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Predicting a latent cause: different
generative models produce different circuits
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With supervised training,  With purely a generative

Heteroscedastic: Slope vs latent . o . multimodal accuracy is objective, joint results in
Near-optimal reliability-weighted similar but separate wins stronger fusion and thus
., combination can occur either via on unimodal accuracy. accuracy.
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When should circuits fuse sensory sources, and when should they maintain A single modality can produce predictions )
separate predictions? Future work could explore learning rules that select or and errors in the other stream. Cross-modal
combine the two schemes, linking circuit organization to structural inference effects have different latencies in the schemes.
over the underlying generative model.
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