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Nonlinear KCCA

» Data processing pipeline
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» Kernel selection
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Activation pattern
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» Similarity comparison [11] » Voxel shuffling
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» Objective function

max Robustness = AUCgpr<o.1(Shuffling 1)+AUCgpr<o.1(Shuffling 2)

Unkonwn parameters

» Testing (Simulated fMRI) » Testing (Task fMRI)
FPR: Activated voxel not on ground truth FPR: Activated voxel not on gray matter
TPR: Activated voxel on ground truth TPR: Activated voxel on gray matter

» Assumption

High shuffling ' ' Accurate
robustness activation pattern
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Gray Matter
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Previously hyperparameter optimization algorithm

» Resting state (Linear KCCA)
» Activation overlays on gray matter (Deep CCA)

Our results

» Self-supervised learning framework to optimize hyperparameters in nonlinear KCCA

Thanks for your attention !



