Backpropagation in CNNs
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General representation

- Y = (WX + b), ¢(-): element-wise nonlinear function
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Backpropagation Algorithm - remind

Forward pass:

Backward pass:

daL




Back Propagation as a
matrix multiplication




L
Y = WX + b case

Forward pass: X eR™ w Y=WX+beR"

multiplication

Backward pass:

b _ oY



Intuitive derivation

i dL
- Want to find: AL ~ a_xAX
- We know
oL
© AL = EAY
- AY = ZAx = wax
0X
- Hence,
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- Finally, putting them all together,
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Intuitive derivation

] L
- Want to find: AL = tr (W AW)
- We know
oL
° AL = EAY
- AY =~ AWX
- Hence,
oL oL oL oL
AL =EAY = SAWX = tr (a—yAWX) = tr (Xa—yAW)
- Finally, putting them all together,
oL
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ow XaY
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Y = ¢(X) case

(P (x1)]
w @ (x2)
Forward pass: X =] : multiplication Y=0¢X) = € R™
B Ctm).

Backward pass: wh
multiplication
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Back Propagation as a
Convolution operation




Backpropagation in Conv. layer

- ldea
- To represent a convolution layer with a matrix multiplication

- Taking a matrix transpose yields the backpropagation algorithm for the
convolution layer



Forward pass:
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Backward pass as a matrix mult.
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Backward pass as a convolution
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Just another convolution!

oL oL dL oL oL oL
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Weight Update




L
Welight update — basic math

. Mnew — pgold _'u(aa_]\l:[)-r

- u: learning rate
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Matrix representation

Note that
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L
Weight update

() =0 x(3)
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Summary




Summary

- Forward pass: convolution
- Backward pass: (transposed) convolution

- Weight update:
- (Large-size) convolution



Multi-channel cases




Convolution

- f+ Input channels
- f': output channels
- S minibatch

Forward pass:
P Y(s,g) = Z L(s,i) * W(j,i)

e f
Backward pass:
oL oL .-
vty = 0ysy
Weight update:
OL oL

— * T .
gy = 0yey

*: Cross — correation



FW, BW and Weight updates at a glance
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FW, BW and Weight updates at a glance

Forward

Backward
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FW, BW and Weight updates at a glance

Forward

Backward
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FW, BW and Weight updates

Forward

Backward

r N r N r \ r \ r \
U J AN J N J N J AN J N J N J

\

=

Weight updates
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Backups




Weight update — intuitive derivation

) oL
- Want to find: AL =~ O_MAM
- We know
- AL =2 Ay
oY
oY .
© AY = - AM = QAM
- Hence,
oL v, _ OL
© AL =AY = = QAM

- Finally, we have

JL oL
o = ar ¢

() =0 x(3)



Differentiation

- First order approximation of a system

: Y
Jacobian, Jg, PR



