporal
transitions and maintain consistency across frames, encoding primarily temporal

information such as frame continuity and motion trajectories.

In Chapter 3, we build upon these observations to motivate and introduce the

architectural modifications and improvements proposed in this thesis.
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Figure 2.4: Visualization of motion code sequences generated by VICEGAN’s
RNN. Each row shows a different sequence of 16 time steps across 10 latent di-
mensions. The sequences were generated using the motion code generator with
random initial latent vectors, then normalized using MinMaxScaler across all
sequences for consistent visualization. Each heatmap displays how the latent di-
mensions evolve over time, revealing the temporal patterns encoded in the motion
representation.
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2.3 Latent Flow Diffusion Model (LFDM)

As a state-of-the-art reference for conditional image-to-video generation from a
single input frame, the Latent Flow Diffusion Model (LFDM) [20] adopts a latent
optical-flow formulation rather than synthesizing pixels directly. The key idea
is to generate temporally coherent sequences of latent optical flows (together
with occlusion maps) that are used to warp the initial image across time, which
helps preserve fine spatial details while improving temporal coherence. LEFDM is
trained in two main stages: (i) a Latent Flow Auto-Encoder (LFAE) is learned
in an unsupervised manner, where a flow predictor estimates latent motion and
an occlusion map between pairs of frames so that the decoder can reconstruct
missing or newly revealed regions; (ii) a diffusion model based on a 3D U-Net
is trained to generate sequences of flows and occlusions conditioned on both
the initial image (encoded into a latent map) and an external condition (e.g., a
class/action label represented via an embedding). At inference time, the diffusion
model starts from Gaussian noise to produce a sequence of latent flows, the initial
frame is encoded and warped frame-by-frame using the generated motion, and
the decoder maps the resulting warped latent representations back to the final
video frames. This design brings practical benefits over GAN-based approaches
and pixel-space diffusion: it preserves appearance by reusing the spatial content
of the input via warping, it is more computationally efficient because diffusion
operates in a low-dimensional motion space, it avoids the accumulation of artifacts
by deforming the original input zy rather than previously synthesized frames, it
can be adapted to new domains by fine-tuning the decoder without retraining
the whole framework, and it improves temporal consistency thanks to the 3D

convolutions in the diffusion backbone.

“Surprise”

Figure 2.5: Examples of generated video frames and latent flow sequences pro-
duced by LFDM. The first column shows the given image x, and condition y.
The latent flow maps represent backward optical flow to x( in the latent space.
Flow is visualized using the color-coding scheme of Baker et al. [5]. Figure taken
from the original LFDM paper [20].
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2.4 Overview of Video Generation Techniques

Video generation can be viewed as the task of generating a sequence of images. A
video is essentially an ordered set of frames that must be consistent both spatially
and temporally. Spatial consistency ensures that each frame is visually coherent
and realistic on its own, while temporal consistency guarantees smooth transitions
between consecutive frames, preserving motion continuity and dynamic behav-
ior across time. Most video generation techniques start from image generation

methods and extend them to handle the temporal dimension.

2.4.1 GAN-based Approaches

The adversarial framework at the core of VICEGAN (Section 2.2) relies on Gen-
erative Adversarial Networks, a class of generative models originally introduced
by Goodfellow et al. [12] for realistic static image synthesis. Having already seen
their application in a concrete video-generation system, this section provides a
more formal and general treatment of the GAN formulation and its extension to

video.

A standard GAN consists of two neural networks trained in an adversarial way:
a generator GG and a discriminator D. The generator maps a random noise vec-
tor z ~ p(z) to a synthetic image x = G(z), while the discriminator aims to
distinguish between real images © ~ pqaa(z) and generated ones. The training

objective is formulated as a minimax game:
mGin max Erpaua 108 D(2)] + Epz) [log(1 — D(G(2)))]. (2.3)

Through this process, the generator learns to produce images that are visually

realistic and spatially coherent [12].

Extending GANSs from image generation to video generation introduces the addi-
tional challenge of modeling temporal consistency. While each video frame must
remain spatially realistic, consecutive frames must also exhibit smooth and co-
herent transitions over time. Formally, a video can be represented as a sequence
of frames {x1, za, ...,z }, where the joint distribution must capture both spatial

and temporal dependencies:

p(z1,xe,. .., 27) # Hp(xt). (2.4)
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GAN-based video generation methods address this issue by explicitly incorporat-
ing the temporal dimension into the generative process. One common approach
is to generate an entire video clip as a spatio-temporal volume using 3D convo-
lutional architectures, where the generator maps a latent vector z to a sequence
of frames V = G(z) € RT>*T*WxC These models are able to learn joint spatial

and temporal features directly.

Another line of work decomposes the latent space into separate components for
appearance and motion, for example by sampling a static content vector z. and

a time-dependent motion vector z;, and generating each frame as:
xy=G(ze,2), t=1,...,T. (2.5)

Additionally, temporal discriminators are often introduced to evaluate sequences
of frames rather than individual images, enforcing temporal coherence by penal-

izing unrealistic transitions.

2.4.2 Autoregressive Models

According to the previous description, video data can be modeled as an ordered
sequence of frames. In autoregressive formulations, each frame is generated con-

ditionally on the previously observed frames [28].

N
p(x) = Hp(a:i]xo, Ty, Lo,y ..., Ti130), (2.6)

i=1
where p(z;|zo, x1, xo,...,x;_1;60) is the conditional distribution for frame x;, and

0 denotes the model parameters.

Training is typically formulated as maximum likelihood estimation (MLE), i.e.,
maximizing the sequence log-likelihood. Equivalently, one minimizes the negative
log-likelihood (NLL):

N
Lnin(0) = — Zlog (p(xi|zo, X1, T2y .. ., xi—1;0)) . (2.7)
i=1

The autoregressive model [18| ensures that each frame is generated with high
quality, while also exploiting the dependencies between frames to maintain the

spatiotemporal consistency of the generated video.
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During training, these models efficiently capture spatiotemporal dependencies

" where the ground truth of previous frames

typically through "teacher forcing,'
is provided to predict the next one. This compels the model to learn the un-
derlying causal structure and temporal dynamics of the video data. However,
this paradigm introduces specific trade-offs. A primary advantage is the ability
to explicitly model complex dependencies, often resulting in sequences with high
temporal coherence and logical continuity. Conversely, a significant disadvan-
tage is the inference latency; due to the sequential nature of generation, frames
cannot be generated in parallel. Furthermore, they are prone to error propaga-
tion (often referred to as exposure bias), where minor artifacts in early generated
frames accumulate, potentially leading to quality degradation or "drift" in longer

sequences.

To enable controllable generation, these models employ various conditioning tech-
niques. The probability distribution is conditioned on auxiliary information c,
modifying the formulation to p(z;|x, c). Techniques such as prepending condi-
tioning tokens to the sequence, using cross-attention mechanisms (especially in
Transformer-based backbones), or feature concatenation allow the integration of
guidance signals like text prompts, initial frames, or semantic labels to steer the

video generation process successfully.

2.4.3 Transformer-based Methods

Transformer-based methods were originally introduced for natural language pro-
cessing, where they showed that long-range dependencies in a sequence can be
modeled effectively through self-attention. Their success quickly transferred to
the visual domain and they are now a fundamental tool for image and video
understanding, often replacing or complementing convolutional and recurrent ar-

chitectures.

Vision Transformers for Visual Representation

In vision, Transformers are typically applied by viewing an image as a sequence
of patches. Instead of processing pixels with local convolutional filters, the model
receives a set of patch embeddings and learns how each patch should interact
with all the others. This patch-based formulation allows the network to reason
globally about the scene and to connect distant regions already in the early layers

of the architecture. When trained on large-scale datasets, Vision Transformers
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(ViT) provide powerful image representations that have proved competitive with,

and in many cases superior to, those of traditional convolutional networks [10].

In many generative models, these visual Transformers are used primarily as en-
coders. Given an input frame or a reference image, the Transformer extracts a
compact set of tokens that summarize high-level content and layout. These tokens
can then be used as conditioning information for downstream components such
as GAN generators, diffusion denoisers, or sequence models over latent codes. In
this way, Transformers act as a flexible interface between raw visual data and the

generative mechanism.

Transformers for Video Generation

Extending Transformers from images to videos requires taking the temporal di-
mension into account. A video can be seen as a sequence of frames, and each
frame can again be decomposed into patches. Video Transformers process the
resulting space-time tokens by combining spatial and temporal attention. Some
architectures attend jointly over all tokens, while others adopt factorized schemes
that alternate spatial and temporal attention blocks to keep the computational

cost manageable.

This design gives the model direct access to information coming from distant
frames, making it easier to capture long-term motion patterns and to maintain
consistency over time. In practice, Video Transformers are employed in several
ways within generative pipelines. Autoregressive models use them to predict the
next latent token in a video sequence, after compressing frames into a discrete
representation with a learned encoder. Other approaches use a Transformer as a
conditioning backbone: it encodes text prompts, reference images, or short input
clips and provides context to a generator that produces the final video. This is

the case, for example, in many recent text-to-video and image-to-video systems.

Finally, Transformer blocks are increasingly integrated directly inside diffusion
models for video. Instead of relying only on 3D convolutions, the denoising net-
work is augmented with spatio-temporal attention layers that allow the model to
look at all frames when predicting the noise at a given timestep. This tends to
reduce temporal artifacts such as flickering and identity drift, and is particularly
beneficial when videos are long or when fine-grained temporal control is required,

as in controllable facial expression generation.
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2.4.4 Diffusion Models for Image and Video Generation

Diffusion models are an effective class of deep learning-based generative models
that challenge the dominance of GANs in generation tasks. Unlike GANs, which
directly transform noise into data, diffusion models learn to reverse a gradual
degradation process. This approach allows for more stable training, produces
high-quality samples, and better captures the diversity of the data, making them

particularly suitable for complex generation tasks.

2.4.5 Fundamentals of Diffusion Models

The theoretical foundation of diffusion models is based on a probabilistic frame-
work that describes data transformation through gradual noise addition. The
generative process is defined as a parameterized Markov chain that reverses this
diffusion process. This framework consists of two distinct processes: a fixed for-
ward process (or diffusion process) that gradually adds Gaussian noise to the data
until the signal is destroyed, and a learnable reverse process that reconstructs the
data structure from the noise. By learning the gradients of the data distribu-
tion (score matching) or estimating the noise added at each step, the model can
iteratively refine a random noise vector into a coherent sample from the target

distribution.

2.4.6 Denoising Diffusion Probabilistic Models (DDPM)

Denoising Diffusion Probabilistic Models (DDPM), introduced by Ho et al. [15],
are a specific instantiation of the diffusion framework that achieves high-fidelity
image generation. In DDPMs, the forward process is a fixed Markov chain that
gradually adds Gaussian noise to the data according to a predefined variance

schedule. This can be formally written as:

q(x¢ | X¢m1) = N (x5 /1 = Bexy_1, i), (2.8)
where [3; defines the variance schedule and ¢t = 1,...,T indexes the diffusion

steps.

The reverse process is also modeled as a Markov chain with learned Gaussian

transitions:
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Po(xe—1 | X¢) = N (Xp—1; pg(xe, 1), Bp (%4, 1)), (2.9)

where p, and Xy are predicted by a neural network parameterized by 6.

The key innovation of DDPM is the connection between the diffusion formulation
and denoising score matching. Specifically, the training objective can be simplified
to a weighted mean squared error between the true noise added to the image and

the noise predicted by the network:

L(0) = Exyee [ll€ — €o(x:,1)[°] , (2.10)

where x; = v/@;xo + /1 — ase, e ~ N(0,1), and a; = Hizl(l — Bs)-

This formulation enables stable training and high-quality synthesis, allowing the
model to gradually denoise a random Gaussian sample into a coherent image from

the target distribution.

2.4.7 Conditional Diffusion Models

Conditional diffusion models extend the standard diffusion framework to generate
samples that satisfy specific conditions, such as class labels, textual descriptions,
or other modalities. In this setting, both the forward and reverse processes are
conditioned on additional information ¢, which guides the generative process to-

wards samples consistent with the condition.

The reverse process is thus modeled as:

Po(xi—1 | X, ¢) = N(x4—1; pg(x4, 8, ¢), Xo(x4, 8, €)). (2.11)

Classifier Guidance One approach to conditional generation is classifier guid-
ance, where an external classifier p,(y | x;) is used to steer the reverse diffusion
process. During sampling, the predicted noise mean is adjusted by the gradient

of the log-probability of the desired class with respect to the current sample:

uguided(xt, t,c) = po(xe,t) + 5 - Lg(x4, 1)V, log pe(c | x¢), (2.12)

where s is a scaling factor controlling the strength of the guidance. This method

can generate high-quality samples according to the condition, but it requires
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training a separate classifier. |9

Classifier-Free Guidance Another used technique is classifier-free quidance,
which integrates conditioning directly into the diffusion model, without the need
of a separate classifier. During training, the model is randomly provided with
either the condition ¢ or a null token (effectively unconditioned) with a fixed
probability parep. The network thus learns both conditional and unconditional

denoising;:

¢, with probability 1 — parop

€o(x¢,t,¢) where ¢= (2.13)

@, with probability parop

At sampling time, conditional generation is achieved by combining the conditional

and unconditional predictions:

62fg(xtvtvc) = GG(Xhta @) + gf ’ (69<Xtatac) - EQ(Xtatv @)), (214)

where gf > 1 is the guidance scale controlling the strength of conditioning.
This approach allows strong conditioning without training a separate classifier,
is simple to implement, and has become the standard in many state-of-the-art

conditional diffusion models such as text-to-image generators. |16]

2.4.8 Diffusion Models for Video Synthesis

Diffusion models can be extended from images to videos by treating a video as a
spatio-temporal signal and training the denoising network to jointly model spatial
structure and temporal evolution. A direct approach is to operate in pixel space
and adopt architectures that process multiple frames together (e.g., via 3D convo-
lutions or factorized spatio-temporal attention), so that the denoiser can exploit
context from neighboring frames to reduce temporal artifacts such as flickering
and identity drift. A representative example is the Video Diffusion Models frame-
work by Ho et al. [17], which proposes a diffusion model tailored to video data
and studies strategies to scale to longer and higher-resolution generations through

conditional sampling schemes.

From the perspective of controllable facial video synthesis, the key takeaway is

that diffusion-based pipelines offer a flexible way to inject conditioning signals
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(e.g., reference identity frames, emotion labels; or text prompts) while maintain-
ing global coherence, at the cost of increased computational demands compared

to single-pass GAN generators.

2.5 Disentangled Representation Learning

Disentangled representation learning aims to separate the underlying factors of
variation in the data into distinct, independent dimensions of a representation.
In the context of facial analysis and generation, this typically involves separating
identity features (invariant characteristics of a person) from expression features
(transient deformations of the face), as well as other factors like pose or lighting.
Achieving such disentanglement is crucial for controllable generation, allowing the
manipulation of specific attributes (e.g., changing the emotion) while preserving

others (e.g., identity).

2.5.1 FECNet: A Compact Embedding for Facial Expres-

sion Similarity

Traditional approaches to facial expression analysis often rely on discrete cate-
gorical emotions (such as the six basic emotions, as in Ekman’s basic-emotion
taxonomy [11]) or the Facial Action Coding System (FACS). However, facial ex-
pressions are inherently continuous and subtle, often defying rigid categorization.
FECNet (Facial Expression Comparison Network), proposed by Vemulapalli and
Agarwala [27|, addresses this limitation by learning a compact, continuous em-

bedding space that aligns with human visual perception of expression similarity.

The core idea is to map facial images into a low-dimensional Euclidean space
(e.g., 16 dimensions) where the distance between two points corresponds to the
perceptual dissimilarity between their expressions. To achieve this, the model is
trained on a large-scale dataset, the Facial Expression Comparison (FEC) dataset,
which contains triplets of images. Human raters annotated these triplets by
selecting which two faces in a set of three were the most similar in terms of

expression.

The network is trained using a triplet loss function, which encourages the embed-
ding distance between the visually similar pair to be smaller than the distance to

the third, dissimilar image. This approach allows FECNet to capture fine-grained
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variations and intensity changes that categorical labels miss.

Results of FECNet-16d

Figure 2.6: Top-5 retrieved images from the test set based on embedding simi-
larity to the query. The figure demonstrates that the learned FECNet represen-
tations effectively preserve semantic and visual consistency, retrieving faces with
similar expressions.

In the context of our video generation framework, FECNet will be used as a
replacement for traditional motion codes. By leveraging the semantic structure
of the embeddings generated by FECNet, we aim to guide the generative process
with more meaningful and perceptually relevant motion representations. This
approach is expected to enhance both the expressiveness and temporal coherence
of the generated facial expressions. The specific integration and methodology will
be detailed in Chapter 3.

2.6 MLP-Mixer

The MLP-Mixer architecture, introduced by Tolstikhin et al. [26], demonstrates
that purely multi-layer perceptron (MLP)-based models can achieve competitive
performance without relying on convolutional or attention mechanisms. The ar-
chitecture operates on sequences of image patches treated as tokens and applies

two types of MLP layers: token-mixing MLPs that enable communication be-
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tween different spatial locations, and channel-mizing MLPs that enable commu-
nication between different feature channels. This design principle is relevant for

video generation tasks, where modeling both spatial and temporal dependencies

is crucial.
e |
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Figure 2.7: The architecture of MLP-Mixer. Figure from |26].

In the context of conditional video generation, MLP-Mixer offers several advan-
tages for learning spatio-temporal dynamics. The token-mixing operation natu-
rally extends to handle temporal sequences by treating video frames as tokens,
allowing the architecture to capture motion patterns and temporal coherence
through simple learned linear transformations. When integrated into conditioning
mechanisms, MLP-Mixer can efficiently process conditioning information (such
as emotion labels or motion codes) and propagate it across both spatial locations
within frames and temporal positions across the sequence. This makes it partic-
ularly suitable for tasks requiring fine-grained control over generated content, as
it can learn to modulate features based on conditioning signals while maintaining

global consistency.

Compared to self-attention mechanisms commonly used in Transformer architec-
tures, MLP-Mixer offers distinct computational advantages. While self-attention
has quadratic complexity with respect to the number of tokens (O(N?)), MLP-
Mixer maintains linear complexity (O(N)), making it more scalable for high-
resolution or long video sequences. Additionally, MLP-Mixer’s architecture is
conceptually simpler—it relies solely on matrix multiplications and nonlinear-
ities without the need for specialized attention operations—which can lead to
more stable training and easier implementation. The fixed-weight token-mixing
approach also provides implicit inductive biases that can be beneficial for struc-
tured data like videos, where spatial and temporal relationships follow regular
patterns. Although simple in design, MLP-Mixer has demonstrated that archi-
tectural sophistication (such as attention mechanisms) is not always necessary to
achieve strong performance, suggesting that well-designed MLP architectures can
serve as efficient and effective alternatives for processing sequential visual data

in generative models.
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Methodology

This chapter presents in detail each architectural proposal introduced in this the-
sis for emotion-conditioned video generation. For each component, we analyze
the expected advantages and explain the design choices that motivate its adop-
tion. The effectiveness of each proposed modification will be evaluated through
an ablation study, presented in Chapter 5, which quantifies the individual con-
tribution of each method to the overall system performance. This systematic
evaluation approach allows us to isolate and measure the impact of emotion-
aware motion code generation, diffusion-based frame synthesis, and disentangled

expression representations on the quality of generated emotional videos.

The analysis of VICEGAN’s generated motion codes, presented in Section 2.2.3,
revealed opportunities for enhancement in emotion-conditioned video generation.
Two main directions are explored: first, conditioning the RNN on the target
emotion to allow motion codes to carry semantic information about the emotion;
second, replacing the GAN-based frame synthesis with diffusion models, which
have shown improved training stability and generation quality in recent image

synthesis work.

In this chapter, we present the different experimental settings proposed to develop
this work, exploring various combinations of these enhancements to identify the
most effective approach for emotion-conditioned video generation. For clarity,
Table 3.1 summarizes the canonical names that will be used throughout the thesis

to refer to the different model configurations.

24
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Canonical name Description

baseline Original VICEGAN with GAN-based frame synthesis.

onlyEM Conditioning shift applied to the motion generator,
while keeping GAN-based frame synthesis.

onlyDM Diffusion model (DM) replacing GAN-based frame
synthesis.

EM-DM Diffusion-based frame synthesis combined with the

conditioning shift, with emotion injected in the mo-
tion generator.
both_retrievedMcs Diffusion model driven by motion codes retrieved from
real training sequences using an embedding network.
LFDM State-of-the-art reference method.

Table 3.1: Canonical names and short descriptions of the model configurations
considered in this thesis.

3.1 Setting onlyEM: Moving Emotion Condition-
ing

The first proposed methodology involves shifting the emotion conditioning from
the frame synthesis stage to the motion code generator of VICEGAN. This mod-
ification is motivated by the observation that different emotions exhibit distinct
temporal characteristics: for instance, surprise manifests rapidly and maintains
peak intensity, while sadness develops gradually through subtle facial movements.
By conditioning the recurrent dynamics on the target emotion, the generated
motion codes are, in practice, forced to carry semantic information about the ex-
pression. In fact, in the proposed setting the frame generator no longer receives
an explicit emotion conditioning signal; therefore, it must extract all the infor-
mation needed to synthesize the correct expression solely from the motion codes.
This constraint encourages the motion representation to encode not only generic

facial dynamics, but also how the target expression naturally evolves over time.

This architectural shift offers several potential advantages. First, it allows the
motion codes to inherently represent emotion-specific temporal patterns. Second,
the separation of emotion conditioning (within motion generation) from content
encoding (within the frame generator) improves the disentanglement between
identity (what to generate) and its dynamic evolution (how it moves). Finally, the

frame generator receives codes that are already emotion-informed, reducing the
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complexity of the mapping from latent space to pixels. Instead of inferring both
temporal dynamics and emotional expression from separate inputs, the generator
focuses on synthesis using pre-conditioned codes, making the training process

more stable and the resulting videos more realistic.

3.1.1 Network Architecture

The implementation of this methodology focuses on restructuring the role of the
category latent vector z, € R”. In the original VICEGAN, z, is treated as a
static attribute, concatenated with the content z. and motion z,, codes at the
frame synthesis stage and applied uniformly across the sequence. In contrast, our
proposed architecture moves this conditioning into the recurrent neural network

(RNN) responsible for generating the motion codes.

The key modification concerns the GRU cell used for motion generation. While
the baseline uses a simple GRU with an input dimension equal to dim_z_motion
(10), the conditioned version expands this to dim_z_motion + (dim_z_motion
X dim_z_category), where dim_z_category = 7 represents the emotion
classes.  This expansion accommodates the additional emotion-dependent

information through an outer product mechanism.

At each time step t, the conditioning mechanism operates by first computing
an outer product between the one-hot emotion vector z, € R” and the previous
hidden state h,_; € R, producing a conditioning matrix C, € R™ !0, This
matrix is then flattened into a vector ¢; € R™ and concatenated with the noise
vector e; € R!° to form the complete GRU input [e;c;] € R%. The GRU
cell then processes this combined input along with the previous hidden state to
compute the new hidden state h, = GRU([es; ¢;],hy_1), which serves both as

output (motion code) and as input for the next time step.

This outer product formulation allows the network to learn emotion-specific mod-
ulations of the motion dynamics. Unlike simple concatenation, the outer product
creates interaction terms between each emotion category and each dimension of
the hidden state, providing richer representational capacity for encoding how

different emotions influence temporal patterns.

Consequently, the frame generator’s forward pass is simplified. While the
original implementation concatenates three inputs—content code, motion code,
and category code—resulting in a latent vector of dimension dim_z_content

+ dim_z_motion + dim_z_category, the modified version only concatenates
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Figure 3.1: Comparison between (a) the original VICEGAN architecture, where
emotion conditioning 6, is applied at the frame generation stage, and (b) the
proposed approach, where 6, is moved to the RNN to influence motion dynamics.

content and motion codes dim_z_content + dim_z_motion. The emotion
information is now implicitly encoded in the motion codes z,, rather than being

explicitly provided as a separate input.

3.1.2 Training Procedure

Since the only modification introduced in this setting is the relocation of emotion
conditioning from the frame generator to the RNN;, the training procedure and all
hyperparameters are kept identical to the original VICEGAN baseline (described
in detail in Section 2.2.2). This is a deliberate choice: by changing only the ar-
chitecture and leaving the optimisation setup untouched, any difference observed

in the results can be attributed only to to the architectural modification itself.

The training procedure maintains the adversarial framework of the original VICE-
GAN while adapting it to the new emotion-conditioned architecture. The system
alternates between optimizing the video discriminator D, and the generator G,
following the standard GAN minimax game where the generator produces syn-

thetic videos V using emotion-conditioned motion codes z,, and a frame synthe-
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sizer F'.

The same three-component loss structure is used for both the discriminator and
the generator: adversarial loss, emotion classification loss, and identity classifica-

tion loss, with weights A.,, = 1.0 and Az = 1.0.

ﬁ(R7 G[, DV) - Eadv + )\emo Eemo + )\ide /v‘z’deu (31)

The training employs AdamW optimizers with learning rate n = 0.0002, momen-
tum parameters (01, 82) = (0.5,0.999), and batch size of 16 videos. Automatic
Mixed Precision (AMP) is used to reduce memory consumption and accelerate
training. The discriminator and generator are updated alternately with a 1:1

ratio to prevent either network from dominating the training dynamics.

3.2 Setting onlyDM: Diffusion-Based Frame Syn-

thesis

The second proposed methodology replaces VICEGAN’s GAN-based frame syn-
thesis with a diffusion model, while keeping the original motion code generation
approach unchanged. This modification is motivated by recent progress in image
synthesis: diffusion models often provide more stable optimization than adver-

sarial training and can yield higher-quality samples.

In this setting, emotion conditioning remains applied at the frame generation
stage, as in the original VICEGAN architecture; however, the diffusion model
injects emotion through a conditioning mechanism integrated into the denoising
process rather than via concatenation at the input of a GAN decoder. To isolate
the contribution of diffusion-based synthesis, the pretrained VICEGAN motion
code generator is kept frozen and used only to extract temporal motion codes

during training and evaluation.

3.2.1 Network Architecture

The architectural modification introduces a U-Net-based denoising network [24]
that replaces the original GAN decoder while preserving the motion code gen-
eration mechanism from VICEGAN. The system continues to use the recurrent

neural network (GRU) to generate motion codes z!, € R for each time step ¢,
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maintaining the same temporal dynamics as the original implementation. How-
ever, the frame synthesis process is fundamentally transformed from a single-pass

generation to an iterative denoising procedure.
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(a) Original VICEGAN. (b) Diffusion-based frame synthesis.

Figure 3.2: Comparison between (a) the original VICEGAN architecture and (b)
the proposed diffusion-based approach, where the GAN decoder is replaced by a
Diffusion Model (DM) while maintaining the frozen motion generator R.

The diffusion model operates on a forward diffusion process that gradually adds
Gaussian noise to real frames over L timesteps (L = 1000), and a reverse denoising
process that learns to reconstruct frames by iteratively removing noise. The noise
schedule is defined by variance parameters f1,..., 8 that increase linearly from
Brin = 0.0001 to Bnax = 0.02, controlling the amount of noise added at each
diffusion step. From these, we compute cumulative products oy = 1 — 3; and

_ t - -
&y = [[,_; s, which parameterize the forward process.

3.2.2 Diffusion Model Architecture

As anticipated, the diffusion model used in this thesis is based on a U-Net ar-
chitecture adapted for our goal. It operates by progressively denoising a noisy
input image x7 conditioned on the motion codes z,, and the identity reference
z.. The conditioning is integrated into the network through dedicated injection

mechanisms that modulate internal feature maps, rather than by concatenating



Chapter 3. Methodology 30

all conditioning variables at the input, as illustrated in Figure 3.3.
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Figure 3.3: Detailed architecture of the conditional U-Net used in the diffusion-
based settings. The network integrates identity features via spatial injection,
motion codes through context-aware addition, and emotion labels using FiLM
modulation to guide the denoising process.

The specific implementation of these conditioning mechanisms is designed to tar-

get different aspects of the generation process:

Identity Conditioning (Spatial Injection). To preserve the subject’s ap-
pearance, a dedicated Face Encoder processes the neutral reference frame X,y in
parallel with the main denoising U-Net. The encoder extracts multi-scale feature
maps, which are projected and added element-wise to the corresponding U-Net

encoder features at each resolution level.

In this way, identity information, ranging from the overall facial structure to
fine-grained skin details, remains available throughout the downsampling path,

preventing the denoising process from generating a different identity.
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Motion Conditioning (Context-Aware Addition). The motion informa-
tion is provided as a sequence of latent codes z,,. To ensure temporal smoothness,
these codes are first processed by a Temporal MLP Mizer |26] that aggregates
information from a local temporal window (context size W = 7). We refer to

Section 2.6 for the background and general structure of the MLP-Mixer.

The resulting context-aware motion embedding is linearly projected and added to
the feature maps within each residual block of the U-Net. This additive bias shifts
the activation features, effectively guiding the network to deform the neutral face

according to the driving motion dynamics without altering the semantic content.

Emotion Conditioning (FiLM). The categorical emotion label z, is injected
using Feature-wise Linear Modulation (FiILM) [23]. A dedicated MLP maps the

emotion embedding to scale () and shift (§) parameters.

Scale/Shift MLP

Figure 3.4: Emotion Conditioning Mechanism (FiLM). Emotion labels modulate
feature statistics via learned afline transformations.

These parameters are used to modulate the normalized feature maps via an affine
transformation: FiLM(h|z,) = 7(2.) - h + 8(2,).

Time Conditioning. Finally, the diffusion timestep t is encoded using sinu-
soidal positional embeddings and added to the feature maps in every residual
block, providing the network with the necessary signal to estimate the current

noise level o; and perform the correct degree of denoising.

Component Details

To further clarify the internal structure of the key components, we provide de-
tailed schematics of the U-Net building blocks and the MLLP Mixer used for motion

processing.

The MLP Mixer structure (see Section 2.6), tailored for processing vector se-

quences, replaces standard convolution or recurrent layers to mix information
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across the temporal dimension (token mixing) and feature dimension (channel

mixing), as shown below.
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3.2.3 Training Procedure

The training procedure differs fundamentally from the adversarial framework of
VICEGAN, replacing the minimax game between generator and discriminator
with a regression objective that minimizes the error in noise prediction. The
system is trained to denoise frames by learning the reverse diffusion process,

conditioned on emotion and motion information.

For each training iteration, a batch of real videos V = {x;}_; and corresponding
emotion labels y is sampled from the dataset. The first frame x; is extracted as
the neutral reference face, which serves as appearance conditioning throughout
generation. Motion codes {z }1_, are generated using the frozen pretrained mo-
tion encoder from the original VICEGAN, ensuring temporal consistency while
isolating the evaluation of diffusion-based synthesis. The emotion label y is con-

verted to a one-hot vector z, € R".

To implement classifier-free guidance the training randomly drops conditioning
information with probability pgr., = 0.1. When a sample is selected for dropping,
both motion and emotion codes are set to zero vectors, forcing the model to learn
both conditional and unconditional generation. This enables flexible control over

the conditioning strength at inference time through a guidance scale parameter.

The training processes frames either as complete videos or as random subsets,
controlled by the batch_mode parameter. In full_video mode, all T frames
are processed simultaneously, preserving temporal coherence. In random_frames
mode, up to 8 randomly selected frames are processed, reducing memory con-

sumption while maintaining coverage of the temporal span.

For each selected frame x with corresponding motion code z,, and emotion code

Z,, the training procedure:

1. Samples a random diffusion timestep ¢t ~ U(0, L — 1).
2. Samples Gaussian noise € ~ N (0, I) with the same dimensions as the frame.

3. Computes the noisy frame using the forward diffusion process:
Xt:\/O_étX+\/1—O_ét€ (32)

4. Predicts the noise using the U-Net: € = U-Net(xy, X1, 1, Zm, Zq)-
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5. Computes the mean squared error loss:
Lpppu = |le — €|? (3.3)

This simple regression objective trains the network to predict the noise component
at any diffusion timestep, which can then be used to iteratively denoise random

noise into a coherent frame during inference.

The optimization employs AdamW with learning rate n = 0.0001 (half that of the
GAN-based generator to account for the more stable training dynamics), momen-
tum parameters (51, f2) = (0.5,0.999), and batch size of 16 videos. Automatic
Mixed Precision (AMP) accelerates training and reduces memory consumption.

Gradient clipping with maximum norm 1.0 prevents gradient explosion.

Unlike the alternating discriminator-generator updates in adversarial training,
the diffusion model requires only generator updates at each iteration, simplifying
the training loop and eliminating concerns about discriminator-generator balance.
The stable regression objective typically results in smoother loss curves and more
predictable convergence compared to the oscillatory dynamics often observed in
GAN training.

3.3 Setting EM-DM: Combining Both Method-

ologies

The third setting combines the two previous proposals in a single pipeline. The
overall procedure follows the same approach described in Setting 3.2: frame syn-
thesis is performed by a diffusion model, and the evaluation focuses on the quality

and stability benefits of diffusion-based generation.

The key difference lies in the source of the motion codes. Instead of using the
original VICEGAN motion generator, we employ the emotion-conditioned motion
code generator introduced in Setting 3.1 (RNN and Frame Synthesiser trained

with explicit emotion conditioning in the recurrent dynamics).

This design allows us to jointly leverage (i) motion representations that are se-
mantically meaningful with respect to the target expression and its temporal
evolution, and (ii) the improved sample quality and optimization stability of
diffusion-based synthesis. All remaining architectural choices and training de-

tails are kept consistent with Setting 3.2.
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3.4 Setting both retrievedMcs: Combining Both
Methodologies in a Decoupled Architecture

The fourth setting integrates the two previous innovations into a unified pipeline
that separately addresses dynamics generation (motion) and frame synthesis. The
approach is decoupled since motion dynamics are provided by a pretrained
motion-code extractor (FECNet), while frame synthesis is performed by the
same diffusion-based synthesizer introduced in Setting 3.2. FECNet remains

frozen and is used only to extract motion-code trajectories.

3.4.1 Specialized Preprocessing for FECNet

To ensure good performance of FECNet as a semantic feature extractor, we
define a clear preprocessing pipeline for input video frames. This stage is impor-
tant to ensure that extracted motion codes capture facial dynamics rather than
changes in head pose or lighting. The processing begins by reading video frames
directly from the original source archives and converting them into a standardized
RGB representation. To meet the requirements of open-source computer vision
libraries used for alignment, frames are temporarily transformed into the BGR
color space. A core component of this pipeline is face alignment and normaliza-
tion. Each frame is processed using dlib landmarks to align the subject’s face
based on eye position. Specifically, the face is resized to a fixed inter-ocular dis-
tance of 55 pixels and subjected to a 224 x 224 crop centered on the eyes. After
this spatial normalization, the frames are returned to the RGB space, converted to
floating-point tensors, and normalized using standard ImageNet statistics. This
preprocessing ensures that the motion-code extractor receives standardized data

and produces stable, accurate expression embeddings.

Raw Input Frames Preprocessed for
FECNet

Figure 3.7: Facial preprocessing pipeline for FECNet. Left: Examples of raw
input frames from the dataset. Right: The corresponding frames after Prepro-
cessing pipeline for FECNet.
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To further evaluate the impact of this specialized alignment, Figure 3.8 illustrates
the difference between the FECNet-aligned frames and a standard resizing ap-
proach. By visualizing the detected eye centers and their relative distances, we
can observe how the proposed preprocessing enforces a constant inter-ocular dis-
tance and a fixed vertical offset for the eyes. This geometric consistency is vital
for the semantic feature extractor, as it ensures that variations in head pose or

distance from the camera are not misinterpreted as facial expression dynamics.

Figure 3.8: Comparison of eye alignment consistency. Each image shows the eye
center markers and the inter-ocular distance line. The visual markers (red circles
for eye centers, green for image center, blue for mid-eye point) demonstrate how
FECNet alignment maintains a constant geometry across different subjects and
frames, unlike a simple unaligned resize.

3.4.2 Network Architecture

The combined architecture for this setting organizes the generation process into
two components that interact through a shared latent space. We use FECNet
as an offline feature extractor and drive the diffusion model using retrieved
motion-code trajectories taken from real training sequences. Given a target
emotion, we select a real training video with the same emotion and extract its full
sequence of FECNet motion codes. These codes provide a meaningful representa-
tion of expression dynamics. Following Setting 3.2, the diffusion-based synthesizer
generates the final video frames from three inputs: the retrieved motion-code se-
quence, a neutral reference frame to preserve identity and random Gaussian noise

X7 as the initial state for the denoising process.
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generated video

1)

2

training video with target emotion

.fO)

Figure 3.9: Combined architecture (Setting 4). Motion codes Z), are retrieved
from real training sequences using FECNet and, together with the identity refer-
ence f© and Gaussian noise x7, drive the Diffusion Model (DM) to synthesize
the output sequence.

original frame

The diffusion model architecture (U-Net and conditioning mechanisms) is the
same as described in Setting 3.2 (Section 3.2.2). In this setting, the only change
is the source of motion codes z,,: instead of using the frozen motion generator

from VICEGAN, we use trajectories extracted from real training sequences with
FECNet.
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3.4.3 Diffusion-Based Frame Synthesizer Training

Unlike the original methodology that used motion codes learned unsupervised by
VICEGAN, in this setting we use FECNet [27]| as an offline feature extractor.

For each real video in the training dataset, FECNet extracts a sequence of frame-

real
m

by-frame embeddings that constitute the reference "motion codes" z

Video
Generator
(U-Net)

Predicted Noise

|
@ MSE
|

Figure 3.10: Training Diffusion Model. The Diffusion Model learns to reconstruct
the target frame x; starting from noise, conditioned on the motion code 2! ex-
tracted from the target itself by FECNet and the identity reference x.

The diffusion model (U-Net) is trained following the same procedure described
in Setting 3.2; the key difference is the source of the motion-conditioning signal

Zm, Which is now extracted by FECNet rather than produced by the VICEGAN
motion generator (the RNN).

In practice, the expression-related information is already implicitly encoded in
the FECNet embeddings, which are explicitly trained to discriminate facial ex-

pressions.

3.4.4 Motion Code Retrieval-Based Generation

In Setting 4, motion codes are provided through a retrieval strategy: we directly
reuse motion codes extracted from real training sequences, while conditioning the
synthesis on new identities not seen during training. This allows us to transfer
emotion dynamics without training any motion-code generator. The generation

pipeline is the following:

1. Given a neutral reference frame (identity) and a target emotion label, ran-

domly select a real training video that exhibits the same target emotion.
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2. Extract the full sequence of motion codes using FECNet (after the prepro-

cessing step shown in Section 3.4.1).

3. Generate the output video by running the diffusion-based frame synthesizer
conditioned on the neutral reference frame and on the retrieved motion code

sequence.

Since the motion trajectory is taken directly from real data, no motion code
generator is used at inference time, and the diffusion model is driven only by
the retrieved motion codes (and the identity reference). During training, we also
use motion mixing to better separate identity from facial dynamics. For each
batch, the model first extracts motion codes from the input videos. Then, at
each epoch, a mixing probability is increased linearly during a warmup phase up
to a maximum value, and some samples are selected for mixing. For each selected
sample, its motion code is replaced with one taken from a video with the same
emotion but a different identity. This helps the model learn motion patterns that

are less tied to a specific person and improves generalization.



Chapter 4

Experimental Setup

4.1 Introduction

This chapter describes the experimental protocol used to evaluate the proposed
architectural enhancements. In particular, we summarize the dataset and prepro-
cessing choices, the implementation setup used for training and evaluation, and

the quantitative metrics employed throughout the analysis.

Quantitative and qualitative results, together with the user study, are reported
in Chapter 5.

The remainder of this chapter is organized as follows:

e Section 4.2 introduces the MUG dataset and the adopted preprocessing and
split.

e Section 4.3 summarizes the implementation and compute environment.

e Section 4.4 defines the metrics used to evaluate video quality, emotion ac-

curacy, and identity /temporal consistency.

4.2 Dataset

In line with LFDM, and following the VICEGAN baseline protocol, we use the
MUG Facial Expression Database [2| for both training and evaluation.

The MUG database was created by the Multimedia Understanding Group to pro-

vide a high-quality resource for facial expression analysis, overcoming limitations

40
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of previous datasets regarding resolution and lighting uniformity. The complete
database consists of image sequences from 86 subjects (35 women and 51 men)
of Caucasian origin, aged between 20 and 35 years. Recordings were performed
in a controlled environment with a blue screen background and uniform lighting
provided by two 300W sources. The videos were captured at 19 frames per second

with a high resolution of 896 x 896 pixels.

The dataset is organized into two parts: posed expressions and laboratory-
induced emotions. In this thesis, we use the posed-expression subset, where
subjects perform the six basic facial expressions (anger, disgust, fear, happi-
ness, sadness, and surprise), as commonly framed in Ekman’s basic-emotion
taxonomy |[11|. Each sequence follows a consistent temporal structure, starting
and ending with a neutral expression and reaching an emotional peak (apex) in

between.

Out of the 86 subjects, 52 are publicly available for research purposes; this subset

is the basis of our experimental setup.

Video Structure

The videos in the MUG facial expression dataset follow a structured temporal

pattern divided into three phases:

e Frames 0-9 (10 frames): Initial neutral expression
e Frames 10-21 (12 frames): Target emotion expression (apex phase)

e Frames 22-31 (10 frames): Return to neutral expression

This structure reflects the natural dynamics of facial expressions, which typically

transition from a neutral state to an emotional peak before returning to neutrality.

4.2.1 Preprocessing and Train-Test Split

The dataset is partitioned by subject identity to ensure that training and evalu-
ation identities are disjoint. The test set includes 10 identities (subjects 17, 34,
45, 55, 60, 64, 65, 73, 78, and 83), while the training set includes the remaining
42 identities.

For each video, face detection and alignment are performed using a facial land-

mark detector, with crops normalized to a standard 256 x 256 resolution. From
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this aligned image, we generate two resized versions depending on the downstream
component: 224 x 224 pixels for feature extraction (e.g., FECNet-based motion
codes; Section 3.4.1), and 64 x 64 pixels for the generative models. Each clip is
temporally subsampled to exactly 32 frames using uniform sampling to maintain
consistent temporal coverage. Pixel intensities are normalized to [—1, 1] using
(x —0.5)/0.5, with = € [0, 1].

We apply the following filtering criteria to both subsets: (i) only clips with at
least 32 frames are retained; (ii) sequences labeled as “mixed” or “extra” are
excluded to focus on the seven primary categories (anger, disgust, fear, happiness,
sadness, surprise, and neutral); and (iii) clips that do not terminate with a neutral

expression are discarded to ensure a consistent sequence structure.

The final composition of the subsets is reported in Table 4.1. The training set
consists of 761 sequences across 42 identities (24,352 sampled frames), while the

test set includes 158 sequences from 10 identities.

Training set Test set
Emotion | Videos Frames | Videos Frames
Anger 133 4,256 30 960
Disgust 121 3,872 30 960
Fear 108 3,456 17 544
Happiness 135 4,320 31 992
Sadness 112 3,584 21 672
Surprise 138 4,416 29 928
Total | 761 24,352 | 158 5,056

Table 4.1: Composition of training and test sets by emotion category.

The number of sequences per identity in the training set ranges from 10 (subject
076) to 32 (subject 002), with an average of approximately 18 videos per identity,
reflecting the natural variability of the MUG database.

4.3 Implementation Details

All experiments were conducted on the high-performance computing cluster of
the University of Twente. Training uses a multi-GPU setup with 3 NVIDIA L40
GPUs (48 GB VRAM each). For inference and evaluation, a single L40 GPU is

used to generate samples and compute the metrics defined in Section 4.4.

The generative models and most evaluation components are implemented in Py-
Torch (v2.0.1) with CUDA 11.7. The Fréchet Video Distance (FVD) computation



Chapter 4. Experimental Setup 43

relies on the original TensorFlow-based reference implementation (Section 4.3.1).

4.3.1 Tools, Technologies, and Models Used for Implemen-

tation

The evaluation pipeline for assessing the quality of generated facial expression
videos relies on a set of specialized deep learning models, software libraries, and
computational frameworks. This section describes each tool employed and its

specific role in the evaluation process.

Deep Learning Frameworks

PyTorch PyTorch |22] serves as the primary deep learning framework for the
entire video generation and evaluation system. It is used for loading and run-
ning the generative models (VICEGAN variants, DDPM-based generators, and
the Latent Flow Diffusion Model (LFDM) baseline [20]), performing data pre-
processing through torchvision.transforms, and managing GPU-accelerated
inference via torch.cuda and nn.DataParallel for multi-GPU support. All
generative models are implemented as PyTorch nn.Module subclasses, and check-

points are serialized in PyTorch’s native .pth format.

TensorFlow TensorFlow 1.x (via tensorflow.compat.v1) [1] is employed ex-
clusively for the computation of the Fréchet Video Distance (FVD). The FVD
pipeline uses the original Google Research reference implementation!, which re-
quires TensorFlow for loading the pre-trained 13D model from TensorFlow Hub
and computing the Fréchet distance through the tensorflow_gan (TF-GAN)
library. A dedicated TensorFlow virtual environment is maintained separately

from the PyTorch environment to avoid dependency conflicts.

Feature Extraction Models

I3D (Inflated 3D ConvNet) — FVD Computation The Inflated
3D Convolutional Network (I3D) [6], pre-trained on the Kinetics-400
action recognition dataset, is wused as the backbone feature extractor

for FVD computation. The model is loaded from TensorFlow Hub

'https://github.com/google-research/google-research/tree/master/frechet_
video_distance
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(deepmind/i3d-kinetics-400/1). Input videos—both real and generated—are
resized to 224 x 224 and scaled to [—1,1] before being fed to the network.
The extracted features are then used to compute the mean vector and co-
variance matrix for the Fréchet distance calculation, which is performed using

tfgan.eval.frechet_classifier_distance_from_activations.

DeepFace — Emotion Recognition and Face Embeddings DeepFace [25]
is a Python library for facial analysis that provides unified access to multiple face

recognition and emotion analysis models. In our pipeline, DeepFace is used for:

e Emotion recognition to compute AEA/DEA (via DeepFace.analyze(. ..,

actions=[emotion])).

e Face embeddings to compute ACD-I/ACD-C (via DeepFace.represent())
using VGG-Face [21], OpenFace [3], and ArcFace [§].

Face detection enforcement is disabled (enforce_detection=False) to improve

robustness on low-resolution (64 x 64) generated frames.

Numerical and Scientific Libraries

NumPy NumPy [13] is used extensively for numerical operations on extracted

feature vectors and embeddings, including mean and covariance computation.

Matplotlib Matplotlib [19] is used for generating diagnostic plots, including
per-frame AEA and ACD-I profiles across the 32-frame video sequence and per-

emotion breakdowns of the evaluation metrics.

Data Management and Processing

Dataset organization, preprocessing, and the train-test split are described in Sec-
tion 4.2.1. For evaluation, we cache preprocessed clips to avoid repeated decoding
and resizing when computing multiple metrics. To ensure fair comparisons across
models, all generated frames are normalized to the same evaluation format be-
fore metric extraction. LFDM natively generates frames at 128 x 128, while
our frameworks generate at 64 x 64. Therefore, we apply the same face-centered

crop-and-resize procedure used in training preprocessing and convert all generated
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frames to 64 x 64 before computing metrics. This step reduces resolution-related

bias in the feature extractors of the models used in evaluation protocol.

Computational Infrastructure

The evaluation pipeline is designed to run on GPU-accelerated compute nodes
managed through a SLURM workload manager. Separate SLURM job scripts
are used for different evaluation phases: sample generation, identity representa-
tion extraction, emotion representation extraction, ACD computation, emotion
metric computation, and FVD computation. The FVD computation requires a
dedicated job using the TensorFlow virtual environment, while all other met-
rics run under the PyTorch environment. Multi-GPU inference is supported via

PyTorch’s DataParallel wrapper for the sample generation phase.

Summary of Tools

Table 4.2 provides a concise summary of the tools, models, and libraries employed

in the evaluation pipeline.

Component Tool / Model Purpose

DL Framework PyTorch Model inference, preprocessing

DL Framework TensorFlow 1.x FVD computation (I3D + TF-GAN)

Feature Extractor  I3D (Kinetics-400) Video-level features for FVD

Face Analysis DeepFace Emotion recognition, identity

embeddings

Face Recognition =~ VGG-Face Identity embeddings (ACD)

Face Recognition =~ OpenFace Identity embeddings (ACD)

Face Recognition = ArcFace Identity embeddings (ACD)

Scientific Comp. NumPy Statistics, Math operations

Visualization Matplotlib Diagnostic plots

Data MUG Dataset Facial expression videos

Infrastructure SLURM + GPU Job scheduling, GPU acceleration
nodes

Table 4.2: Summary of tools and models used in the evaluation pipeline.
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4.4 FEvaluation Metrics for Video Generation

Evaluating the quality of generated videos is a complex task that requires as-
sessing multiple aspects of the synthesis process. Unlike static image generation,
video generation must be evaluated not only for visual realism and spatial coher-
ence but also for temporal consistency, motion dynamics, and the preservation
of semantic attributes across frames. In the context of facial expression video
generation, additional challenges arise from the need to assess both the accuracy
of emotional expressions and the preservation of facial identity throughout the

sequence.

This section defines the metrics used to assess the performance of video generation
models, with a focus on facial expression synthesis. The metrics can be grouped
into three categories: (1) overall video quality and realism (FVD), (2) emotion
expression accuracy (AEA and DEA), and (3) identity preservation and temporal
consistency (ACD).

4.4.1 Fréchet Video Distance (FVD)

The Fréchet Video Distance is a metric designed to measure the quality and real-
ism of generated videos by comparing their distribution with that of real videos
from the dataset. FVD extends the concept of Fréchet Inception Distance (FID),
originally developed for image evaluation, to the video domain by computing
the same distributional distance on features extracted from an action-recognition

backbone (e.g., I3D) applied to video clips.

Computation

The computation of FVD follows a structured pipeline:

In our experiments, FVD is computed using the original TensorFlow reference im-
plementation from Google Research, which loads the I3D backbone from Tensor-
Flow Hub (deepmind/i3d-kinetics-400/1) and computes the Fréchet distance

using tfgan.eval.frechet_classifier_distance_from_activations.

Feature Extraction Both real and generated videos are processed through
a pre-trained I3D (Inflated 3D ConvNet) model [6], originally trained on the

Kinetics-400 action recognition dataset. The I3D architecture extends 2D Con-
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vNets to 3D by inflating the convolutional filters and pooling kernels, enabling
the model to capture both spatial and temporal features from video sequences.
For each 32-frame clip, the I3D model extracts 1024-dimensional feature vectors
from the global average pooling layer. For evaluation, both real and generated

clips are resized to 224 x 224 before feature extraction.

In the evaluation code, both real and generated clips are loaded at 64 x 64 res-
olution and then upsampled to 224 x 224 via bilinear interpolation before being
fed to I3D.

Statistical Computation For both the real and generated video sets, the

mean vector p and covariance matrix 3 are computed from the extracted features:

Nreal Nreal
1 T 1 T T
Hreal = N. Z fz eal’ Z)reaul = N 1 Z(fz eal “real)(fi eal l-l’real)—r (41)
real i—1 real — i—1

and similarly for the generated videos.

Fréchet Distance Calculation The FVD is then computed as the Fréchet dis-
tance (also known as Wasserstein-2 distance) between two multivariate Gaussian

distributiouns:

FVD = || trea — Hgenl3 + Tr (Ereal + Bgen — 24/ Erealxgen) (4.2)

where ||-||2 denotes the Euclidean norm, Tr(-) is the matrix trace, and /3 ea1 X gen

is the matrix square root of the product.

Interpretation

The FVD metric ranges from 0 to 400, with lower values indicating better quality:

e FVD = 0: The distribution of generated videos is identical to the distri-

bution of real videos

e Higher FVD: Greater divergence between generated and real video distri-

butions

FVD can be computed globally across all videos in the dataset or separately

for each emotion category, providing insights into which emotions are synthesized
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more realistically. The metric is valuable as a distribution-level proxy of realism in
a learned feature space. However, it should not be interpreted as a direct measure

of temporal smoothness: for temporal coherence we rely on explicit continuity
metrics (ACD-C) and on frame-wise trends (e.g., AEA/ACD-I profiles).

4.4.2 Average Emotion Accuracy (AEA)

The Average Emotion Accuracy (AEA) metric evaluates how accurately generated
videos express the target emotion specified during generation. This metric is used
for assessing whether the model successfully learns to synthesize the intended

emotional expressions.

Computation

The AEA computation involves the following steps:

Emotion Classification Each frame in the generated video is analyzed using
DeepFace [25], a deep learning library for facial analysis. DeepFace provides auto-
matic emotion recognition by classifying each frame into one of seven categories:
the six basic emotions (angry, disgust, fear, happy, sad, surprise) plus neutral.

For each frame ¢, the library returns the predicted dominant emotion é;.

Standard AEA (central frames) In this thesis, AEA is computed on the
central frames only (the 12-frame apex window, 10-21), directly reflecting how
well the model expresses the target emotion when it should be most prominent.

Formally, for a video with target emotion eqyrget:

Nyideos
AEA = L L

21
Z ]l{év,t:etarget,v} (43)

~ 12
videos o—1 =10

where 1 4 is the indicator function of the event A.
AEA With Neutral (AEAwn) AEAwy extends the scoring to all 32 frames

by assigning a per-segment target: neutral in the onset (frames 0-9) and offset

(frames 22-31), and the target emotion in the apex (frames 10-21). It measures
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the average per-frame accuracy under these segment-specific targets:

1 Nyideos 1 9

Z 32(2 1(y;+ = neutral) (4.4)

t=0

21
+ Z l(yi,t - gtarget,i)

t=10
31

+ Z 1(y;+ = neutral))

t=22

AEAwy =

N, videos

This metric rewards videos that transition correctly through all three phases (neu-

tral — apex — neutral), not only those that produce the correct apex emotion.

Interpretation

AEA values range from 0 to 1, with higher values indicating better performance:

e AEA: Average classification accuracy on the central frames of generated

videos

e AEAwn: Average per-frame accuracy over all 32 frames, where each frame
is scored against a per-segment target (neutral in onset/offset, target emo-

tion in apex)

e AEA = 1.0: Perfect accuracy, i.e., all central frames (10-21) match the

target emotion

e AEAwn = 1.0: Perfect accuracy across all frames, with correct temporal

structure (neutral in onset/offset, target emotion in apex)

e AEA/AEAwnN = 0.0: No videos have any frames matching the target

emotion (or segment-specific targets in AEAwy)

The AEA metric provides a continuous measure of emotional expression quality,
making it sensitive to partial successes where some, but not all, frames display

the correct emotion.

4.4.3 Dominant Emotion Accuracy (DEA)

While AEA measures average frame-level agreement, Dominant Emotion Accu-

racy (DEA) evaluates the rate of videos in which the most prominent recognized
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emotion in the central frames is the correct one.

Computation

Majority- Agreement Criterion A video is considered correct under DEA if

more than 50% of the central frames (10-21) match the target emotion:

e 1 21
1’ lf E t=10 ]l{év,t:€target,v} > 05

dominant, = (4.5)
0, otherwise
The overall DEA is then computed as:
1 Nvideos
DEA = dominant,, (4.6)
videos =1

DEA With Neutral (DEAwn) DEAwx and AEAwy extend DEA and AEA
to the full 32-frame sequence by assigning a per-segment target: neutral in the
onset (frames 0-9) and offset (frames 22-31), and the target emotion in the apex
(frames 10-21). A video is considered correct under DEAy if more than 50% of

all 32 frames satisfy their segment-specific target:

9
§ 1 {év,t=neutral}
t=0

21
17 lf‘l + ]1 €y,t=€target,v >05
dominant, wy = i tZI:O (o =erarset.} (4.7)

31
+ Z 1 {év,t=neutral}

t=22

0, otherwise
\

Interpretation

DEA values range from 0 to 1, representing the fraction of videos that satisfy the

majority-agreement criterion:

e DEA: Fraction of videos where the majority of central frames match the

target emotion
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DEAwn: Fraction of videos where the majority of all frames satisfy their

segment-specific targets (neutral in onset/offset, target emotion in apex)
e DEA = 1.0: All videos satisfy majority agreement on the central frames

e DEAwn = 1.0: All videos satisfy majority agreement across all frames

with correct temporal structure
e DEA/DEAwnN = 0.0: No videos satisfy the majority-agreement criterion

e DEA vs. AEA: DEA is binary (video passes threshold or not), while AEA

is continuous

A high DEA indicates that the model consistently matches the expected emo-
tional behavior with strong majority agreement, rather than producing ambigu-

ous or borderline cases.

4.4.4 Average Content Distance (ACD)

The Average Content Distance (ACD) metric assesses the model’s ability to
preserve visual content consistency throughout generated videos. It comprises
two complementary sub-metrics: ACD-I (Identity Distance) and ACD-C (Con-

tent/Temporal Consistency Distance).

ACD-I: Identity Preservation

ACD-I measures how well the facial identity of the subject is preserved across all

frames of the generated video.

Reference Frame The neutral face from frame 0 of the preprocessed video
from the test set (after face detection, alignment, and resizing to 64 x 64) serves

as the identity reference.

Face Recognition Models Three state-of-the-art face recognition models are

employed to extract facial embeddings:

e VGG-Face [21]: 4096-dimensional embeddings based on a modified VGG-

16 architecture
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e OpenFace [3|: 128-dimensional embeddings based on FaceNet with Incep-

tion ResNet architecture

e ArcFace |8: 512-dimensional embeddings using ResNet-100 with angular

margin loss, representing state-of-the-art in face recognition

For each model, embeddings are extracted from both the reference frame and all

generated frames using DeepFace:

emb,.; = DeepFace.represent (frame?® model) (4.8)
emb, ; = DeepFace.represent(framef™" model), ¢=0,...,31 (4.9)

Distance Metrics Two distance measures are computed between embeddings:
e Euclidean distance:

deuc1 (€mbyer, emb,, ;) = ||lemb,s — emb, ¢ ||2 (4.10)

e Cosine distance:

emb, - emb,

deos(€mbyer, emb,, ;) =1 (4.11)

 [lembyer[|z[lemb, |2

Recognition Rate For each model and distance metric, model-specific thresh-

olds are used to determine whether a face is recognized as the same identity:

e VGG-Face: cosine < 0.4, euclidean < 0.6
e OpenFace: cosine < 0.1, euclidean < 0.55

e ArcFace: cosine < 0.1, euclidean < 4.15

The recognition rate is computed as:

Nvideos 31
1
R. iti Rt:—g g]l m m T 4.12
ecognition Rate Noroos % 32 Lo Lo {d(embef,, ,emby 1) <7} ( )

where 7 is the appropriate threshold for the chosen model and distance metric.
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Average Distance The ACD-I is computed as the mean distance across all

videos and all frames:

Nyideos 31
1
AT = N X 32 d(embyet,, emb, 13
Nyideos X 32 ; ; <em fv, €1 ,t) ( )

ACD-C: Temporal Consistency

ACD-C evaluates the smoothness and consistency of transitions between consec-

utive frames in the generated videos.

Consecutive Frame Comparison For each video, distances are computed

between all pairs of consecutive frames:
dv,t = d(embm, embv,(tﬂ) (mod 32)), t = 07 PN ,31 (414)

where the last frame wraps around to the first one, creating a cyclic sequence (32

pairs total per video).

Average Temporal Distance The ACD-C is computed as:

Nyideos 31
1
ACD—C == m ; ; d(embvﬂg, embv,(t_;'_l) (mod 32)) (415)

Interpretation

The ACD metrics provide complementary information about content preserva-

tion:
e ACD-I Distance: Lower values indicate better identity preservation;

range varies by model

e ACD-I Recognition Rate: Range [0, 1|; higher values (closer to 1.0)

indicate better identity preservation

e ACD-C Distance: Lower values indicate smoother, more consistent tem-

poral transitions

Together, ACD-I and ACD-C ensure that generated videos maintain both the

subject’s facial identity and temporal coherence throughout the sequence.
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Results

5.1 Introduction

This chapter reports the quantitative and qualitative evaluation of all proposed
configurations on the MUG test set (158 videos from 10 unseen identities). The
goal is to understand how the two main modifications—(i) replacing the GAN
image generator with a diffusion model, and (ii) shifting the emotion conditioning
from the frame generator to the motion-code generator—affect (a) overall spatio-

temporal quality, (b) emotion expressiveness, and (c) identity preservation.

For ease of comprehension and to simplify the reading of the results, Table 5.1
reports again the canonical names of the compared settings introduced in Chap-
ter 3.

Canonical name Description

baseline Original VICEGAN with GAN-based frame synthesis.

onlyEM Conditioning shift applied to the motion generator,
while keeping GAN-based frame synthesis.

onlyDM Diffusion model replacing GAN.

EM-DM Diffusion-based frame synthesis combined with the

conditioning shift, with emotion injected in the mo-
tion generator.
both_retrievedMcs Diffusion model driven by motion codes retrieved from
real training sequences using an embedding network.
LFDM State-of-the-art reference method.

Table 5.1: Canonical names and short descriptions of the compared model con-
figurations.

o4
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5.1.1 Fréchet Video Distance (FVD)

Table 5.2 reports FVD; for the formal definition and computation details, see
Section 4.4.1 in Chapter 4. Here, it is sufficient to recall that lower values indicate
generated videos that are closer to the real-data distribution, and therefore better
overall perceptual quality at the distribution level. Overall, replacing GAN-based

synthesis with a diffusion model leads to a strong improvement in video quality.

The best overall score is obtained by onlyDM (FVD = 100), followed by EM-
DM (FVD = 120). In contrast, the GAN-based baseline has a substantially
higher FVD (= 430). The conditioning shift alone also improves quality in the
GAN setting: onlyEM reduces FVD from 430 to 346. The retrieval-driven
configuration both retrievedMcs achieves an intermediate FVD (= 287), close
to LFDM (= 291).

All] Angry| Disgust, Surprise| Sad| Happy| Fear]

LFDM 291 395 387 431 446 467 395
baseline 430 580 494 566 683 491 646
onlyEM 346 465 461 520 451 397 555
onlyDM 100 186 227 245 203 206 230
EM-DM 120 203 237 247 194 221 277
both_retrievedMcs | 287 650 403 402 296 335 678

Table 5.2: Fréchet Video Distance (FVD, lower is better) results obtained by
different models on the test set.

Overall, these results support the conclusion that diffusion-based synthesis pro-
duces higher-quality videos in terms of distributional realism (as measured by
FVD) and visual fidelity (as observed in qualitative samples). Temporal co-
herence is analyzed separately through ACD-C and the temporal AEA/ACD-I

trends.

5.1.2 Emotion Accuracy Metrics

Table 5.3 reports DEA, AEA, and their WN variants; the formal definitions are
given in Sections 4.4.2 and 4.4.3 of Chapter 4. In this chapter, these metrics are
interpreted as measures of how well the generated sequence expresses the intended
emotion: higher values indicate better emotion control, while the WN variants
additionally reward the correct neutral—+emotion—neutral temporal structure

over the full sequence.
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| DEAT AEAT DEA WN{ AEA WNt

LFDM 0.58 0.60 0.23 0.37

baseline 0.74 0.70 0.63 0.58

all onlyEM 0.76  0.76 0.54 0.52
onlyDM 0.66 0.64 0.46 0.49

EM-DM 0.63 0.58 0.56 0.52

both retrievedMes | 0.75 0.74 0.53 0.52

LFDM 0.43 0.47 0.17 0.32

baseline 0.73 0.72 0.67 0.57

angry onlyEM 0.50 0.57 0.40 0.43
‘ onlyDM 0.60 0.60 0.40 0.47
EM-DM 0.50 0.51 0.50 0.50
both_retrievedMcs | 0.83  0.81 0.37 0.44

LFDM 0.63 0.63 0.17 0.34

baseline 0.83 0.72 0.50 0.53

disgust onlyEM 0.93 0.91 0.53 0.52
onlyDM 0.73 0.69 0.37 0.43

EM-DM 0.77 0.66 0.43 0.46

both retrievedMecs | 0.43 0.51 0.23 0.39

LFDM 0.59 0.60 0.21 0.36

baseline 0.66 0.66 0.59 0.57

surprise onlyEM 0.90 0.82 0.55 0.56
onlyDM 0.59 0.57 0.41 0.48

EM-DM 0.55 0.53 0.62 0.54

both retrievedMes | 0.97  0.91 0.83 0.68

LFDM 0.43 0.46 0.19 0.33

baseline 0.52 0.52 0.62 0.53

sad onlyEM 0.62 0.64 0.52 0.49
onlyDM 0.52 0.52 0.52 0.44

EM-DM 0.43 0.42 0.57 0.43
both_retrievedMes | 0.48 0.53 0.57 0.44

LFDM 0.90 0.87 0.39 0.51

baseline 1.00 097 0.87 0.72

happy onlyEM 1.00 1.00 0.74 0.62
’ onlyDM 0.94 0.90 0.77 0.64
EM-DM 0.97 0.87 0.81 0.69
both_retrievedMcs | 1.00 0.98 0.81 0.66

LFDM 0.35 0.42 0.24 0.36

baseline 0.53 0.45 0.41 0.49

foar onlyEM 0.41 0.47 0.41 0.46
onlyDM 0.47 0.42 0.18 0.44

EM-DM 0.35 0.29 0.29 0.43

both retrievedMcs | 0.65  0.55 0.24 0.49

Table 5.3: Quality of emotion generation (R2) results obtained by different mod-
els on the test set. Comparison of Dominant Emotion Accuracy (DEA), Average
Emotion Accuracy (AEA), and their With Neutral variants (WN), which incor-
porate the neutral-apex—neutral structure of the full sequence.

The main trend is that GAN-based configurations provide higher emotion
recognition scores than diffusion-based ones. In particular, onlyEM achieves
the best overall performance (DEA = 0.76, AEA = 0.76), closely followed by
both retrievedMcs (DEA = 0.75, AEA = 0.74) and the baseline (DEA
= 0.74, AEA = 0.70).

This behavior is expected for adversarial training: the GAN pipeline includes a
discriminator that explicitly encourages frames to look plausible and, in practice,

to be recognized correctly by an external emotion classifier. However, the compar-
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ison with FVD suggests a critical caveat: higher emotion-classification accuracy
does not necessarily imply better perceptual quality. In some cases, distortions,
exaggerated facial deformations, or high-frequency artifacts can increase the con-
fidence of an automated classifier while reducing realism. For this reason, emotion
metrics should be interpreted jointly with quality and consistency metrics, and

complemented with qualitative inspection.

5.1.3 Identity Preservation (ACD-I) and Average Emotion
Accuracy (AEA) Trends

To better understand when models express emotions and how identity changes
over time, we analyze the temporal profiles of AEA and ACD-I across the 32
generated frames. For the formal definitions of these quantities, see Sections 4.4.2
and 4.4.4 in Chapter 4. Here, the interpretation is straightforward: an effective
model should show an AEA peak around the apex frames (10-21), while ACD-I
should remain as stable as possible over time, since strong oscillations typically

correspond to identity drift during expression generation.

angry disgust surprise

0.6 0.6 1
—— AEA —— AEA —— AEA
ACD-I ACD-I ACD-I
0.4 0.4+
0.2 0.21
20 25 30
d
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0.4
0.2
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S
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Figure 5.1: Temporal analysis of average emotion accuracy (AEA) and identity
consistency (ACD-I) for the VICEGAN baseline model.
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angry disgust surprise
1.0 — AEA 1.0 — AEA 1.0
—— ACD-I —— ACD-I
0.8 0.8 0.8
0.6 0.6 0.6
— AEA
—— ACD-I
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Figure 5.2: Temporal analysis of average emotion accuracy (AEA) and identity
consistency (ACD-I) for the LFDM model.
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Figure 5.3: Temporal analysis of average emotion accuracy (AEA) and identity
consistency (ACD-I) for the onlyEM model.
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angry disgust surprise
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Figure 5.4: Temporal analysis of average emotion accuracy (AEA) and identity
consistency (ACD-I) for the onlyDM model.
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Figure 5.5: Temporal analysis of average emotion accuracy (AEA) and identity
consistency (ACD-I) for the diffusion-based model retrained with the emotion-
conditioned motion generator (EM-DM).
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Figure 5.6: Temporal analysis of average emotion accuracy (AEA) and identity
consistency (ACD-I) for the diffusion model driven by retrieved motion codes
(both_retrievedMcs).

Across models, the plots highlight a clear trade-off: GAN-based variants tend
to express emotions more strongly, as indicated by higher AEA peaks, while
diffusion-based variants preserve identity more reliably, as reflected in more sta-
ble ACD-I trends. In this comparison, LEDM generally lies between the GAN
variants and the diffusion-based models, showing intermediate behavior across
both dimensions. In contrast, both retrievedMcs does not exhibit the desired
emotional peak and shows higher variability across generated frames, suggesting

less stable emotional dynamics.
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LFDM VICEGAN baseline onlyEM
0 20 0 20 0 20
onlyDM EM-DM both retrievedMcs
0 20 0 20 0 20

Figure 5.7: Overall AEA and ACD-I trends (aggregated over all emotions) for
all compared models and the original dataset. Each panel shows the temporal
profile of emotion accuracy and identity consistency across the 32 frames, enabling
a direct visual comparison of expression strength and identity preservation.

5.1.4 Identity Consistency

Table 5.4 reports ACD-I; for the formal definition, see Section 4.4.4 in Chapter 4.

In the discussion below, ACD-I is interpreted as a measure of identity preservation
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under expression changes: lower distances and higher recognition rates indicate

that the generated face remains closer to the source identity.

Diffusion-based models achieve the most consistent identity metrics. In the aggre-
gated setting, onlyDM (and, very closely, EM-DM) shows the lowest distances
and the highest recognition rates under both OpenFace and ArcFace (Table 5.4),
indicating stronger identity preservation under expression changes than other
models. both retrievedMcs outperforms both the VICEGAN baseline and
LFDM on several identity metrics, but it is still consistently outperformed by
the other diffusion-based variants in this comparison. Overall, these results sup-
port the conclusion that diffusion-based synthesis preserves identity more reliably

under expression changes.

OpenFace ArcFace VGG-Face
Cos_d| Cos_rrt Euc_d| FEuc_rrt ‘ Cos_d| Cos_rrt FEuc_d| FEuc_rrt ‘ Cos_d| Cos_rrt FEuc_d| FEuc_rrt
LFDM 0.14 0.40 0.51 0.64 0.29 0.00 3.54 0.85 0.16 1.00 0.31 1.00
baseline 0.13 0.44 0.49 0.68 0.45 0.00 4.40 0.37 0.20 0.98 0.35 1.00
all onlyEM 0.15 0.40 0.52 0.60 0.46 0.00 4.47 0.33 0.22 0.96 0.36 1.00
onlyDM 0.08 0.72 0.36 0.87 0.16 0.38 2.58 0.94 0.08 1.00 0.22 1.00
EM-DM 0.08 0.73 0.35 0.86 0.16 0.39 2.60 0.94 0.08 1.00 0.21 1.00
both_ retrievedMcs 0.12 0.52 0.45 0.68 0.24 0.20 3.18 0.81 0.13 0.99 0.27 1.00
LFDM 0.15 0.33 0.53 0.58 0.29 0.00 3.55 0.89 0.15 1.00 0.30 1.00
baseline 0.14 0.47 0.50 0.68 0.44 0.00 4.39 0.40 0.18 0.99 0.33 1.00
angry onlyEM 0.17 0.34 0.56 0.49 0.45 0.00 4.42 0.31 0.20 1.00 0.34 1.00
: onlyDM 0.08 0.69 0.36 0.89 0.17 0.31 2.66 0.96 0.08 1.00 0.21 1.00
EM-DM 0.08 0.68 0.37 0.84 0.18 0.35 2.71 0.93 0.08 1.00 0.21 1.00
both_retrievedMcs 0.18 0.28 0.56 0.40 0.38 0.13 3.95 0.51 0.18 0.97 0.31 1.00
LFDM 0.16 0.38 0.54 0.53 0.31 0.00 3.73 0.70 0.18 1.00 0.32 1.00
baseline 0.13 0.49 0.48 0.71 0.43 0.00 4.34 0.38 0.20 0.98 0.35 0.99
disgust onlyEM 0.17 0.36 0.56 0.50 0.47 0.00 4.54 0.30 0.25 0.91 0.39 1.00
onlyDM 0.10 0.60 0.40 0.74 0.19 0.33 2.88 0.87 0.12 1.00 0.26 0.99
EM-DM 0.09 0.60 0.39 0.75 0.18 0.39 2.79 0.87 0.11 1.00 0.25 0.99
both_ retrievedMcs 0.13 0.47 0.47 0.60 0.25 0.22 3.25 0.71 0.14 0.99 0.28 0.99
LFDM 0.16 0.37 0.53 0.61 0.30 0.00 3.61 0.81 0.15 1.00 0.31 1.00
baseline 0.16 0.32 0.55 0.56 0.50 0.00 4.64 0.26 0.23 0.96 0.38 1.00
surprise onlyEM 0.16 0.37 0.54 0.58 0.50 0.00 4.64 0.27 0.21 0.98 0.37 1.00
onlyDM 0.11 0.57 0.43 0.78 0.20 0.29 2.87 0.87 0.10 1.00 0.25 1.00
EM-DM 0.10 0.66 0.40 0.79 0.20 0.34 2.82 0.87 0.09 1.00 0.23 1.00
both_ retrievedMcs 0.13 0.49 0.46 0.68 0.22 0.19 3.03 0.86 0.10 1.00 0.26 1.00
LFDM 0.12 0.47 0.47 0.75 0.26 0.00 3.36 0.95 0.16 1.00 0.30 1.00
baseline 0.11 0.53 0.45 0.79 0.43 0.00 4.23 0.48 0.18 1.00 0.33 1.00
sad onlyEM 0.12 0.51 0.46 0.74 0.44 0.00 429 0.44 0.20 1.00 0.34 1.00
‘ onlyDM 0.04 0.94 0.26 0.97 0.10 0.63 2.06 1.00 0.05 1.00 0.17 1.00
EM-DM 0.04 0.93 0.26 0.96 0.10 0.57 2.14 1.00 0.05 1.00 0.17 1.00
both_retrievedMcs 0.06 0.89 0.31 0.94 0.15 0.37 2.56 0.98 0.08 1.00 0.21 1.00
LFDM 0.13 0.43 0.48 0.69 0.26 0.00 3.44 0.91 0.16 1.00 0.31 1.00
baseline 0.12 0.45 0.47 0.72 0.43 0.00 4.32 0.40 0.22 0.95 0.36 1.00
happy onlyEM 0.13 0.46 0.48 0.70 0.43 0.00 4.38 0.37 0.24 0.92 0.38 1.00
b onlyDM 0.06 0.83 0.32 0.98 0.12 0.42 2.37 1.00 0.08 1.00 0.21 1.00
EM-DM 0.06 0.79 0.33 0.94 0.13 0.40 2.44 0.99 0.08 1.00 0.21 1.00
both_ retrievedMcs 0.09 0.63 0.41 0.82 0.18 0.20 2.82 0.99 0.13 1.00 0.27 1.00
LFDM 0.13 0.48 0.48 0.72 0.28 0.00 3.47 0.90 0.13 1.00 0.30 1.00
baseline 0.14 0.38 0.50 0.67 0.48 0.00 4.50 0.32 0.20 1.00 0.36 0.99
foar onlyEM 0.13 0.41 0.49 0.64 0.49 0.00 4.55 0.31 0.20 1.00 0.35 1.00
onlyDM 0.07 0.77 0.34 0.93 0.14 0.41 2.44 0.98 0.06 1.00 0.20 1.00
EM-DM 0.07 0.79 0.35 0.94 0.15 0.36 2.52 0.98 0.07 1.00 0.20 1.00
both_ retrievedMcs 0.12 0.44 0.47 0.77 0.26 0.05 3.35 0.89 0.12 1.00 0.28 1.00

Table 5.4: Identity consistency (R4) results obtained by different models on the
test set. Comparison of Cosine Distance (dist., lower is better) and Recognition

Rate (r. rate, higher is better) across OpenFace, ArcFace, and VGG-Face em-
beddings.
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5.1.5 Frame Continuity and Temporal Coherence

Table 5.5 reports ACD-C; the formal definition is given in Section 4.4.4 of Chap-
ter 4. Here, we use it only as a compact indicator of short-term temporal smooth-
ness: lower distance and higher recognition rates correspond to fewer discontinu-

ities between consecutive frames.

OpenFace ArcFace VGG-Face

Cos_d| Cos_rrt Euc_d| Euc_rrt ‘ Cos_d| Cos_rmrt Euc_d| Euc_rrt ‘ Cos_d| Cos_rrt Euc_d| Euc_rrt
LFDM 0.04 0.92 0.25 0.97 0.10 0.63 1.89 1.00 0.04 1.00 0.14 1.00
baseline 0.04 0.94 0.24 0.98 0.11 0.63 1.88 0.99 0.04 1.00 0.16 1.00
all onlyEM 0.04 0.92 0.25 0.97 0.10 0.68 1.82 0.98 0.04 1.00 0.15 1.00
onlyDM 0.03 0.94 0.23 0.98 0.08 0.76 1.76 1.00 0.03 1.00 0.14 1.00
EM-DM 0.04 0.93 0.24 0.97 0.08 0.72 1.84 1.00 0.04 1.00 0.14 1.00
both_retrievedMcs 0.05 0.86 0.30 0.95 0.13 0.48 2.25 0.99 0.05 1.00 0.18 1.00
LFDM 0.03 0.94 0.24 0.99 0.10 0.66 1.83 1.00 0.04 1.00 0.14 1.00
baseline 0.04 0.94 0.24 0.99 0.10 0.67 1.81 0.99 0.04 1.00 0.15 1.00
angry onlyEM 0.04 0.94 0.25 0.98 0.09 0.75 1.68 0.98 0.04 1.00 0.14 1.00
: onlyDM 0.03 0.96 0.23 0.99 0.07 0.79 1.71 1.00 0.03 1.00 0.13 1.00
EM-DM 0.04 0.93 0.25 0.97 0.08 0.74 1.81 1.00 0.03 1.00 0.14 1.00
both_retrievedMcs 0.07 0.78 0.35 0.91 0.16 0.29 2.51 0.96 0.07 1.00 0.20 1.00
LFDM 0.03 0.93 0.23 0.98 0.09 0.68 1.88 0.99 0.04 1.00 0.14 1.00
baseline 0.03 0.96 0.22 0.99 0.09 0.71 1.79 0.99 0.04 1.00 0.15 1.00
disgust onlyEM 0.04 0.93 0.25 0.97 0.09 0.72 1.80 0.98 0.04 1.00 0.15 1.00
onlyDM 0.03 0.95 0.22 0.99 0.07 0.80 1.77 1.00 0.03 1.00 0.14 1.00
EM-DM 0.04 0.93 0.24 0.97 0.08 0.77 1.83 1.00 0.04 1.00 0.15 1.00
both_retrievedMcs 0.04 0.94 0.25 0.98 0.11 0.56 2.18 0.99 0.05 1.00 0.17 1.00
LFDM 0.04 0.90 0.26 0.96 0.11 0.57 1.96 1.00 0.04 1.00 0.15 1.00
baseline 0.04 0.91 0.27 0.97 0.13 0.54 2.07 0.98 0.05 1.00 0.17 1.00
surprise onlyEM 0.04 0.89 0.26 0.97 0.11 0.61 1.93 0.98 0.04 1.00 0.16 1.00
) ) onlyDM 0.04 0.91 0.26 0.96 0.10 0.65 1.89 1.00 0.04 1.00 0.16 1.00
EM-DM 0.05 0.89 0.27 0.95 0.11 0.57 2.02 0.99 0.04 1.00 0.16 1.00
both_retrievedMcs 0.06 0.86 0.31 0.95 0.13 0.40 2.25 1.00 0.05 1.00 0.18 1.00
LFDM 0.04 0.93 0.24 0.98 0.09 0.70 1.78 1.00 0.04 1.00 0.13 1.00
baseline 0.03 0.96 0.24 0.99 0.10 0.63 1.84 0.99 0.04 1.00 0.15 1.00
N onlyEM 0.04 0.93 0.25 0.97 0.10 0.65 1.79 0.98 0.04 1.00 0.14 1.00
sad onlyDM 0.03 0.94 0.21 0.99 0.06 0.81 1.59 1.00 0.03 1.00 0.12 1.00
EM-DM 0.03 0.96 0.20 0.99 0.06 0.81 1.65 1.00 0.03 1.00 0.12 1.00
both_retrievedMcs 0.03 0.96 0.23 0.99 0.08 0.75 1.86 1.00 0.03 1.00 0.14 1.00
LFDM 0.04 0.91 0.25 0.97 0.10 0.63 1.90 1.00 0.04 1.00 0.15 1.00
baseline 0.04 0.92 0.24 0.97 0.10 0.65 1.83 0.99 0.04 1.00 0.15 1.00
happy onlyEM 0.04 0.92 0.24 0.97 0.09 0.74 1.75 0.99 0.04 1.00 0.15 1.00
v onlyDM 0.03 0.95 0.22 0.98 0.07 0.81 1.70 1.00 0.03 1.00 0.13 1.00
EM-DM 0.03 0.93 0.23 0.97 0.07 0.80 1.77 1.00 0.03 1.00 0.14 1.00
both_retrievedMcs 0.05 0.88 0.28 0.94 0.10 0.64 2.04 1.00 0.04 1.00 0.16 1.00
LFDM 0.05 0.86 0.28 0.94 0.12 0.51 2.03 1.00 0.04 1.00 0.16 1.00
baseline 0.04 0.92 0.26 0.97 0.12 0.56 2.00 0.99 0.05 1.00 0.17 1.00
fear onlyEM 0.05 0.89 0.28 0.97 0.13 0.52 2.05 0.99 0.05 1.00 0.17 1.00
onlyDM 0.04 0.95 0.25 0.98 0.09 0.64 1.91 1.00 0.04 1.00 0.15 1.00
EM-DM 0.04 0.93 0.25 0.98 0.10 0.63 1.96 1.00 0.04 1.00 0.16 1.00
both_retrievedMcs 0.08 0.75 0.37 0.90 0.20 0.14 2.80 0.98 0.08 1.00 0.22 1.00

Table 5.5: Frame continuity consistency (ACD-C) results obtained by different
models on the test set. Comparison of Cosine Distance (dist., lower is better)
and Recognition Rate (r. rate, higher is better) across OpenFace, ArcFace, and
VGG-Face embeddings, measured between consecutive frames.

All configurations achieve high temporal continuity, with recognition rates close
to 1.00 in most cases. The onlyDM model achieves the best overall OpenFace
and ArcFace distances. LEDM, onlyDM, and EM-DM are close to each other
and are generally slightly better than the VICEGAN-based configurations. In
contrast, only both retrievedMcs shows a clear drop in temporal continuity,
with higher distances and lower recognition rates across all embeddings; this

suggests that the retrieved motion codes, in this specific training setting, may
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not be fully compatible with the diffusion-based frame generator, leading to less

stable transitions between frames.

5.1.6 Qualitative Results: Generated Samples

This section presents visual examples of generated video sequences to complement
the quantitative evaluation. For each model configuration, Figure 5.9 through
Figure 5.13 show representative frames sampled uniformly from a generated 32-
frame video sequence. Each figure displays 10 frames (64x64 pixels) arranged
horizontally, illustrating the temporal evolution from neutral expression to the

target emotion and back to neutral.

Anger

Disgust

Surprise

Sadness

Happiness

Fear

Figure 5.8: Generated video sequences from the LFDM model. Each row corre-
sponds to a different emotion class, showing 10 uniformly sampled frames.
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Figure 5.9: Generated video sequences from the VICEGAN baseline model.
Each row corresponds to a different emotion class, showing 10 uniformly sam-
pled frames.
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Figure 5.10: Generated video sequences from the onlyEM model. Each row
corresponds to a different emotion class, showing 10 uniformly sampled frames.
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Anger

Disgust

Surprise

Sadness

Happiness

Fear

Figure 5.11: Generated video sequences from the onlyDM model. Each row
corresponds to a different emotion class, showing 10 uniformly sampled frames.

Anger

Disgust

Surprise

Sadness

Fear

Figure 5.12: Generated video sequences from EM-DM (diffusion model retrained
using the motion generator trained in the onlyEM setting, with explicit emotion
conditioning). Each row corresponds to a different emotion class, showing 10
uniformly sampled frames.
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Anger

Disgust

Surprise

Sadness

Happiness

Fear

Figure 5.13: Generated video sequences from both _retrievedMcs (diffusion model
driven by motion codes retrieved from the training set using FECNet expression
embeddings). Each row corresponds to a different emotion class, showing 10
uniformly sampled frames.

The visual comparison makes the qualitative gap between GAN-based and
diffusion-based models immediately apparent. The VICEGAN baseline pro-
duces recognizable facial expressions, but the sequences can appear less sharp
and often include visible artifacts or slightly unstable transitions. Moving
from the baseline to onlyEM not only strengthens the perceived expression
(consistent with its higher AEA/DEA), but also leads to a modest improvement
in visual quality, with somewhat cleaner faces and fewer severe artifacts,
even though the limitations of the GAN-based pipeline are still evident in
many samples. In contrast, diffusion-based frame generation (onlyDM and
EM-DM) produces markedly cleaner and sharper frames with stable dynamics
and substantially fewer artifacts, in line with their much better FVD scores.
Across all configurations, the temporal evolution from neutral to apex and back
to neutral is generally plausible, indicating that each model learns meaningful
emotional dynamics over time. This, in turn, highlights the need to go beyond
automatic metrics and to incorporate human perception when evaluating how

well emotions are conveyed.
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5.2 Discussion

The results highlight a systematic trade-off between perceptual quality and emo-

tion recognition scores, and clarify the role of each architectural modification.

Diffusion models improve overall video quality, with onlyDM as the
best configuration. Across all settings, diffusion-based synthesis yields sub-
stantially lower FVD than GAN-based synthesis (Table 5.2). In particular, on-
lyDM achieves the best FVD, outperforming both the VICEGAN baseline and
the SOTA reference LFDM; this is consistent with qualitative frames that appear

cleaner and sharper.

Diffusion models preserve identity best. The ACD-I results show that
diffusion-based variants achieve the strongest identity preservation across multiple

embeddings, particularly under OpenFace and ArcFace (Table 5.4).

Temporal continuity is high for all models, with a small diffusion ad-
vantage. ACD-C recognition rates are high across configurations (often satu-
rated under VGG-Face), but diffusion-based models tend to show slightly better
distances and recognition rates (Table 5.5), indicating fewer short-term disconti-

nuities.

GAN-based models score higher on emotion metrics, but this does not
guarantee better realism. The best AEA/DEA values are obtained by GAN-
based configurations, especially onlyEM (AEA = 0.76), and this trend is also
visible when comparing against the VICEGAN baseline. A plausible reason is
the presence of adversarial training components that explicitly reward outputs
that are easy to classify as the target emotion. However, the simultaneous degra-
dation in FVD for GAN-based models indicates that these gains may partially
stem from distortions or artifacts that increase classifier confidence while reducing

naturalness.

Conditioning shift improves emotion metrics and slightly improves
FVD in the GAN setting, but not in the diffusion setting. Moving
emotion conditioning to the motion generator improves emotion accuracy (AEA
from 0.70 to 0.76) and reduces FVD (from 430 to 346) when the frame genera-
tor remains GAN-based (baseline—onlyEM). In contrast, when combined with
the diffusion frame generator (onlyDM—EM-DM), both emotion metrics and
FVD slightly decrease (AEA 0.64 — 0.58, FVD 100 — 120). This suggests that
the diffusion model benefits from motion codes that are more stable and less

variable during training, and that it can inject the desired temporal emotional
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dynamics directly from the conditioning signal, without needing large changes in

the motion-code distribution.

This interpretation is consistent with the behavior of both retrievedMcs: us-
ing retrieved (real) motion codes can partially stabilize the motion trajectory at
inference time, but it still does not match the best diffusion-only configuration in

overall quality.
Automatic metrics have limitations and motivate human evaluation.

After a careful joint analysis of the quantitative results and the generated sam-
ples, it becomes clear that automatic metrics only partially capture how humans
perceive the videos. Across several configurations, the numerical trends and the
visual evidence do not always correspond perfectly. In particular, some mod-
els achieve higher emotion scores even when the generated faces exhibit visible

artifacts, local deformations, or reduced naturalness.

This mismatch is especially evident for emotion-related metrics that rely on the
outputs of external classifiers. Classifier confidence may increase even when per-
ceptual quality does not improve and, in some cases, may even be driven by
unnatural facial deformations or visual artifacts. For example, unnatural eye
shapes may be interpreted as signals of surprise, dark pixel regions near the mouth
may resemble cues associated with disgust, and unrealistically large, bright teeth

within an exaggerated mouth shape may be interpreted as indicators of happiness.

By contrast, the metrics based on comparisons in feature space, such as FVD and
the identity and continuity measures, tend to show a closer correspondence with
the visual quality observed in the generated samples. Although these metrics are
not a perfect proxy for human judgment either, in our analysis they are generally
more consistent with perceived realism, facial stability, and temporal coherence

than the classifier-based emotion scores.

Final model selection: onlyDM vs. EM-DM. The results consistently indi-
cate that the diffusion-based variants onlyDM and EM-DM are the strongest
overall models. Across the principal evaluation dimensions, they clearly out-
perform the remaining configurations: they obtain the best FVD scores, the
strongest identity-preservation results, and the most stable temporal-continuity
values, while also producing visibly cleaner and more coherent samples. Although
some (GAN-based variants obtain higher emotion-classification scores, these gains
are associated with more evident artifacts, local facial deformations, and a less

natural overall appearance.
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To support the final selection between these two models, we report below the
aggregate (all) results extracted from Tables 5.2, 5.3, 5.4, and 5.5, together with
the aggregated AEA /ACD-I temporal profiles.

Model |FVD| |DEAt AEAt DEA WN{ AEA WN?
onlyDM | 100 0.66  0.64 0.46 0.49

EM-DM 120 0.63 0.58 0.56 0.52

Table 5.6: Aggregate (all) FVD and emotion metrics for onlyDM and EM-DM.
Lower is better for FVD, higher is better for DEA/AEA and their WN variants.
Values reproduce the corresponding entries in Tables 5.2 and 5.3.

Model OpenFace (ACD-I) ArcFace (ACD-I) VGG-Face (ACD-I)
Cos_d| Cos_rrt Euc_d] Euc_rrt | Cos_d] Cos_rrt Euc_d| Euc_rrt | Cos_d| Cos_rrt Euc_d| Euc_rrf

onlyDM 0.08 0.72 0.36 0.87 0.16 0.38 2.58 0.94 0.08 1.00 0.22 1.00

EM-DM 0.08 0.73 0.35 0.86 0.16 0.39 2.60 0.94 0.08 1.00 0.21 1.00

Table 5.7: Aggregate (all) identity preservation results (ACD-I) for onlyDM
and EM-DM. Lower distance and higher recognition rate indicate better identity
preservation. Values reproduce the corresponding entries in Table 5.4.

Model OpenFace (ACD-C) ArcFace (ACD-C) VGG-Face (ACD-C)
Cos_d| Cos_rrt Euc_d] Euc_rrt | Cos_d] Cos_rrt Euc_d| Euc_rrt | Cos_d| Cos_rrt Euc_d| Euc_rrf

onlyDM 0.03 0.94 0.23 0.98 0.08 0.76 1.76 1.00 0.03 1.00 0.14 1.00

EM-DM 0.04 0.93 0.24 0.97 0.08 0.72 1.84 1.00 0.04 1.00 0.14 1.00

Table 5.8: Aggregate (all) temporal continuity results (ACD-C) for onlyDM
and EM-DM. Lower distance and higher recognition rate indicate smoother
transitions. Values reproduce the corresponding entries in Table 5.5.

EM-DM

R

/ )

Figure 5.14: AEA and ACD-I temporal profiles for onlyDM and EM-DM (for
each emotion).

In summary, onlyDM is selected as the final model. It achieves the best aggre-

gate F'VD, confirming the strongest overall generation quality, and it is equal or
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slightly better than EM-DM on most aggregate ACD-I and ACD-C indicators,
showing stronger identity preservation and temporal stability. This conclusion
is reinforced by the aggregated temporal profiles in Figure 5.14, which show a
slightly more stable identity trend and a cleaner evolution of the expression over

time.

The emotion metrics do not overturn this conclusion. Although EM-DM is
slightly better on the WN variants, onlyDM remains stronger on the standard
aggregate DEA and AEA measures, and, more importantly, its qualitative sam-
ples are cleaner and less affected by visible artifacts, local deformations, or manip-
ulations of facial structure. In other words, the small WN advantage of EM-DM
is not accompanied by a stronger overall visual result, whereas onlyDM remains
superior on the main quality indicators and on the perceptual appearance of the
generated faces. For these reasons, onlyDM is the strongest overall configuration

and is therefore chosen as the final model.

5.3 User Study: Human Evaluation of Generated
Videos

As discussed in the paragraph on the limitations of automatic metrics, scores
such as FVD, AEA/DEA and ACD-I/ACD-C are useful for large-scale bench-
marking, but they do not directly measure how humans perceive the generated
videos. In line with this view, several works on video generation [14,30] argue
that automatic metrics should be complemented by structured human evaluation
to obtain assessments that are more reliable and better aligned with human per-
ception. Therefore, to complement our quantitative analysis, we conducted a user
study in which the selected diffusion-based model (onlyDM) was compared with
both the VICEGAN baseline and the reference state-of-the-art model (LFDM),
so as to evaluate the effective improvement achieved by the proposed work with

respect to both the original baseline and the main external reference.

5.3.1 Protocol

To facilitate the user study, we developed a simple online platform where partic-
ipants could view and compare the generated videos. For each of the six basic

emotions (Anger, Disgust, Fear, Happiness, Sadness, Surprise), the platform si-
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multaneously displayed three anonymized video clips, one from each model under
comparison. The videos were presented as looped, 32-frame sequences at a res-
olution of 64 x 64 pixels. The order of the models was randomized for each

participant and for each emotion to prevent ordering bias.

Participants were asked to rate each of the three videos for each emotion based

on four quality dimensions, assigning a score from 1 (very bad) to 5 (excellent).

Based on the quantitative results from the previous sections, we evaluated three
models: VICEGAN (the baseline), LFDM (the state of the art), and onlyDM
(our best-performing model). In this way, we directly compare our best model

against both the baseline and the state of the art.

Participants rated the videos according to the following criteria, on a scale from
1 (very bad) to 5 (excellent):

1. Identity Preservation: "Is the identity preserved?"

2. Identity Consistency: "Does the identity remain consistent throughout

the video?"
3. Emotion Generation: "Is the desired emotion generated correctly?"

4. Realism: "Does the video appear realistic?"

5.3.2 Results

The study followed a within-subjects design, where each of the 93 participants
provided 72 ratings in total (one for each of the 3 models across 4 criteria and
6 emotions) for a total of 6696 ratings. For a given criterion and emotion, each
participant assigned an integer score from 1 (very bad) to 5 (excellent) to every
model. We then computed the mean score for each model by averaging its scores
across all participants and emotions. The resulting values lie in the range [1, 5],

where a higher mean score indicates a stronger preference for that model.

Model Mean score Ratings
VICEGAN 2.60 2232
LFDM 3.80 2232
onlyDM 4.09 2232

Table 5.9: User study results: overall mean score (higher is better, on a scale of
1-5) and number of ratings for each model across all criteria and emotions.
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Model Identity Pres. Identity Cons. Emotion Realism
VICEGAN 2.48 2.35 3.31 2.21
LFDM 3.96 4.02 3.33 3.87
onlyDM 4.14 4.12 4.10 4.04

Table 5.10: User study results: mean score (higher is better, on a scale of 1-5)
for each model across the four evaluation criteria. Scores are averaged over all
participants and all six emotions.

Model Anger Disgust Fear Happiness Sadness Surprise
VICEGAN  2.72 2.89 2.37 2.40 2.57 2.63
LFDM 3.70 3.88 3.50 3.99 3.58 4.17
onlyDM 4.14 3.66 4.16 4.34 3.98 4.28

Table 5.11: User study results: mean score (higher is better, on a scale of 1-5)
for each model and each emotion. Scores are averaged over all participants.

To determine if the observed differences in ratings are statistically significant,
we performed a Friedman test for each criterion. A significant result (p < .05)
suggests that participants did not rate the models equivalently, meaning at least

one model was consistently rated higher or lower than the others.

Criterion x2(2) p

Identity Preservation 90.738 1.98 x 10~2°
Identity Consistency 91.959 1.07 x 1072°
Emotion Generation 65.136 7.18 x 107%°
Realism 85.549 2.65 x 1071

Table 5.12: Friedman test statistics for each evaluation criterion in the user study.

Overall, the user study indicates that onlyDM is the most preferred model,
clearly outperforming both LFDM and the VICEGAN baseline in terms of

mean score.

The statistical analysis confirms that differences between models are highly sig-
nificant across all evaluated criteria, namely identity preservation and within-
video identity consistency, correctness of emotion generation, and video realism.
Moreover, participants showed a moderate and stable level of agreement in their

judgments for each criterion.
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Conclusions

6.1 Analysis of Findings

This thesis investigates the generation of short facial-expression videos from a sin-
gle neutral image and a target emotion, with a focus on realism, identity preser-
vation across the sequence, and believable expression dynamics. Building on the
experiments reported in Chapter 5, this section revisits the research questions
introduced in Chapter 1 and discusses them in order (RQ1-RQ4).

In the following, we use the short model names introduced in Chapter 3: the
VICEGAN baseline, the motion-conditioned variant onlyEM, the diffusion-
based frame generator onlyDM, their combination EM-DM, and the retrieval-
based variant both retrievedMcs.

6.1.1 RQ1: Conditioning strategy for emotion-aware mo-

tion representations

RQ1 asks how the conditioning strategy can be designed so that motion codes
acquire emotion-related semantics and yield emotion-specific temporal dynamics.
In this thesis, we answer it by moving the emotion signal from the frame generator
to the motion generator (onlyEM), so that the motion trajectory itself carries

the expression dynamics.

In this setting, the frame generator no longer receives an explicit emotion label
and must infer the target expression from the motion trajectory it is conditioned

on. As a result, the motion generator is pushed to encode emotion-specific tem-

74
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poral dynamics into the motion codes, since they become the only carrier of

expression information available to the frame synthesizer.

6.1.2 RQ2: Replacing the GAN with a diffusion model

RQ2 asks whether diffusion models can provide superior frame synthesis quality
compared to GAN-based approaches. The results provide a clear positive answer:
replacing the GAN frame synthesizer with a diffusion model (onlyDM) yields
the strongest overall improvements in realism, identity preservation, and temporal

continuity.

Diffusion-based synthesis strongly reduces FVD and improves ACD-I and ACD-
C, meaning that frames are closer to real videos, identity is better preserved,
and frame-to-frame continuity is smoother. Visual examples confirm these gains:
onlyDM produces sharper faces, fewer artifacts, and more stable identities at

the emotion apex.

For emotion metrics, diffusion-based variants obtain lower AEA/DEA than the
best GAN-based configuration. However, as explained in Chapter 5, these scores
depend on pretrained emotion classifiers and can be increased by artifacts or
exaggerated expressions that do not look realistic. The user study helps rec-
oncile these perspectives: participants consistently preferred onlyDM over both
the VICEGAN baseline and the LEFDM reference across identity, emotion, and

realism questions, supporting the selection of onlyDM as the final model.

6.1.3 RQ3: Leveraging pretrained emotion embeddings for

video generation

RQ3 asks whether a pretrained model whose embeddings already capture emotion
semantics can drive facial-expression video generation, transferring expression
dynamics from the training set to unseen identities. The both retrievedMcs
configuration tests this idea: motion codes are not generated by an RNN but
retrieved from real training sequences by matching FECNet expression embed-
dings, and the diffusion model synthesizes frames conditioned on these retrieved

trajectories.

This design has two practical advantages. First, the retrieved motion codes inherit
realistic temporal dynamics directly from real data. Second, there is no need to

train a motion generator: the emotion trajectories are extracted with a pretrained
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network, which simplifies the training pipeline to a single diffusion stage.

The quantitative results are mixed. On the positive side, both retrievedMcs
achieves an FVD of 287, improving over both the VICEGAN baseline (430) and
LEDM (291), and it outperforms both on several identity metrics (ACD-I). This
confirms that the pretrained embeddings do transfer meaningful expression in-
formation to unseen identities. On the negative side, the temporal AEA profiles
show that both retrievedMcs does not produce the expected emotion peak
around the apex frames and exhibits higher frame-to-frame variability than the
other diffusion variants. Its ACD-C scores also drop significantly, indicating less
stable transitions. Overall, the variant falls clearly short of onlyDM (FVD=100)

in both distributional quality and temporal coherence.

The reason is that the retrieved motion codes, being copies of real trajectories,
carry more complex and variable dynamics than the motion codes learned by
the RNN. The current diffusion conditioning interface is unable to handle this

variability: it works best with smoother, lower-variance motion inputs.

6.1.4 RQ4: How motion-code semantics influence final

video quality

RQ4 asks how the semantic content of the motion codes influences the quality of

the generated videos.

The clearest evidence comes from comparing configurations that differ only in
what the motion codes carry. In the GAN setting, adding emotion semantics
helps: onlyEM raises AEA from 0.70 to 0.76 and reduces FVD from 430 to 346
relative to the baseline, showing that richer motion codes translate into better

emotion accuracy and distributional quality.

In the diffusion setting, the opposite happens. EM-DM, which feeds emotion-
conditioned motion codes to the denoising network, degrades FVD from 100
to 120 and AEA from 0.64 to 0.58 compared to onlyDM, which uses emotion-
neutral ones. Temporal continuity also worsens slightly. The pattern is consistent:
whenever the motion codes become more variable, whether because they carry
emotion information (EM-DM) or come from real sequences (both retrievedMes,

as discussed in RQ3), the diffusion model produces worse results.

This asymmetry reveals that the bottleneck is not the motion-code content itself,

but how the denoising network receives it. The current cross-attention mechanism
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works only when temporal embeddings are stable and low-variance, with the emo-
tion signal injected separately at the frame-generation stage. Richer semantics
are not inherently harmful (they clearly help the GAN), but the denoising net-
work cannot exploit them because it fails to disentangle the additional variability
from the useful temporal structure. Redesigning this component is therefore a
necessary step to unlock the full potential of semantically richer motion codes in

diffusion-based pipelines.

6.2 Contributions and Innovations

The main contributions of this thesis are:

e A comparison of two key design choices for emotional video genera-
tion: (i) where to inject emotion conditioning (in the motion codes or in the

frame generator), and (ii) which frame generator to use (GAN or diffusion).

e An emotion-aware motion-code generator that applies conditioning

before frame synthesis and produces more convincing emotional dynamics

than the VICEGAN baseline.

e A diffusion-based frame generation pipeline that significantly im-
proves realism, identity preservation, and temporal stability, resulting in
the best overall model (onlyDM).

e An evaluation protocol combining automatic metrics and a user
study, including video-level realism (FVD), emotion scores (AEA/DEA),
identity and continuity metrics (ACD-I/ACD-C), temporal trend analysis,

and human judgments.

e A decoupled training framework that separates motion extraction and
frame synthesis, using an external network to extract semantic emotion

representations and showing how the components interact.

6.3 Limitations and Challenges

This work also has limitations that should be considered when interpreting the

results.



Chapter 6. Conclusions 78

¢ Resolution and dataset scope. Experiments are conducted at 64 x
64 resolution and on a single dataset (MUG). This setting is useful for
controlled comparisons, but it limits conclusions about high-resolution and
in-the-wild data.

e Emotion metrics are imperfect. AEA/DEA depend on a pretrained
emotion classifier. These scores are informative, but they can be biased

and they do not directly measure human perception.

e Compute cost. Diffusion sampling is significantly slower than GAN infer-

ence. This is a practical challenge for real-time or large-scale deployment.

e Component mismatch. The combined EM-DM configuration indicates
that improved motion-code semantics do not automatically transfer into
better diffusion-based videos. This exposes an interface problem that re-

quires further research.

6.4 Future Work and Extensions

The findings of this thesis suggest several concrete directions for future research.

e Build on the retrieval-based pipeline and redesign the condition-
ing mechanism. The both retrievedMecs configuration provides a
clean and scalable setup where motion dynamics are imported from real
sequences via motion-code retrieval while frame synthesis is learned in a
single diffusion training stage. However, the analysis in RQ3 and RQ4
shows that the current conditioning interface struggles to handle variable
or semantically rich motion codes. Future work should therefore explore
alternative conditioning strategies that allow the diffusion model to better

exploit richer motion representations.

e Move to higher resolution and more diverse data. Extending the
pipeline to higher-resolution faces and more varied datasets would test ro-

bustness and practical value.

e Use better metrics. Improved perceptual metrics can provide more reli-

able conclusions than classifier-based scores alone.

e Faster sampling. More efficient samplers and lightweight diffusion pro-

cesses (e.g., DDIM) can reduce inference time while preserving quality.
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