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Abstract

In recent years, electroencephalography (EEG)-based visual
decoding research has become a key direction for revealing
brain processing mechanisms and realizing brain-computer
interfaces. This emerging field has attracted extensive atten-
tion in the fields of brain science, cognitive neuroscience, and
artificial intelligence. Among various approaches, contrastive
learning has demonstrated strong performance in aligning
multi-modal data, effectively enabling unified representations
across modalities. However, during human visual perception,
images are often subject to varying degrees of blurring due
to the uneven distribution of retinal photoreceptor cells and
the limited speed of lens accommodation. To address the
mismatch between EEG and visual representations, we pro-
pose a novel visual decoding framework inspired by human
perceptual blurring. Specifically, multi-level Gaussian blur-
ring is applied to the image to simulate human visual char-
acteristics, followed by a feature selection module to con-
struct robust visual representations. For EEG decoding, we
design a lightweight and efficient network employing pos-
itively constrained spatial convolutions to identify channels
associated with visual processing. The EEG and visual fea-
tures are then aligned using contrastive learning. We evaluate
the proposed framework on the Things-EEG dataset. Exper-
imental results show significant improvements in the zero-
shot brain-to-image retrieval task, achieving a top-1 accuracy
of 80% and a top-5 accuracy of 96.9 %, surpassing previous
state-of-the-art methods by margins of 29.1% and 17.2%, re-
spectively. These findings highlight the potential of incorpo-
rating perceptual properties into EEG-based visual decoding.

Code —
https://github.com/makeitperfect/VisualEEGDecoding

Introduction

How the human brain encodes and decodes visual infor-
mation has been one of the core issues in the fields of
neuroscience, cognitive neuroscience, and artificial intelli-
gence (Tootell et al. 1983; Jin et al. 2008; Tanigawa, Lu,
and Roe 2010; Chang, Bao, and Tsao 2017; Roe et al. 2012;
Khaligh-Razavi and Kriegeskorte 2014; Giiclii and Van Ger-
ven 2015). By decoding neural activity related to visual
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stimuli in brain physiological signals, this not only helps to
understand the brain’s visual information processing mech-
anisms but also provides critical technical support for appli-
cations such as brain-computer interfaces (BCI) (Zhu et al.
2010; Salvaris and Sepulveda 2009) and neural rehabilita-
tion (Chen et al. 2020; Fernandez et al. 2021; Beauchamp
et al. 2020). In recent years, visual decoding research based
on neural signals such as fMRI and EEG has garnered sig-
nificant attention. Among these, functional Magnetic Reso-
nance Imaging (fMRI) has gained significant attention due
to its high spatial resolution, enabling the identification of
fine-grained spatial patterns activated in the brain during vi-
sual tasks. It is currently the most commonly used visual
decoding technique (Du et al. 2023; Horikawa and Kami-
tani 2017; Allen et al. 2022; Liu et al. 2023; Scotti et al.
2023; Fang, Zheng, and Pan 2023). However, fMRI has lim-
itations such as high cost and low temporal resolution, which
restrict its application in BCI and neural rehabilitation sce-
narios with high requirements for real-time performance and
scalability (Smith 2004; Lin, Sprague, and Singh 2022).

In contrast, electroencephalogram (EEG) has demon-
strated broad application prospects in the field of visual
decoding due to its high temporal resolution and low
cost (Khadir et al. 2023; Grootswagers et al. 2022; Di Russo
et al. 2002; Hartmann, Schirrmeister, and Ball 2018; Singh
et al. 2023; Spampinato et al. 2017; Chen et al. 2023; Zhang
et al. 2025). Currently, mainstream EEG visual decoding
methods mostly adopt contrastive learning strategies, align-
ing the features extracted from EEG with image features
from pre-trained visual models (such as CLIP (Radford et al.
2021), DINO (Oquab et al. 2023), ViT (Dosovitskiy et al.
2020), and ResNet (He et al. 2016)). These visual models are
trained on large-scale image-text datasets, endowing them
with discriminative and generalizable capabilities, thereby
significantly enhancing the performance and robustness of
decoding models even with limited EEG training samples.
Song et al. used contrastive learning to align EEG signal
representations and CLIP representations, demonstrating ex-
cellent performance in zero-shot classification, achieving a
top-1 classification accuracy of 15.6% and a top-5 classifi-
cation accuracy of 42.8% on the Things-EEG dataset. Wei
et al. proposed a bidirectional cyclic consistency (MB2C)
framework, which not only uses contrastive learning to
align image representations extracted by CLIP with features



extracted from EEG, MB2C also employs two generative
adversarial networks to further reduce the differences be-
tween the two representations. This method achieved a top-
1 retrieval accuracy of 28.45% and a retrieval accuracy of
60.37% on the Things-EEG dataset. Li et al. further trained
the representations aligned with the CLIP model using dif-
fusion models, achieving visual reconstruction of EEG sig-
nals. These methods have improved performance in visual
EEG decoding and reconstruction; however, they directly
use the representations of raw images for training, ignor-
ing the differences between human visual perception and
the presentation of images. This discrepancy is referred to
as system gap. Due to the highly uneven distribution of pho-
toreceptor cells on the retina, the fovea region has a higher
density of cone cells, which provide excellent spatial reso-
lution and detail perception capabilities. In contrast, the pe-
ripheral regions are dominated by rod cells, which are pri-
marily responsible for light sensitivity and are less sensi-
tive to spatial details, resulting in a generally blurred overall
perception (Kolb et al. 1995; Curcio et al. 1990; Osterberg
1935). This results in most image regions perceived by hu-
mans appearing blurry, far from the completely clear image
input (Bharadwaj and Schor 2006; Burge and Geisler 2011;
Sprague et al. 2016).

To reduce the discrepancy between EEG representations
and pre-trained visual representations, Wu et al. proposed a
method called Uncertainty-Aware Blur Prior (UBP), which
calculates the uncertainty between sample pairs and dynam-
ically blurs the high-frequency details of the original image
using a foveation-like approach, thereby reducing the im-
pact of mismatch and improving alignment. This method
achieved a top-1 accuracy of 50.9% and a top-5 accuracy
of 79.7% in zero-shot retrieval tasks, significantly enhanc-
ing the performance of EEG visual decoding. However, the
human visual blur perception mechanism in reality is more
complex. Due to variations in ocular structure and visual
acuity among individuals, blur perception exhibits highly
personalized characteristics (Vera-Diaz, Woods, and Peli
2010). Additionally, constrained by the speed of lens accom-
modation, humans experience varying degrees of dynamic
blur during rapid gaze shifts (Schaeffel, Wilhelm, and Zren-
ner 1993; Bharadwaj and Schor 2006). The single blur strat-
egy adopted by UBP struggles to accurately model these di-
verse and complex perceptual characteristics.

To address this issue, we propose an EEG decoding
framework based on visual blur perception characteristics.
The framework employs multi-level Gaussian blurring to
simulate the human visual blur perception mechanism. A
pre-trained vision model then extracts features from these
blurred images. To enable adaptive adjustment to varying
blur degrees, we further design a feature selection module
that dynamically selects features from different blur levels.
For EEG decoding, we propose a simple yet efficient net-
work architecture employing a positivity-constrained spatial
convolution module for vision-relevant neural channel se-
lection. The main contributions of this paper are as follows:

* A simple and efficient visual decoding framework for
EEG is proposed. Inspired by the characteristics of hu-
man visual blur perception, the framework firstly pro-
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cesses visual stimuli with different blurs, and then uses
feature selection and feature adaptation to construct pre-
trained picture representations, which effectively reduces
the effect of system gap.

A simple, highly interpretable EEG coding network was
constructed. Analysis of the model’s interpretability re-
vealed that electrodes in the occipital and temporal lobes
play a dominant role in visual EEG decoding, aligning
with the ventral pathway of visual processing. Further-
more, region-specific selectivity for different blur lev-
els was observed, further validating the method’s reason-
ableness and effectiveness.

Our method achieved a top-1 accuracy of 80% and a top-
5 accuracy of 96.9% in zero-shot brain-to-image retrieval
on the Things-EEG dataset. These results demonstrate
the significant potential of EEG visual decoding and pro-
vide new insights into neural mechanisms of visual infor-
mation processing.

Methods

The EEG decoding framework based on visual blur percep-
tion characteristics proposed in this paper is shown in Figure
1. In this framework, we use contrast learning to align EEG
representations with pre-trained visual representations and
learn how to decode image information from EEG signals.
To bridge the gap between visual stimuli and human percep-
tion, a blurring pipeline is introduced to allow for different
blurring for visual stimuli during visual representation con-
struction. Following representation extraction using a pre-
trained model, feature selection and adaptation were per-
formed to construct personalized visual representations.For
EEG representation extraction, visual stimulus-evoked EEG
signals are processed directly by the EEG encoder. During
training, the EEG representations were aligned with the pre-
trained visual representations using contrast learning. The
testing phase employs a zero-shot retrieval approach, where
EEG-derived features are compared with candidate image
features through similarity computation, with the highest-
scoring match selected as the corresponding image. The
following sections provide a detailed introduction of this
method.

Blurring pipeline

Human visual perception constitutes a complex physiologi-
cal and cognitive process. The uneven photoreceptor distri-
bution (cones and rods) across the retina results in foveal vi-
sion exhibiting maximal clarity and detail resolution, while
peripheral vision progressively blurs with decreasing cone
density. Furthermore, visual perception is modulated by
multiple interdependent factors: ocular accommodation, dy-
namic visual acuity changes, neural attention mechanisms,
cortical information integration, and ambient lighting condi-
tions. To make the extraction of visual representations in the
framework more aligned with human visual processing, im-
ages are first processed with multi-level blurring to simulate
how the human eye perceives objects. Specifically, Gaussian
blurring is applied to the images, with the results shown in



Blurring pipeline

dI1o

Brain process

Visual encoder

#

Blur radius

Feature selection Feature adapter
!’}Sx&xéxg x! rdrdrgrd MO
'EEEE 5 EEEE = Py

Add
. MLP

t

Contrastive loss

v

IRTSVIS

EEG signals EEG encoder

Figure 1: Figure (A) shows different blurred images, and Figure (B) shows the overall framework of EEG decoding based on
visual blur perception characteristics. During training, the visual branch uses a pre-trained visual encoder to extract representa-
tions of different blurred images and performs feature selection and feature adaptation. The EEG branch uses an EEG encoder
to directly obtain representations, and the training objective is to align visual representations and EEG representations using

contrastive learning.

Figure 1(A). For the input image z, the processing steps are
as follows:

() = Y Y a(i+m,j+mn) Gm,n), (1)

m=—rn=-—r

where (i, j) denotes the pixel corresponding to the ith

row and jth column in the image, r is the kernel radius, the

corresponding kernel size is & = 2r + 1, and G(m,n) is

the weight corresponding to the point x(i + m, j + n). The
1 m? +n?

Gaussian kernel used is:
— 2
o2ro eXp( 202 ) 2)

The degree of image blurring can be controlled by adjust-
ing two key parameters: the kernel radius r and the standard
deviation o of the Gaussian kernel.

G(m,n) = 5

Visual representation construction

By processing M distinct blurred images through the
pre-trained visual representation model, we extracted
their corresponding feature representations Fpjq,
{fbluroa fblun ’ fblu7'27 Tty fblurM }’ where fblur* € Rd9
and d is the dimension corresponding to each representation.
Considering the differences in blur perception characteris-
tics among individuals, a feature selection method that per-
forms element-wise weighted selection was adopted to con-
struct subject-dependent pre-trained visual representations.
When inputting different blurred pre-trained representations
Fyur, the feature selection calculation is as follows:
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Where Tgeiected € RY, Zselectea(i) is the i-th feature of
the feature vector; Fy,,(k,4) is the i-th feature of the k-
th blurred visual representation, and R(k, %) is the learnable
weight corresponding to this feature. After feature selection,
a feature adaptive layer is used to map the visual representa-
tions to a semantic space similar to the EEG representations.

EEG representation construction

To investigate neural mechanisms underlying visual pro-
cessing, we developed an interpretable EEG decoding archi-
tecture (Figure 2). The network consists of a spatial convo-
lution layer, a shared-parameter MLP, a flatten layer, and a
linear layer.

Motivated by functional specialization in visual cortex,
we implemented constrained spatial convolution with (ch,1)



kernels to automatically select task-relevant electrodes. Ker-
nel weights were rectified (absolute value operation) to en-
force positive constraints, effectively filtering non-visual
channels. Then, a MLP with shared weights is used to ex-
tract EEG information related to visual decoding from each
channel. Finally, the features from all channels are flattened
and mapped to a feature space similar to the visual repre-
sentation of CLIP using a single linear layer. Compared to
visual decoding models, EEG decoding models have a sim-
pler structure, primarily because EEG signals represent neu-
ral electrical signals generated during visual processing in
the brain, which already contain processed information.

Training and testing

We adopted a contrastive learning approach to construct a vi-
sual EEG decoding framework. The visual encoding model
(CLIP) used in this paper was trained on a large amount of
image-text data sets and has superior zero-shot classification
performance and generalization ability. Therefore, the opti-
mization goal of the model is to align the representations
extracted from EEG with those extracted from images. Let
(=1, z; ) denote a sample pair composed of visual represen-
tation z! and EEG representatlon 2P When i = j, it repre-
sents a posmve sample pair, and when 7 # j, it represents
a negative sample pair. The InfoNCE loss is adopted as the
optimization objective:

B

eXP 2P /7)
Liog = 4
e Z 0exp< 2F/7)
B B
eXP 7 /T)
Lo = 5)
e g »r 0exp< 2F /1)
LinfoncE = 3 (L12E + Lgar) (6)

Where B represents the batch size during training, and 7
is a hyperparameter that controls the temperature.

During evaluation, we employed an N-way zero-shot re-
trieval paradigm. Each test EEG sample was first encoded
into a feature representation using the EEG encoder. Sub-
sequently, we computed the similarity scores between this
EEG representation and N candidate image representations.
The final classification was determined by selecting the top-
K most similar images

Experiment
Dataset and preprocessing

We used two datasets, Things-EEG (Gifford et al. 2022) and
Things-MEG (Hebart et al. 2023), for testing.

Things-EEG. The Things-EEG dataset contains EEG data
collected from 10 participants during a visual rapid presen-
tation task. Each participant’s data was divided into a train-
ing set and a test set. The training set includes EEG data
from participants viewing 16,540 images, with each image
repeated 4 times. The test set includes EEG data from par-
ticipants viewing 200 images, with each image repeated 80
times. The image categories in the training set and test set do
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not overlap. We employed a standard preprocessing method,
averaging the repeated EEG signals to reduce noise. We per-
formed 250 Hz resampling, with sample lengths set to 1
second after the presentation of each image stimulus. After
preprocessing, each participant’s dataset comprised 16,540
training samples and 200 test samples.

Things-MEG. The Things-MEG dataset contains MEG
data collected from 4 participants while viewing images.
Each participant’s dataset is divided into a training set and a
test set. The training set contains MEG data corresponding
to the participants viewing 22,248 images, with each image
repeated once. The test set contains MEG data from the par-
ticipants viewing 200 images, with each image repeated 12
times. The categories of images in the training set and test
set do not overlap. We employed a standard preprocessing
method to average the repeated MEG signals.

Experimental setup

All experiments were conducted using PyTorch on a
GeForce 5060ti GPU, with AdamW used for parameter op-
timization, a learning rate of 0.0001, and a batch size of
1024. We applied 10 different levels of blurring to the im-
ages in the visual branch. The visual model utilized the
RN50 model weights provided by OpenCLIP. We conducted
200-way zero-shot retrieval tests with both intra-subject and
inter-subject designs. In the intra-subject tests, each subject
was tested individually, with both training and testing data
sourced from the same subject. In the inter-subject tests,
we employed a leave-one-out method, using the training
set from other subjects for model training and the testing
set from the target subject for evaluation. During training,
we adhered to a strict training-validation-test split. We ran-
domly divided 0.05 of the training set as the validation set
for model selection. Each test was repeated five times to en-
sure the stability of the results.

Results

Zero-shot retrieval. To validate the proposed method, we
conducted 200-way zero-shot retrieval tests on the Things-
EEG dataset and compared it with some current bench-
mark methods: BraVL (Du et al. 2023), NICE (Song et al.
2024), ATM-S (Li et al. 2024), MB2C (Wei et al. 2024),VE-
SDN (Chen et al. 2024), CognitionCapturer (Zhang et al.
2025) and UBP (Wu et al. 2025). The intra-subject results
are shown in Table 1. As shown in the table, our method
significantly improves zero-shot retrieval accuracy, achiev-
ing an average accuracy of 80.0% (Top-1) and 96.9% (Top-
5) across all subjects. Compared to the state-of-the-art UBP
method, the Top-1 and Top-5 accuracy increased by 29.1%
and 17.2%, respectively. The inter-subject results are pre-
sented in Table 2. Our method still outperformed existing
approaches, with improvements of 7.6% (Top-1) and 14.6%
(Top-5) over UBP. The smaller margin compared to intra-
subject tests is attributed to individual differences among
subjects, which challenge model generalization to unseen
data.

To further verify the generality of the method proposed
in this paper, we conducted another test on the Things-



Method BraVL NICE MB2C ATM-S VE-SDN  CognitionCapturer UBP Ours
Top-1 Top-5 Top-1 Top-5 Top-1 Top-5 Top-1 Top-5 Top-1 Top-5 Top-1  Top-5  Top-1 Top-5 Top-1 Top-5
Sub 1 6.1 179 133 402 237 563 256 604 326 637 272 59.5 412 705 819 96.8
Sub 2 49 149 121 36.1 227 505 220 545 344 699 287 57.0 512 809 81.7 9638
Sub 3 56 174 153 396 263 602 250 624 387 735 372 66.1 512 82.0 783 96.0
Sub 4 50 151 159 490 348 670 314 609 398 720 377 63.2 51.1 769 769 97.2
Sub 5 40 134 98 344 213 530 129 430 294 586 218 47.8 422 728 714 937
Sub 6 6.0 182 142 424 310 623 213 S51.1 345 688 31.6 58.1 575 835 843 98.7
Sub 7 6.5 204 179 436 250 548 305 615 345 683 328 59.6 49.0 799 782 96.7
Sub 8 88 237 182 502 39.0 693 388 720 493 79.8 47.6 73.5 58.6 858 84,5 98.1
Sub 9 43 140 144 387 275 593 344 515 390 696 334 57.6 451 762 787 96.8
Sub10 7.0 197 16.0 428 332 708 29.1 635 398 753 35.1 63.6 61.5 882 841 98.1
Avg 58 175 147 417 284 604 285 604 372 699 333 60.6 509 79.7 80.0 96.9
Table 1: Intra-subject test on Things-EEG dataset (train and test on one subject).
Method BraVL NICE NICE-SA NICE-GA ATM-S MB2C UBP Ours
Top-1 Top-5 Top-1 Top-5 Top-1 Top-5 Top-1 Top-5 Top-1 Top-5 Top-1 Top-5 Top-1 Top-5 Top-1 Top-5
Sub 1 2.3 80 76 228 70 226 59 214 105 268 105 282 11.5 29.7 273 549
Sub 2 1.5 6.3 59 205 66 232 64 227 7.1 248 113 328 155 400 32.0 63.0
Sub 3 14 59 60 223 75 237 55 201 119 338 88 277 98 270 11.1 345
Sub 4 1.7 6.7 63 207 54 214 6.1 210 147 394 137 335 13.0 323 18.6 46.0
Sub 5 1.5 56 44 183 64 222 47 195 70 239 107 275 88 338 169 40.7
Sub 6 1.8 72 56 222 75 225 62 225 11.1 358 122 332 11.7 31.0 16.1 43.2
Sub 7 2.1 8.1 56 197 38 191 59 191 16.1 435 115 318 102 238 16.0 454
Sub 8 22 7.6 63 220 85 244 73 253 150 403 120 322 122 322 183 49.0
Sub 9 1.6 6.4 57 176 74 223 48 183 49 227 122 313 155 405 13.6 41.2
Sub10 23 8.5 84 283 98 296 62 263 205 465 162 422 160 435 301 621
Avg 1.8 7.0 62 214 70 231 59 216 11.8 337 119 320 124 334 20.0 48.0
Table 2: Inter-subject test on Things-EEG dataset (leave one subject out for test).
Subl Sub2 Sub3 Sub4 Avg tively, representing improvements of 3.08% and 5.45% over
Method Topl Topl Topl Topl Topl Top5 the current state-of-the-art UBP method. This further proves
Intra-subject: train and test on one subject thf: effectiveness and universality of the method proposed in
this paper.
NICE 9.6 18.5 14.2 9 12.8  36.0
NICE-SA 9.8 18.6 10.5 11.7 12.7  35.0
NICE-GA 8.7 21.8 16.5 10.3 143 423
UBP 150 46 273 185 267 552 Method Top-1 _ Top-3  Top-5
Ours 254 78.1 37.3 353 440 720 w/o Blurring pipeline 57.27+£5.09 79.91+4.83 86.95+4.18
Inter-subiect: 1 biect out for test w/o Feature adapter ~ 56.21+6.86 77.87+5.77 85.68+4.43
nter-subject: feave one subject out for tes w/o Spatial Conv 67.04+6.11 85.36+4.65 91.45+3.27
UBP 2.0 1.5 2.7 2.5 2.2 10.4
Ours 2.9 77 5.8 47 53 15.9 w/ All 80.00+4.19 93.92+2.30 96.89+1.43

Table 3: Intra-subject and inter-subject test on Things-MEG
dataset.

MEG dataset. Similarly, we conducted intra-subject and
inter-subject 200-way retrieval tests. The results are shown
in Table 3. In the intra-subject test, the method proposed
in this paper achieved an average classification accuracy
of 44.03% and 72.05% for Top-1 and Top-5, respectively,
which is an improvement of 17.3% and 16.8% over the cur-
rent state-of-the-art UBP method. In inter-subject tests, the
proposed method achieved average classification accuracy
rates of 5.28% and 15.85% for Top-1 and Top-5, respec-
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Table 4: Comparison of zero-shot retrieval accuracy (%) for
different variants on the Things-EEG dataset.

Ablation study. To validate the effectiveness of each mod-
ule in our method, we conducted ablation experiments on
the Things-EEG dataset evaluating three variants: with-
out the blurring pipeline, without spatial convolution, and
without the feature adapter. As shown in Table 4, all
variants exhibited performance degradation, with the spa-
tial convolution removal reducing Top-1/3/5 accuracy by
12.96%/8.56%/5.44%, while the feature adapter and blur-
ring pipeline ablations caused more substantial declines
of 23.79%/16.05%/11.21% and 22.73%/14.01%/9.94% re-
spectively. These results demonstrate that both the blurring
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Figure 3: Visualization of spatial filters. Figure (A) shows
the distribution of all spatial filters for subject 1 on the brain
topography map. Figure (B) shows the distribution of all
spatial filters for each subject after integration on the brain
topography map, where red represents high weight and blue
represents low weight.

pipeline and feature adaptation layer play critical roles in
EEG visual decoding by effectively reducing representa-
tional discrepancies between images and EEG signals, while
the spatial convolution’s importance suggests that electrode
selection is crucial as not all channels contribute equally to
decoding performance, with redundant information poten-
tially impairing model accuracy.

Visualization of spatial filter. The kernels in the spatial
convolution of the EEG encoding model were visualized, as
presented in Figure 3. Each convolution kernel corresponds
to a distinct spatial filter. Non-negative constraints were im-
posed on the spatial filters, thereby restricting each filter’s
function to selecting electrodes engaged in visual decoding.
In Figure 3(A), we visualized each spatial filter using a brain
topography map. It can be seen that each spatial filter fo-
cuses only on EEG information from specific brain regions,
enabling effective channel selection. In Figure 3(B), to iden-
tify the brain regions used in visual decoding, we combined
all spatial filters using the maximum operation. It can be
seen that the regions primarily involved in EEG visual de-
coding are concentrated in the occipital and temporal lobes
of the brain, which correspond to the ventral pathway in vi-
sual processing.

Visualization of activation maps with different levels of
blurriness. To further investigate the impact of varying
blurring levels on visual decoding, the activation regions of
EEG representations in images were visualized using the
method proposed by (Li et al. 2025), previously applied
in the CLIP study to examine language representation ac-
tivations. In this study, language representations were re-
placed with EEG representations to examine the informa-
tion prioritized by the brain during visual processing. The
results are presented in Figure 4, where ‘Fusion’ denotes
the activation map following feature selection integration,
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while the remaining maps correspond to individual blurred
representations. The ‘Fusion’ results demonstrate that EEG-
derived representations effectively emphasize the image’s
main subject, facilitating human perception of key visual in-
formation. Furthermore, the activation maps reveal that in
low-blur images, EEG representations primarily localize to
regions associated with the main subject. With increasing
blurriness, the activated regions expand progressively and
shift toward background areas. This observation is consis-
tent with the brain’s tendency to discriminate foreground
from background based on blurriness, where higher blurri-
ness typically corresponds to background regions.

Image retrieval visualization. To verify whether the rep-
resentations extracted by the EEG encoding model contain
vision-related information, we visualized the similarity be-
tween the EEG representations and the visual representa-
tions. as shown in Figure 5. In Figure5 (A), we first roughly
divided the test data into six categories: animals, food, ve-
hicles, tools, clothes, and household items, and constructed
a similarity matrix between the EEG representations and vi-
sual representations for all 200 categories. The figure shows
the average similarity matrix of 10 participants. As can be
seen from the figure, EEG representations and their corre-
sponding visual representations generally have the highest
similarity, and EEG representations and visual representa-
tions within the same category have high similarity, proving
that the method proposed in this paper can effectively ex-
tract visual-related information from EEG. In Figure5 (B),
the images corresponding to the five visual representations
with the highest similarity to the EEG representations are vi-
sualized. It can be observed that the images corresponding
to high-similarity visual representations also exhibit certain
similarities in color, background, and semantic content with
the images viewed by the participants.

Impact of repetition. To reduce the impact of low signal-
to-noise ratio in EEG, the current EEG visual decoding work
generally uses the method of averaging the EEG signals of
repeated stimuli. To study the impact of different repetition
times in averaging, we conducted experiments with differ-
ent repetition times on the test set. The results are shown in
Figure 6. From the results, we can see that as the repetition
times increase, the classification performance gradually im-
proves, which is consistent with other papers. However, un-
like other methods, our proposed method achieves zero-shot
retrieval accuracy of Top-1 13.8%, Top-3 27.95%, and Top-
5 35.95% even without averaging. When the repetition time
is 10, the proposed method achieves Top-1 59.55%, Top-3
79.9%, and Top-5 87.25%, surpassing the classification per-
formance of the current best method, UBP, at 80 repetitions.

Image generation visualization. We also used the fea-
tures extracted from EEG to guide the diffusion model for
image generation, attempting to reconstruct the images seen
from EEG. We adopted the method proposed in the paper
(Li et al. 2024), using the features extracted by the EEG en-
coder to train a diffusion model, and then using the features
output by the diffusion model as prompts for SDXL+IP-
Adapter for image generation. The results are shown in Fig-
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Figure 5: Figure (A) shows the similarity visualization be-
tween EEG features and image features. The test samples
are roughly divided into six categories: Animals, Food, Ve-
hicle, Tools, Clothes, and Household items, represented by
A, FE V, T, C, and H respectively. Figure (B) shows the visu-
alization of the 5-shot image retrieval results.

A

F v T C H
EEG Features

ure 7. In Figure 7(A), the generated images match the seen
images in terms of subject category, color, and structure. In
Figure 7(B), most of the generated images match in terms of
structure and color, while in Figure7(C), the generated im-
ages only match in terms of color and structure.

Conclusion

In this work, we propose an EEG-based visual decoding
framework that leverages blur perception characteristics. To
bridge the gap between external visual stimuli and internal
human perception, we introduce a blurring pipeline that sim-
ulates neural processing of object recognition. Additionally,
we design a personalized feature selection module to con-
struct subject-specific visual representations. For EEG sig-
nal processing, we developed an interpretable encoding ar-
chitecture that incorporates a constrained spatial convolu-
tional layer to perform vision-relevant channel selection. Ex-
periments on the Things-EEG dataset show a significant ad-
vantage in zero-shot retrieval tasks, achieving a top-1 accu-
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Figure 6: Comparison of the number of repetitions in the test
phase.
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Figure 7: EEG-guided image generation visualization. Fig-
ures (A), (B), and (C) are examples of high-quality, medium-
quality, and low-quality images, respectively.

racy of 80% and a top-5 accuracy of 96.9% in intra-subject
tests, which are 29.1% and 17.2% higher than the current
state-of-the-art method, further exploring the potential of
EEG visual decoding. By analyzing EEG activation maps
across varying blur levels, we observed that distinct blur
intensities elicit activity in different perceptual regions and
spatial extents. These results not only validate our proposed
method but also demonstrate the functional role of blur pro-
cessing in visual perception, and may provide insights into
brain visual processing mechanisms.
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