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1 More Details about the Baseline of ZEBRA

The Baseline employs the ViT-based fMRI encoder from fMRI-PTE [1]], which is pretrained on the
UK Biobank dataset [2]]. This encoder transforms the fMRI scan into a shared latent space, where
a diffusion prior network then converts the latent brain embeddings into vision features for image
generation using Stable Diffusion.

The Baseline consists of three main components:

1. fMRI Encoder: This module processes the input fMRI data and transforms it into a unified
2D brain activation map [[I]], resulting in a single-channel image z € R2°6>%256_ The fMRI
encoder then maps this image into a latent representation E € RBXLXC1 where B is the
batch size, L is the number of tokens, and C] is the brain feature dimension.

2. Latent Representation Conversion: The latent brain embedding FE is subsequently trans-
formed into a CLIP-compatible embedding F € RB*L*C2 (o provide guidance for the
reconstruction process.

3. Diffusion Prior Network: As in MindEye2 3], we employ a diffusion prior [4] to map the
fMRI-CLIP embedding F' to a reconstructed OpenCLIP image embedding F, corresponding
to the visual stimulus.

The training of the Baseline involves three key losses:
1. Contrastive Loss on CLIP Text Embeddings: This loss, denoted Lcr1p,, is calculated

between the predicted CLIP text embedding F* and the ground truth F.

2. Contrastive Loss on CLIP Image Embeddings: The loss Lcr1p, is computed between the
predicted CLIP image embedding F' and the ground truth F/.

3. Diffusion Prior Loss: The loss Ly, is used to train the diffusion prior network to minimize
the reconstruction error.

Both Lerip, and Lepip; are implemented as the BiMixCo loss, which aligns fMRI signals x
and corresponding image embeddings y using a bidirectional contrastive loss and MixCo data
augmentation, as detailed below.

The MixCo procedure involves mixing two independent fMRI signals. For each fMRI signal x, we
randomly sample another fMRI signal x,,, corresponding to a different index m. The two signals are
then mixed using a linear combination:

¥ =mix(z,2m) = A2+ (1 — N, e

where x* represents the mixed fMRI signal and A is a hyperparameter sampled from a Beta distribu-
tion. The ridge regression module then maps x* to a lower-dimensional space, yielding z*, from
which the embedding F' is obtained using the MLP, i.e., F = £(z*).

Submitted to 39th Conference on Neural Information Processing Systems (NeurIPS 2025). Do not distribute.



33

35
36
37

38

39

40
41
42
43
44

45
46
47
48

49

50
51
52
53
54
55
56
57
58

59

60
61
62
63
64
65
66
67
68
69
70

The BiMixCo loss function is formulated as:
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where F' represents the OpenCLIP embeddings for the image .

The Diffusion Prior network is used to transform the fMRI embedding F' into the reconstructed
OpenCLIP image embeddings of stimulus F,,. The objective is to minimize the mean squared error
(MSE) between the predicted and target embeddings, formulated as:

Lprior = EFy,F,GNJ\/’(O,l)HE(F) - EJ||2' 3

2 More Details about Metrics

To evaluate reconstruction quality, we adopt a comprehensive set of low-level and high-level metrics.

On the low-level side, we include four metrics: pixel-wise correlation, Structural Similarity Index
Measure (SSIM) [S], AlexNet(2), and AlexNet(5). Pixel-wise correlation and SSIM are computed by
averaging the similarity scores between each reconstructed image and its ground-truth counterpart.
AlexNet(2) and AlexNet(5) assess semantic similarity by measuring the two-way classification accu-
racy based on features extracted from the 2nd and 5th layers of a pre-trained AlexNet, respectively.

For high-level evaluation, we extract features using several pre-trained models. EffNet-B and SwAV
metrics are calculated by averaging the feature distance between reconstructions and ground-truth
images using EfficientNet-B1 [6] and SwAV-ResNet50 [7]]. In contrast, the Inception [8]] and CLIP [9]
metrics reflect the accuracy of two-way classification using the corresponding high-level features.

3 Comparison with Baselines across Subjects

Table[T] presents a detailed comparison of ZEBRA with NeuroPictor*, and our baseline across subjects
1,2, 5, and 7 from the Natural Scenes Dataset. The results are reported under a zero-shot setting,
where NeuroPictor* refers to our reimplementation pretrained on the remaining seven subjects
without any subject-specific finetuning. Across both low-level (PixCorr, SSIM) and high-level
metrics (AlexNet, Inception, CLIP, etc.), ZEBRA consistently outperforms the zero-shot baselines,
especially on semantic metrics like Alex(5) and CLIP accuracy. Notably, its performance remains
stable across subjects, indicating strong generalization ability. The final row reports the averaged
scores across all four subjects, further confirming the effectiveness of ZEBRA in both perceptual
quality and semantic fidelity.
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Table 1: Results of NeuroPictor*, our baseline, and ZEBRA for each subject, compared against
representative methods under different training regimes. All results are averaged over subjects 1, 2, 5,
and 7 from the Natural Scenes Dataset. “NeuroPictor*” denotes our implementation in a zero-shot
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