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EEG decoding faces non-stationarity, low SNR, and inter-subject variability. We Overall Results (THINGS-EEG, subject-dependent):
present ECHO-Net, a hierarchical framework that assembles trial-conditioned dynamic « ECHO-Net: 18.5% Top-1 / 44.1% Top-5 (best).
convolution (PEDC), channel-filter attention, and an integrated EEG-GAT for spatial  +2.9% Top-1 over NICE-GA; significant (p<0.01).

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. Subject-independent (LOSO):

Zero-shot retrieval aligns EEG with CLIP image embeddings. « ECHO-Net: 9.1% Top-1 / 25.3% Top-5; above NICE (6.2/21.4) and NICE-GA

: — (5.9/21.6).
Introduction & Motivation

THINGS-MEG:

* Challenge: EEG 1s inherently non-stationary and subject-specific; fixed kernels + Best subject-dependent Top-1 16.2% / Top-5 45.4%.

generalize poorly.

. . . . Method Subject 1 Subject 2 Subject 3 Subject 4 Subject 5 Subject 6 Subject 7 Subject 8 Subject 9 Subject 10 Av
» Uniform attention treats all electrodes/time equally — adds noise. opl pS wpl topS pl wpS wopl wpS topl wpS topl tpS wpl pS wpl bpS wpl topS tpl tpS wpl tops
. . Subject dependent - train and test on one subject
° Prlor GAT mOduleS arc decoupled from temporal/semantlc bI'aIlChGS. BraVL [8] 6.1 179 4.9 149 5.6 174 50 15.1 4.0 134 60 182 65 204 BE8 237 43 140 7.0 197 58 17.5
NICE [26] 123 366 104 339 131 390 164 470 B0 269 141 406 152 421 200 499 133 371 149 419 138 395

NICE-SA [26] 133 402 121 361 153 396 159 490 98 44 142 424 179 436 182 502 144 387 160 428 147 417
NICE-GA [26] 152 40.1 139 401 147 427 176 489 9.0 297 164 444 191 431 203 521 141 @ 397 196 467 156 428

Goal: Joln‘[ly model tria]_speciﬁc dynamics) Spatial dependencies) and semantic 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
ahgnment for robust CI'OSS-SUb_] ect decodlng. BraVL 23 80 15 63 14 59 17 67 15 56 18 72 21 81 22 716 16 64 23 85 18 70
NICE 760 228 59 205 60 223 63 207 44 183 56 222 56 197 63 220 57 176 84 283 62 214
NICE-SA 70 226 66 232 15 237 54 214 64 222 75 225 38 191 85 244 74 223 98 206 7.0 231
NICE-GA 59 214 64 227 55 201 61 210 47 195 62 225 59 191 73 253 48 183 62 263 59 216
ECHO-Net 73 247 80 249 87 264 66 238 76 239 90 243 S0 211 99 262 88 248 115 324 91 253
Method Overview
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Pipeline: Overview of the proposed ECHO-Net framework, integrating dynamic food 23
convolution, attention, and contrastive learning. The architecture highlights modular 2
interactions between spatial encoding, dynamic filtering, and multimodal alignment. training ’
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Dynamic Convolution (PEDC): ° e—e—

N
- Split EEG into temporal patches; assemble kernel K(X) =) o(X)K;, via
i=1

input-conditioned weights. Ground Truth : oS Ground Truth
2D kernels over channelxtime capture trial-specific patterns without per-user Ny &
fine-tuning.
i =
f * * . .
Xoatch € REPXT — PatchSplit(X), Z € RE*P = Pro; (Pooly (Xpatch) ) : grenade - _windehiel
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Channel-Filter Attention: = -«’» e o ™
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* Channel attention highlights informative electrodes (global pooling + MLP gating). ] | r
* Filter attention emphasizes salient temporal segments (scaled dot-product). - l A ! = =S J | |
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(a) Top-5 EEG-to-Image Retrieval — Successful Cases (b) Top-5 EEG-to-Image Retrieval — Failure Cases

a. = o (W, 8(W, GAP(Z . Zeee = Zeeg O O, . i i
(W2 8(Wi (Zeea))) =EG FEC 1 exp(SIm(gEEG(ZI(EI)EG):gIMG(ZI(I\?‘IG))/T)

. L=——) log . I_ . ,,
0r = softmax (Q(ZEEG)\/I‘;(ZEEG)T) . Zrpe = Zeeg O Oy, N Z:: ) exp(sim(geec (Zle)zc)a EIMG (ZI(I'QG))/T) Ablation StUdy

Effect of Kernel Number on Accuracy ~* 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.
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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.
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Experimental Setup

Datasets: THINGS-EEG (10 subjects, 200-way test); THINGS-MEG (4 subjects, . . . | .
200-way test). Dynamic convolution + multimodal attention + EEG-GAT deliver robust

Training: PyTorch; Adam 2¢-4; cosine annealing; batch 512; 200 epochs; seed=42. cross-subject EEG decoding.
Setting: Zero-shot—align EEG to CLIP image features; Top-k retrieval. Future: cross-dataset transfer, efficiency, real-time deployment.
Metrics: Top-1/Top-5; paired t-tests for significance (p<<0.05/0.01/0.001).
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