
Dynamic Convolution and Graph-Coupled Attention for 

Cross-Subject EEG-Vision Decoding
Tianyu Zhang, Fan Wan†, Kaili Sun, Xingyu Miao, Yueming Sun, Minye Shao, Yang Long†

Durham University · Tongfang Knowledge Network Digital Technology Co., Ltd.

Abstract

EEG decoding faces non-stationarity, low SNR, and inter-subject variability. We 

present ECHO-Net, a hierarchical framework that assembles trial-conditioned dynamic 

convolution (PEDC), channel–filter attention, and an integrated EEG-GAT for spatial 

reasoning. On the 200-way THINGS-EEG benchmark, ECHO-Net achieves 18.5% 

Top-1 and 44.1% Top-5 cross-subject accuracy, surpassing prior work by +2.9% Top-1. 

Zero-shot retrieval aligns EEG with CLIP image embeddings.

• Challenge: EEG is inherently non-stationary and subject-specific; fixed kernels 

generalize poorly.

• Uniform attention treats all electrodes/time equally → adds noise.

• Prior GAT modules are decoupled from temporal/semantic branches.

Goal: Jointly model trial-specific dynamics, spatial dependencies, and semantic 

alignment for robust cross-subject decoding.

Method Overview

Dynamic Convolution (PEDC):
• Split EEG into temporal patches; assemble kernel via 

input-conditioned weights.

• 2D kernels over channel×time capture trial-specific patterns without per-user 

fine-tuning.

Channel–Filter Attention:
• Channel attention highlights informative electrodes (global pooling + MLP gating).

• Filter attention emphasizes salient temporal segments (scaled dot-product).

EEG-GAT Integration:
• Fully connected 64-node electrode graph; attention-based message passing 

interleaved with backbone.

• Joint spatio-temporal-semantic modeling → spatial consistency across subjects.

Datasets: THINGS-EEG (10 subjects, 200-way test); THINGS-MEG (4 subjects, 

200-way test).

Training: PyTorch; Adam 2e-4; cosine annealing; batch 512; 200 epochs; seed=42.

Setting: Zero-shot—align EEG to CLIP image features; Top-k retrieval.

Metrics: Top-1/Top-5; paired t-tests for significance (p<0.05/0.01/0.001).

Key Results

Overall Results (THINGS-EEG, subject-dependent):
• ECHO-Net: 18.5% Top-1 / 44.1% Top-5 (best).

• +2.9% Top-1 over NICE-GA; significant (p<0.01).

Subject-independent (LOSO):
• ECHO-Net: 9.1% Top-1 / 25.3% Top-5; above NICE (6.2/21.4) and NICE-GA 

(5.9/21.6).

THINGS-MEG:

• Best subject-dependent Top-1 16.2% / Top-5 45.4%.

• Dynamic conv improves over static (+1.0 

Top-1).

• Each attention helps; Graph Attention 

yields largest Top-5 gains.

• Best with Channel + Filter + Graph → 

18.5/44.1.

• Kernel count: gains up to 64; too many 

→ overfitting.

Dynamic convolution + multimodal attention + EEG-GAT deliver robust 

cross-subject EEG decoding.

Future: cross-dataset transfer, efficiency, real-time deployment.
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Pipeline: Overview of the proposed ECHO-Net framework, integrating dynamic 

convolution, attention, and contrastive learning. The architecture highlights modular 

interactions between spatial encoding, dynamic filtering, and multimodal alignment.
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