From voxels to pixels and back: Self-supervision in natural-image reconstruction from fMMRI
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/ Two training phases: \ /

Results: \

/[ Goal: Reconstruct observed images from fMRI recordings]\

| (a) Encoder training (b) Decoder training ‘tMRI on ImageNet’ [Horikawa et al. 2017] — the entire test data (50 images)
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Problems: Decoder Encoder Architecture
 Insufficient training data (~1200 pairs) = does not span natural images. sl R T e e
 Differs between brains =» cannot be combined across subjects. | . N’ ride ;.L: || . , “ - -~ ED
We propose: - e Upervized)
Training on many additional "unlabeled' data:
(i) Images without fMRI recordings =» Adapts to statistics of Natural Images. L DE
(ii) fMRI recordings without images =» Adapts to statistics of input test data. (Unsupervised)

E-D: trained on unlabeled images.
(50,000 natural images from ImageNet)
=  Adapts to the statistics of natural images.

Supervised training
(on limited paired data)

Unsupervised training with unlabeled data
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D-E: trained on unlabeled fMRI (unknown image).
(Specifically, the unlabeled test-fMRI, without any corresponding images).
=  Adapts to the statistics of the new (unlabeled) test-data.

Adapt to statistics of
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