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Fig. 1: Overview of Mind-to-Face, our neural-driven avatar framework. (a) We record
synchronized EEG and facial expressions while subjects view emotion-eliciting stimuli,
then decode the EEG into dense 3D position maps, and render photorealistic avatars
using 3D Gaussian Splatting [11]. (b) While exploratory and not intended as a complete
VR system, this work suggests an application: decoding EEG to drive expressive avatars
when the face is occluded by a head-mounted display. Mind-to-Face points toward
future systems that enable expressive avatar control under full facial occlusion.

Abstract. Current expressive avatar systems rely heavily on visual cues
and often fail when faces are occluded or emotions remain internal. We
present Mind-to-Face, the first framework to decode non-invasive elec-
troencephalogram (EEG) signals directly into high-fidelity facial expres-
sions. We build a dual-modality recording setup that captures synchro-
nized EEG and multi-view facial video during emotion-eliciting stimuli,
providing precise supervision for neural-to-visual learning. Our model
uses a CNN-Transformer encoder to map EEG signals into dense 3D
position maps that sample over 65k vertices, capturing fine-scale geom-
etry and subtle emotional dynamics, and renders them through a mod-
ified 3D Gaussian Splatting pipeline for photorealistic, view-consistent
results. Extensive evaluations show that EEG alone can reliably predict
dynamic, subject-specific facial expressions, including subtle emotional
responses, demonstrating that neural signals contain far richer affective
and geometric information than previously assumed. Mind-to-Face es-
tablishes a new paradigm for neural-driven avatars, enabling personal-
ized, emotion-aware telepresence and cognitive interaction in immersive
environments.

⋆ Project page: https://tianwen-fu.github.io/mind_to_face

https://tianwen-fu.github.io/mind_to_face
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1 INTRODUCTION

Current avatar and emotion systems rely almost entirely on visual cues, such
as cameras, motion tracking, or speech analysis, to infer and render human ex-
pressions. These approaches fail when faces are occluded by Head-mounted Dis-
plays (HMDs) or when emotions are internally experienced but not outwardly
expressed. This limitation overlooks a fundamental fact: human emotion and
cognition originate from neural activity that precedes facial movement and be-
havior. Yet current research treats these modalities separately—vision models
reconstruct external geometry, affective models classify EEG into coarse labels
(e.g., “happy” or “sad”), and brain-computer interfaces (BCIs) focus on sym-
bolic or motor signals. A critical gap remains in linking neural states to visual
expressions. Bridging this gap would enable emotionally transparent communi-
cation when visual channels are blocked, EEG-driven avatars for gaming and
collaboration, adaptive avatars that reflect personalized neural patterns, and
new neuro-visual datasets for decoding attention, emotion, and memory into
visual form.

Electroencephalography (EEG) is a non-invasive method for measuring elec-
trical brain activity and is widely used in brain–computer interfaces (BCIs).
Prior work demonstrates strong correlations between EEG signals and emo-
tional states [4,50] or symbolic facial expressions [52], indicating their potential
for decoding expressive information directly from brain activity. However, de-
spite increasing interest in EEG-based applications, EEG has rarely been used
as a driver for visual synthesis. Recent learning-based approaches classify dis-
crete expression labels from EEG [15,18], but remain limited to coarse categories
and cannot capture the continuous, fine-grained dynamics required for realistic
avatar control. Achieving high-fidelity reconstruction from EEG is challenging
due to the low dimensionality and noisiness of neural signals.

We present Mind-to-Face, a framework that bridges neural activity and high-
fidelity facial expression, as an exploratory method to enable expression decod-
ing from brain activity rather than what cameras capture. Our approach ad-
dresses three core challenges. First, we design a dual-modality data acquisition
setup that synchronously records EEG signals and multi-view facial video during
emotion-eliciting stimuli, solving a key engineering challenge in aligning neural
activity with visual expression. Second, we introduce a neural decoding pipeline
that translates EEG patterns into photorealistic renderings via 3D Gaussian
Splatting.

Unlike images used in traditional face tracking, neural responses are highly
individualized: identical stimuli can produce distinct EEG signatures across sub-
jects. Therefore, our work focuses on subject-specific expression control rather
than scalable cross-subject modeling. In this sense, our approach follows the
spirit of prior BCI research (e.g., [45]), where evaluation on a small number
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of participants is common at exploratory stages. Accordingly, we collect a dual-
modality dataset from two representative subjects across six trials, each contain-
ing multiple stimulus videos. Evaluating two subjects allows a controlled study
of neural-to-geometry mapping quality, providing a foundation for future work
on cross-subject generalization.

To extract features from EEG responses, we adopt a CNN-Transformer hy-
brid encoder inspired by EEG-Conformer [37], capturing both local spatial cor-
relations and long-range temporal dependencies in EEG. Each EEG slice is en-
coded into a latent representation of brain activity, which is then decoded into a
dense 3D position map [20] to produce continuous facial geometry in UV space.
Unlike strain-gauge systems [14], EEG offers a richer and more holistic measure
of cognitive and affective states. For photorealistic rendering, we build on the 3D
Gaussian Splatting framework [11] following GaussianAvatars [28], but replace
the low-dimensional FLAME model [17] with a high-degree-of-freedom 3D posi-
tion map. This dense representation captures subtle geometric details and fine
expression nuances that are smoothed out in low-dimensional models. We further
modify the deformation and skinning system of GaussianAvatars to support this
representation and incorporate a robust facial-tracking pipeline during prepro-
cessing, enabling accurate reconstruction even under occlusion and challenging
expressions.

In summary, our key contributions include:

1. We introduce Mind-to-Face, the first system that decodes non-invasive EEG
signals into dense 3D facial geometry and renders photorealistic avatars.
Our approach establishes a continuous neural-to-visual mapping, enabling
expressive facial motion to be reconstructed directly from brain activity.

2. We design a custom dual-modality data acquisition system that syn-
chronously records 16-channel EEG signals and high-speed multi-view facial
videos while subjects watch emotion-eliciting film clips. This setup provides
precise temporal alignment between neural activity and facial responses,
enabling supervised learning for neural-driven 3D facial synthesis. We will
publicly release the resulting synchronized EEG-to-3D dataset, which to the
best of our knowledge is the first of its kind, supporting future research in
neural decoding, telepresence, and affective computing.

2 RELATED WORK

2.1 EEG Decoding and Emotion Recognition

Electroencephalography (EEG) decoding is an active area of research in brain-
computer interface (BCI), emotion recognition, and cognitive state estimation [38].
Traditional approaches rely on handcrafted features such as band power [49],
Common Spatial Patterns (CSP) [25], or functional connectivity [46] to sum-
marize EEG into low-dimensional descriptors, often limiting the richness of in-
formation available for learning expressive behaviors. Recent advances leverage
deep learning to directly extract spatial and temporal features from raw EEG.
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Convolutional networks (CNNs) are widely used for spatial filtering across chan-
nels [13, 29, 37], while RNNs [26] and Transformers [36, 37] have been explored
for temporal modeling.

There are two primary theoretical models for representing human emotions.
The first is the discrete model, which categorizes emotions into a fixed set of
basic classes-originally six, as introduced by Ekman [5], and later expanded to
include up to fifteen [24]. In contrast, the dimensional model represents emotions
along continuous axes such as arousal, valence, pleasure, displeasure, sleepiness,
and distress, as proposed by Russell [31]. These models have been widely adopted
in emotion recognition research and dataset design.

Early EEG-based emotion recognition systems [21,34] visualized categorical
emotional states using digital avatars. The SEED dataset [51] introduced a col-
lection of EEG recordings for tasks including sleep state detection, eye blink de-
tection, and emotion classification. The publicly available dataset most similar to
our setting is MAHNOB-HCI [33], which includes one RGB and five monochrome
facial video streams synchronized with 32-channel EEG recordings. However, due
to its low resolution and monochrome format, MAHNOB-HCI cannot be used
for 3D facial reconstruction. To the best of our knowledge, our Mind-to-Face
data capture setting is the first to collect a high-fidelity multi-view dataset that
enables photogrammetric 3D face reconstruction synchronized with EEG signals
as well as stimuli videos.

2.2 Head Reconstruction and Neural Avatars

Recent advances in differentiable rendering and implicit scene representations
have substantially improved the realism and controllability of digital head avatars.
Thies et al. [42] introduced a real-time face tracking and transfer system, estab-
lishing the foundation for neural avatar animation. Subsequent progress in face
image synthesis [2, 41] has enabled more expressive control over facial expres-
sions, lip synchronization, and head motion [12,39,47].

More recently, Neural Radiance Field (NeRF)–like methods [22] have since
emerged as a powerful paradigm for realistic head avatar modeling and rendering.
Gafni et al. [6] learn a dynamic NeRF conditioned on expression vectors from
monocular video input, while Grassal et al. [7] extend the FLAME model [17]
by subdividing the mesh and introducing expression-dependent geometric and
texture offsets to enhance realism. Other approaches, such as IMavatar [53],
employ neural implicit functions to model avatars and solve for deformations
between observed and canonical poses via iterative root-finding.

Since 2023, 3D Gaussian Splatting (3DGS) [11] has emerged as a power-
ful yet efficient alternative to NeRF-like methods. A growing body of work has
explored 3DGS for human avatar animation, including controllable full-body
avatars [8, 54], motion synthesis [23, 48], and head reconstruction [40]. Notably,
GaussianAvatars [28] introduced a framework that combines FLAME-based ex-
plicit expression control with 3DGS rendering, achieving high-fidelity geometry
and photorealistic appearance through anisotropic splatting. Importantly, while
preserving the fine-grained visual fidelity of NeRFs, 3DGS offers an explicit scene
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representation that enables precise control over geometry and appearance, mak-
ing it particularly well-suited for animation tasks.

Our work builds upon the rendering paradigm of GaussianAvatars [28]. Re-
placing the traditional blendshape and FLAME-based geometric control with
a dense, per-pixel 3D position map representation, our method captures fine-
grained facial details and subtle expression dynamics with significantly higher
fidelity.

3 METHOD

Fig. 2: Overview of Our Mind-to-Face Pipeline. Our system decodes raw EEG
signals into dense 3D position maps that are rendered into photorealistic avatars. Data
are collected using a custom multi-view capture rig composed of synchronized high-
speed RGB cameras and a 16-channel EEG headset, with all modalities temporally
aligned via Linear Timecode for frame-accurate correspondence between EEG and
facial expressions. Multi-view videos are reconstructed into ground-truth 3D facial
meshes through photogrammetry. During training, EEG slices are encoded using a
CNN–Transformer encoder (EEG-Conformer [37]) and decoded into 3D position maps
using a randomly initialized VAE decoder, supervised with MSE loss against pho-
togrammetric position maps. At inference, the predicted position maps are resampled
into meshes and rendered using a modified GaussianAvatars pipeline [28] for high-
fidelity avatar synthesis.

Our objective is to decode continuous facial expressions from EEG signals.
To achieve this, we first design a multi-modal data capture system (Sec. 3.1) and
perform synchronized EEG-video data acquisition (Sec. 3.2) followed by signal
and geometry preprocessing (Sec. 3.3). Using the processed data, we develop an
EEG encoder framework based on a convolutional transformer architecture [37],
coupled with an decoder [30] that learns to map brain signals to facial geome-
try in the format of positional map(Sec. 3.4). Finally, the reconstructed EEG-
driven meshes are rendered photorealistically using a variant of GaussianAvatars
pipeline [28], enabling realistic and view-consistent avatar synthesis. Our overall
framework is illustrated in Fig. 2.
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3.1 Data Capture Setup

Facial Performance Capturing. We record a participant’s responses to stim-
ulus videos from multiple views under a constant lighting contition. Sixteen
cinema-grade global-shutter cameras (up to 8K resolution, 120 fps) are evenly
distributed around the subject at 15° intervals, providing dense view coverage
for photogrammetric reconstruction. A display positioned in front of the partic-
ipant presents emotionally evocative video stimuli to elicit natural expressions.
An illustration of our capture setup is shown in the supplementary materials.
All cameras are synchronized using genlock and timecode generators to ensure
precise temporal alignment across all views for high-fidelity reconstruction.

EEG Capturing Device. We use the Cyton-Daisy biosensing kit by Open-
BCI for EEG data acquisition due to its portability and reliable signal quality.
The device records 16-channel EEG signals at a sampling rate of 125Hz. Elec-
trodes are positioned according to the international 10–20 system, as illustrated
in the supplementary materials, providing evenly distributed coverage across the
scalp. Although the number of channels is fewer than that of clinical-grade EEG
systems, this configuration offers sufficient spatial resolution to capture represen-
tative neural activity across major cortical regions [1, 10], making it well-suited
for our expression decoding task. Conductive gel is applied to each electrode
to maintain impedance below 500kΩ, ensuring stable and high-quality signal
acquisition.

Synchronization. Synchronization between the camera array and the EEG
headset is achieved through a linear signal generated by an Arduino Teensy
board, ensuring frame-accurate temporal alignment between EEG measurements
and corresponding facial expressions. This setup yields a dual-modality dataset
with precisely synchronized EEG and multi-view facial recordings, enabling re-
liable cross-modal learning.

3.2 Experiments Design and Data Acquisition

Stimulus Videos. The stimulus videos are manually selected from the Open
Library for Affective Videos (OpenLAV) [9] and emotion eliciting clips curated
by Coan and Allen [3]. The selected clips are grouped into five emotion specific
categories—neutral, disgust, funny, angry, and sad—each constituting a single
trial in subsequent experiments. In addition, a separate video containing mixed
emotional content is compiled from the EMOSTIM dataset [35] and used as a
leave-one-trial-out testing sequence.

Experiment Procedure. The subject is seated at the center of the Light
Stage while wearing the EEG headset. The stage is uniformly illuminated with
a high depth-of-field lighting configuration to minimize motion blur during per-
formance capture. An illustrative example of the capture setup is shown in the
supplementary materials. Stimulus playback, EEG recording, and multi-view
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Fig. 3: Trial Design. The experiment consists of five emotion-specific trials, each
separated by a 30-second rest period. Within each trial, participants view a sequence
of video clips conveying a single, consistent emotion corresponding to that trial’s theme.

video capture are initiated simultaneously for precise temporal alignment. At
the beginning of each trial, a prompt appears on the display indicating the tar-
get emotion category, preparing the subject’s mental state for the upcoming
stimuli. The corresponding stimulus videos are then presented, followed by a 30-
second rest period between trials to prevent emotional carryover effects. Each
subject completes five stimulus trials, as illustrated in Fig. 3, resulting in ap-
proximately 25 minutes of total recording time. The setup yields a synchronized
dual-modality dataset comprising high-resolution multi-view videos and EEG
signals. In total, around 30 minutes video data per-subject is captured in com-
pressed RAW format from 16 synchronized cameras, producing roughly 7TB of
data per subject. Despite the dataset’s large size and preprocessing demands, all
recordings were successfully processed and prepared for decoding.

3.3 Preprocessing

EEG Preprocessing. For each trial, the raw EEG data is represented as a
time-varying signal with C channels sampled at each time step. A 6th-order
Butterworth band-pass filter with a passband of 4-40Hz is applied to suppress
high-frequency noise and remove low-frequency drift and DC components intro-
duced by the recording hardware. Per-channel z-score standardization is then
performed using statistics computed from the training set, with the correspond-
ing mean and variance applied to the test set for normalization consistency. The
filtered and normalized EEG signals are subsequently segmented into overlap-
ping temporal windows, each denoted as E(t) ∈ RW×C , where W = 375 is the
window size, and C = 16. Each EEG window E(t) is temporally aligned with a
corresponding ground-truth 3D position map P (t) reconstructed via multi-view
photogrammetry.

Face Geometry Reconstruction. To enable supervised learning for decoding
facial expressions, we reconstruct a 3D facial mesh M (t) for each video frame I(t)

captured during the trial sessions. We track the subject’s performance by first
solving for the facial identity of a neutral expression frame using the 3D Mor-
phable Model (3DMM) from ICT-FaceModel [16], and then fitting the identity
template mesh to the multi-view photogrammetry observations while maintain-
ing consistent topology by Laplacian deformation. Optical flow-based refinement
is also employed for temporal stability.
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We apply a rigid Procrustes alignment to eliminate the head poses and
align each reconstructed mesh to a canonical coordinate frame shared across
all timesteps (see details in supplementary materials) to ensure that the de-
coder focuses on predicting non-rigid, expression-related deformations. For each
aligned mesh M (t), we then compute a corresponding 3D position map P (t) ∈
R256×256×3, where each pixel encodes the (x, y, z) coordinates of the facial surface
in UV space. This representation preserves geometric continuity while enabling
dense supervision for EEG decoding. Each position map is temporally aligned
with its corresponding EEG window described in Sec. 3.3, forming paired sam-
ples (E(t), P (t)) for training the EEG-to-face decoder in Sec. 3.4.

Neural Avatar Preprocessing. We convert the predicted 3D position maps
P̂ (t) into meshes by sampling vertex coordinates v̂(t) ∈ RV×3 to form meshes
M̂ (t) according to the template UV layout. While the shared topology provides
spatial consistency, the temporal smoothness of the reconstructed sequence pri-
marily came from the overlapping EEG windows used during decoding, which
yields gradually varying position maps over time. To prepare training data for
GaussianAvatars, each mesh M (t) is projected onto the corresponding multi-view
images to generate binary foreground masks, which are used to extract white-
background facial crops {I(t)c }. The synchronized meshes {v(t), f} and masked
images {I(t)c } are then used to train our modified GaussianAvatars model.

3.4 Decoding 3D Position Maps from EEG

To map EEG signals to dense 3D position maps, we first encode the prepro-
cessed signals using a hybrid Convolution–Transformer architecture inspired by
EEG-Conformer [37]. Each EEG slice E(t) ∈ RW×C is reshaped into a single-
channel tensor of size 1×C ×W , which can be interpreted as a spatiotemporal
image capturing both temporal dynamics and inter-channel structure. Following
prior work [29, 32], we apply two sequential convolutional layers: the first along
the temporal axis to model temporal patterns, and the second across channels
to capture spatial correlations between electrodes. The resulting features pass
through batch normalization, an ELU activation, and an average-pooling layer
that reduces temporal redundancy and promotes more stable, emotion-relevant
representations.

The resulting feature sequence is passed through a transformer encoder that
models long-range temporal dependencies within the EEG window and outputs a
compact latent embedding z(t). The position map provides a UV-parameterized
mapping from surface geometry to a regular 2D grid in texture space, enabling ef-
ficient processing with standard 2D convolutional networks and image decoders.
So, we employ a latent variational autoencoder(VAE) to generate the dense 3D
position map P̂ (t), bridging the spatiotemporal EEG domain with the spatial
structure of the human face.

A binary mask m restricts supervision to the inner-face region, where facial
expression dynamics occur, encouraging the decoder to focus on expressive ge-
ometry rather than rigid head motion. To further enhance surface smoothness



Mind-to-Face 9

and continuity, we include a self-supervised Laplacian regularization term (de-
tails in the Supplementary Materials). The overall position map loss is defined
as:

Lpm = λrecLrec + λsmoothLsmooth,

where Lrec denotes the per-pixel mean squared error (MSE), and Lsmooth repre-
sents the Laplacian smoothing loss applied to P̂ within the masked region.

Fig. 4: Illustration of the Gaussian Binding Strategy. Each ellipsoidal Gaussian
splat is defined by its local rotation r, position µ, and scale s relative to the face center
with global transform T and R. During animation, T and R are updated over time
according to the predicted facial geometry, while r, µ, and s remain fixed as learnable
parameters. The mesh is decimated for clarity in visualization.

3.5 Avatar Rendering with 3D Gaussian Splatting

We adopt 3DGS for avatar head rendering, replacing traditional texture-based
methods with a view-dependent representation that captures realistic lighting via
spherical harmonics. In this framework, a scene is modeled as a set of ellipsoidal
Gaussian splats parameterized by a covariance matrix Σ and center µ:

G(x) = exp
(
− 1

2 (x− µ)TΣ−1(x− µ)
)
,

where Σ is defined by rotation r ∈ R3×3, scale s ∈ R3, and position µ ∈ R3.
Each Gaussian’s color c is modeled using 3rd-order spherical harmonics, and the
final color is rendered by alpha compositing overlapping splats:

C =
∑
i=1

ciα
′
i

∏
j<i

(1− α′
j)

At initialization, each triangular face of the mesh is assigned one Gaussian with
local parameters (r, µ, s), transformed into global coordinates during rendering
as:

r′ = Rr, µ′ = kRµ+T, s′ = ks, (1)

where R, T, and k denote the face’s rotation, translation, and scale, respec-
tively. This provides a geometry-aware initialization for stable reconstruction
(see Fig. 4).
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At the training phase, we do not compute the face geometry from the tracked
FLAME parameters as in [28]. Instead, we obtain directly the topology-consistent
and facial geometry from our face tracking (see details in Sec. 3.3), since it offers
greater flexibility and thus fits closer to the actual vibrant facial expressions.
Our face tracking pipeline also improves upon the baseline in our scenario with
occlusion and extreme expressions, demonstrated in Sec. 6.1. For each iteration,
we sample a triplet of (mesh M , camera p, image I) uniformly at random, and
render the Gaussian splats, each with the rigid transformation defined in Eq. (1)
based on M . The properties are optimized with loss

L = (1− λ)L1 + λLD-SSIM + λposLpos + λscaleLscale, (2)

where L1 and LD-SSIM compare the difference in the rendered images, Lpos =
∥max(µ, ϵpos)∥2 regularizes the spatial shift from the face center that the splat
is bound to, and Lscale = ∥max(s, ϵscale)∥2 regularizes scales of the Gaussians.
During rendering, we move and render the optimized splats by the mesh de-
formed according to the position maps (see Sec. 3.4) . For 3DGS training, we
use the same hyperparameters as documented in [28].

4 IMPLEMENTATION DETAILS

CNN-Transformer Encoder. Each EEG input window is represented as a
tensor of shape (B, 1, 16, 375), where 16 denotes the electrode channels and 375
the temporal samples. The encoder begins with a temporal convolution with 40
output channels and kernel size 40 to capture short-range temporal patterns.
This is followed by a spatial convolution with kernel size 16, spanning all elec-
trodes to model spatial correlations between channels. The resulting feature
maps are processed by Batch Normalization, an ELU nonlinearity, and an aver-
age pooling layer to reduce temporal resolution while preserving salient dynam-
ics. After pooling, the temporal dimension is reduced from 375 to approximately
19 feature patches. A 1 × 1 convolution then projects the feature maps to an
embedding dimension of E = 40, forming a token sequence z

(t)
0 ∈ RB×N×E with

N = 19.
The token sequence z

(t)
0 is then processed by a stack of six Transformer

encoder layers. Each layer uses pre-normalization with LayerNorm, multi-head
self-attention with 10 heads, and a feed-forward network that expands the em-
bedding dimension by a factor of 4, followed by GELU activation and dropout
(p = 0.5). Residual connections are applied to both attention and feed-forward
sub-layers. The final output z(t) encodes temporally integrated EEG features for
time window t, which are passed to the 3D position map decoder.

Position Map Decoder. To reconstruct dense 3D position maps from the EEG
feature z(t), we employ a latent variational autoencoder (VAE) as an image de-
coder. The decoder receives a flattened z(t) of size B × din, which is projected
through a sequence of fully connected layers into a latent feature map of dimen-
sion B × 4 × 8 × 8. The latent tensor is then decoded through the VAE into a
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coarse 3-channel output, followed by two transposed convolution layers to pro-
duce a dense 3D position map P̂ ∈ R256×256×3, where each pixel encodes the
(x, y, z) coordinates of the reconstructed facial surface.

The decoder parameters are randomly initialized and trained jointly with the
EEG transformer encoder to predict dense 3D position maps from EEG signals.
The predicted face mesh is sampled from the resulting position map and used to
drive the trained Gaussian splats attached to the faces to render the final facial
image.

5 EXPERIMENTS

As a pioneering work, there is no direct baseline to compare against; we present
visual results under different emotional stimuli of two subjects as our own qual-
itative results to assess system performance.

Data Split. Our data for evaluation consists of two types of trials: the emotion-
specific ones (Angry, Disgust, Funny, Neutral, Sad) and the standalone evalu-
ation trial EMOSTIM. Each emotion trial consists of several stimulus videos
presented sequentially to the subject, during which synchronized EEG and multi-
view facial recordings are captured. For the emotion-specific trials, we use re-
sponses corresponding to the final 15% of frames of each trial as the test set and
the remaining frames for training, following standard signal processing practices
to minimize statistical leakage. In addition, the standalone EMOSTIM sequence,
which contains a distinct set of mixed-emotion stimulus videos, is excluded from
training and used solely to evaluate cross-trial generalization.

Qualitative Results. Fig. 5 shows responses of two subjects across three stim-
ulus types. The EEG-driven avatars reproduce the facial expressions while pre-
serving each subject’s identity and adapting to subject-specific dynamics, such as
smile intensity, indicating effective personalization rather than broad categoriza-
tion. For avatar rendering, we further refine the mouth interior using a pretrained
GFP-GAN [44] model, following the post-processing strategies adopted in recent
neural avatar works [19,43]. The enhancement is strictly confined to the mouth
interior, which is frequently occluded during the capture and thus hard to be
modeled by GS-based avatar models, and does not tamper with the decoded
emotion, as we show in the third and fourth columns of the figure. More re-
sults, including multi-view rendering and videos are provided in Supplementary
Materials.
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Fig. 5: Qualitative Results of EEG-driven Facial Expression Synthesis. For
three trials (Sad, Funny, Disgust), we show the emotion-eliciting video frames from the
testing set (first row), the corresponding captured facial expressions from two subjects
(second row), the corresponding renders produced by our EEG-driven avatar (third
row), and our final result produced with mouth-interior enhancement (fourth row).
The reconstructed avatars reflect emotional responses (e.g . frown for sadness, smiles
for funny clips, brow/nose tightening for disgust) with subject-specific intensities and
capture both neutral and strongly expressive frames. The GFP-GAN enhancement is
applied only to the mouth interior and does not modify the emotion response (cf . the
third and fourth row). Quantitative metrics can be found in supplementary materials.

6 ABLATION STUDIES

In this section, we conduct an ablation study to evaluate the impact of key
components of our method and justify our design choices.

6.1 Comparison with GaussianAvatars

The GaussianAvatars pipeline is optimal in the common scenario where the ex-
pressions are mild and the majority of the face is clear. However, in our setting,
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to capture synchronized image and EEG data, it is necessary for the subjects
to wear a headcap with sensors, which may confuse common facial landmark
decoders, such as the VHAP library [27] used in their pipeline; the extreme ex-
pressions, triggered by the emotion-eliciting videos we use, are often beyond the
expressivity of FLAME parameters [17]. Therefore, as demonstrated by Fig. 6,
our ablation study shows that the standard GaussianAvatar pipeline does not
generalize to our data capture setup, and it may predict inaccurate expressions
(b) or even fail catastrophically (c), whereas our method maintains robustness
in the complex capture settings.

Fig. 6: We demonstrate that the face tracking pipeline of GaussianAvatars
does not suit our scenario. In (a), we show that in an occlusion-free scenario, the
avatar rendered by our pipeline is similar to that of GaussianAvatars. However, in our
complex capture setup with extreme expressions and headcap-induced occlusion, errors
in landmark detection of the GaussianAvatars pipeline can lead to incorrect expression
tracking (b) or even completely broken geometry (c). The red cross indicates that the
model fails to produce a faithful render due to collapsed geometry.

6.2 Why Position Maps Instead of Blendshapes?

Using blendshapes presents two key limitations. First, mapping EEG signals
to a fixed set of 52 coefficients produces a sparse and less expressive repre-
sentation, making it difficult to capture subtle and nuanced facial expressions.
Second, standard blendshape models contain relatively few vertices (∼5,000 in
FLAME), which limits their ability to represent mid-frequency geometric details
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Fig. 7: Qualitative comparison between position map–driven and
blendshape-driven avatars. Subject 1 (top) and Subject 2 (bottom). From
left to right: Reference image, (a) position map–driven avatar mesh, (b) position
map–driven avatar render, (c) blendshape-driven avatar mesh, and (d) blendshape-
driven avatar mesh.

Position Map-driven Avatar Blendshape-driven Avatar

Subject 1 Subject 2 Subject 1 Subject 2

Trial Mean < 1mm(%) < 3mm(%) Mean < 1mm(%) < 3mm(%) Mean < 1mm(%) < 3mm(%) Mean < 1mm(%) < 3mm(%)

Angry 0.4982 87.37 99.67 0.5534 84.28 99.64 1.0792 60.76 93.94 1.6492 42.79 83.92
Disgust 1.0238 61.89 95.12 0.6347 80.57 98.78 1.7680 42.03 81.85 1.3410 60.35 85.66
Funny 0.9614 69.12 92.82 0.7432 78.24 96.53 1.3385 56.56 87.08 1.6195 48.93 83.58
Neutral 0.4028 92.85 100.0 0.3245 95.84 99.92 0.3270 94.99 99.95 1.3065 52.91 89.98
Sad 0.3571 94.60 99.98 0.3112 96.60 99.55 0.5391 84.95 99.59 1.3134 56.22 88.15

EMOSTIM 0.5158 86.76 99.16 0.7077 78.88 97.55 0.6838 78.78 97.78 1.5078 52.22 86.28

Table 1: Quantitative evaluation using point-to-surface distance within the
masked facial region. Errors are reported in millimeters (mm), including the mean
distance and the percentage of vertices below 1 mm and 3 mm. The EMOSTIM trial
is used as a leave-one-out trial to evaluate cross-trial generalization.

such as wrinkles. In contrast, our approach directly maps EEG signals to position
maps derived from ground-truth multi-view stereo reconstructions. A 256× 256
position map (∼65k vertices) preserves mid-frequency details that blendshape
models cannot capture. By avoiding the two-step dimensionality reduction in-
herent in blendshape-based approaches, the position-map representation better
preserves the underlying geometric fidelity.

To evaluate the practical impact of these representations, we compare avatars
driven by predicted blendshapes against those driven by predicted position maps.
As shown in Fig. 7, the blendshape-driven reconstructions produce plausible fa-
cial motion but appear overly smoothed and exhibit reduced expressive amplitude-
a consequence of the limited dimensionality of the blendshape basis. Conversely,
the position map representation preserves richer geometric detail, allowing wrin-
kles and localized facial structures to emerge more naturally in the rendered
avatars.

Tab. 1 further quantifies this difference. Across all trials except for Neu-
tral, the position map–driven avatar consistently achieves lower geometric error.
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These results suggest that the compact blendshape basis acts as a strong bottle-
neck when mapping noisy signals, often leading the model toward “averaged-out”
predictions. The higher-resolution geometry of the position map yields more ac-
curate surface reconstruction; specifically, the percentage of vertices with error
below 1 mm is consistently higher for the position map–driven avatar. Ulti-
mately, these results indicate that the dense position map representation not
only produces visually richer animations but also yields more accurate geomet-
ric reconstructions compared to the low-dimensional blendshape representation
in an EEG-driven context.

7 CONCLUSIONS AND FUTURE WORK

We introduce Mind-to-Face, the first framework that maps non-invasive EEG
signals directly to photorealistic 3D facial expressions. By decoding EEG into
dense 3D position maps and rendering them with 3D Gaussian Splatting, our ap-
proach enables subject-specific facial animation driven entirely by neural activity.
A synchronized EEG–video capture setup provides the precise alignment needed
for supervised learning, establishing a unified pipeline for neural-driven avatars
and new opportunities in affective computing, telepresence, and brain–computer
interfaces. In future work, we plan to expand the dataset with more subjects
and diverse stimuli to improve robustness and cross-subject generalization, and
incorporate stimulus context during decoding to better disentangle perceptual
and affective signals for more accurate facial synthesis.
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