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- Pseudo code Fot aw\’ograbg

(object): *'r'o?o\s‘\w,\
| cotk aMowS
orward(inputs): \’0‘* .\.O a,oo\b

# 1. [pass inputs to input gates...]
f p I g (ZZ(!(}"‘f""*‘y*x oNn

. forward the computational graph:

3
N

gate self.graph.nodes topologically sorted():
gate.forward()
loss # the final gate in the graph outputs the loss
ard():
gate reversed(self.graph.nodes topologically sorted()):
gate.backward() # little piece of backprop (chain rule applied)

inputs gradients

- Exomp e MUKiply oake:

\ % (object):
Z = X*y
7 self.x = x # must keep these around
\, self.y = y
(Kq2) :

backward(dz) :

ore' ‘Sca\m-s dx = self.y * dz # [dz/dx * dL/c
dy = self.x * dz # [dz/dy * dL/d

[dx, dy]
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Credits for this lecture (figures and content):

- “Intro to Deep Learning Lecture” from CMU'’s
15-849: https://www.cs.cmu.edu/
~zhihaoj2/15-849/slides/02-deep-neural-
networks.pdf

- Parallelism image from “Intro to Deep Learning
Systems” from CMU 15-849: https://
www.cs.cmu.edu/~zhihaoj2/15-849/slides/03-
deep-learning-systems.pdf
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