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' Convolutional Neural Network (CNN)

" Deep Neural Network

¥ Representational Similarity Analysis (RSA)
' Representational Dissimilarity Matrix
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Input: images (number of channels, length, width) —Retina
Output: images and Update weights

1:fork=1do

2: View (images (3, 32, 32)) — array [20, 10, 1]

3: BEH RDM [20, 10, 1] —Dissimilarity matrix [10,20,20]
4: end for

5:fork=2do



6: BEH RDM [10, 20, 20] — Dissimilarity matrix [20,10,10]
7: end for

8: Group process (Dissimilarity matrix [20,10,10])

9: Inductive process(Dissimilarity matrix [20,10,10])

10: Interpolation process (Dissimilarity matrix [20,10,10])
11: Update weights CNN

k=1 .| View(input)

array [20, 10, 1]
!
| BEH RDM[20,10,1] |
BEH EDM [10, 20, 20] RDNM[10.20.20]
Grouping ([20,10,10]

Y

RDM[20,10,10] ,L

Inducers[20,10,10]

.

Interpolation[20.10,10]

.

Update weights CNIN
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L(eji)=Sji,j-Sjij-min log(1 + ¢
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