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Figure 1: Illustration of architectural construction of EEG-Face and its usability tests.

Abstract
Over recent years, EEG-based brain decoding of perceived multi-
media is emerging to be an important multidisciplinary research
area. Lack of data sets with multimedia stimuli, however, presents
a significant challenge for its further advancement. In this pa-
per, we establish a facial-image stimulated EEG dataset, named
as EEG-Face, to address the challenge and provide a crucial sup-
port for relevant research, such as brain-computer interface (BCI),
face recognition via brain-perceived EEGs, and multimedia con-
tent analysis via brain perception activities. As facial images not
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only distinguish between genders but also dive deeper into indi-
vidual differences, our proposed EEG-Face provides larger scope,
more focus, and greater potential for dedicated research on brain
perception of human faces. As shown in Figure 1, the proposed
EEG-Face essentially consists of 20,000 brain responded EEG tri-
als stimulated with 40 individual faces, all of whom are Chinese
film stars. Following the establishment of the dataset, a range of
experiments over EEG-Face is carried out to demonstrate its us-
ability and feasibility, which include: (i) neural correlation of gen-
der perceptions; (ii) EEG-Stimulus pairing verification; and (iii)
face recognition via classification of randomized EEG trials. The
dataset and the codes for all reported experiments are available
from: https://github.com/eeg-wx2024/EEG-Face.

CCS Concepts
• Human-centered computing→ Human computer interac-
tion (HCI).
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1 Introduction
Over recent years, decoding perceptual information directly from
brain activities has increasingly attracted interests across multi-
disciplinary research fields, primarily including neuroscience and
computer science [5, 6, 23, 25, 26, 28, 31]. While most research
reported in the literature is primarily carried out via fMRI-based
approaches [24, 32, 34], its inherent high cost, low portability and
operational complexity limit its applications in many real-world
scenarios. In contrast, electroencephalography (EEG) has shown
great potential in brain state analysis, brain-computer interface
(BCI) and other fields due to its advantages of high temporal res-
olution, portable equipment and low cost [3, 10, 12, 27]. Despite
the great promise of EEGs, accurate brain decoding directly from
EEG signals, especially decoding complex perceptual multimedia
content, still faces severe challenges [1, 17].

EEG-based brain decoding of object images was pioneered by
Standford researchers in 2015 [13], where an EEG dataset stimulated
by object images with 6 classes was published, and a classification
rate of 28.87% was also reported. This work represents the first
attempt on EEG-based decoding of brain-perceived multimedia.

In ACM-MM’2017, Florida researchers published another dataset,
EEG-ImageNet, via block-based stimulations, where all images from
the same class are presented to the test subject in a deterministic
order [14]. With such deterministic EEG trials, which are generated
from 2000 natural images directly selected from ImageNet with
40 classes, Spampinato et al. further reported a classification rate
of 82.9% via a RNN-based deep model [30]. This work is seen as
an important milestone towards EEG-based brain decoding of per-
ceived natural images [7, 23, 35]. Following the questioning that
EEG-ImageNet may suffer from problems such as signal drift and
filtering bias, however, the dataset is further refined and the cor-
responding classification rate is reduced to 21.8%, yet a new deep
model, EEGChannelNet, is introduced and reported to achieve a
classification rate at 48.1% [23].

In CVPR2021, Purdue researchers argued that the block-based
deterministic trials in EEG-ImageNet may suffer from the confound
of blocking effect, and thus recreated EEGImageNet, where natural
images are presented to the test subject in randomized orders. Over
such randomized EEG trials, classification of the same 40 classes by
a number of existing classifiers is significantly degraded, and the
maximum top-1 classification rate is dropped to 7% [1].

Recently, some studies have begun to explore multimodal de-
coding methods via exploitation of stimuli images to assist brain
decoding from EEG signals [16, 28]. Based on the dataset estab-
lished by Gifford et al. [8], a comparative learning framework is
proposed to capture the correlation between the features of stimuli
images and the representation of EEGs, leading to a new paradigm
of brain decoding via classifying stimuli-EEG pairings, where the
top-1 classification rate is reported to reach 15.6%.

Given the fact that extensive research has been reported across
the areas of multimedia, computer vision, and computer graphics
over topics of face recognition, generation of talking heads, and cog-
nitive analysis of facial emotions etc [20], understanding the neural
mechanisms of their perceptions and representations is paramount
for advancing computational intelligence technologies, such as in-
tegration of artificial intelligence with human brain intelligence.
To this end, introduction of dedicated facial stimuli for EEGs will
evoke more stable and distinguishable neural response patterns,
and thus enable new research initiatives over EEG-based decoding
from brain perception of facial images. Yet existing EEG datasets are
limited to visual stimuli with general concepts, leaving a significant
gap to forward the designated research field.

To address the aforementioned gap, we propose to construct
a new EEG dataset, EEG-Face, in this paper to open up a range
of research possibilities around the essential topic: computational
interpretation of how human brains perceive faces, a critical cate-
gory of multimedia information. We highlight our contributions as
follows:

• EEG-Face comprises 20,000 high-density (128 electrodes/
channels) and randomized EEG trials, which are recorded
from a subject while viewing a large and diverse collection
of 20,000 face images across 40 distinct and gender-balanced
identities.

• To sustain content richness and maximize the potential and
scope for further research, we applied a diffusion model (i.e.
PhotoMaker [19]) to generate a range of new facial images
with different styles and appearances for each individual,
significantly expanding its varieties and diversities without
incurring any changes over its identity.

• Over EEG-Face extensive experiments are carried out to
demonstrate its great potential for serving a range of multi-
disciplinary research objectives, which can be highlighted
as: (i) to expand the existing research on multimedia facial
processing into EEG-based brain decoding of human face
perceptions; (ii) to foster the development and rigorous eval-
uation of novel EEG decoding algorithms for recognition of
facial identities and other perceived attributes; (iii) to pioneer
new research initiatives for analyzing and understanding
multimedia content perception, such as visualization of brain
perceived facial images etc. (iv) To inspire new generation
of multimedia learning models via bridging the gap between
artificial intelligence (AI) and brain intelligence (BI).

2 Related Work
Over the emerging research area on EEG-based brain decoding
of perceived multimedia, existing datasets have experienced two
stages of visual stimuli constructions, i.e. from single object images
to natural images with multi-objects and semantics. While the
former has typical single object set in clattered background, the
latter tends to be closer to the practical brain perception of the real
world. Specific details are summarized as follows.

The first EEG dataset to pioneer thework on EEG-based decoding
of single object perception is established by Stanford researchers in
2015 [13]. The dataset contains 6 class labels, each of which has 12
images, totaling 72 stimulation images. In this work, Kaneshiro et al.
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Figure 2: Illustration of representative stimulation images:
(a) samples for EEG-ImageNet; (b) samples for EEG data set
by Gifford et al. [8]

[13] integrated single-trial EEG classification with Representational
Similarity Analysis (RSA) to validate that both object categories (6-
way) and specific instances (72-way) could be successfully decoded
solely from single-trial EEG signals, with accuracy significantly
exceeding chance levels.

To explore the perception of more images and make it closer
to the real-world scenarios of brain perception, Spampinato et al.
[30] published the second dataset, EEG-ImageNet, with a total num-
ber of 2000 images that are organized in 40 classes, and each class
contains 50 natural images directly selected from ImageNet. Fig-
ure 2 (a) illustrates some representative samples of such natural
images together with their class labels. Using an EEG system with
128 channels, the EEG collection protocol is designed as such that
all images are divided into 40 blocks, each of which consists of
50 images from the same class. Brain stimulation is arranged in a
sequence of 40 blocks, and within each block, images are presented
to the subject in a deterministic order to leverage the complexity
of natural image perception. A rapid event design is employed, in
which the subject views each image for 0.5 seconds and continues
until the end of viewing each block. To increase the diversity, 6
subjects are arranged to view all stimuli images and thus 6 sets
of 2000 deterministic EEG trials are made available. Associated
with the dataset, Spampinato et al. also reported two types of ex-
ploratory research, including: (i) multi-class (40-way) classification
of EEG trials via deep learning models [30] to recognize the brain
perceived class concepts (labels); (ii) visualizing the decoded class
concepts (labels) via generative learning and GAN-based image
generations, pioneering exploratory research on mind-reading via
computational intelligence [30].

By addressing the potential issue that EEG-ImageNet may suffer
from the confounds of blocking effect, Ahmed et al. [1] recreated
EEG-ImageNet, which features in the following changes: (i) the total
number of images is increased to 40,000, and thus each class has
1000 sample images, 20 times more than the original EEG-ImageNet;
(ii) For EEG recording, all 40,000 images are divided into 100 sets,
and each set contains 400 images equally spread over all 40 classes;
(iii) A single male adult is arranged to view all the 100 sets of images
and EEGs are collected in 10 sessions in the run of {10 sets, 8 sets,
10 sets, 11 sets, 11 sets, 10 sets, 10 sets, 10 sets, 10 sets, 10 sets};

(iv) with a 96-channel BioSemi EEG system, the rapid-event design
is employed and the selection of all images to be viewed by the
subject is randomized. For the convenience of description, we refer
to this updated dataset as EEG-ImageNet with randomized trials,
and the original dataset as EEG-ImageNet with deterministic trials.

In 2022, Gifford et al. published the third EEG dataset to support
data-driven computational neuroscience in modeling human ob-
ject recognition [8]. The dataset is collected with 10 subjects, to
whom both the training images and test images are presented in a
pseudo-randomized order. In total, the training set contains 1654
concepts, each of which includes 10 object images, totaling 16,540
images, and the test set contains 200 concepts, each of which is
represented by 1 object image. Figure 2 (b) illustrates some repre-
sentative samples of the object images. Using a rapid serial visual
presentation (RSVP), all images are presented to the subject for 100
ms, followed by 100 ms blanking, and EEGs are collected with 63
channels at a 1000 Hz sampling rate. While the collection of EEGs
are replicated 4 times over the training set, collection of EEGs over
the test set is replicated 8 times to provide a richer EEG dataset for
research purposes. Compared with EEG-ImageNet, this dataset is
not suitable for direct classification of EEG trials to recognize the
relevant semantics (i.e. class labels). This is due to the fact that: (i)
lack of training EEG signals since each concept only contains 10
images to stimulate brains; (ii) there are too many concepts, 1654 in
total, making it difficult to classify even over the stimulating images.
As a result, relevant research reported in the literature is limited to
classifying brain perception via stimuli-EEG pairings rather than
EEGs alone [28].

3 The Proposed EEG-Face
3.1 Establishment of the Core Stimuli Set
Given the limited availability of original photographs from public
sources, we propose to establish a core stimuli set first by collect-
ing 2000 facial images for 40 individuals, each of which contains
50 faces with different emotion and appearances. To facilitate the
best possible flexibility, a number of selection criteria is also set up,
which includes high resolution, clear viewing angles, no occlusion,
neutral or no-strong emotional expressions. Correspondingly, we
prioritize those publicly familiar faces, such as celebrities or well-
known film stars, to ensure straightforward identification by the
subject. To maximize the scope of research and achieve the best
possible usability, we maintain a gender balance of 20/20 between
male and female faces to facilitate a broad range of research activi-
ties, such as face recognition and gender identification etc. All EEG
trials were collected from a single healthy adult male subject.

3.2 Content-rich Expansion
To address the possible issue that the core stimuli set with 50 pho-
tographs per individual maybe insufficient in both quantity and
diversity for larger scale training of deep models, we propose to
employ a diffusion model based technique (PhotoMaker [19]) to im-
plement a scheme of content-rich expansion for the core stimuli set.
Such expansion scheme increases the number of original images
per identity from 50 to 500, bringing the total number of stimuli to
20,000, where each identity is verified by manual review to guar-
antee its authenticity. The essential advantage of this method lies
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Figure 3: Structural overview of stimulation paradigm

in the fact that the richness of the brain stimulation via faces can
be significantly enhanced, including introduction of diverse view-
points, lighting conditions [33], and even subtle natural expression
variations while strictly preserving the core identity features (i.e.
identity preservation). As a result, not only the validity and identity
consistency of the generated images are well sustained, but also the
dimensionality of the entire dataset is greatly enriched, leading to
significant improvement of the perceptual quality and robustness.

3.3 Stimulation Paradigm
Figure 3 illustrates an structural overview of our designed stimu-
lation paradigm for the proposed EEG-Face. As seen, its essential
objective is to precisely control the presentation of 20,000 visual
stimuli, ensuring a high degree of standardization and consistency
across all trials. Throughout the stimulation period, a fixation cross
("+") is continuously displayed at the center of the screen against
a constant mid-gray background, in order to sustain a continuous
focus of attention. In each trial, the target stimulus (a color face
image) is presented centrally on this background without any sur-
rounding border. To ensure a consistent retinal image size across
all stimuli, the display size is also carefully calibrated to maintain
a visual angle of 7.0 degrees (width) × 6.5 degrees (height) at the
preset viewing distance. These unified visual presentation settings
are implemented to guide the subject’s gaze, providing a stable
visual baseline, minimizing potential interference from edge infor-
mation, and standardizing perceptual input. This level of control is
particularly crucial for reducing eye movement artifacts, especially
when using eye-tracking sensitive recording techniques such as
EEG and MEG [4, 21].

As shown in Figure 3, each face is presented for 500 millisec-
onds, which is designed to provide sufficient time for perceptual
identification of the stimulating face while limiting the intra-trial
cognitive interferences. Following the offset of the stimulus, an

Inter-Stimulus Interval (ISI) of 500 milliseconds is inserted, during
which only the mid-gray background and the central fixation cross
are displayed. The primary purpose of this ISI is to allow the partic-
ipant’s visual system to return to a relatively stable baseline level,
thereby effectively preventing residual effects from corrupting the
independence of individual trials. In addition, the entire sequence
of presentations is organized in 500 blocks, each of which contains
40 faces of all individuals, as shown in the column of faces in Figure
3 (a). Specific presentation of each block, together with their dura-
tions and blanks, is demonstrated in Figure 3 (b), where the order
of their appearances is fully randomized to prevent the test subject
from predicting local stimulus patterns. Upon completion of each
block, a 3-second Inter-Block-Interval (IBI) is introduced to provide
the subject with a brief rest to mitigate the cognitive fatigue.

3.4 EEG recording and preprocessing
EEG sequences are recorded by using a 128-channel GREENTEK
system, where electrodes are arranged according to the standard
10-10 system [22], and signals are amplified by a BrainVision ac-
tiCHamp Plus amplifier. Following the raw data acquisition, a num-
ber of preprocessing is also applied, which can be summarized as:
(i) down sampling from the original 5000 Hz to 2000 Hz; (ii) re-
referencing the data to electrode A1 and A2, which are clipped to
the two earlobes; (iii) sequence of filtering, including zero-phase
shift Butterworth filter, low-pass filter with cutoff frequency at
0.3 Hz, and high-pass filter with cutoff frequency at 40 Hz, 50 Hz
notch filter to remove power line interference; (iv) application of
Independent Component Analysis (ICA) to remove ocular artifacts
caused by eye movements such as blinks etc; (v) semi-automatic ar-
tifact detection and rejection; (vi) segmenting the continuous EEG
waves into event-related epochs, with a time window from 200
milliseconds pre-stimulus to 500 milliseconds post-stimulus; (vii)
baseline correction by subtracting the mean value within 200 ms to
0 ms pre-stimulus time window for each trial; and (viii) multivariate
noise normalization [9].

As a result, the above recording and the pipeline of preprocessing
ultimately yields 20,000 EEG matrices, the size of which can be
represented as: 126 (EEG channels) × 500 (EEG digital points).

4 Usability of EEG-Face: Empirical Analysis of
Brain-Perceived Multimedia

In this section, we demonstrate the usability of our proposed EEG-
Face via a number of experiments carried out towards analysis of
brain-perceived multimedia content, i.e. facial images, directly out
of their responded EEG trials. Following the spirit of the existing
work on EEG-based brain decoding and classification, we selected
a wide range of benchmarking classifiers, not only including those
advanced deep models, such as EEGNet, EEGChannelNet, SyncNet
and Transformers etc. but also those representative traditional unsu-
pervised classifiers such as SVM etc. Details of all these experiment
design and result analysis are described as follows.

Neural Correlation of Gender Perceptions: The balanced
gender composition (i.e. equal numbers of male and female faces)
inside the proposed EEG-Face makes it an ideal platform for investi-
gating how the brain processes and represents gender information
from human faces. Relevant analysis can be designed to identify
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Table 1: Gender identification results via classifying random-
ized EEG trials

Model Accuracy Model Accuracy
SVM[17] 52.3% EEGChannelNet[23] 54.1%
KNN[17] 51.2% EEGConformer[29] 54.0%
LSTM[11] 54.3% NICE-EEG[28] 54.1%
MLP[17] 53.8% EEGNet[15] 54.4%
CNN[17] 54.1% EEGNet[15] (10 males & 20 females) 68.8%
SyncNet[18] 54.0%

specific EEG patterns responded to gender information out of vari-
able proportions of female and male faces, leading to dedicated
interpretation of key cortical activities elicited by viewing the male
versus female faces. Table 1 lists the gender identification results
achieved by all the selected models based on the balanced female
and male faces. As seen, the proposed EEG-Face indeed contains dis-
cernible gender-related representational information that models
can learn to differentiate. For instance, among all the models tested,
EEGNet achieves the highest accuracy at 54.4%, and several other
models including LSTM, EEGChannelNet and NICE-EEG etc. also
demonstrated comparable performance levels. To demonstrate the
flexibility of EEG-Face, we also selected EEGNet as a representative
to test its performance on a non-balanced gender set with 10 male
faces and 20 female faces. Over this gender set, EEGNet delivered a
classification rate at 68.8%.

While the margins by which these achieved accuracies exceed
the chance level (50% for the balanced male-female case) are not ex-
ceptionally large, the results achieved by all models consistently and
statistically surpass this threshold, and thus providing foundational
experimental support for future development of more advanced
gender decoding models.

EEG-Stimulus Pairing Verification: By applying the EEG-
based brain decoding framework NICE-EEG [28], this experiment
is designed to verify the fine-grained and instance-level correspon-
dence between a specific EEG trial and its associated visual stim-
ulus. Essentially, NICE-EEG relies on an image encoder and an
EEG encoder to extract modality specific features. These features
are aligned through a contrastive learning framework, which pulls
the representations of matched EEG-image pairs closer in the em-
bedding space while pushing further apart those of mismatched
pairs. This self-supervised approach enables the model to learn
cross-modal associations without relying on explicit class labels.

We adopt two test protocols to assess the quality of the learned
cross-modal representations:

• 1:1 Verification: Given an EEG-image pair, the model deter-
mines whether the two modalities correspond to the same
stimulus or not.

• 1:N Verification: Given a query EEG trial, the model selects
the most likely matching image from a set of 40 face classes.

Table 2 lists the classification rates achieved by NICE-EEG [28],
from which it can be seen that NICE-EEG achieves a top-1 pairing
accuracy of approximately 58%, and 3.9%/17.5% for top-1/top-5
accuracy in the 1:1 and 1:N matching scenarios, respectively (with
N = 40). To improve the quality (SNR) of the EEG-Face data, we
formulate super-trials or meta-trials by randomly averaging the

Table 2: Results of EEG-Image Pairings

Trial Setting 1:1 Verification 1:N Verification

Top-1 – Top-1 Top-5
Single-trial 58.0% – 3.9% 17.5%
Super-trial 67.0% – 4.4% 20.5%

Table 3: Results of brain-perceived face recognition

Model Top-1 Top-5 Params
SVM[17] 3.2% 13.3% 1.9M
KNN[17] 2.7% 11.8% -
LSTM[11] 3.3% 14.1% 0.1M
MLP[17] 3.1% 13.5% 6.3M
CNN[17] 3.4% 14.4% 0.004M
EEGNet[15] 3.4% 14.7% 0.01M
EEGChannelNet[23] 3.2% 14.2% 4.5M
SyncNet[18] 3.4% 14.8% 0.04M
EEGConformer[29] 3.3% 14.1% 0.6M
NICE-EEG[28] 3.2% 14.1% 0.3M

signals of 10 EEG trials within each class [2]. In this way, EEG-Face
reduces its size to 50 super-trials per face and 2000 super-trials
in total. As a result, when evaluated on these super-trials, NICE-
EEG demonstrates improved performances, achieving 67% top-1
accuracy in the 1:1 setting and 4.4%/20.5% top-1/top-5 accuracy in
the 1:N setting.

These results suggest the presence of a learnable correspondence
between EEG responses and their associated face-stimuli correla-
tion within the dataset. While performance remains modest in
absolute terms, the model demonstrates a consistent ability to dis-
tinguish the matched EEG-Image pairs from those mismatched ones.
These findings support the potential of the dataset for exploring
cross-modal representation learning, particularly when strategies
are employed to improve the quality of data collections.

Face Recognition via Classification of Randomized EEG
Trials:While face recognition has been widely researched across
areas of multimedia and computer vision for the past decades, face
recognition out of brain-perceived EEG trials has never been at-
tempted to the best of our knowledge. Considering the fact that
classification of randomized EEG trials with 40 general class con-
cepts are already proved to be extremely difficult [1, 17], we expect
that this task would be more challenging. Nonetheless, our essential
objective is to demonstrate the substantial potential of our proposed
EEG-Face for launching new research initiatives to bridge the gap
between the macroscopic neural activities and multimedia content,
apart from providing a valuable resource for multi-disciplinary
researchers.

Table 3 lists the face recognition results achieved by all selected
benchmarking baselines, including SVM[17], KNN[17], LSTM[11],
MLP[17], CNN[17], EEGNet[15], EEGChannelNet[23], SyncNet[18],
EEGConformer[29], and NICE-EEG [28]. In addition to the recogni-
tion rates in top-1 and top-5, these results also include the count of
parameters used by every model, in order to test and compare the
efficiency of all models, i.e. the resources required for achieving the
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Table 4: Test results for the varying number of faces

#Classes EEGNet #Classes EEGNet
Top-1(%) Top-5(%) Top-1(%) Top-5(%)

1 - - 21 6.5+0.5 27.3+0.8
2 60.5+2.6 - 22 5.7+0.2 25.0+0.4
3 39.0+2.0 - 23 5.7+0.3 23.9+0.2
4 32.3+1.9 - 24 5.5+0.3 23.6+0.8
5 25.6+1.1 - 25 5.2+0.2 22.1+0.4
6 20.7+1.0 87.3+0.5 26 5.1+0.2 21.6+0.5
7 18.3+1.3 75.7+1.2 27 4.8+0.1 21.2+0.7
8 14.9+0.4 66.5+0.7 28 4.8+0.3 20.3+0.5
9 15.3+1.2 59.7+0.6 29 4.6+0.2 19.2+0.2
10 11.5+0.6 53.1+1.0 30 4.4+0.1 18.8+0.4
11 10.7+0.5 48.5+0.7 31 4.3+0.3 18.1+0.4
12 10.4+0.4 43.6+0.3 32 4.2+0.3 17.4+0.6
13 9.9+0.3 44.5+1.6 33 4.1+0.2 17.3+0.5
14 9.4+0.6 38.6+0.2 34 3.7+0.2 16.7+0.3
15 8.6+0.3 36.3+0.6 35 4.0+0.3 16.1+0.3
16 8.7+0.6 34.5+0.6 36 3.9+0.4 16.2+0.7
17 7.4+0.3 31.7+0.3 37 3.6+0.2 15.8+0.5
18 7.3+0.6 31.3+0.8 38 3.7+0.3 15.3+0.7
19 6.9+0.2 29.1+0.4 39 3.5+0.2 14.9+0.4
20 6.5+0.4 28.7+1.0 40 3.4+0.6 14.7+0.7

recognition rates. As seen, among all the tested models, CNN[17],
EEGNet[15], and SyncNet[18] jointly achieved the highest top-1
accuracy of 3.4%. SyncNet[18] obtained the highest top-5 accuracy
at 14.8%, which is closely followed by EEGNet[15] and CNN[17].
In addition, it is also noted that models such as CNN and EEGNet
only require 0.004 million parameters and 0.01 million parameters,
respectively, for their achieved recognition rates. Other models,
including LSTM[11] and EEGConformer[29], also demonstrated
competitive performances. While the absolute values of the highest
top-1 (3.4%) and top-5 (14.8%) rates are modest, they are still above
the corresponding chance levels (2.5% for top-1 and 12.5% for top-5),
providing a positive validation for the usability of our proposed
EEG-Face.

To enable an in-depth evaluation of EEG-Face, we select the well-
performed EEGNet as a representative and test its face recognition
performances by varying the number of identities from 2 to 40, the
results of which are listed in Table 4. As seen, when the number
of identities increases, the difficulty of such brain perceived face
recognition is substantially intensified, resulting in a progressive
decline of both top-1 and top-5 recognition rates. Yet all recogni-
tion rates still remain significantly above their respective chance
levels. Consequently, this systematic evaluation serves not only to
benchmark the EEGNet model’s performance across a spectrum
of complexities but also to consistently demonstrate the positive
existence of classifiable neural signatures within EEG-Face across
all the varying number of identities. These findings underscore
the dataset’s usability for investigating the frontiers of EEG-based
recognition of brain-perceived faces.

To further explore the potential of our proposed EEG-Face, we
also carried out additional experiments via their super-trials, and
the face recognition results are demonstrated in Figure 4. As seen,
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Figure 4: Comparative demonstration of face recognition
between single trials and super-trials

compared with the results upon single trials, the recognition rates
upon super-trials are generally enhanced across all the tested mod-
els, aligning with the expectation for the improved SNRs. In terms
of top-1 recognition rates, MLP achieved the best at 5.3%, and in
terms of top-5 recognition rates, EEGNet achieved the best rate at
18.3%, a notable improvement from 14.7% on single trials. In sum-
mary, while the magnitude of improvement varies across models,
most of them, especially deep learning ones, have exhibited clear
performance gains when the scheme of super-trials is applied.

5 Conclusions
In this paper, we introduce EEG-Face, a large-scale and high density
EEG dataset, which is specifically designed to facilitate research
initiatives on brain’s perception of facial images. The essential ob-
jective is to address the limitations of the existing datasets that all
categories constructed are general concepts. Through extensive
experiments, it is sufficiently demonstrated that the proposed EEG-
Face has great potential for a range of research and applications,
which can be highlighted as: (i) further exploitation of generative
expansion of face samples to enrich the variation and diversity of
facial expressions, thereby facilitating in-depth studies on the neu-
ral correlations of emotion perceptions, which is a crucial aspect of
social cognition highly relevant to multimedia understanding; (ii)
brain decoding of finer-grained facial attributes, such as age or gaze
directions etc.; (iii) out of EEG-Face, new research initiatives can be
launched to visualize brain-perceived human identities via exploit-
ing generative learning models; and (iv) providing a unique and
valuable resource for understanding how human brains perceive
multimedia content.
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