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Abstract

Electroencephalography (EEG) offers a non-invasive route to visual object decod-
ing, but practical deployment is hampered by the signals’ non-stationarity, low signal-to-
noise ratio and pronounced inter-subject variability. Existing models employ fixed con-
volutional filters and therefore generalize poorly across subjects. We introduce ECHO-
Net—an adaptive, hierarchically organised network that assembles dynamic convolu-
tional kernels, conditioning them on each incoming EEG trial to capture transient neural
dynamics. A cross-modal contrastive objective aligns the resulting representations with
CLIP image embeddings, while a channel-filter attention mechanism emphasises task-
relevant electrodes and time—frequency bands. To regularise spatial structure, an embed-
ded EEG-GAT module propagates information over a fully connected electrode graph,
producing more consistent cross-subject features. Evaluated on the 200-way THINGS-
EEG benchmark, our method attains 18.5% top-1 and 44.1% top-5 cross-subject accu-
racy—surpassing the strongest prior approach by 2.9% top-1.

1 Introduction

Electroencephalography (EEG) offers a non-invasive window onto visual object represen-
tations and underpins a broad spectrum of brain—computer-interface (BCI) technologies
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[2, 3, 7, 22]. Beyond basic neuroscience, EEG-based object decoding is increasingly de-
ployed for early neurological screening and adaptive human—computer interaction [27]. Yet
EEQG signals are marred by low signal-to-noise ratios, non-stationarity and pronounced inter-
subject variability. Consequently, practical decoders must capture trial-specific dynamics
without incurring the high cost of retraining for every new user.

Previous studies have explored domain-adaptation techniques, advanced neural filters
and deep-learning—driven feature extractors to mitigate these issues, but each offers only
partial relief [16, 21, 24]. Despite promising progress, current EEG decoding frameworks
still suffer from three fundamental limitations. First, conventional decoding pipelines rely
on handcrafted features and shallow classifiers such as Support Vector Machines and Lin-
ear Discriminant Analysis [1, 4]. While efficient, these methods lack the capacity to model
EEG’s non-linear and dynamic spatio-temporal patterns. Deep learning models [16, 23] im-
prove feature extraction using convolutional hierarchies. Nevertheless, most methods rely
on fixed convolutional kernels, which are learned once and applied uniformly to all test
samples. Although effective for structured, stationary data (e.g., images), this approach is
ill-suited for EEG, which is inherently non-stationary, subject-specific, and evolves across
trials and sessions. Second, existing multimodal alignment methods typically apply uni-
form attention across EEG channels and time steps. This design assumes that all electrodes
and temporal segments are equally informative, which struggles to account for the spatio-
temporal selectivity of brain activity, such as NICE-SA [26]. In practice, task-relevant cog-
nitive signals are concentrated in specific channels or time windows. Uniform weighting
thus introduces redundancy and noise, degrading semantic alignment between EEG and vi-
sual features. Third, prior studies [26] have incorporated Graph Attention Networks (GATSs)
to encode EEG’s spatial topology. However, GATs are often used as standalone spatial mod-
ules, loosely coupled with temporal and semantic processing components. This architectural
decoupling limits their ability to model inter-electrode dependencies in coordination with
dynamic signal characteristics, thereby weakening decoding consistency across subjects and
electrode configurations.

To systematically address these challenges, we propose ECHO-Net (EEG Cross-subject
Hierarchical Organised Network), a novel dynamic convolutional neural network tailored for
adaptive EEG decoding. The framework integrates dynamic convolution, attention mecha-
nisms, and graph-based modelling within a unified hierarchical structure to jointly capture
trial-specific neural patterns, highlight task-relevant features, and model inter-channel spatial
dependencies. To overcome the limitations of non-stationary signals and subject variability,
we introduce dynamic convolution into EEG feature extraction. Inspired by recent successes
in computer vision [5, 17, 25, 28, 31], our PatchEmbedding module with Dynamic Convo-
lution, PEDC, aggregates convolutional kernels based on input-specific EEG patterns. This
design enables trial-aware and subject-adaptive representation learning, improving generali-
sation under non-stationary conditions.

To mitigate the noise and redundancy introduced by uniform attention, we develop a
multimodal contrastive learning framework enhanced by Channel-Filter Attention. Chan-
nel attention selectively amplifies spatially informative electrodes via global pooling and
non-linear gating, while filter attention emphasises salient segments aligned with visual se-
mantics.

To strengthen spatial relational modelling within the decoding pipeline, we integrate
EEG-GAT into the ECHO-Net pipeline. Unlike prior decoupled GAT modules, EEG-GAT
operates in tandem with dynamic convolution and attention mechanisms, enabling joint
spatio-temporal-semantic modelling. This unified pipeline enables spatially consistent, se-
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Figure 1: Overview of the proposed ECHO-Net framework, integrating dynamic convolu-
tion, attention, and contrastive learning. The architecture highlights modular interactions
between spatial encoding, dynamic filtering, and multimodal alignment.

mantically aligned, and subject-invariant EEG representations for cross-modal decoding.
The overall architecture is illustrated in Figure 1, depicting the end-to-end pipeline from
raw EEG input to multimodal contrastive learning.

Our contributions are summarized as follows:

¢ Dynamic-convolution backbone. We propose a backbone that assembles dynamic
convolution kernels, capturing EEG non-stationarity and generalizing across subjects
without per-user fine-tuning.

* Contrastive learning with channel-filter attention. A multimodal contrastive ob-
jective, guided by channel-filter attention, focuses on the most informative electrodes
and time—frequency bands, tightly aligning EEG features with visual embeddings.

* Integrated EEG-GAT reasoning. A lightweight graph attention layer interleaved
with the backbone enables joint spatio-temporal semantic reasoning, generating struc-
turally consistent representations.

2 Related Work

Dynamic Convolution for EEG. Deep learning has significantly advanced EEG decoding
by capturing non-linear, non-stationary patterns in brain signals. Classical architectures [16,
23] demonstrated that compact CNNs can efficiently extract spatio-temporal EEG features.
More recently, hybrid models like Local-Global Net [29] captured multi-scale dependencies
by jointly modelling local oscillations and global brain dynamics. ADFR [20] leveraged
deep CNNs and domain adaptation to enhance cross-subject generalization. Despite these
advances, most existing methods utilise static convolutional kernels that struggle to model
the intrinsic temporal variability and subject heterogeneity in EEG. To address this, dynamic
convolution [5, 12, 17, 31] has emerged as a promising solution, enabling kernel weights to
adapt based on input context. EEG-specific implementations. Our work introduces PEDC,
a data-driven approach that dynamically generates convolutional filters conditioned on raw
EEG inputs. PEDC improves robustness to cross-subject variation by capturing trial-specific
transient dynamics in a learnable, end-to-end manner.
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Contrastive Multimodal EEG-Vision Alignment. Contrastive learning has recently
demonstrated strong potential in aligning EEG signals with semantic visual representations.
Early efforts such as BENDR [14] applied transformer-based self-supervised pretraining to
generalize across tasks. NICE-SA [26] employed dual encoders with attention for zero-shot
EEG-image classification, while other recent works have begun exploring large-scale vision-
language models (e.g., CLIP) to facilitate semantic consistency across modalities. EEG-
Diffusion [18] further introduced generative modelling to reconstruct images from EEG em-
beddings. However, many of these approaches [8, 9, 13, 14, 18] rely on static attention or
fixed fusion strategies, overlooking the fact that EEG signals exhibit time-varying, subject-
specific, and non-stationary patterns. To address this, we propose a Multimodal Contrastive
Attention framework incorporating channel-wise and temporal attention prior to contrastive
alignment. This allows the network to selectively emphasise task-relevant EEG segments
and channels, enhancing alignment with vision features while reducing semantic noise.

Graph Attention for Spatial EEG Modelling. The spatial organisation of EEG sen-
sors reflects underlying cortical regions, motivating graph-based models that capture inter-
electrode dependencies. Early efforts include EEG-GAT [6], which embedded graph atten-
tion into EEGNet for adaptive spatial filtering. STGATE [19] and STAFNet [11] combined
GATs with transformers to model complex spatio-temporal interactions. Recent studies have
also explored meta-learning strategies combined with adaptive graph structures for zero-shot
cross-subject decoding, illustrating that flexible topology adjustment can significantly en-
hance generalization. Despite promising results [6, 19, 26], many graph-based methods
require predefined connectivity or static graphs, limiting their adaptability across subjects or
sessions. To overcome this, we integrate EEG-GAT with PEDC and channel-filter attention
in a unified encoder. Our architecture implicitly learns graph structures from raw EEG and
modulates spatial dependencies based on input characteristics.

3 Methodology

We treat each trial as a multivariate time series X € RE*T with C electrodes and 7' samples.
ECHO-Net processes X in four stages. First, PEDC: we split X into P non-overlapping
temporal patches (7" = T /P) to obtain Xpach € RE*F *T" and assemble a trial-conditioned
dynamic kernel K(X) = YV, 0;(X) K;. Unless otherwise stated, we use 2D dynamic con-
volution with candidate kernels K; € R%*% operating jointly over the channel x time axes of
Xpateh; for brevity, we denote only the spatial support (k. < k;) and omit the in/out-channel
dimensions, which match those of the replaced Conv2d layer. Convolving K (X) with each
patch and projecting yields a compact representation Z € R€*P. Second, Channel-filter
attention: we re-weight Z across electrodes and temporal filters to emphasise task-relevant
components, producing Zgp . Third, EEG-GAT: we perform attention-based message pass-
ing on a 64-node fully connected electrode graph (no self-loops), yielding H € R€*P. Finally,
Alignment and retrieval: global pooling and a linear head gggg map H into the joint em-
bedding space, where an InfoNCE loss aligns it to frozen CLIP image features g (Fimg)-
At test time, we perform zero-shot retrieval by comparing EEG embeddings against a gallery
of CLIP image embeddings (Top-k).

3.1 PEDC: Adaptive Feature Extraction

The non-stationary nature of EEG signals makes static convolutional kernels less effective
in capturing the dynamic patterns of brain activity. To address this, PEDC adaptively adjusts
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convolutional kernels conditioned directly on the EEG input, enabling precise capture of
trial-specific patterns.

Given an EEG signal represented as X € R€*7, where C denotes the number of EEG
channels and 7 is the time dimension, the signal is first divided into P non-overlapping
patches, each of length T/ =T /P:

Xpaen€ REP*T" = PatchSplit(X),  Z € RSP = Proj(Poolz (Xpaich)), (1)

where D is the embedding dimension, T’ is the length of each patch, and Proj(-) denotes a
learnable linear projection that reduces redundancy while retaining discriminative EEG pat-
terns relevant to downstream recognition. The segmented representation Xpaech € REXPxT!
is then pooled and projected into a compact feature space.

Unlike kernel generation methods that synthesize filters directly via a meta-network
[30], our dynamic convolution adopts an attention-based aggregation mechanism. Specifi-
cally, we define N shared candidate kernels K1, ..., Ky, and compute input-dependent weights
a1 (X), ..., ay(X) through a lightweight projection over the global average pooled EEG in-
put. The final convolution kernel is then a convex combination of the candidate kernels,
where the effective kernel is formulated as a weighted sum of N predefined kernels:

KX) =Y a(X)K;, st i o(X) =1, )
j i=1

This formulation allows the network to adaptively modulate its receptive field per input trial,
capturing dynamic and non-stationary EEG patterns without increasing kernel parameters.
Unless otherwise stated, we use 2D dynamic convolution with candidate kernels K; € Rk->k
operating jointly on the channel xtime axes of Xyaech; for brevity, we denote only the spa-
tial support (k. X k;) and omit the in/out-channel dimensions, which match those of the
replaced Conv2d layer. Note that the kernel generation is conditioned solely on EEG fea-
tures, without reliance on subject ID embedding or other external metadata. Here, o;(X) are
input-dependent weights computed via softmax:

0;(X) = softmax(W;(GAP(X)) + b;), 3)

where W; € R'*C and b; are learnable parameters. This adaptive mechanism improves fea-
ture extraction consistency and cross-subject generalization. This module enables context-
aware kernel selection tailored to input variability, thereby enhancing the consistency and
cross-subject generalization of EEG feature extraction.

3.2 Contrastive Learning: Semantic EEG-Image Alignment with
Channel-Filter Attention

We map EEG and image embeddings into a shared space via two linear projections, ggeg
and gymg, and train them with the contrastive loss:

Zl exp(sim(geec(Zeg). & (Zig))/7) @
Y exp(sim(geec (Zie). eima (Ziin))/7)

where sim(-, -) denotes cosine similarity and 7 is a temperature scaling parameter. A lightweight
channel-filter attention module is applied to Zggg before projection, selectively amplifying
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spatial-temporal components that correlate with visual semantics. To improve the discrim-
inative capacity of EEG features prior to contrastive alignment, we introduce two comple-
mentary attention mechanisms:

Channel Attention. This module emphasises spatially informative EEG electrodes. A
global average pooling is applied across the temporal axis, followed by a two-layer MLP
with non-linear activations to generate attention weights:

a.=0(W,8(WiGAP(Zgeq))), Zggg = Zeec © Oic, )

where 6(-) and o(-) represent ReLU and sigmoid activation functions, respectively, and
W1, W, are learnable parameters.

Filter Attention. To further highlight temporally salient segments, we apply scaled dot-
product attention over the temporal dimension:

o = softmax (Q(ZEEG) 'K(ZEEG)T) ’

Vd

where Q(-) and K(-) denote learned linear projections, and d is the dimensionality of the
feature vectors.

Ziec = Zeec O O, (6)

3.3 EEG-GAT: Modelling Inter-Electrode Spatial Dependencies

GATs are typically treated as standalone modules in EEG signal processing, loosely inte-
grated with the broader architecture. Although prior work has used GAT's to enhance spatial
encoding, these modules remain decoupled from the temporal and semantic pipelines. In
contrast, our proposed EEG-GAT is tightly coupled with both dynamic convolution and at-
tention mechanisms, forming a unified architecture for spatially consistent and semantically
enriched EEG decoding.

We represent the EEG electrode configuration as a graph G = (V, E), where each node
i € V corresponds to an EEG electrode. To model long-range dependencies and avoid re-
liance on predefined spatial priors, we adopt a fully connected topology: every electrode is
connected to all others, i.e., N (i) =V \ {i}. In our implementation, this translates into a
fully connected, unweighted, and undirected graph with 64 nodes, excluding self-loops. The
edge connectivity is fixed and consistent across trials, following the 10-20 system layout
[26]. This design enables global attention-based message passing while allowing the model
to flexibly learn cross-channel interactions without relying on anatomical assumptions. Each
node feature x; is derived from adaptively extracted spatio-temporal EEG representations.
Node updates are computed via attention-weighted aggregation:

X;:O'< Z ociijj (7)

) o exp (LeakyReLU (a” [Wx;||Wx;]))
, ij
JEN (i)

Z Yren(i) exp (LeakyReLU (al [Wx;||[Wx;]))

where W is a learnable transformation and ¢;; is the attention coefficient between electrodes
i and j. The attention coefficients ¢;; are dynamically computed for each input sample,
as they depend on the input-specific node features x; and x;. This ensures that the graph
attention adapts on a per-trial basis, enabling the model to flexibly model inter-electrode
dependencies that vary across different EEG samples.
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4 Experiments

4.1 Experimental Setup

We evaluated the effectiveness and generalizability of our proposed framework on two large-
scale public benchmarks: THINGS-EEG [26] and THINGS-MEG [10]. These datasets pro-
vide rich semantic diversity, and cover multiple neural modalities (EEG and MEG), making
them ideal for assessing the model’s ability to decode visual semantics. THINGS-EEG con-
tains EEG recordings from 10 subjects using a Rapid Serial Visual Presentation (RSVP)
paradigm, covering 1654 training and 200 test object categories. THINGS-MEG consists
of MEG recordings from 4 subjects, involving 1854 training and 200 test concepts. EEG
and MEG data underwent consistent preprocessing: band-pass filtering (0.1-100 Hz), base-
line correction (200 ms pre-stimulus), downsampling (250 Hz), trial averaging for improved
SNR, and z-score normalization. All experiments were conducted using PyTorch with re-
producible random seeds (seed=42). Models were trained with Adam optimizer (2 X 1074,
cosine annealing), batch size 512 for 200 epochs. We performed both subject-dependent
(within-subject) and subject-independent (leave-one-subject-out cross-validation) analyses.
Performance was measured using Top-1 and Top-5 accuracy, representing the exact predic-
tion accuracy and semantic consistency, respectively. Notably, we follow a zero-shot clas-
sification setting, in which no class labels are used to supervise the EEG encoder during
training. Instead, EEG and image features are aligned in a shared embedding space using
contrastive learning. At test time, EEG embeddings are compared to a fixed set of image
embeddings, and classification is performed via Top-k retrieval based on similarity. This
enables semantic decoding without direct category-level supervision on EEG data. Statisti-
cal significance was assessed via paired t-tests, with significance thresholds clearly reported
(p <0.05, p <0.01, p <0.001). Our approach was benchmarked against several state-of-
the-art baselines: BraVL [8], NICE [26], NICE-SA, and NICE-GA, representing competitive
cross-modal neural decoding methods.

4.2 Overall Performance

The proposed model outperformed all baselines across both datasets and evaluation proto-
cols. On THINGS-EEG, our framework achieved the highest subject-dependent accuracy,
with an average Top-1 score of 18.5% and Top-5 score of 44.1% (Table 1). Compared
to NICE-GA, which integrated graph attention for spatial modelling, our model yielded
a 2.9% improvement in Top-1 accuracy (p < 0.01), highlighting the benefit of combin-
ing dynamic convolution, attention-guided refinement, and contrastive alignment. In the
subject-independent setting, where inter-subject variability was a major challenge, our model
achieved an average Top-1 accuracy of 9.1%, surpassing NICE (6.2%) and NICE-GA (5.9%).
These results underscored the effectiveness of our architecture in learning robust, subject-
invariant representations from EEG. To further assess the applicability of our model, we eval-
uated on the THINGS-MEG dataset. Despite significant modality differences, our model at-
tained the highest subject-dependent performance with a Top-1 accuracy of 16.2% and Top-5
accuracy of 45.4% (Table 2). The improvements across both EEG and MEG suggested that
our method effectively captured shared neural structures underpinning object-level visual se-
mantics. This indicates the method’s ability to learn representations suitable for either EEG
or MEG, although training was performed independently on each modality.
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Table 1: Zero-shot classification accuracy (Top-1/Top-5, %) across 10 subjects on THINGS-
EEG under subject-dependent and subject-independent settings. We highlight the |best,
second-best , and third-best scores.

Method Subject 1 Subject 2 Subject 3 Subject 4 Subject 5 Subject 6 Subject 7 Subject8  Subject9  Subject 10 Avg
top-1 top5 top-1 top-5 top-l top3 top-l top-5 top-l ftop3 top-l top-5 top-l top3 top-l top-5 top-l top5 top-l top-5 top-1 top-3

Subject dependent - train and test on one subject

BraVL [8] 6.1 17.9 4.9 14.9 5.6 17.4 5.0 15.1 4.0 13.4 6.0 18.2 6.5 20.4 8.8 237 4.3 14.0 7.0 19.7 5.8 17.5
NICE [26] 123 366 104 339 131 390 164 470 8.0 269 141 406 152 421 200 499 133 371 149 419 138 395
NICE-SA [26] 13.3 402 121 36.1 153 396 159 490 9.8 344 142 424 179 436 182 502 144 387 160 428 147 417
NICE-GA [26] 152 40.1 139  40.1 147 427 176 489 9.0 297 164 444 191 431 203 @ 521 141 397 196 467 156 428
ECHO-Net 170 430 205 410 165 450 190 495 140 325 200 440 205 475 245 515 145 385 180 485 185 441

Subject independent - leave one subject out for test

BraVL 2.3 8.0 1.5 6.3 1.4 59 L7 6.7 L5 5.6 1.8 72 2.1 8.1 22 7.6 1.6 6.4 23 8.5 1.8 7.0
NICE 7.6 228 59 20.5 6.0 223 6.3 20.7 4.4 18.3 5.6 22.2 5.6 19.7 6.3 220 5.7 17.6 8.4 28.3 6.2 214
NICE-SA 7.0 226 6.6 232 75 237 5.4 214 6.4 222 75 22.5 3.8 19.1 8.5 24.4 74 223 9.8 29.6 7.0 23.1
NICE-GA 5.9 214 6.4 22.7 55 20.1 6.1 21.0 4.7 19.5 6.2 22.5 59 19.1 7.3 25.3 4.8 18.3 6.2 26.3 5.9 21.6

ECHO-Net 73 247 80 249 87 264 66 238 76 239 90 243 50 211 99 262 88 248 115 324 91 253

225
—— 01 -
20.0 [t. 1000] . :
600, 18.50) —— [t-100, 1]
175 -~ Chance level -
15.0 201
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8 g
5 10.0 2]
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Figure 2: (A) Average decoding accuracy across subjects for different EEG time windows.
Peak accuracy occurs at 600 ms. (B) Electrode-region ablation shows significant decreases
(**p < 0.01) for occipital and temporal regions.

Mid Phase (300-600 ms): Tem- Table 2: Subject-dependent 200-way zero-shot
poral and frontal regions demonstrate classification accuracy (%) on THINGS-MEG.
marked activation increases, reflecting 'best, second-best, third-best .

higher-order semantic and attentional Method Subject 1 Subject2  Subject3 Subject 4 Ave
K R L Top-1  Top-5 Top-1 Top5 Top-1 Top-5 Top-1 Top5 Top-1 Top-5
processing (e.g., N400-like activity). ntrasubject: i and et o7 one subject
This phase contributes most to decod- — Ncesa s w4 8 a5 w04 2 1y 75 127 3
NICE-GA 8.7 30.5 213 53.8 14.9 46.1 9.3 327 135 40.8

ing accuracy, as supported by the sharp —_FcroNe fusanissy 174 a1 167 483 IS4 dsT0 162 454
accuracy peak around 600 ms in Fig-

ure 2 (A). The improvement is statistically significant across subjects (p < 0.01), suggesting
that this phase captures semantic representations essential for object recognition.

Cross-Subject Variability: Importantly, our spatially adaptive modules, EEG-GAT and
Channel Attention, help mitigate these effects by learning personalized spatial priors and se-
lectively amplifying informative electrodes, as further validated in the brain-region ablation
analysis (Figure 2 (B). Overall, the combination of topographic visualization, temporal per-
formance analysis, and spatial ablation offers strong empirical evidence for the interpretabil-
ity and biological plausibility of ECHO-Net. These results validate the model’s capacity
to identify temporally and spatially discriminative neural signals, while remaining robust to
inter-subject variability, a critical advantage for real-world BCI deployment.
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4.3 Semantic Similarity Analysis

To evaluate whether EEG embeddings encode high-level semantic information rather than
low-level visual features, we conduct a Representational Similarity Analysis (RSA) [15].
The embedded elements derived from EEG are grouped into five semantic categories, vehi-
cles, food, animals, tools, and others, and we compute pairwise cosine similarity between
EEG and image features to assess their alignment with a structured semantic matrix.

Quantitative Findings. As shown in Figure 3, the similarity matrix reveals clear within-
category clustering, indicating that EEG features are semantically organised. The RSA cor-
relation between the EEG-based similarity matrix and the ground-truth semantic category
matrix is » = 0.334 (p < 0.001), confirming a statistically significant alignment. In contrast,
a control experiment with randomly shuffled category labels yields a near-zero correlation of
r=0.012 (p =0.0145), suggesting that the observed structure is non-random and genuinely
reflects semantic representations.

Qualitative Observations. We further analyze decoding outcomes by visualizing both
the global feature distribution (Figure 4). The t-SNE plot illustrates that EEG embeddings
cluster well within semantic categories, particularly for animals, food, and vehicles, indicat-
ing strong alignment between neural features and semantic representations.

5 Ablation Study

Kernel Diversity in Dynamic Convolution: Ac- Effect of Kernel Number on Accuracy

curacy Gains and Limits. To further explore the el 4
role of dynamic convolution, we analyzed the ef- =" ,, w 2 P
fect of varying the number of convolutional ker-
nels while keeping other components fixed. The
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results in Figure 5 reveal a clear trend: increasing 5 o] “

the number of kernels initially improves accuracy 14 0
. 1 2 4 8 16 32 64 128 256

but eventually leads to performance saturation and Kernel Number

degradation. Using only a single kernel results +~Top-l Accuracy  ~=Top-5 Accuracy

in the lowest accuracy, as it limits the diversity
of learned EEG patterns. As the kernel number
increases from 1 to 64, Top-1 accuracy improves
from 15.1% to 18.5%, demonstrating that a richer

Figure 5: Effect of the number of dy-
namic convolution kernels on classifi-
cation performance.
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Table 3: Ablation study of the proposed EEG decoding framework, evaluating the contri-
butions of Channel Attention (o), Filter Attention (ar), and Graph Attention (0f). Re-
sults show the incremental effect of each module on subject-dependent EEG classification
(THINGS-EEQG). Statistically significant differences compared to the baseline model, Static
Conv (No attention), are marked: *(p < 0.05), **(p < 0.01), ***(p < 0.001).

Model Variants o op O Top-1 (%) Top-5 (%)
Static Conv (No attention) - - - 14.2 38.4
Dynamic Conv Only - - - 152 (+1.00"*  40.8 (+2.4)*

<

Dynamic (Channel Attention Only) - 15.7 (+1.5)**  41.5 (+3.1)"**

Dynamic (Filter Attention Only) - v - 15.4 (+1.2)* 41.1 (+2.7)**
Dynamic (Graph Attention Only) - - v 158 (+1.6)"* 429 (+4.5)"*
Dynamic (Channel + Filter) v v - 162 (+2.00"*  43.0 (+4.6)**
Dynamic (Channel + Graph) v - v 169 (+2.7)F 437 (+5.3)"
Dynamic (Filter + Graph) - vV o v 163 (#2.D)" 42,6 (+4.2)
Dynamic (Channel + Filter + Graph) ' v v 18.5 (+4.3)"* 44.1 (+5.7)***

set of convolutional kernels enhances EEG feature extraction. However, beyond 64 kernels,
performance begins to drop, due to overfitting and redundant representations. Notably, us-
ing 128 or 256 kernels results in lower accuracy than 64 kernels, confirming that excessive
model complexity can harm generalization. These findings suggested that while kernel diver-
sity improves EEG representation learning, excessive expansion can be counterproductive.

Ablation on Attention Modules: Disentangling Spatial and Temporal Contribu-
tions. We conducted ablation studies by selectively removing channel (o), filter (¢tr), and
graph () attention modules, both individually and in combination (Table 3). The results in-
dicate that each component contributes meaningfully to overall performance. Notably, graph
attention (o) yields the largest improvement, especially in Top-5 accuracy, highlighting the
importance of modelling spatial dependencies among electrodes. Compared to the full model
(18.5%), using only o or o results in a Top-1 accuracy of 15.7% and 15.4%, respectively,
suggesting their complementary roles in spatial and temporal refinement.

6 Conclusion

In this paper, we proposed ECHO-Net, a dynamic convolutional framework for EEG-based
object recognition, integrating adaptive spatio-temporal feature extraction, multimodal con-
trastive learning, and graph-based spatial modelling. Experiments on two large-scale bench-
marks (THINGS-EEG and THINGS-MEG) demonstrate that our method achieves state-of-
the-art performance in both subject-dependent and subject-independent settings. Ablation
studies verify the importance of dynamic convolution in handling EEG’s non-stationarity,
while channel-filter and graph attention modules provide complementary gains via targeted
spatio-temporal refinement. Temporal dynamics analysis identifies the 300—600 ms post-
stimulus window as critical for decoding, consistent with neuroscience findings. In addi-
tion, semantic similarity results show that our EEG embeddings preserve high-level seman-
tic structure, supporting effective multimodal alignment. Despite these advances, challenges
remain regarding cross-dataset generalization and real-time efficiency. Future work should
explore adaptive transfer strategies for real-world deployment, and investigate model com-
pression and hardware-aware optimization for efficient inference. Overall, ECHO-Net offers
a robust and scalable solution to neural decoding, with broad potential for neuroadaptive
interfaces, clinical decision support, and human-centered Al systems. This unified design
enables a trial-adaptive and semantically aligned decoding pipeline that, to our knowledge,
has not been jointly explored in EEG decoding literature.
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