
Structural-Semantic Aware Information
Reduction for Asymmetric EEG-Visual

Alignment

Hongan Chen1, Yan Kong1, Caifeng Shan1∗, and Yuqi Fang1,2∗

1 School of Intelligence Science and Technology, Nanjing University, Suzhou, Jiangsu,
215163, China

2 National Institute of Healthcare Data Science at Nanjing University, Nanjing
University, Nanjing, Jiangsu, 210093, China

∗ Co-corresponding authors
yqfang@nju.edu.cn

Abstract. Understanding visual processing is a foundational pursuit
in computational neuroscience. However, effective EEG-visual alignment
is hindered by a severe information asymmetry. This disparity mani-
fests as a massive capacity gap between dense image pixels and sparse
EEG signals, compounded by a semantic mismatch where image back-
grounds overshadow the primary subject, and physiological noise con-
taminates the neural data. Consequently, existing data-driven alignment
methods—lacking explicit structural constraints—often overfit to super-
ficial visual details, thereby limiting zero-shot generalization. To over-
come these challenges, we propose the Structural-Semantic Aware In-
formation Reduction (SAIR) framework. SAIR explicitly bridges this
modality gap through three core components: (1) utilizing neuroscience-
inspired strategies (edge extraction, depth estimation, and foveal blur-
ring) to reduce visual redundancy and emphasize key structures; (2) em-
ploying parallel encoding architectures to systematically process multi-
granular EEG features; and (3) applying a hierarchical contrastive objec-
tive for robust feature alignment. Extensive experiments on the Things-
EEG dataset demonstrate that SAIR achieves state-of-the-art perfor-
mance, with Top-1 accuracies of 66.9% and 17.5% in intra-subject and
inter-subject settings, respectively, surpassing previous benchmarks by
8.8% and 3.8% absolute percentage points. Code is available at https:
//github.com/ThomasHC5/SAIR.

Keywords: Electroencephalography · Asymmetric Alignment · Visual
Decoding · Information Reduction · Zero-shot Retrieval.

1 Introduction

Decoding visual perception from brain activity is a longstanding goal in neuro-
science. Establishing a principled mapping between neural responses and visual
stimuli is crucial for advancing our understanding of human cognition and devel-
oping practical brain-computer interfaces (BCIs) [9,15], allowing direct interac-
tion with external devices via mental representation. Among available recording
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Fig. 1. Motivation. a) Common EEG-visual asymmetric alignment framework of EEG-
visual decoding. b) Img Projection without any reduction. c) Bottleneck style deep-
learning-based adapter. d) Neuroscience-Prior Reduction proposed in this paper.

modalities, electroencephalography (EEG) is particularly attractive due to its
non-invasive nature, high temporal resolution, and ease of deployment.

Despite its advantages, effective EEG-visual alignment faces a severe infor-
mation asymmetry [7,19]. This disparity manifests in two primary ways. First,
there is a massive hardware capacity disparity: advanced EEG devices record
sparse data matrices (e.g., 250×63 for a 1-second trial at 250Hz across 63 chan-
nels), which are physically overwhelmed by dense, high-resolution images (e.g.,
500× 500× 3). Second, semantic alignment is inherently complex; visual targets
typically occupy only a fraction of an image cluttered with distracting back-
grounds, while EEG signals concurrently encode mixed, non-visual noise such
as emotional and physiological responses. Therefore, it is essential to explic-
itly reduce visual information capacity and highlight key subjects before feature
alignment.

Aiming to mitigate this modality gap, current state-of-the-art approaches
employ deep neural networks to implicitly compress visual features into a la-
tent space aligned with EEG (Fig. 1(a)). For example, NICE [17] employs an
ImgProjection technique to align feature spaces (Fig. 1(b)), while ATS [19] in-
troduces a bottleneck architecture called ShrinkAdapter to force the reduction
of visual information (Fig. 1(c)). However, lacking explicit structural guidance,
these unguided data-driven methods tend to overfit to superficial image details
(e.g., background textures) rather than invariant topologies. This shortcut learn-
ing severely compromises their zero-shot generalization on unseen subjects or in
cross-domain scenarios.

To address these limitations, we propose the Structural-Semantic Aware In-
formation Reduction (SAIR) framework (Fig. 1(d)). SAIR explicitly bridges the
modality gap by reducing visual dimensionality and focusing on the core seman-
tic subject. Specifically, we employ three neuroscience-prior strategies to filter
redundancies: Canny edge detection for shape topology [8], depth estimation for
geometric layout [6,11], and foveal blurring for the visual system’s non-uniform
spatial attention [3]. To align these filtered visual representations with neural
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signals, SAIR leverages parallel encoding architectures to systematically process
multi-granular EEG features. The resulting representations are then fused via
a structure-guided semantic modulation mechanism and optimized using a hier-
archical contrastive objective. By aligning the information granularity of visual
inputs with the neural substrate, our method achieves state-of-the-art accuracy
for 200-way zero-shot retrieval in both inter-subject and intra-subject settings.

Our main contributions are summarized as follows:

– Motivated by the misalignment between the uncontrollable latent spaces of
existing end-to-end EEG decoding methods and the sparse semantic encod-
ing of the human brain, we introduce explicit constraints on information
compression.

– We propose a novel Structural-Semantic Aware Information Reduction frame-
work (SAIR), which incorporates neuroscience-prior filters to disentangle in-
formation, effectively reduce visual dimensionality and highlight the core
subject.

– We design a parallel encoding and structure-guided semantic modulation
mechanism to fuse multi-granular features, coupled with a hierarchical con-
trastive objective for comprehensive EEG-visual alignment.

– Extensive experiments on the Things-EEG dataset demonstrate that our
method significantly outperforms state-of-the-art approaches.

2 Methodology

2.1 Problem Formulation

The zero-shot retrieval task serves as the standard paradigm for EEG-visual
decoding. Given a training split Dtrain = {(xi, yi, hi)}Ni=1, where hi is an image
and xi ∈ RC×T is the EEG response, C and T denote the numbers of channels
and time steps, respectively, and yi ∈ Ytrain is the class label, the model is trained
only on Dtrain. It is then evaluated on a zero-shot test split Dtest = {(xt

i, y
t
i , h

t
i)},

where ht
i ∈ Htest, yti ∈ Ytest, and Ytrain∩Ytest = ∅. Given an EEG trial x̂, the goal

is to identify the corresponding image î from the test image set Htest. We present
our proposed SAIR framework through three key components: image information
reduction, modality encoding and feature alignment, as demonstrated in Fig. 2.

2.2 Image Information Reduction

As highlighted in Sec. 1, the inherent modality gap between dense visual stimuli
and sparse EEG signals necessitates an explicit visual information reduction.
To align visual representations with EEG’s coarse-grained semantic, we employ
three complementary strategies to extract structural invariants while filtering
redundancies: edge extraction, depth estimation, and foveal blurring.

Edge Extraction. Mimicking the orientation-selective neurons in the pri-
mary visual cortex (V1) [8], we utilize the Canny operator [2] to extract the
structural topology of the image. This transformation preserves the object’s
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Fig. 2. Overview of the proposed Structural-Semantic Aware Information Reduction
(SAIR) framework. a) Visual stimulus is c) reduced by filters and encoded to image
embedding; paired b) EEG response is d) parallel encoded to three features and fused
by e) linear modulation. Image and EEG embeddings are aligned by f) InfoNCE loss.

shape—a primary feature encoded in the ventral visual stream—while discard-
ing dataset-specific pixel statistics, stripping away texture and color biases that
often lead to spurious correlations. Formally, given an image h, we obtain the
edge map hedge = TCanny(h), where TCanny denotes the Canny edge detection
function.

Depth Estimation. While edge maps capture 2D contours, they lack 3D
spatial context. We employ monocular depth estimation to provide a geometric
abstraction of the scene. Depth maps emphasize the spatial layout and distinct
object boundaries, offering a geometry-centric representation that aligns with the
dorsal stream’s processing mechanisms [11,6]. We utilize DepthAnything2 [20],
a pre-trained depth estimator, to generate the depth map hdepth = Tdepth(h).

Foveal Blurring. Inspired by the spatially non-uniform distribution of pho-
toreceptors in the human retina, which allocates high resolution primarily to
the foveal region [3], we apply a foveation transform. This operation simulates
the non-uniform sampling of the retina by maintaining resolution at the fixation
point (center) while progressively blurring the periphery. This effectively sup-
presses background clutter (visual noise) that is irrelevant to the core semantic
concept. The foveated image is defined as hfovea = Tfovea(h, σ), where σ controls
the blur radius.
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2.3 Encoding and Fusion

To align neural signals with the multi-granular visual information defined, we
adopt a parallel encoding architecture, followed by a structure-guided fusion.

Parallel EEG and Image Encoding. Given the processed EEG signal
x ∈ RC×T , we employ a Temporal-Spatio Convolutional Network (TSConv) [17]
with Graph Attention (GAT) [1] as the backbone encoder. To capture distinct
neurological signatures corresponding to shape, geometry, and semantic atten-
tion, we instantiate three parallel TSConv encoders {Eedge, Edepth, Efovea} with
identical architectures. Each encoder maps the raw EEG into a latent feature
vector zk = Ek(x), where k ∈ {edge, depth, fovea}.

On the visual side, to obtain supervision signals, we utilize a pre-trained CLIP
encoder (ResNet50). The three types of reduced images (hedge, hdepth, hfovea) are
passed through the frozen CLIP encoder to obtain their embeddings uk.

Topology-Agnostic Adaptation for Cross-Subject Decoding. While
the GAT module effectively captures subject-specific electrode topologies for
intra-subject decoding, anatomical variation and electrode-placement shifts can
cause the learned adjacency matrix to misalign across subjects, leading to nega-
tive transfer. To ensure robust cross-subject generalization, we adopt a Topology-
Agnostic Adaptation strategy: bypassing the GAT module during inter-subject
evaluation. By relying solely on TSConv backbones, our framework naturally
decouples subject-specific priors and avoids overfitting to individual anatomical
biases.

Structure-Guided Fusion via FiLM. A key insight of our approach is that
structure should modulate semantics. The edge and depth features represent the
skeleton of the visual stimulus, while the foveal features represent the content.
To implement this, we propose a Structure-Guided Fusion module based on
Feature-wise Linear Modulation (FiLM) [13].

First, we construct a structural context vector zstruct by concatenating the
edge and depth embeddings as zstruct = Concat(zedge, zdepth). We then use
zstruct to generate channel-wise modulation parameters γ (scale) and β (shift)
via a lightweight multi-layer perceptron (MLP). These parameters modulate the
semantic (foveal) feature zfovea with a residual connection:

zseman = γ(zstruct)⊙ zfovea + β(zstruct) + zfovea, (1)

where ⊙ denotes the Hadamard product. By conditioning the foveal features on
structural context, this mechanism effectively suppresses geometrically inconsis-
tent semantics, producing a refined representation zseman for final alignment.

2.4 Feature Alignment and Zero-Shot Retrieval

Hierarchical Contrastive Objective. We introduce a hierarchical align-
ment strategy that enforces EEG-visual consistency at both the holistic level
and the local component level. First, to construct a comprehensive representa-
tion that encompasses both the structural topology (edge and depth) and the
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modulated semantic content (fovea), we concatenate the explicit embeddings to
form the final EEG representation z = Concat(zedge, zdepth, zseman). Similarly,
the corresponding visual representation is u = Concat(uedge, udepth, ufovea).

To align the EEG manifold with the visual semantic space, we employ the
symmetric InfoNCE loss [12,14]. For a batch of B paired embeddings {(xk, yk)}Bk=1,
the symmetric InfoNCE loss function L(x, y) is defined as:

L(x, y) = − 1

2B

B∑
k=1

[
log

exp(x⊤
k yk/τ)∑B

j=1 exp(x
⊤
k yj/τ)

+ log
exp(y⊤k xk/τ)∑B
j=1 exp(y

⊤
k xj/τ)

]
, (2)

where τ is a learnable temperature parameter. To establish this hierarchical
structure, we apply the symmetric InfoNCE loss at both the global concate-
nated representations and the local individual components to encourage more
consistent feature alignment, as defined:

LSAIR = L(z, u)+λ(L(zedge, uedge)+L(zdepth, udepth)+L(zseman, ufovea)), (3)

where λ is a weighting coefficient to balance the terms.
Zero-Shot Retrieval. During the inference phase, we perform zero-shot

retrieval on a disjoint test set. For a query EEG x, we compute its holistic em-
bedding z. We then calculate the cosine similarity between z and the embeddings
of all candidate images in the test gallery Htest. The image ĥ with the maximum
similarity is retrieved as the predicted stimulus: ĥ = argmaxh∈Htest

Sim(z, uh).

3 Experiment and Discussion

Dataset. We evaluate our framework on Things-EEG [5], a large-scale pub-
lic dataset for EEG-visual decoding. It contains recordings from 10 participants
collected under a Rapid Serial Visual Presentation (RSVP) paradigm. During
recording, a central bull’s eye fixation target was displayed to guide subjects’
attention. The training split includes 16,540 images (1,654 concepts, 4 repeti-
tions/image), while the disjoint test split holds 200 images (200 novel concepts,
80 repetitions/image).

Following the standard pipeline in [17], 63-channel EEG signals are band-pass
filtered (0.1-100 Hz), downsampled to 250 Hz, and trial-averaged to enhance the
signal-to-noise ratio (SNR).

Implementation Details. Implemented in PyTorch (NVIDIA RTX 4090
GPU), the model is optimized via Adam with a batch size of 1000 and a learning
rate of 1×10−4 for 200 epochs. The hyperparameter λ is set to 1/3. Following [18],
intra-subject validation utilizes 740 random training trials. For the inter-subject
leave-one-subject-out (LOSO) setting, the validation set aggregates test data
from the 9 source subjects. We repeat each experiment five times and report the
average results.

Overall Performance. We compare our method with several latest and
effective baselines, including NICE [17], ATM-S [10], CogCap [21], UBP [18],
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Table 1. Top-1 (upper) and Top-5 (lower) accuracy (%) for 200-way zero-shot retrieval.
Bold and underline denote the best and second-best.

Method S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 Avg

Intra-subject (Subject dependent) - train and test on one subject

NICE 13.2 13.5 14.5 20.6 10.1 16.5 17.0 22.9 15.4 17.4 16.1
39.5 40.3 42.7 52.7 31.5 44.0 42.1 56.1 41.6 45.8 43.6

ATM-S 25.6 22.0 25.0 31.4 12.9 21.3 30.5 38.8 34.4 29.1 28.5
60.4 54.5 62.4 60.9 43.0 51.1 61.5 72.0 51.5 63.5 60.4

CogCap 31.4 31.4 38.1 40.3 24.4 34.8 34.6 48.1 37.4 35.5 35.6
79.6 77.8 85.6 85.8 66.3 78.7 80.9 88.6 79.3 79.2 80.2

UBP 41.2 51.2 51.2 51.1 42.2 57.5 49.0 58.6 45.1 61.5 50.9
70.5 80.9 82.0 76.9 72.8 83.5 79.9 85.8 76.2 88.2 79.7

ATS 48.7 59.5 60.8 59.4 54.5 65.1 49.8 65.8 53.5 64.3 58.1
78.4 87.9 89.2 85.3 85.3 90.4 82.5 91.3 87.1 91.4 86.7

SAIR 68.9 66.0 64.8 64.7 52.0 76.4 65.9 76.0 63.3 71.3 66.9
93.0 93.7 92.7 93.7 86.8 93.8 93.0 96.0 89.9 94.5 92.7

Inter-subject (Subject independent) - leave one subject out for test

NICE 7.6 5.9 6.0 6.3 4.4 5.6 5.6 6.3 5.7 8.4 6.2
22.8 20.5 22.3 20.7 18.3 22.2 19.7 22.0 17.6 28.3 21.4

ATM-S 10.5 7.1 11.9 14.7 7.0 11.1 16.1 15.0 4.9 20.5 11.8
26.8 24.8 33.8 39.4 23.9 35.8 43.5 40.3 22.7 46.5 33.7

CogCap 16.3 16.2 8.8 15.4 10.1 14.0 10.7 13.9 9.0 15.3 13.0
42.3 37.9 26.8 37.6 31.7 35.4 26.9 34.2 32.4 38.6 34.4

UBP 11.5 15.5 9.8 13.0 8.8 11.7 10.2 12.2 15.5 16.0 12.4
29.7 40.0 27.0 32.3 33.8 31.0 23.8 32.2 40.5 43.5 33.4

ATS 14.6 19.6 8.0 15.1 8.2 14.6 9.7 11.3 11.2 24.3 13.7
35.9 48.3 20.3 40.3 26.1 36.8 30.7 32.6 28.3 53.4 35.3

SAIR 22.2 17.2 13.2 17.0 13.1 19.9 15.1 17.8 14.1 25.4 17.5
51.2 43.2 36.8 45.1 36.3 47.4 43.4 46.8 34.1 56.7 44.1

and the state-of-the-art ATS [19]. As shown in Table 1, our SAIR significantly
outperforms baselines in both inter-subject and intra-subject settings. Notably,
SAIR achieves Top-1 and Top-5 accuracies of 66.9% and 92.7%, respectively, in
the intra-subject setting, surpassing ATS by 8.8% and 6.0%, respectively.

SAIR also demonstrates strong cross-subject generalization under the inter-
subject LOSO protocol, reaching 17.5% Top-1 accuracy and 44.1% Top-5 accu-
racy, which corresponds to 27.7% and 24.9% relative improvements over ATS, a
deep-learning-based projection paradigm. These results confirm that structural-
semantic aware information alignment is an effective strategy for visual decoding.

We further report comparisons with more baselines in Fig. 3(a), including
BrainAlign [16] and BraVL [4]. Our SAIR framework not only achieves strong
average performance across subjects, but also markedly improves the worst-
subject accuracy (from 48.7% to 52.0%), indicating better generalization and
robustness.

Ablation Study. We conduct an ablation study to evaluate the contribution
of each component. As summarized in Fig. 3(b), SAIR achieves a peak Top-1
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accuracy of 66.9% when all components are enabled; however, removing any im-
age reduction strategy leads to a performance drop, demonstrating its necessity
and effectiveness. Replacing FiLM with an attention block results in a substan-
tial percentage-point decrease in accuracy, validating the importance of one-way
modulation from structure to semantics.

Retrieval Visualization. Fig. 3(c) visualizes intra-subject retrieval results
for subject 8. While both methods retrieve the “antelope” (Row 1), ATS’s sub-
sequent candidates (e.g., “pickax”) reveal a heavy reliance on shared background
colors, whereas SAIR consistently retrieves structurally related animals. For chal-
lenging queries like “bench” and “coverall” (Rows 2 and 3), SAIR achieves accu-
rate Top-1 retrieval, while ATS yields geometrically inconsistent objects (e.g.,
“golf cart”) due to texture distraction. Notably, even in failure cases like the
“crab” (Row 4), SAIR retrieves structurally similar multi-legged candidates (e.g.,
“mosquito”), unlike ATS which outputs disjoint items like a “chair”. These results
qualitatively confirm that SAIR learns robust, shape-biased representations in-
stead of overfitting to superficial textures.
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4 Conclusion

In this paper, we introduce SAIR, a Structural-Semantic Aware Information Re-
duction framework for EEG-visual decoding. SAIR adopts three neuroscience-
prior image reduction strategies, rather than relying on deep-learning-based
adaptive compression, and designs a structure-guided semantic modulation mech-
anism to substantially improve the generalization of EEG retrieval. Through ex-
tensive experiments, we validate the effectiveness of our framework and its key
components. SAIR not only achieves new state-of-the-art performance with sig-
nificant accuracy gains, but also offers insights into image-information reduction
for future brain-computer interface applications.
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Natural Science Foundation of China (13001024).
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