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ONLY THE INTERFACE

Linear for structure, strongly non-linear for No new generator, no new conditioning — and it An expressive decoder drifts out of the generative

semantics: on CLIP c against +0.06 on still beats far heavier pipelines on every semantic prior: semantics improve, texture does not.

diffusion z. metric.

Brain-to-image decoders keep getting heavier generators. But &) RECONSTRUCTIONS € DISTRIBUTIONS

what kind of map is the brain — latent interface itself? . eroundtruth e linear VILP (ours
', ct airplane train W

= CLIPc diffusion z

structural * * * -

¢) THE PIPELINE

Data Source & ROls Decoder Comparison Generative Reconstruction

/@ O\ L® ) /10 I
Ground Truth z, ¢ ~

semantic

Stable Diffusion ]
voxel activity . . Predicted Z, & Autoeicoder -
[x € RY] Linear Decoder Add Noise
7| (Baseline Ridge) >
MH > E g \% Predicted 2 5 qe c;;]i?ruction S h :
Visual Stimulus Predicted 2, é/ [z € R4*40%40; Xo < PC1 - PC2 PC1 - PC2
4 )
Measﬂt\Jnrlzlment y \ M(IISP Decog)er k) Denoisine U-Net o
ropose enolsln ol \[S ° . . . N o .
(CRoe T (LT (e & ) pp— Fig. 3. subjO1. Object identity is recovered far more Fig. 5. MMD to the true latents: CLIP ¢ .359 —.042,
VTV ] ound Tz, c - 8.5 x closer; diffusion z.121 — .133, slightly worse.

/ often; texture and fine detail are not.

| v4.Lo.PHC | @ Predicted & A
[c € R7®9] Reconstructi

* Cross-Attention Conditioning

Fig. 1. (a) Voxels from early (V1-V3) and ventral (V4, LO, PHC) ROIs. (b) Ridge vs. residual MLP QABLATIONS @ CORTICAL MAP

predict z and c. (c) Frozen Stable Diffusion v1.4 decodes z, re-noises it and denoises under c.
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projection — 2048 units, /5 loss, identical hyper-parameters for all four subjects. after 2048 — but accuracy still climbs with data.
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Next distribution-aware losses so the decoder stays on-manifold https:/github.com/adarsh-crafts/Brain2VLM



