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Our Work
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* Objective: Using multi-voxel patterns to learn the connections between ROIs
associated with natural scene categories.

* Connect Y, and Y, if and only if P >P,..
* The method can evaluate all connections very fast.
 Complementary connections will be discovered.
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* Method: Modeling interactions of brain regions as a hidden conditional Y D7 Zy exp(¥(Z,), A" 0))
random field; Using structural learning to uncover the interactions.
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Future Work:

right LC * More effective, global structural learning method

to uncover connections between ROls.

Recognition accuracy for predicting natural scene categories (chance 1/6, *p<0.01, **p<0.005):

(c) outperforms (b), (e) outperforms (d) — Assigning weights to connections helps.

Larger font size denotes the connections that are strong on more subjects.
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