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 Our Approach: Phase 1: Training Phase 2: Inference
We propose a text-mediated framework that » Semantic Vocabulary: Large language ° 2:?;:;'?0 tgeaf;arléleviﬁfcagzgﬁ; Vi':
- - i i - model generates multilevel captions

bridges EEG signals with semantic captions the trained encoder.

(object, spatial, thematic) for each image.

to guide image synthesis. « EEG-Semantic Alignment: Transformer

« Image Generation: Retrieved captions

encoder aligns EEG signals with condition a pretrained latent diffusion
This strategy improves not only image captions using contrastive learning [2]. model [1] to generate high-quality
quality, but also the interpretability of the Images.

decoding process.

Our framework sets a new state-of-the-art EEG-to-image generation schema on the public EEGCVPR dataset [3].
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EEGStyleGAN-ADA (Singh et al., 2024) GAN 10.82 0.56
EEG-ViT (Akbari et al., 2024) GAN 12.17 0.05

- NeuroVision (Khare et al., 2022) GAN 5.15

»'. = EEGCVPR (Spampinato et al., 2017)
N Improved-SNGAN (Zheng et al., 2020) GAN 5.53
Brain2Image-VAE (Kavasidis et al., 2017) VAE 4.49
Ours Diffusion 37.29+0.32 0.009 £ 0.009 0.06 0.30 0.65 0.80 0.88 0.88 0.57
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Performance: Achieves state-of-
the-art results, surpassing prior
methods [4] in Inception Score
(IS), Kernel Inception Distance
(KID), and CLIP Score.
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| Evidence: Generated images\‘,

|1 exhibit strong visual fidelity and:
= —' semantic alignment with ground'
- truth, validated through qualitative |

' and quantitative benchmarks. |
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V. Interpretability V. Conclusion & References

Summary:

We propose a novel EEG-to-image framework leveraging
multilevel semantic prompts to achieve interpretable,
high-fidelity visual reconstruction. Our model sets a new
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benchmark on EEGCVPR and offers insights into the
. . . . [ (207%  137%  0.87%  0.16% 0.12%  0.03% . . . .
brain’s semantic organization.
Neural Mapping: Semantic Specializafion:
Saliency maps reveal low-level features Encoder heads (ObjectSnap, SpatialLink, Contributions:
(e.g., color) in occipital regions and high- ThemeTag) specialize in distinct semantic : : :
evel semantics (e.q. theme) in frontal roles, accounting for ~90% of EEG.  Multilevel semantic prompts for EEG-to-image
areas, aligning  with  neurocognitive caption alignment. synthesis.
principles. « State-of-the-art performance with interpretable neural
e mappings.
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