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Abstract

The increasing use of 3D facial avatars in digital communication highlights the critical chal-
lenge of accurately capturing and replicating genuine emotional expressions. While most
existing methods rely on visual data to recreate facial dynamics, the potential to decode
these dynamics directly from brain activity remains largely unexplored. In this work a
novel machine-learning framework that reconstructs 3D facial expressions using EEG sig-
nals alone is proposed. By leveraging synchronized 3D pseudo-ground-truth extracted from
the EAV dataset as supervision, our model decodes EEG signals into dynamic 3D face
meshes, faithfully replicating the corresponding facial expressions. This approach bridges
deep learning and neuroscience, presenting a first-of-its-kind system for neural signal-to-
3D reconstruction. Our findings establish a robust baseline for EEG-driven facial expres-
sion synthesis, with broad implications for generative modeling, representation learning,
and brain-computer interface technologies. The model and code are publicly available at
https: // github. com/ zizimars/ EEG2Face
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Chapter 1

Introduction

Realistic facial animation represents a fundamental challenge in computer graphics and

human-computer interaction, with applications spanning entertainment, communication,

and assistive technologies. Animating 3D facial avatars from various input sources, such

as vision, audio, or text, holds significant promise across multiple fields, including character

animation in films and games, virtual telepresence for augmented and virtual reality (AR and

VR), and the creation of digital personal assistants with human-like expressiveness [2, 44].

A major challenge in this domain is effectively balancing dynamic facial expressions with the

precise movements required for accurate synchronization with input sources while ensuring

natural emotional realism. This requires a robust disentanglement of key facial attributes,

including pose, expression, identity, illumination, and lip articulation, which are critical for

generating high-fidelity and expressive 3D avatars.

In the realm of 3D facial animation, there are two primary streams for avatar generation:

face-based generation [28, 17, 14, 9] and speech-based generation [10, 35, 41]. Face-based

generation techniques rely on visual cues extracted from facial expressions, capturing a range

of fine-grained attributes essential for realism. These include facial geometry and structure,

which define the unique shape and proportions of the face, pose and head orientation. Speech-
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based generation focuses on audio cues, using spoken content to drive facial movements and

expressions. One of its key strengths is its ability to ensure precise lip-speech synchronization,

aligning mouth movements with phonetic cues to enhance intelligibility.

Meanwhile, accurate emotional expressions are essential for conveying subtle affective states,

making interactions more natural and immersive [18, 9, 10, 35, 41]. However, 3D face

models still struggle to capture and reproduce fine-grained emotions due to the limited

availability of audio-visual datasets with emotion annotations. To address this, recent studies

have attempted to disentangle content and emotion attributes, leading to a more structured

feature space, improved interpolation controllability, and enhanced model stability.

Despite advances in facial animation technologies, current approaches face a fundamental

limitation: they rely on external expressions that may not accurately reflect a person’s inter-

nal emotional state. This disconnect creates an authenticity gap, particularly problematic

for applications requiring genuine emotional representation or for individuals with limited

facial mobility. Traditional methods cannot capture unexpressed or suppressed emotions,

nor can they generate authentic expressions for individuals who have difficulty expressing

emotions physically. This critical gap in existing approaches highlights the need for a novel

method that can directly access and represent internal emotional states.

Electroencephalography (EEG) data offers a promising alternative input modality that can

address these limitations. EEG represents a fundamentally different approach from audio-

visual inputs, as its signal patterns directly capture neural activity associated with emotional

states. One significant advantage of EEG data is its ability to directly measure brain activ-

ity related to emotions, providing a more authentic reflection of an individual’s emotional

state [24]. This approach has immense potential: by using EEG to drive 3D facial expres-

sions, it is possible to create avatars where the displayed emotions are consistent with the

actual feelings of the individual. This results in a "true-to-life" representation, where the

emotion behind the expression matches the visual output.
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The applications of such EEG-driven facial animation technology are diverse and far-reaching.

In the medical field, this technology could serve as an assistive communication tool for in-

dividuals with facial paralysis, ALS, or other conditions that limit physical expressiveness,

enabling more natural emotional communication through personalized avatars. For mental

health applications, it could provide visualization tools for therapy sessions, helping pa-

tients better understand and express their emotions. In the entertainment industry, game

developers could create characters that respond to players’ actual emotional states, creating

deeply personalized gaming experiences. Virtual reality environments could adapt to users’

emotional responses in real-time, enhancing immersion and presence. Additionally, this tech-

nology could enable new forms of artistic expression, allowing creators to translate emotional

states directly into visual representations without the limitations of physical expression.

When analyzing EEG data, traditional approaches typically focus on extracting neural sig-

nals while treating other components as unwanted noise to be filtered out. These conventional

methods have shown limited success in connecting EEG signals to facial expressions, as they

focus primarily on frequency-domain information that lacks direct correlation with visual

facial representations [3, 22, 4].

This challenge is approached with a novel hypothesis: the components of EEG signals typ-

ically discarded as "noise" in standard Brain-Computer Interface (BCI) pipelines may ac-

tually contain valuable information about facial muscle activities [21]. Unlike traditional

approaches, it is proposed that these overlooked signal components are more directly corre-

lated with facial movements and expressions. Rather than filtering out these signals, it is

suggested they can be leveraged to create a more direct bridge between brain activity and

facial animation. The approach uses vision-guided learning to identify and extract emotion-

related information from these previously ignored components of EEG data, enabling a more

effective translation from brain signals to expressive facial animations.
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The main contributions of this study are summarized as follows:

1. The first framework capable of direct 3D face reconstruction from EEG signals alone is

developed, a significant advancement as no previous system has successfully synthesized

facial geometry and appearance directly from brain activity.

2. A novel disentanglement mechanism that separates content and emotion attributes

from EEG signals is introduced: the content EEG regressor captures externally-expressed

emotional features via vision-guided contrastive learning, while the emotion EEG de-

coder encodes intrinsic emotional states into a latent representation. These are inte-

grated into a unified 3D facial synthesis pipeline that reflects both internal and external

emotional cues.

3. A benchmark EEG2Face dataset is presented by reorganizing the EAV dataset [27],

specifically designed to facilitate research on EEG-driven 3D facial generation.

The 3D face generation was evaluated using both qualitative and quantitative methods. The

model achieved performance comparable to vision-based approaches in representing content

attributes, and controllability of facial expressions through manipulation of the EEG emotion

latent code.
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Chapter 2

Related works

This section presents a comprehensive review of existing face reconstruction methodologies,

organized by input modalities including image/video, audio, and EEG. The analysis further

examines available multimodal datasets utilized for facial reconstruction research, with par-

ticular emphasis on the distinctive capabilities of the EAV dataset [27] in facilitating novel

EEG-driven face reconstruction paradigms.

2.0.1 Input modality in Face Reconstruction

Face Reconstruction from Images

The reconstruction of 3D facial geometry from 2D images has been a well-researched prob-

lem in computer vision, with its methods having evolved significantly over time. The

primary focus has been on improving the accuracy of 3D facial representation while ad-

dressing challenges such as pose, shape, and expression variations. Early methods, such

as 3DMM-CNN [42], introduced a deep learning framework to predict 3DMM parameters

directly from images, combining the interpretability of model-based approaches with the

efficiency of learning-based techniques. Building upon this, PRNet [15] predicts dense cor-

respondence maps in UV space to regress dense 3D coordinates of facial surfaces. However,

17



these approaches often faced limitations in accurately capturing high-frequency facial de-

tails. Subsequent work, expressive parametric model FLAME [28] incorporates both shape

and expression parameters making it suitable for facial performance capture and animation.

RingNet [39] extends this concept by utilizing a neural network to predict FLAME parame-

ters directly from images, achieving accurate and expressive reconstructions. Emotion-aware

face reconstruction has gained traction for applications in affective computing and virtual

avatar creation [14, 9, 47]. DECA [14] integrates detail maps into parametric models to en-

hance the fidelity of facial expressions. EMOCA [9] extends DECA by incorporating emotion

recognition capabilities, enabling reconstructions that are both geometrically accurate and

emotionally expressive. TokenFace [46] presents recent advancements, leveraging transformer

architectures to achieve state-of-the-art results.

Audio-driven Talking Face Generation

Audio-driven 3D face reconstruction models represent a complementary approach, focusing

on synchronizing facial animations with speech or vocal input. In this domain, significant

contributions were made by [8], [37], [12], [45] and [10]. VOCA [8] is trained on a 4D face

dataset and capable of animating previously unseen subjects across different languages with-

out the need for retargeting. FaceFormer [12] employs an autoregressive transformer-based

architecture to encode long-term audio context and the history of facial motions to predict

sequences of animated 3D face meshes, thereby improving lip synchronization. MeshTalk

[37] disentangles audio-correlated and uncorrelated facial movements using a categorical la-

tent space, enabling realistic motion synthesis for the entire face. CodeTalker [45] frames

animation as a code query task within a learned discrete motion codebook, reducing cross-

modal mapping uncertainty and achieving vivid and realistic facial motions. Recognizing the

importance of social expressions, LaughTalk [41] is a model designed to generate authentic

laughter and smiles in 3D talking heads, enhance the social context and engagement of virtual

avatars. Furthermore, EMOTE [10] generates 3D talking avatar models that preserve pre-

cise lip synchronization with speech input while simultaneously offering explicit mechanisms

18



for emotional expression modulation. These developments collectively contribute to more

realistic and expressive speech-driven 3D facial animations, broadening the applicability of

virtual avatars in various domains.

Face Reconstruction from EEG

The use of EEG signals for generating images has garnered significant attention in recent

years, particularly in the context of reconstructing visual stimuli from neural activity. Neu-

roImagen [23] exemplifies this progress by introducing a framework that extracts multi-

level semantics from EEG signals. These semantics include pixel-level information, such as

saliency maps capturing color, position, and shape, as well as sample-level semantics aligned

with image captions, which enhance the semantic accuracy of reconstructed images. Inte-

grating these features into a latent diffusion model, NeuroImagen effectively reconstructs

visual stimuli from noisy EEG data. Other studies have demonstrated the potential of EEG

for tasks like facial identity discrimination. Nemrodov et al. [33] revealed that EEG data

could robustly encode facial features, showing discrimination peaks at specific ERP compo-

nents (e.g., N170 and N250) and highlighting the stability of neural-based face spaces. These

findings underscore the suitability of EEG for capturing visual and structural attributes of

faces. In addition to image reconstruction, EEG has been utilized for generating emotional

expressions. For example, GAN-based approaches like [11] have been used to synthesize

personalized emotional expressions conditioned on EEG signals, showcasing EEG’s ability

to encode emotional information.

However, despite the advancements in reconstructing visual stimuli and generating emotional

expressions, there is no existing study that addresses the reconstruction of 3D facial geometry

directly from EEG signals. The EEG2Face system represents a novel step in this direction,

combining EEG data with the multimodal EAV dataset to bridge neural signals and dynamic

3D facial reconstruction. This work not only fills a significant gap in the field but also

establishes a foundation for future research in EEG-driven 3D face generation.
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2.0.2 Bench-mark Emotional EEG-Vision Dataset

The availability of high-quality datasets has played a critical role in advancing face recon-

struction models across different modalities. In the case of audio-driven face reconstruction,

datasets such as VOCASET [8], BIWI [13], MEAD [43], and others [35, 37], have become the

cornerstone for research in this domain. These datasets typically include synchronized audio,

video, and 3D facial scans of subjects speaking, allowing for the exploration of speech-driven

facial animation and emotion-aware reconstructions. However, none of the above-mentioned

datasets include EEG signals as part of their data modalities. Existing multimodal datasets

that do incorporate EEG often suffer from limitations such as sparse electrode coverage

[34], reliance on passive or static tasks [20, 19], or segmentation from unrelated data sources

[29, 36]. This lack of robust, synchronized EEG and visual data has hindered the exploration

of EEG-to-face reconstruction tasks.

The EAV dataset addresses these challenges as the first multimodal dataset specifically

designed to collect synchronized EEG, video, and audio data in an interactive, conversational

context. Unlike previous datasets, the EAV dataset have the following features: (1) the active

conversational framework, enabling expressive data capture, (2) high-quality, competitive

signal strength across all three modalities, and (3) balanced class annotations across five

emotional categories, facilitated by a controlled, cue-based interaction design.
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Chapter 3

Methodology

This section describes the datasets and models utilized for EEG and vision processing. The

pretrained vision model, built on FLAME [28] and EMOCA [9] frameworks, generates 3D

facial reconstructions and extracts emotional representations from image data. This model

acts as a guiding teacher to supervise the training of our EEG-based model (Fig. 3-1). The

EEG-based model consists of two key components: an EEG regressor (E𝑟) that captures

external facial representations, and an EEG emotion encoder (E𝑒) that infers intrinsic emo-

tional states. Additionally, the architecture incorporates emotion latent code (z̄) that enable

precise manipulation of emotional expressions while maintaining consistent facial identity.

3.0.1 Data Configuration

This study utilizes the EAV dataset [27], a multimodal resource combining EEG and video

recordings in cue-based conversational tasks. The dataset consists of listening-speaking itera-

tions, each lasting 20 seconds, and provides a rich context for studying emotional expressions.

The original EAV dataset was collected from 42 subjects [27]; however, this study focuses on

a subset of 20 subjects. These individuals were selected based on balanced emotion recog-

nition performance across EEG, audio, and visual modalities, and provided consent for the
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Figure 3-1: Dual-pathway architecture for disentangled EEG representation learn-
ing. The model consists of two parallel neural network streams that process 30-channel EEG
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use of their facial data in this research.

The original repository provided preprocessed EEG data segmented into 5-second intervals;

however, this study utilizes the raw EEG data alongside the corresponding visual data with

the original 20-second segments. From these segments, 100 speaking trials were extracted,

each comprising 20-second emotional conversations categorized into five emotions: Neutral,

Anger, Calmness, Happiness, and Sadness. The EEG signals were recorded using 30 elec-

trodes and are represented as a tensor X𝑒 ∈ R𝑁×𝑐ℎ×𝑇 , where 𝑁 is the number of segments,

𝑐ℎ = 30 is the number of EEG channels, and 𝑇 denotes the number of temporal data points

per segment, sampled at 100 Hz.

The videos were recorded at 30 FPS. Face regions were cropped following the DECA [14]

procedure, with Mediapipe [32] used for facial landmark detection instead of FAN [5] due

to its superior precision as demonstrated in [10] research. The processed face images were

resized to 224×224 (𝐻×𝑊 ). Each frame is represented as a tensor X𝑣 ∈ R𝑁×3×𝐻×𝑊 , where

𝑁 is the number of frames temporally aligned with EEG segments.

To ensure precise temporal alignment between EEG signals and facial video frames, the video

modality was downsampled from 30 FPS to 10 FPS by sampling one frame every 100 ms.

This matches the EEG sampling rate of 100 Hz, such that each face frame corresponds to

10 EEG time points.

Let 𝑋𝑒 denote the EEG dataset and 𝑋𝑣 denote the vision dataset. The datasets are defined

as:

X𝑒 = {𝑥1, 𝑥2, . . . , 𝑥𝑁}, 𝑥𝑖 ∈ R𝑁×𝑐ℎ×𝑡,

where 𝑡 = 10 denotes the number of EEG time steps per image frame and 𝑐ℎ = 30 are the

number of channels,

X𝑣 = {𝑥1, 𝑥2, . . . , 𝑥𝑁}, 𝑥𝑖 ∈ R𝑁×𝐶×𝐻×𝑊 .
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By construction, each 𝑥𝑖 in 𝑋𝑣 corresponds to the matching trial 𝑥𝑖 in 𝑋𝑒, ensuring a

consistent pairing of EEG and vision data for every index 𝑖 ∈ {1, 2, . . . , 𝑁}. In this study,

the dataset was split into training and testing sets using a 6:2 ratio, following a subject-

dependent scheme [27].

3.0.2 Preliminary in Vision-based reconstruction

To encode an input image into a latent representation, pretrained ResNet50-based encoder

E𝑣 [14] was employed to extract facial features. The extracted features are then passed

through a fully connected layer to specifically regress the facial expression 𝜓exp ∈ R50, jaw

pose 𝜃jaw ∈ R3 parameters of the FLAME model, while the shape 𝛽 ∈ R100 and global pose

𝜃globalpose ∈ R3 parameters are not used in this study.

This representation in this study is defined as:

z𝑣 = E𝑣(X𝑣), z𝑣 = {𝜓exp, 𝜃jawpose} ∈ R53.

In this study, since global pose cannot be reliably predicted from EEG signals, it is fixed to

zero, corresponding to a frontal view.

FLAME (F(·)) is a statistical 3D head model that employs standard vertex-based linear

blend skinning (LBS) with corrective blendshapes. It generates a 3D mesh with vertices

v by applying learned blendweights to deform a template mesh in the zero pose. This is

defined as:

v = F(z𝑣), v ∈ R5023×3.

The resulting 3D mesh is then rendered into a realistic facial image using a renderer R(·),

producing the output I3𝐷.
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3.0.3 EEG Modeling

The acquired raw EEG signal Xe ∈ R𝑐ℎ×𝑇 is modeled as the superposition of latent neural

source activity s(𝑡) ∈ R𝑑 transformed through a volume conduction operator 𝒱 : R𝑑 → R𝐶 ,

and additive noise n(𝑡) ∈ R𝐶 comprising sensor noise and physiological artifacts such as

EOG and EMG. This relationship is formally expressed as:

Xe(𝑡) = 𝒱(s(𝑡)) + n(𝑡)

n(𝑡) = EOG(𝑡) + EMG(𝑡) + white(𝑡)

where the operator 𝒱(·) encapsulates the volume conduction from neural sources to scalp

electrodes, and the noise term n(𝑡) accounts for non-stationary components, including non-

periodic physiological activities (e.g., EMG, EOG) and background white noise (e.g., heart-

beat and sensor drift).

In typical HCI research, the goal is to extract discriminative patterns from the observed

EEG signal EEG(𝑡) and learn a function that maps these features to task-relevant labels.

This process can be formally expressed as:

𝑦 = 𝑓(X; 𝜋𝑓 , 𝜋𝑠, 𝜋𝑡),

where 𝑓(·) is a task-specific decoder parameterized by spectral (𝜋𝑓 ), spatial (𝜋𝑠), and tem-

poral (𝜋𝑡) components. EMG and EOG studies may primarily focus on temporal dynamics

(𝜋𝑡), while EEG studies tend to focus more on frequency-domain representations (𝜋𝑓 ).

In CNNs or transformer architectures, convolution operations in the initial layers play a

crucial role: 1 × 𝑡 convolutions are typically used to learn spectral (temporal frequency)

filters[25], while 𝑐ℎ×𝑡 convolutions capture spatial patterns across EEG channels via channel-

wise regression [3].

Two transformer-based modules are introduced in the next sections: a facial regressor E𝑟
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Figure 3-2: Dual-pathway architecture for disentangled EEG representation learn-
ing. Two parallel neural network streams processing 30-channel EEG signals begin with
TCNs, with the left pathway using 16 filters followed by Conv2D layers, while the right
pathway employs TCN with 40 filters followed by Patch Embedding and Multi-Head atten-
tion mechanisms. These architectures enable extraction of distinct representational features,
culminating in separate fully-connected layers that encode content and emotional informa-
tion.

for modeling outward facial expressions, and an emotion encoder E𝑒 for capturing intrinsic

emotional states from EEG.

3.0.4 EEG Content Regressor

A compact transformer-based regression model (see Figure 3-2 (left)), denoted as E𝑟, is

proposed to generate temporally aligned regression outputs that correspond to the vision-

based content representation E𝑣(X𝑣). Given an input EEG signal X𝑒 ∈ R𝑁×𝑐ℎ×𝑇 , a 2D

convolution with kernel size 𝑐ℎ × 𝑡𝑠 is first applied to extract localized spatial-temporal

features:

Z0 = Conv2D(X𝑒) ∈ R𝑁×𝑑×1×𝑇 ,

where the filter size is 𝑐ℎ × 𝑡𝑠, 𝑑 denotes the number of filters (i.e., the output feature

dimension), and same padding is applied along the temporal axis to preserve the length

𝑇 . The patch embedding step is omitted for simplicity, and the output is directly used as

the input sequence to the transformer. The resulting sequence is processed by 𝐿 layers of
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transformer blocks:

Zℓ = TransformerLayerℓ(Zℓ−1), ℓ = 1, . . . , 𝐿,

producing the final encoded sequence Z𝐿 ∈ R𝑁×𝑇×𝑑.

To obtain a fixed-length regression feature, attention-based pooling is applied over the tem-

poral axis:

z𝑟 =
𝑇∑︁
𝑡=1

𝛼𝑡Z𝐿[:, 𝑡, :], 𝛼𝑡 =
exp(q⊤Z𝐿[:, 𝑡, :])∑︀𝑇 ′

𝑘=1 exp(q
⊤Z𝐿[:, 𝑘, :])

,

where q ∈ R𝑑 is a learnable query vector shared across batches.

This process yields the final output of the EEG facial regressor:

z𝑟 = E𝑟(X𝑒) ∈ R𝑁×𝑑.

To map the EEG embedding z𝑟 into the vision domain the transformation function 𝑓𝜃(·) is

defined as follows:

z̃𝑣 = 𝑓𝜃(z𝑟), z̃𝑣 ∈ R𝐷.

3.0.5 EEG Emotion Encoder

Inspired by EEGNet [25], ShallowNet [40], and typical BFCSP approaches [3], the proposed

transformer-based EEG emotion decoder (Fig. 3-2 (right)) integrates their core architectural

components.

Given an input EEG signal X𝑒 ∈ R𝑁×𝑐ℎ×𝑇 , a 1D depthwise convolution with 𝑓 kernels of

size 1× 𝑡𝑠 is first applied:

X𝑓 = Conv1D(X𝑒) ∈ R𝑁×𝑓×𝑐ℎ×𝑇 , X𝑓 = {x1,x2, . . . ,x𝑓},
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where 𝑓 denotes the number of convolutional kernels and 𝑡𝑠 represents the kernel size along

the temporal axis. The same padding is employed to preserve the original temporal length 𝑇 .

For a sequence of EEG feature slices x𝑡 ∈ R𝑐ℎ×1 over 𝑇 time steps, a learnable spatial pro-

jection W𝑓 ∈ R𝑐ℎ×𝑑 is applied. The projected outputs are concatenated to form a sequence

of token embeddings:

Z0 = [x⊤
1 W𝑓 ; x

⊤
2 W𝑓 ; . . . ; x

⊤
𝑇W𝑓 ] ∈ R𝑁×𝑇×𝑑,

where 𝑑 indicates the embedding dimension, and each projected token corresponds to one

time step.

The resulting sequence Z0 is then processed by a transformer encoder composed of 𝐿 stacked

layers of self-attention and feed-forward modules:

Zℓ = TransformerLayerℓ(Zℓ−1), ℓ = 1, . . . , 𝐿,

yielding the final encoded representation Z𝐿 ∈ R𝑁×𝑇 ′×𝑑.

The attention output is then pooled and transformed using a logarithmic nonlinearity [40]:

z̄𝑒 = Softmax
(︀
FC

(︀
log (AvgPool(Z𝐿))

2)︀)︀ ,
where z̄𝑒 denotes the latent code aligned with the five emotion classes.

3.0.6 Emotion Disentanglement

To stabilize and enhance the controllability of the latent code z̄𝑒, the neutral face x𝑣,neu

is first retargeted to create five emotional facial images using the retargeting model [16].

These retargeted emotional faces preserve the identity and content of the original neutral

face while changing only the upper facial expressions to represent different emotions. All

retargeted faces correspond to the same EEG trial, ensuring cross-modal consistency, as
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shown in Figure 3-1.

Let x𝑣 represent the vision data, which consists of the neutral face and its retargeted emo-

tional variants. Specifically, the retargeted emotional facial images are denoted as:

x𝑠 = [x𝑁→𝐴 |x𝑁→𝐶 |x𝑁→𝑆 |x𝑁→𝐻 ]

where each x𝑁→𝐸 represents the neutral face transformed into a specific emotional state 𝐸

(e.g., angry (𝐴), calm (𝐶), sad (𝑆), and happy (𝐻)). Importantly, the retargeted images are

paired with the EEG trial that was originally matched with the neutral image.

Each retargeted emotional image is associated with a one-hot encoded vector in the latent

space z𝑡,𝑠 that corresponds to its specific emotion (e.g., 𝑁 𝐴, 𝐶, 𝑆, or 𝐻). In this man-

ner, the EEG decoder can generate controllable emotional expressions by manipulating the

components of z𝑡,𝑠, enabling precise control over the intensity and type of emotion.

3.0.7 Loss function

A structured training pipeline is proposed, consisting of three stages: (1) independent train-

ing of the EEG facial regressor E𝑟 and the EEG emotion decoder E𝑒, (2) training of the

regression heads 𝑓𝜃(·) and 𝑔𝜃(·) to project EEG-derived features into the vision-based latent

space for retarget and alignment.

To train the EEG facial regressor E𝑟, a one-sided contrastive loss is employed to align the

EEG representation with the corresponding vision latent code:

ℒInfo = argmin
𝜃

− 1

𝑁

∑︁
𝑖

log
exp (sim(E𝑟(x

𝑖
𝑒; 𝜃), E𝑣(x

𝑖
𝑣)))∑︀

𝑗 exp
(︀
sim(E𝑟(x𝑖

𝑒; 𝜃), E𝑣(x
𝑗
𝑣))

)︀
Here, sim(𝑎, 𝑏) denotes the cosine similarity between vectors 𝑎 and 𝑏.

29



The EEG emotion decoder E𝑒 is optimized using a standard cross-entropy loss:

ℒemo = CE(Softmax(E𝑒(X𝑒; 𝜃)), Y),

where Y denotes the discrete ground-truth emotion labels.

Once the EEG encoders are trained, their parameters are frozen. The regression functions

𝑓𝜃(·) and 𝑔𝜃(·) are then optimized to transform the content and emotion features into the

target latent space of the vision model:

ℒmse = ‖E𝑣(X
′
𝑣)− 𝑓𝜃 (E𝑟(X𝑒) + 𝑔𝜃(E𝑒(X𝑒)))‖2

Geometric consistency in the FLAME output space is measured by defining a vertex-level

loss between the predicted and reference representations. Specifically, the FLAME mesh

generated from the EEG-based latent prediction is compared with the one produced from

the vision-based reference:

ℒvertex = ‖F (𝑓𝜃(z𝑟 + 𝑔𝜃(z̄)))− F(z𝑣)‖2 ,

where z𝑟 = E𝑟(X𝑒), z̄ = E𝑒(X𝑒), and z𝑣 = E𝑣(X𝑣).

The total loss is a weighted combination of these terms:

ℒ = 𝜆1ℒmse + 𝜆2ℒvertex (3.1)

During training, the emotion latent vector z̄ is randomly dropped in 50% of the samples. In

such cases, only the content vector z𝑟 is used for supervision, enabling the model to operate

under different inference modes.
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3.0.8 Implementation

For the EEG Content Regressor, each convolutional layer uses a kernel size of 1×30, a stride

of 1 × 5, and 16 filters. In EEG Emotion Decoder, the spectral convolution uses a kernel

size of 1× 30 with a stride of 1× 5, while the spatial convolution has a kernel of 30× 1 with

16 filters per layer. The transformer module consists of 𝐿 = 2 layers with ℎ = 8 attention

heads, a hidden dimension of 𝑑 = 128, and a feed-forward network (FFN) expansion factor

of 4. The model is trained for 400 epochs with a batch size of 64 using the Adam optimizer

with a learning rate of 0.001. The EEG Emotion Decoder is then frozen, and the entire loss

is trained with 𝜆1 = 0.7, 𝜆2 = 0.3, a batch size of 64, and 300 epochs.

3.0.9 Inference

During inference, our model provides three distinct types of facial reconstructions based

on the available latent components: (1) Content-only, where the 3D face is generated as

FLAME(𝑓(z𝑟)) using only the EEG regressor output; (2) Emotion-enhanced, where both

content and internal emotion are combined as FLAME(𝑓(z𝑟 + 𝑔(z̄))); and (3) Emotion mod-

ulation, where a manually controlled emotion vector is applied, resulting in FLAME(𝑓(z𝑟 +

𝑔(z̄𝑐))). In addition, more nuanced or blended emotional expressions can be achieved by

interpolating the latent vectors, such as FLAME(𝑓(z𝑟 + 𝑔(Softmax(z̄+ z̄𝑐)))).
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Chapter 4

Results

Vision- or speech-based 3D face reconstruction requires multimodal audio-video data, ac-

companied by frame-wise mesh vertex ground truth labels [8, 13, 43, 35, 37]. Quantitative

evaluation encompasses various key metrics, including reconstruction error [14], vertex dis-

placement [41], and the realism of facial synthesis [18], particularly in regions such as the lips

and eyes [12], as well as emotion representation [30, 10, 6]. As the first study on EEG2Face

reconstruction, comprehensive quantitative metrics and qualitative analysis are proposed.

4.0.1 Qualitative evaluation

To evaluate the qualitative performance of our EEG2Face model, the reconstructed 3D facial

expressions are compared with the ground truth video frames from the EAV dataset, as well

as with its pseudo-ground truth 3D supervision. Figure 4-1 presents ten key facial expressions

selected from the emotion classes: neutral, angry, calm, happy, and sad. Since EEG signals

correlate weakly with head tilts and spatial positioning, the global posture was fixed for

both our model’s reconstructions and the pseudo-ground truth representations. The results

demonstrate that our model effectively captures a wide range of expressions, including closed

and open-mouthed smiles, sadness reflected in raised outer eyebrows and lowered eyelids, and
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GT
Ou
rs

Figure 4-1: Comparison of facial expression reconstruction from EEG signals. The figure
presents a sequence of facial expressions across three rows: original video frames (GT), our
EEG2Face model’s reconstructed expressions (Coarse), and detailed version of the second
row (Detail).

a surprised expression characterized by strongly raised eyebrows. Additionally, the model

accurately identifies mouth opening and closure as well as forward-stretched lips, highlighting

its ability to translate EEG signals into meaningful facial deformations.

The qualitative evaluation demonstrates our model’s ability to control emotional expression

while preserving facial identity. To investigate the controllability of the emotion latent space,

interpolation is performed between the class-specific dimensions of anger and happiness in the

predicted emotion vector 𝑦emo. The resulting 3D facial reconstructions exhibit a smooth and

semantically coherent transition, demonstrating the model’s ability to generate continuous

emotional expressions through disentangled and controllable latent representations.

The Figure 4-2 shows a visualization of facial expression transitions. The top three illustrate

transition sequences from neutral (N) to target emotions: happiness (H), sadness (S), and

anger (A). At mid-level intensity (central images), distinct emotional characteristics begin

to emerge. For happiness, a subtle upward curl of the mouth corners and a slight elevation

of the cheeks are observed. In the sadness transition, brows start to furrow slightly inward

with the inner corners dropping, while the mouth corners turn subtly downward. The anger

transition shows initial tension around the brow region with a slight narrowing of the eye

aperture and horizontal compression of the lips. At maximum intensity (rightmost images),
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Transition from N     H

Transition from N S

Transition from N     A

Transition from H      N      S

Transition from A      N      S

Transition from H      N      A

Figure 4-2: Emotion control. Each row illustrates the generation of three emotional ex-
pressions – Happy (H), Sad (S), and Angry (A) – from the same EEG trial. The facial
reconstructions are generated using frozen EEG encoders E𝑟 and E𝑒, while the emotional
variation is controlled by adjusting the latent code z̄𝑒.
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the emotion expressions reach their peak. The happiness expression displays pronounced

elevation of the cheeks, widened mouth corners with visible teeth, and subtle crow’s feet

around the eyes. In the sadness expression, brows are significantly lowered at their inner

corners, nasolabial folds deepen, and the mouth adopts a distinctive downturned shape with

a slight depression in the center of the lower lip. The anger expression exhibits strongly

furrowed brows that angle downward toward the nose bridge, narrowed eyes, flared nostrils,

and compressed lips with tension visible in the chin area.

GT Vision Our GT Vision Our

Figure 4-3: Comparison of 3D reconstructions with detailed displacements. Top: Vision
input (ground truth), Middle: EEG2Face results, Bottom: Vision2Face (EMOCA) results.
While the model consistently captures upper-face features such as eyebrow and eye region
expressions, inaccuracies are observed in mouth shapes. Specifically, the model sometimes
predicts mouths that are not sufficiently open or not fully closed, highlighting a limitation
in decoding nuanced mouth dynamics from EEG signals.

In the bottom three rows of Figure 4-2 the model’s performance in maintaining content

stability during emotional transitions is examined, illustrating three critical emotional tran-

sitions: Happy-Neutral-Sad, Angry-Neutral-Sad, and Happy-Neutral-Angry. As highlighted
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by the red boundary around the upper facial regions, our model successfully modulates emo-

tional intensity across these transitions while preserving content consistency, indicated by the

green boundary surrounding the mouth area. This visual evidence supports our hypothesis

that emotional expression and content representation can be disentangled, with upper facial

features primarily conveying affective states while maintaining the underlying EEG signal

content integrity. The graduated transitions between emotional states further demonstrate

the model’s ability to generate realistic intermediary expressions rather than abrupt shifts,

suggesting robust comprehension of the emotional continuum. These results validate the

effectiveness of our synchronization and synthesis approaches in producing naturalistic facial

animations driven by EEG signals.

Figure 4-3 demonstrates a comparative analysis of our EEG2Face system against ground

truth (GT) expressions and vision-based predictions (Vision) across four subjects. The red

boundary boxes highlight the mouth region, where our evaluation reveals certain limita-

tions in reconstruction accuracy. While our model demonstrates reasonable performance

in many cases, the selected examples illustrate challenging scenarios where mouth shape

reproduction is imperfect. The reconstructions occasionally struggle with precise mouth

aperture-producing shapes that are either not sufficiently open or not fully closed compared

to ground truth. It’s important to note that these examples represent more challenging

cases rather than typical performance. This difficulty in perfectly capturing mouth dy-

namics likely stems from the inherent complexity of mapping EEG signals to the intricate

muscular control required for precise mouth articulation. Despite these challenging cases,

our system maintains overall facial expression coherence and demonstrates that EEG signals

can indeed drive facial animation, though with occasional limitations in capturing the full

range of mouth movements.

Figure 4-4 illustrates photorealistic 3D face generation using albedo maps a, where the albedo

is either extracted from the participant (first row) or taken from a random template (second

row). Given an EEG signal and the model’s latent representations – facial regressor z𝑟,
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EEG2FACE

Figure 4-4: Our model enables photorealistic neural avatar generation from EEG signals. For
the same EEG signal X, different emotion codes z̄𝑖 and albedo maps a𝑖 allow our generator
𝐹 to synthesize diverse facial expressions and appearances.

emotion component z𝑒, and emotion latent code z̄𝑒 – a realistic face is synthesized using the

generation function 𝐹 (z𝑟, z𝑒, z̄𝑒, a).

4.0.2 Quantitative evaluation

For quantitative analysis the Lip Vertex Error (LVE) [37, 12] and the Emotional Vertex Error

(EVE) [35]. LVE is defined as the ℓ2 error among all lip vertices, while EVE measures the ℓ2

error in emotion-related regions, including the forehead, cheeks, and eye vertices. To assess

the accuracy of lip movements, the lip synchronization metric utilized in the MeshTalk [37]

study is adopted. Specifically, the maximum L2 error across all lip vertices is computed for

each frame, serving as a quantitative measure of synchronization accuracy. This approach

allows for an objective evaluation of how closely the predicted lip movements align with the

corresponding real data.

Our study evaluates five distinct neural network architectures for EEG-based emotional face

reconstruction: ShallowConvNet [40], EEGNet [25], TCT [31], EEGTransformer [1], and our

proposed E𝑟 Transformer-based model. The original backbone structures of these models

are maintained, while suitably modifying them for regression and classification tasks.
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Table 4.1: Quantitative comparison of EEG encoder architectures across three facial geom-
etry metrics: Lip Vertex Error (LVE), Mouth Corner Error (MCE), and Eye Vertex Error
(EVE). Lower values indicate better performance.

Method LVE (mm) MCE (mm) EVE (mm)

[25] 1.0975 2.4331 0.5385
[40] 1.0439 1.2331 0.4554
[31] 0.8658 2.7552 0.5055
[1] 0.7856 0.8329 0.2699

Ours 0.6647 0.4864 0.1541

The quantitative evaluation results demonstrate the superior performance of our proposed

Transformer-based architecture for EEG-based emotional face reconstruction compared to

other EEG encoding approaches. As shown in Table 4.1, E𝑟 achieves the lowest error rates

in two critical facial feature metrics: LVE at 0.6647× 10−4 mm, MCE at 0.4864× 10−4 mm,

and EVE at 0.1541×10−4 mm. Our model shows substantial improvements over established

architectures, with nearly twice the accuracy of ShallowConvNet in LVE measurement and

almost three times better performance than TCT in MCE. The improvement is particularly

pronounced in capturing eye region dynamics, where our approach reduces the error by al-

most half compared to EEGTransformer, the next best performing model. These consistent

performance advantages across all metrics validate that our transformer-based architecture

E𝑟 design effectively captures the complex spatio-temporal relationships between EEG sig-

nals and facial geometry, especially in regions requiring fine-grained control.
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4.1 Discussion

4.1.1 Model Architectures

In this study, an EEG-based model was developed using a transformer backbone, with the

architecture deliberately kept as simple as possible. Specifically, positional encodings and

class tokens were not incorporated. This decision was motivated in part by the goal of main-

taining model compactness; however, it was primarily influenced by the observation that

negligible performance gains were achieved when these components were included. It is hy-

pothesized that, in a subject-dependent setting, the available data per subject is insufficient

to benefit from class-token-based summarization. Furthermore, for relatively well-defined

tasks such as regression or emotion classification, it was found that compact models perform

sufficiently well without additional architectural complexity.

Previous EEG transformer studies have also reported that deeper layers can sometimes

degrade performance. This observation is consistent with the findings in this work, where

the attention and feedforward modules in the early transformer layers were found to act as

effective spectral, temporal, and spatial filters. As a result, a shallow structure with 𝐿 = 2

transformer layers was selected.

4.1.2 Limitations

A key challenge in 3D facial reconstruction from non-visual modalities – such as audio or

EEG – is the acquisition of appropriate ground truth (GT) 3D meshes. While high-quality 3D

meshes can be obtained using dedicated scanning equipment or specific vision datasets [38, 7],

such resources are often limited, expensive, and difficult to scale.

To address this, many recent studies adopt an alternative strategy: leveraging vision-based

3D reconstruction models to obtain pseudo-ground-truth. This approach is consistent with

prior works in audio-driven face synthesis, such as VOCA [8], MeshTalk [37], and Face-
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Former [12], where fitted 3D Morphable Model (3DMM) parameters extracted from RGB

images are treated as ground truth for supervision.

In this study, the EMOCA model [9] is used to obtain pseudo-ground-truth supervision.

While our EEG-based model demonstrates competitive performance in reconstructing 3D

facial expressions, its accuracy is inevitably affected by the quality of the vision model

providing supervision. As illustrated in Figure 4-3, some mismatches can be observed in

the reconstructed expressions. These discrepancies may arise from either limitations in the

vision-based supervision or the EEG model’s capacity to effectively regress toward the vision-

derived latent space.

Unlike the vision model, which directly maps to the generated 3D facial meshes [8, 37, 9],

EEG signals do not have a direct correspondence to 3D facial geometry, making the learning

of such a mapping inherently more challenging. Furthermore, the quality of EEG signals can

degrade over time due to external factors such as increased electrode impedance or signal

drift, which may lead to a decline in model performance [26].

However, in terms of emotional representation, our approach outperforms the vision-only

baseline by leveraging the complementary nature of EEG signals. While the EEG facial

regressor (E𝑟) is guided by vision supervision, the emotion decoder (E𝑒) is trained solely

from the EEG oscillations. This enables the model to capture intrinsic emotional states that

may not be externally expressed, resulting in a richer and more comprehensive representation

of emotion.

Meanwhile, facial morphology tends to exhibit consistent and shared structural patterns

across individuals, enabling the development of generalized facial extractors (e.g., E𝑣). In

contrast, EEG signals are highly subject-specific and often require user-dependent calibra-

tion [26, 27, 4]. Although our study adopts a subject-dependent design, extending the pro-

posed system to a subject-independent setting remains an important direction, especially as

recent BCI research emphasizes the development of generalized models capable of operating
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across users without the need for individual calibration [22].
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Chapter 5

Conclusion

In this study, a novel framework for EEG-driven 3D face generation has been presented, in

which expressive facial geometry is reconstructed directly from brain signals. A transformer-

based EEG encoder were leveraged to disentangle facial structure and emotional states,

thereby enabling controllable face synthesis through interpretable latent representations.

This work is the first to demonstrate that EEG signals alone can drive photorealistic fa-

cial synthesis with semantically meaningful emotional control. This outcome highlights the

strong representational capacity of the disentangled EEG features.

This approach opens up new possibilities across multiple application domains, particularly in

neural avatar generation. In BCI research, an alternative communication pathway is provided

for users with impaired facial expressions, such as individuals with ALS or facial paralysis.

In psychiatry, a means is offered to monitor emotional states in nonverbal populations, where

traditional behavioral cues may be absent.
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