Last time: Backpropagation

« Computation graphs

« Using the chain rule

« General backprop algorithm

 Toy examples of backward pass

« Matrix-vector calculations: ReLU, linear layer



Review: Computation graph

« Wanted: gradient of the error w.r.t. the parameters of each
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The chain rule
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The chain rule
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Backpropagation summary

Parameter update:
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What about more general computation graphs?




What about more general computation graphs?

Upstream
gradient:




Toy example of backward pass
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Toy example of backward pass

N\

(D
/

X 4.0

15 | >

4.0
max

6.0 1.5
y

0.0
~ -1.0

4.0 1.5

+

25 4.0

w

4.0

6.0 :® 6.0
10 | ./ [ 10

Source: Stanford 231n



http://cs231n.stanford.edu/slides/2018/cs231n_2018_lecture04.pdf

Overview: Backpropagation

Computation graphs

Using the chain rule

General backprop algorithm

Toy examples of backward pass
Matrix-vector calculations: ReLU, linear layer



Dealing with vectors
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Jacobian: row indices
correspond to outputs,
column indices correspond
to inputs. The i, jth element
of the Jacobian is the partial
derivative of the ith output
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Simple case: Elementwise operation
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Simple case: Elementwise operation

VA,

- 0 What does the
oz _[0xD : Jacobian for an
0x 3,01 elemgntW|se |

MxM 0 function look like?
Jacobian 0x M)

N

X
1xXM de
a —
1xXM

" f(x) -z
de 0&/ de 1xXM

0z Ox 0z
1XM MXM 1xM




RelLU layer




RelLU layer
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RelLU layer
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What about sigmoid?
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Matrix-vector multiplication (linear layer)
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Matrix-vector multiplication (linear layer)
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Matrix-vector multiplication (linear layer)

wan N M
GO M) = (@ x(M))( : : ) e :Zx(i)W(ij)
wMy -y MN) —
Want de de| 0z
ant: — = —|—
0x 0z|0x
1xXM I1XN NxM
(J)
0z __ = jth row, ith column
0x (™) of Jacobian
a_Z — WT



Matrix-vector multiplication (linear layer)
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Matrix-vector multiplication (linear layer)
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Matrix-vector multiplication (linear layer)
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Matrix-vector multiplication (linear layer)
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Matrix-vector multiplication (linear layer)
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Matrix-vector multiplication (linear layer)
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Matrix-vector multiplication (linear layer)
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Matrix-vector multiplication (linear layer)
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Matrix-vector multiplication (linear layer)
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Matrix-vector multiplication (linear layer)

« Summary of backward pass:
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General tips

« Derive error signal (upstream gradient) directly, avoid explicit
computation of huge local derivatives

« Write out expression for a single element of the Jacobian,
then deduce the overall formula

« Keep consistent indexing conventions, order of operations
* Use dimension analysis

* For further reading:
« Lecture 4 of Stanford 231n and associated links in the syllabus
* Yes you should understand backprop by Andrej Karpathy



http://cs231n.stanford.edu/syllabus.html
https://medium.com/@karpathy/yes-you-should-understand-backprop-e2f06eab496b
https://medium.com/@karpathy/yes-you-should-understand-backprop-e2f06eab496b

