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STAT 479: Deep Learning, Spring 2019 
Sebastian Raschka 

http://stat.wisc.edu/~sraschka/teaching/stat479-ss2019/

Lecture 06

Automatic Differentiation 
with PyTorch

http://pages.stat.wisc.edu/~sraschka/teaching/stat479-ss2019/
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https://pytorch.org/

https://pytorch.org/
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https://github.com/rasbt/stat479-deep-learning-ss19/blob/master/other/pytorch-installation-
tips.md

https://pytorch.org/

Installation Tips:

Installation

Recommendation for Laptop (e.g., MacBook) Recommendation for Desktop (Linux) with GPU

And don't forget that you import PyTorch as "import torch," not "import pytorch" :)
In [1]: import torch                                                             

In [2]: torch.__version__                                                        
Out[2]: '1.0.1' 

https://github.com/rasbt/stat479-deep-learning-ss19/blob/master/other/pytorch-installation-tips.md
https://github.com/rasbt/stat479-deep-learning-ss19/blob/master/other/pytorch-installation-tips.md
https://pytorch.org/
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https://pytorch.org/resources

Many Useful Tutorials (recommend that you read some of them)

https://pytorch.org/
https://pytorch.org/resources
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https://pytorch.org/resources

Very Active & Friendly Community and Help/Discussion Forum

https://pytorch.org/
https://pytorch.org/resources
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Text source: https://pytorch.org/tutorials/beginner/blitz/autograd_tutorial.html#sphx-glr-beginner-blitz-autograd-tutorial-py

https://pytorch.org/tutorials/beginner/deep_learning_60min_blitz.html

https://pytorch.org/tutorials/beginner/deep_learning_60min_blitz.html
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In the context of deep learning (and PyTorch) 
it is helpful to think about neural networks 

as computation graphs
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Computation Graphs

a(x, w, b) = relu(w ⋅x + b) 

relu(x) =

⇢
x if x > 0
0 otherwise

drelu(x)

dx
=

⇢
1 if x > 0
0 otherwise

1

Suppose we have the following activation function:

ReLU = Rectified Linear Unit
(prob. the most commonly used activation function in DL)
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f 0(x) = lim
x!0

max(0, x+�x)�max(0, x)

�x
<latexit sha1_base64="ltJo3H4fLMBU5LYyuU4wt1v5n1Y="></latexit>

Side-note about ReLU Function

f 0(x) =

8
<

:

0 if x < 0
x if x > 0
DNE if x = 0

<latexit sha1_base64="Zm3jQKYm3/O+xH3vaUFBma6TkpQ="></latexit>

You may note that

But in the computer science context, 
for convenience, we can just say

f 0(x) =

⇢
0 if x  0
x if x > 0

<latexit sha1_base64="eQW3eVr7KnKzo4zudtyCs9Y6dPA="></latexit>

f 0(0) = lim
x!0�

0� 0

�x
= 0

<latexit sha1_base64="zxAQK3Ud/6X088WZVxntmlcRAZs="></latexit>

f 0(0) = lim
x!0+

0 +�x� 0

�x
= 1

<latexit sha1_base64="rj1gSbcGrL7NZJQZFfcbMNLg1KA="></latexit>

f 0(x) = lim
x!0

max(0, x+�x)�max(0, x)

�x
<latexit sha1_base64="ltJo3H4fLMBU5LYyuU4wt1v5n1Y="></latexit>
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Computation Graphs

a(x, w, b) = relu(w ⋅x + b) 

relu(x) =

⇢
x if x > 0
0 otherwise

drelu(x)

dx
=

⇢
1 if x > 0
0 otherwise

1

Suppose we have the following activation function:

activation function

weight parameter 
(assume only 1 input feature)

feature 
(suppose only 1 training example)

multivariable function bias
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Computation Graphs

a(x, w, b) = relu(w ⋅x + b) 

u = wx
x

w

b

+

*
v = u+b a = relu(v)

u 

v 
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Computation Graphs

a(x, w, b) = relu(w ⋅x + b) 

u = wx
x

w

b

+

*
v = u+b a = relu(v)

u 

v 
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Computation Graphs

u = wx

b=1

+

*
v = u+b a = relu(v)x

w=2

!"
!#
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u = wx

b=1

+

*
v = u+b a = relu(v)x

w=2

!"
!#

$#
$%

Computation Graphs
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u = wx

b=1

+

*
v = u+b a = relu(v)x

w=2

!"
!#

$#
$%

Computation Graphs
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u = wx

b=1

+

*
v = u+b a = relu(v)x

w=2

!"
!#

$#
$%

$#
$&$&

$'

()
(* = 
?

Computation Graphs
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u = wx

b=1

+

*
v = u+b a = relu(v)x

w=2

!"
!#

$#
$%

$#
$&$&

$'

()
(* = (+(*

()
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Computation Graphs
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Computation Graphs

u = wx

b=1

+

*
v = u+b a = relu(v)x

w=2
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Computation Graphs

u = wx
x=3

w=2

b=1

+

*
v = u+b a = relu(v)6

7 7

!"
!#

$#
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Computation Graphs

u = wx
x=3

w=2

b=1

+

*
v = u+b a = relu(v)6

7 7
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= 1

relu(x) =

⇢
x if x > 0
0 otherwise

drelu(x)

dx
=

⇢
1 if x > 0
0 otherwise

1
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Computation Graphs
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Computation Graphs
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x=3
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Appendix D - Calculus and Differentiation Primer 6

Common Differentiation Rules

In addition to the constant rule (Table D1 row 1) and the power rule (Table D1 row 5),
the following table lists the most common differentiation rules that we often encounter
in practice. Although we will not go over the derivations of these rules, it is highly
recommended to memorize and practice them. Most machine learning concepts heavily rely
on applications of these rules, and in the following sections, we will pay special attention to
the last rule in this list, the chain rule.

Table D2. Common differentiation rules.

Function Derivative

Sum Rule f(x) + g(x) f ′(x) + g′(x)
Difference Rule f(x)− g(x) f ′(x)− g′(x)
Product Rule f(x)g(x) f(x)g′(x) + f ′(x)g(x)
Quotient Rule f(x)/g(x) [g(x)f ′(x)− f(x)g′(x)]/[g(x)]2

Reciprocal Rule 1/f(x) −[f ′(x)]/[f(x)]2

Chain Rule f(g(x)) f ′(g(x))g′(x)

The Chain Rule – Computing the Derivative of a
Composition of Functions

The chain rule is essential to understanding backpropagation; thus, let us discuss it in more
detail. In its essence, the chain rule is just a mental crutch that we use to differentiate
composite functions, functions that are nested within each other. For example,

F (x) = f(g(x)). (8)

To differentiate such a function F , we can use this chain rule, which we can break down to a
three-step procedure. First, we compute the derivative of the outer function (f ′)with respect
to the inner function (g). Second, we compute the derivative of the inner function (g′) with
respect to its function argument (x). Third, we multiply the outcome of step 1 and step 2:

F ′(x) = f ′(g(x))g′(x). (9)

Since this notation may look quite daunting, let us use a more visual approach, breaking
down the function F into individual steps: We take the argument x, feed it to g, then, we
take the outcome of g(x) and feed it to f .

DRAFT
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Computation Graphs
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Computation Graphs
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https://github.com/rasbt/stat479-deep-learning-ss19/blob/master/L06_pytorch/code/pytorch-
autograd.ipynb

PyTorch Autograd Example

https://github.com/rasbt/stat479-deep-learning-ss19/blob/master/L06_pytorch/code/pytorch-autograd.ipynb
https://github.com/rasbt/stat479-deep-learning-ss19/blob/master/L06_pytorch/code/pytorch-autograd.ipynb
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https://github.com/rasbt/stat479-deep-learning-ss19/blob/master/L06_pytorch/code/grad-
intermediate-var.ipynb

Gradients of intermediate variables  
(usually not required in practice outside research)

https://github.com/rasbt/stat479-deep-learning-ss19/blob/master/L06_pytorch/code/grad-intermediate-var.ipynb
https://github.com/rasbt/stat479-deep-learning-ss19/blob/master/L06_pytorch/code/grad-intermediate-var.ipynb
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Some More Computation Graphs

https://github.com/rasbt/stat479-deep-learning-ss19/blob/master/L06_pytorch/code/pytorch-autograd.ipynb


Sebastian Raschka           STAT 479: Deep Learning            SS 2019 !28

x1
<latexit sha1_base64="5HJHR/B9CHeIlPgqihTyAybn2c4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8eK9gPaUDbbSbt0swm7G7GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0M/Vbj6g0j+WDGSfoR3QgecgZNVa6f+p5vXLFrbozkGXi5aQCOeq98le3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JilT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeOVnXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb68TJpnVe+86t5dVGrXeRxFOIJjOAUPLqEGt1CHBjAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AEMWo2i</latexit>

a1
<latexit sha1_base64="BOU8IhEf1nCpOTJ2JoJhJKmU0Z0=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0oMeiF48V7Qe0oUy2m3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqKGvSWMSqE6BmgkvWNNwI1kkUwygQrB2Mb2d++4kpzWP5aCYJ8yMcSh5yisZKD9j3+uWKW3XnIKvEy0kFcjT65a/eIKZpxKShArXuem5i/AyV4VSwaamXapYgHeOQdS2VGDHtZ/NTp+TMKgMSxsqWNGSu/p7IMNJ6EgW2M0Iz0sveTPzP66YmvPYzLpPUMEkXi8JUEBOT2d9kwBWjRkwsQaq4vZXQESqkxqZTsiF4yy+vktZF1busuve1Sv0mj6MIJ3AK5+DBFdThDhrQBApDeIZXeHOE8+K8Ox+L1oKTzxzDHzifP+lBjYs=</latexit>

o
<latexit sha1_base64="zmvhV5w6wvufBjgJnplzs3qmpp8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQq6LHoxWML9gPaUDbbSbt2sxt2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZemHCmjed9O4W19Y3NreJ2aWd3b/+gfHjU0jJVFJtUcqk6IdHImcCmYYZjJ1FI4pBjOxzfzfz2EyrNpHgwkwSDmAwFixglxkoN2S9XvKo3h7tK/JxUIEe9X/7qDSRNYxSGcqJ11/cSE2REGUY5Tku9VGNC6JgMsWupIDHqIJsfOnXPrDJwI6lsCePO1d8TGYm1nsSh7YyJGellbyb+53VTE90EGRNJalDQxaIo5a6R7uxrd8AUUsMnlhCqmL3VpSOiCDU2m5INwV9+eZW0Lqr+ZdVrXFVqt3kcRTiBUzgHH66hBvdQhyZQQHiGV3hzHp0X5935WLQWnHzmGP7A+fwB2T+M9Q==</latexit>

y
<latexit sha1_base64="cs1Q9fet/6GNtc+Tzw/y6WCTX8Y=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8cW7Ae0oWy2k3btZhN2N0Io/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHssHkyXoR3QoecgZNVZqZP1yxa26c5BV4uWkAjnq/fJXbxCzNEJpmKBadz03Mf6EKsOZwGmpl2pMKBvTIXYtlTRC7U/mh07JmVUGJIyVLWnIXP09MaGR1lkU2M6ImpFe9mbif143NeGNP+EySQ1KtlgUpoKYmMy+JgOukBmRWUKZ4vZWwkZUUWZsNiUbgrf88ippXVS9y6rbuKrUbvM4inACp3AOHlxDDe6hDk1ggPAMr/DmPDovzrvzsWgtOPnMMfyB8/kD6GeM/w==</latexit>

l
<latexit sha1_base64="E5Kc1ZKr520j8ga7QDzfGA0mefk=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8cW7Ae0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHssHM0nQj+hQ8pAzaqzUEP1yxa26c5BV4uWkAjnq/fJXbxCzNEJpmKBadz03MX5GleFM4LTUSzUmlI3pELuWShqh9rP5oVNyZpUBCWNlSxoyV39PZDTSehIFtjOiZqSXvZn4n9dNTXjjZ1wmqUHJFovCVBATk9nXZMAVMiMmllCmuL2VsBFVlBmbTcmG4C2/vEpaF1Xvsuo2riq12zyOIpzAKZyDB9dQg3uoQxMYIDzDK7w5j86L8+58LFoLTj5zDH/gfP4A1LOM8g==</latexit>

L(y, o) = l
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<latexit sha1_base64="4Z/KrxxA+GlxhVaTOyJaNHrf4VU=">AAACC3icbVC7TsMwFHV4lvIKMLJYrZCYqgSQYKxgYSwSfUhtFN24TmvVcSLbAVVRdxZ+hYUBhFj5ATb+BqeNBLQcydK559xr+54g4Uxpx/mylpZXVtfWSxvlza3tnV17b7+l4lQS2iQxj2UnAEU5E7Spmea0k0gKUcBpOxhd5X77jkrFYnGrxwn1IhgIFjIC2ki+XemFEkjWS0BqBhyD705+qntTYd+uOjVnCrxI3IJUUYGGb3/2+jFJIyo04aBU13US7WX5nYTTSbmXKpoAGcGAdg0VEFHlZdNdJvjIKH0cxtIcofFU/T2RQaTUOApMZwR6qOa9XPzP66Y6vPAyJpJUU0FmD4UpxzrGeTC4zyQlmo8NASKZ+SsmQzDhaBNf2YTgzq+8SFonNfe05tycVeuXRRwldIgq6Bi56BzV0TVqoCYi6AE9oRf0aj1az9ab9T5rXbKKmQP0B9bHN7v7mtM=</latexit>

w1
<latexit sha1_base64="ELWCbynYAUOpCjzaHAkeFZeonCw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8eK9gPaUDbbSbt0swm7G6WE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0M/Vbj6g0j+WDGSfoR3QgecgZNVa6f+p5vXLFrbozkGXi5aQCOeq98le3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JilT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeOVnXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb68TJpnVe+86t5dVGrXeRxFOIJjOAUPLqEGt1CHBjAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AEK1I2h</latexit>

�3(a1, a2) = o
<latexit sha1_base64="MADeaGuZ5x0zDKtg8jYEX763ets=">AAAB/3icbVBNS8NAEN3Ur1q/ooIXL4tFqCAlaQW9CEUvHivYD2hDmGy37dJNNuxuhBJ78K948aCIV/+GN/+N2zYHrT4YeLw3w8y8IOZMacf5snJLyyura/n1wsbm1vaOvbvXVCKRhDaI4EK2A1CUs4g2NNOctmNJIQw4bQWj66nfuqdSMRHd6XFMvRAGEeszAtpIvn3QVWwQgl8tge+eYvArJ/gSC98uOmVnBvyXuBkpogx13/7s9gRJQhppwkGpjuvE2ktBakY4nRS6iaIxkBEMaMfQCEKqvHR2/wQfG6WH+0KaijSeqT8nUgiVGoeB6QxBD9WiNxX/8zqJ7l94KYviRNOIzBf1E461wNMwcI9JSjQfGwJEMnMrJkOQQLSJrGBCcBdf/kualbJbLTu3Z8XaVRZHHh2iI1RCLjpHNXSD6qiBCHpAT+gFvVqP1rP1Zr3PW3NWNrOPfsH6+Aa4qZP0</latexit>

(univariate chain rule)

Graph with Single Path

@l

@w1
=

@l

@o
· @o

@a1
· @a1
@w1

<latexit sha1_base64="BIzqtm7dkpNhBzsBvLiNsGPN8sY="></latexit>
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x1
<latexit sha1_base64="5HJHR/B9CHeIlPgqihTyAybn2c4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8eK9gPaUDbbSbt0swm7G7GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0M/Vbj6g0j+WDGSfoR3QgecgZNVa6f+p5vXLFrbozkGXi5aQCOeq98le3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JilT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeOVnXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb68TJpnVe+86t5dVGrXeRxFOIJjOAUPLqEGt1CHBjAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AEMWo2i</latexit>

a1
<latexit sha1_base64="BOU8IhEf1nCpOTJ2JoJhJKmU0Z0=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0oMeiF48V7Qe0oUy2m3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqKGvSWMSqE6BmgkvWNNwI1kkUwygQrB2Mb2d++4kpzWP5aCYJ8yMcSh5yisZKD9j3+uWKW3XnIKvEy0kFcjT65a/eIKZpxKShArXuem5i/AyV4VSwaamXapYgHeOQdS2VGDHtZ/NTp+TMKgMSxsqWNGSu/p7IMNJ6EgW2M0Iz0sveTPzP66YmvPYzLpPUMEkXi8JUEBOT2d9kwBWjRkwsQaq4vZXQESqkxqZTsiF4yy+vktZF1busuve1Sv0mj6MIJ3AK5+DBFdThDhrQBApDeIZXeHOE8+K8Ox+L1oKTzxzDHzifP+lBjYs=</latexit>

a2
<latexit sha1_base64="i3V+Hv5zU7q3mZ39kUdT/gvBnUk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0QPu1frniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPYzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa1a1buouveXlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwDqxY2M</latexit>

o
<latexit sha1_base64="zmvhV5w6wvufBjgJnplzs3qmpp8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQq6LHoxWML9gPaUDbbSbt2sxt2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZemHCmjed9O4W19Y3NreJ2aWd3b/+gfHjU0jJVFJtUcqk6IdHImcCmYYZjJ1FI4pBjOxzfzfz2EyrNpHgwkwSDmAwFixglxkoN2S9XvKo3h7tK/JxUIEe9X/7qDSRNYxSGcqJ11/cSE2REGUY5Tku9VGNC6JgMsWupIDHqIJsfOnXPrDJwI6lsCePO1d8TGYm1nsSh7YyJGellbyb+53VTE90EGRNJalDQxaIo5a6R7uxrd8AUUsMnlhCqmL3VpSOiCDU2m5INwV9+eZW0Lqr+ZdVrXFVqt3kcRTiBUzgHH66hBvdQhyZQQHiGV3hzHp0X5935WLQWnHzmGP7A+fwB2T+M9Q==</latexit>

y
<latexit sha1_base64="cs1Q9fet/6GNtc+Tzw/y6WCTX8Y=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8cW7Ae0oWy2k3btZhN2N0Io/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHssHkyXoR3QoecgZNVZqZP1yxa26c5BV4uWkAjnq/fJXbxCzNEJpmKBadz03Mf6EKsOZwGmpl2pMKBvTIXYtlTRC7U/mh07JmVUGJIyVLWnIXP09MaGR1lkU2M6ImpFe9mbif143NeGNP+EySQ1KtlgUpoKYmMy+JgOukBmRWUKZ4vZWwkZUUWZsNiUbgrf88ippXVS9y6rbuKrUbvM4inACp3AOHlxDDe6hDk1ggPAMr/DmPDovzrvzsWgtOPnMMfyB8/kD6GeM/w==</latexit>

l
<latexit sha1_base64="E5Kc1ZKr520j8ga7QDzfGA0mefk=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8cW7Ae0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHssHM0nQj+hQ8pAzaqzUEP1yxa26c5BV4uWkAjnq/fJXbxCzNEJpmKBadz03MX5GleFM4LTUSzUmlI3pELuWShqh9rP5oVNyZpUBCWNlSxoyV39PZDTSehIFtjOiZqSXvZn4n9dNTXjjZ1wmqUHJFovCVBATk9nXZMAVMiMmllCmuL2VsBFVlBmbTcmG4C2/vEpaF1Xvsuo2riq12zyOIpzAKZyDB9dQg3uoQxMYIDzDK7w5j86L8+58LFoLTj5zDH/gfP4A1LOM8g==</latexit>

L(y, o) = l
<latexit sha1_base64="xkDVhV2R7yGjiI8Bkoa6EodHAlw=">AAAB/nicbVDLSsNAFL2pr1pfUXHlZrAIFaQkKuhGKLpx4aKCfUAbymQ6aYdOJmFmIpRQ8FfcuFDErd/hzr9x0mah1QMDh3Pu5Z45fsyZ0o7zZRUWFpeWV4qrpbX1jc0te3unqaJEEtogEY9k28eKciZoQzPNaTuWFIc+py1/dJ35rQcqFYvEvR7H1AvxQLCAEayN1LP3uiHWQ4J5ejupjI9RdIQuEe/ZZafqTIH+EjcnZchR79mf3X5EkpAKTThWquM6sfZSLDUjnE5K3UTRGJMRHtCOoQKHVHnpNP4EHRqlj4JImic0mqo/N1IcKjUOfTOZhVXzXib+53USHVx4KRNxoqkgs0NBwpGOUNYF6jNJieZjQzCRzGRFZIglJto0VjIluPNf/kuaJ1X3tOrcnZVrV3kdRdiHA6iAC+dQgxuoQwMIpPAEL/BqPVrP1pv1PhstWPnOLvyC9fENUuuUZw==</latexit>

w1 · x1 = z1
<latexit sha1_base64="+e1bOL2+yE8wQHw7R7Wi1lbuH7o=">AAAB/HicbZDLSsNAFIYn9VbrLdqlm8EiuCqJCroRim5cVrAXaEOYTCbt0MlMmJmoMdRXceNCEbc+iDvfxmmbhbb+MPDxn3M4Z/4gYVRpx/m2SkvLK6tr5fXKxubW9o69u9dWIpWYtLBgQnYDpAijnLQ01Yx0E0lQHDDSCUZXk3rnjkhFBb/VWUK8GA04jShG2li+Xb33XdjHodDwwdAFfPRd3645dWcquAhuATVQqOnbX/1Q4DQmXGOGlOq5TqK9HElNMSPjSj9VJEF4hAakZ5CjmCgvnx4/hofGCWEkpHlcw6n7eyJHsVJZHJjOGOmhmq9NzP9qvVRH515OeZJqwvFsUZQyqAWcJAFDKgnWLDOAsKTmVoiHSCKsTV4VE4I7/+VFaB/X3ZO6c3Naa1wWcZTBPjgAR8AFZ6ABrkETtAAGGXgGr+DNerJerHfrY9ZasoqZKvgj6/MHXCGTRw==</latexit>

�1(z1) = a1
<latexit sha1_base64="Kk055JsIihKrUR2Qz/L8arieVek=">AAAB/HicbZDLSsNAFIZP6q3WW7RLN4NFqJuSqKAboejGZQV7gTaEyXTSDp1MwsxEiKW+ihsXirj1Qdz5Nk7bLLT1h4GP/5zDOfMHCWdKO863VVhZXVvfKG6WtrZ3dvfs/YOWilNJaJPEPJadACvKmaBNzTSnnURSHAWctoPRzbTefqBSsVjc6yyhXoQHgoWMYG0s3y73FBtE2Herj757gq6QQd+uODVnJrQMbg4VyNXw7a9ePyZpRIUmHCvVdZ1Ee2MsNSOcTkq9VNEEkxEe0K5BgSOqvPHs+Ak6Nk4fhbE0T2g0c39PjHGkVBYFpjPCeqgWa1Pzv1o31eGlN2YiSTUVZL4oTDnSMZomgfpMUqJ5ZgATycytiAyxxESbvEomBHfxy8vQOq25ZzXn7rxSv87jKMIhHEEVXLiAOtxCA5pAIINneIU368l6sd6tj3lrwcpnyvBH1ucPPZSTMQ==</latexit>

�2(z1) = a2
<latexit sha1_base64="UHK8Rq4ihGcm4gMByPiIvg3wEO0=">AAAB/HicbZDLSsNAFIZPvNZ6i3bpZrAIdVOSKuhGKLpxWcFeoA1hMp20Q2eSMDMRYqmv4saFIm59EHe+jdM2C239YeDjP+dwzvxBwpnSjvNtrayurW9sFraK2zu7e/v2wWFLxakktEliHstOgBXlLKJNzTSnnURSLAJO28HoZlpvP1CpWBzd6yyhnsCDiIWMYG0s3y71FBsI7Ncqj757iq6QQd8uO1VnJrQMbg5lyNXw7a9ePyapoJEmHCvVdZ1Ee2MsNSOcToq9VNEEkxEe0K7BCAuqvPHs+Ak6MU4fhbE0L9Jo5v6eGGOhVCYC0ymwHqrF2tT8r9ZNdXjpjVmUpJpGZL4oTDnSMZomgfpMUqJ5ZgATycytiAyxxESbvIomBHfxy8vQqlXds6pzd16uX+dxFOAIjqECLlxAHW6hAU0gkMEzvMKb9WS9WO/Wx7x1xcpnSvBH1ucPQKeTMw==</latexit>

@l

@o
<latexit sha1_base64="EBSdFgeDtyPz9IVeKoGbRsZIvwA=">AAACB3icbZDLSsNAFIZP6q3WW9SlIINFcFUSFXRZdOOygr1AG8pkOmmHTiZhZiKUkJ0bX8WNC0Xc+grufBsnbUBt/WHg4z/nzMz5/ZgzpR3nyyotLa+srpXXKxubW9s79u5eS0WJJLRJIh7Jjo8V5UzQpmaa004sKQ59Ttv++Dqvt++pVCwSd3oSUy/EQ8ECRrA2Vt8+7AUSk7QXY6kZ5ohnPxxlqG9XnZozFVoEt4AqFGr07c/eICJJSIUmHCvVdZ1Ye2l+I+E0q/QSRWNMxnhIuwYFDqny0ukeGTo2zgAFkTRHaDR1f0+kOFRqEvqmM8R6pOZruflfrZvo4NJLmYgTTQWZPRQkHOkI5aGgAZOUaD4xgIlk5q+IjLAJRpvoKiYEd37lRWid1tyzmnN7Xq1fFXGU4QCO4ARcuIA63EADmkDgAZ7gBV6tR+vZerPeZ60lq5jZhz+yPr4BSfGZjg==</latexit>

@o

@a1
<latexit sha1_base64="A5BNLDamJxmqDahJkf2wo8PNgJk=">AAACCXicbZBPS8MwGMbT+W/Of1WPXoJD8DRaFfQ49OJxgtuErZS3WbqFpWlJUmGUXr34Vbx4UMSr38Cb38Z0K6ibDwR+PO/7JnmfIOFMacf5sipLyyura9X12sbm1vaOvbvXUXEqCW2TmMfyLgBFORO0rZnm9C6RFKKA024wvirq3XsqFYvFrZ4k1ItgKFjICGhj+TbuhxJI1k9AagYcx/kPg+/m2LfrTsOZCi+CW0IdlWr59md/EJM0okITDkr1XCfRXlbcSTjNa/1U0QTIGIa0Z1BARJWXTTfJ8ZFxBjiMpTlC46n7eyKDSKlJFJjOCPRIzdcK879aL9XhhZcxkaSaCjJ7KEw51jEuYsEDJinRfGIAiGTmr5iMwESjTXg1E4I7v/IidE4a7mnDuTmrNy/LOKroAB2iY+Sic9RE16iF2oigB/SEXtCr9Wg9W2/W+6y1YpUz++iPrI9vdbeaJw==</latexit>

@a1
@w1

<latexit sha1_base64="4Z/KrxxA+GlxhVaTOyJaNHrf4VU=">AAACC3icbVC7TsMwFHV4lvIKMLJYrZCYqgSQYKxgYSwSfUhtFN24TmvVcSLbAVVRdxZ+hYUBhFj5ATb+BqeNBLQcydK559xr+54g4Uxpx/mylpZXVtfWSxvlza3tnV17b7+l4lQS2iQxj2UnAEU5E7Spmea0k0gKUcBpOxhd5X77jkrFYnGrxwn1IhgIFjIC2ki+XemFEkjWS0BqBhyD705+qntTYd+uOjVnCrxI3IJUUYGGb3/2+jFJIyo04aBU13US7WX5nYTTSbmXKpoAGcGAdg0VEFHlZdNdJvjIKH0cxtIcofFU/T2RQaTUOApMZwR6qOa9XPzP66Y6vPAyJpJUU0FmD4UpxzrGeTC4zyQlmo8NASKZ+SsmQzDhaBNf2YTgzq+8SFonNfe05tycVeuXRRwldIgq6Bi56BzV0TVqoCYi6AE9oRf0aj1az9ab9T5rXbKKmQP0B9bHN7v7mtM=</latexit>

w1
<latexit sha1_base64="ELWCbynYAUOpCjzaHAkeFZeonCw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8eK9gPaUDbbSbt0swm7G6WE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0M/Vbj6g0j+WDGSfoR3QgecgZNVa6f+p5vXLFrbozkGXi5aQCOeq98le3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JilT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeOVnXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb68TJpnVe+86t5dVGrXeRxFOIJjOAUPLqEGt1CHBjAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AEK1I2h</latexit>

w1
<latexit sha1_base64="ELWCbynYAUOpCjzaHAkeFZeonCw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8eK9gPaUDbbSbt0swm7G6WE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0M/Vbj6g0j+WDGSfoR3QgecgZNVa6f+p5vXLFrbozkGXi5aQCOeq98le3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JilT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeOVnXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb68TJpnVe+86t5dVGrXeRxFOIJjOAUPLqEGt1CHBjAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AEK1I2h</latexit>

@a2
@w1

<latexit sha1_base64="UfwdaiaQv7vCe0d17Hqvq1wxekM=">AAACC3icbVDLSgMxFM3UV62vUZduQovgqsxUQZdFNy4r2Ad0huFOmmlDMw+SjFKG7t34K25cKOLWH3Dn35hpB9TWA4GTc+69yT1+wplUlvVllFZW19Y3ypuVre2d3T1z/6Aj41QQ2iYxj0XPB0k5i2hbMcVpLxEUQp/Trj++yv3uHRWSxdGtmiTUDWEYsYARUFryzKoTCCCZk4BQDDgGrzH9ud179hR7Zs2qWzPgZWIXpIYKtDzz0xnEJA1ppAgHKfu2lSg3y2cSTqcVJ5U0ATKGIe1rGkFIpZvNdpniY60McBALfSKFZ+rvjgxCKSehrytDUCO56OXif14/VcGFm7EoSRWNyPyhIOVYxTgPBg+YoETxiSZABNN/xWQEOhyl46voEOzFlZdJp1G3T+vWzVmteVnEUUZHqIpOkI3OURNdoxZqI4Ie0BN6Qa/Go/FsvBnv89KSUfQcoj8wPr4BvY+a1A==</latexit>

�3(a1, a2) = o
<latexit sha1_base64="MADeaGuZ5x0zDKtg8jYEX763ets=">AAAB/3icbVBNS8NAEN3Ur1q/ooIXL4tFqCAlaQW9CEUvHivYD2hDmGy37dJNNuxuhBJ78K948aCIV/+GN/+N2zYHrT4YeLw3w8y8IOZMacf5snJLyyura/n1wsbm1vaOvbvXVCKRhDaI4EK2A1CUs4g2NNOctmNJIQw4bQWj66nfuqdSMRHd6XFMvRAGEeszAtpIvn3QVWwQgl8tge+eYvArJ/gSC98uOmVnBvyXuBkpogx13/7s9gRJQhppwkGpjuvE2ktBakY4nRS6iaIxkBEMaMfQCEKqvHR2/wQfG6WH+0KaijSeqT8nUgiVGoeB6QxBD9WiNxX/8zqJ7l94KYviRNOIzBf1E461wNMwcI9JSjQfGwJEMnMrJkOQQLSJrGBCcBdf/kualbJbLTu3Z8XaVRZHHh2iI1RCLjpHNXSD6qiBCHpAT+gFvVqP1rP1Zr3PW3NWNrOPfsH6+Aa4qZP0</latexit>

@l

@w1
=

@l

@o
· @o

@a1
· @a1
@w1

+
@l

@o
· @o

@a2
· @a2
@w1

<latexit sha1_base64="TYYPnCIxpTv7H9H6wB8RxqOKTTU="></latexit>

Upper path

Lower path

(multivariable chain rule)

Graph with Weight Sharing
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Graph with Fully-Connected Layers (later in this course)

x1
<latexit sha1_base64="5HJHR/B9CHeIlPgqihTyAybn2c4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8eK9gPaUDbbSbt0swm7G7GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0M/Vbj6g0j+WDGSfoR3QgecgZNVa6f+p5vXLFrbozkGXi5aQCOeq98le3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JilT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeOVnXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb68TJpnVe+86t5dVGrXeRxFOIJjOAUPLqEGt1CHBjAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AEMWo2i</latexit>

o
<latexit sha1_base64="zmvhV5w6wvufBjgJnplzs3qmpp8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQq6LHoxWML9gPaUDbbSbt2sxt2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZemHCmjed9O4W19Y3NreJ2aWd3b/+gfHjU0jJVFJtUcqk6IdHImcCmYYZjJ1FI4pBjOxzfzfz2EyrNpHgwkwSDmAwFixglxkoN2S9XvKo3h7tK/JxUIEe9X/7qDSRNYxSGcqJ11/cSE2REGUY5Tku9VGNC6JgMsWupIDHqIJsfOnXPrDJwI6lsCePO1d8TGYm1nsSh7YyJGellbyb+53VTE90EGRNJalDQxaIo5a6R7uxrd8AUUsMnlhCqmL3VpSOiCDU2m5INwV9+eZW0Lqr+ZdVrXFVqt3kcRTiBUzgHH66hBvdQhyZQQHiGV3hzHp0X5935WLQWnHzmGP7A+fwB2T+M9Q==</latexit>

x2
<latexit sha1_base64="gBTwEt+X3BPX1KgMo6lYVWIC09o=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120y7dbMLuRCyhP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXJtRKwecJxwP6IDJULBKFrp/qlX7ZXKbsWdgSwTLydlyFHvlb66/ZilEVfIJDWm47kJ+hnVKJjkk2I3NTyhbEQHvGOpohE3fjY7dUJOrdInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4ZWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tO0YbgLb68TJrVindece8uyrXrPI4CHMMJnIEHl1CDW6hDAxgM4Ble4c2Rzovz7nzMW1ecfOYI/sD5/AEN3o2j</latexit>

w(1)
1,1

<latexit sha1_base64="5CoRH/4hNmmOELpSJVIbVc5Zpaw=">AAAB9XicbVBNSwMxEJ31s9avqkcvwSJUkLJRQY9FLx4r2A9otyWbZtvQbHZJspay9H948aCIV/+LN/+NabsHbX0w8Hhvhpl5fiy4Nq777aysrq1vbOa28ts7u3v7hYPDuo4SRVmNRiJSTZ9oJrhkNcONYM1YMRL6gjX84d3UbzwxpXkkH804Zl5I+pIHnBJjpc6om+JzhCedtITPJt1C0S27M6BlgjNShAzVbuGr3YtoEjJpqCBat7AbGy8lynAq2CTfTjSLCR2SPmtZKknItJfOrp6gU6v0UBApW9Kgmfp7IiWh1uPQt50hMQO96E3F/7xWYoIbL+UyTgyTdL4oSAQyEZpGgHpcMWrE2BJCFbe3IjogilBjg8rbEPDiy8ukflHGl2X34apYuc3iyMExnEAJMFxDBe6hCjWgoOAZXuHNGTkvzrvzMW9dcbKZI/gD5/MHvkORXA==</latexit>

w(1)
1,2

<latexit sha1_base64="94K/4WUXlcb/JabfmqCJ0lfwAyA=">AAAB9XicbVBNS8NAEJ3Ur1q/qh69LBahgpSkCnosevFYwX5Am5bNdtMu3WzC7sZSQv6HFw+KePW/ePPfuG1z0NYHA4/3ZpiZ50WcKW3b31ZubX1jcyu/XdjZ3ds/KB4eNVUYS0IbJOShbHtYUc4EbWimOW1HkuLA47Tlje9mfuuJSsVC8ainEXUDPBTMZwRrI/Um/cS5QNW0l5Sd87RfLNkVew60SpyMlCBDvV/86g5CEgdUaMKxUh3HjrSbYKkZ4TQtdGNFI0zGeEg7hgocUOUm86tTdGaUAfJDaUpoNFd/TyQ4UGoaeKYzwHqklr2Z+J/XibV/4yZMRLGmgiwW+TFHOkSzCNCASUo0nxqCiWTmVkRGWGKiTVAFE4Kz/PIqaVYrzmXFfrgq1W6zOPJwAqdQBgeuoQb3UIcGEJDwDK/wZk2sF+vd+li05qxs5hj+wPr8Ab/OkV0=</latexit>

a(1)1
<latexit sha1_base64="51Rbp1GGPW28qr7Kl7NY0LPiq2o=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXsquCnosevFYwX5Iu5Zsmm1Dk+ySZIWy9Fd48aCIV3+ON/+N6XYP2vpg4PHeDDPzgpgzbVz32ymsrK6tbxQ3S1vbO7t75f2Dlo4SRWiTRDxSnQBrypmkTcMMp51YUSwCTtvB+Gbmt5+o0iyS92YSU1/goWQhI9hY6QH3vce06p1O++WKW3MzoGXi5aQCORr98ldvEJFEUGkIx1p3PTc2foqVYYTTaamXaBpjMsZD2rVUYkG1n2YHT9GJVQYojJQtaVCm/p5IsdB6IgLbKbAZ6UVvJv7ndRMTXvkpk3FiqCTzRWHCkYnQ7Hs0YIoSwyeWYKKYvRWREVaYGJtRyYbgLb68TFpnNe+85t5dVOrXeRxFOIJjqIIHl1CHW2hAEwgIeIZXeHOU8+K8Ox/z1oKTzxzCHzifP5zWj58=</latexit>

a(1)2
<latexit sha1_base64="UEIEXkJI4Qcu+777LfA5dwpJBR0=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXspuK+ix6MVjBfsh7VqyabYNTbJLkhXK0l/hxYMiXv053vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8c3Mbz9RpVkk780kpr7AQ8lCRrCx0gPuVx/Tsnc+7RdLbsWdA60SLyMlyNDoF796g4gkgkpDONa667mx8VOsDCOcTgu9RNMYkzEe0q6lEguq/XR+8BSdWWWAwkjZkgbN1d8TKRZaT0RgOwU2I73szcT/vG5iwis/ZTJODJVksShMODIRmn2PBkxRYvjEEkwUs7ciMsIKE2MzKtgQvOWXV0mrWvFqFffuolS/zuLIwwmcQhk8uIQ63EIDmkBAwDO8wpujnBfn3flYtOacbOYY/sD5/AGeYI+g</latexit>

a(1)3
<latexit sha1_base64="F0cJIqijoEg/scv4wVZxoymO2Dc=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXsquLeix6MVjBfsh7VqyabYNTbJLkhXK0l/hxYMiXv053vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8c3Mbz9RpVkk780kpr7AQ8lCRrCx0gPuVx/Tsnc+7RdLbsWdA60SLyMlyNDoF796g4gkgkpDONa667mx8VOsDCOcTgu9RNMYkzEe0q6lEguq/XR+8BSdWWWAwkjZkgbN1d8TKRZaT0RgOwU2I73szcT/vG5iwis/ZTJODJVksShMODIRmn2PBkxRYvjEEkwUs7ciMsIKE2MzKtgQvOWXV0nrouJVK+5drVS/zuLIwwmcQhk8uIQ63EIDmkBAwDO8wpujnBfn3flYtOacbOYY/sD5/AGf6o+h</latexit>

a(2)2
<latexit sha1_base64="Rx/RXsiT+s/v11w3kFUY/JZyKRU=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXspuK+ix6MVjBfsh7VqyabYNTbJLkhXK0l/hxYMiXv053vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8c3Mbz9RpVkk780kpr7AQ8lCRrCx0gPuVx/TcvV82i+W3Io7B1olXkZKkKHRL371BhFJBJWGcKx113Nj46dYGUY4nRZ6iaYxJmM8pF1LJRZU++n84Ck6s8oAhZGyJQ2aq78nUiy0nojAdgpsRnrZm4n/ed3EhFd+ymScGCrJYlGYcGQiNPseDZiixPCJJZgoZm9FZIQVJsZmVLAheMsvr5JWteLVKu7dRal+ncWRhxM4hTJ4cAl1uIUGNIGAgGd4hTdHOS/Ou/OxaM052cwx/IHz+QOf5o+h</latexit>

a(2)1
<latexit sha1_base64="vfx38n+ae04OFRd5luhElMypRJ0=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXspuK+ix6MVjBfsh7VqyabYNTbJLkhXK0l/hxYMiXv053vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8c3Mbz9RpVkk780kpr7AQ8lCRrCx0gPue49puXo+7RdLbsWdA60SLyMlyNDoF796g4gkgkpDONa667mx8VOsDCOcTgu9RNMYkzEe0q6lEguq/XR+8BSdWWWAwkjZkgbN1d8TKRZaT0RgOwU2I73szcT/vG5iwis/ZTJODJVksShMODIRmn2PBkxRYvjEEkwUs7ciMsIKE2MzKtgQvOWXV0mrWvFqFffuolS/zuLIwwmcQhk8uIQ63EIDmkBAwDO8wpujnBfn3flYtOacbOYY/sD5/AGeXI+g</latexit>

w(1)
1,3

<latexit sha1_base64="MjoriDaix6GZhq5KkAUBLNsPXo8=">AAAB9XicbVBNS8NAEJ3Ur1q/qh69LBahgpTECnosevFYwX5Am5bNdtMu3WzC7sZSQv6HFw+KePW/ePPfuG1z0NYHA4/3ZpiZ50WcKW3b31ZubX1jcyu/XdjZ3ds/KB4eNVUYS0IbJOShbHtYUc4EbWimOW1HkuLA47Tlje9mfuuJSsVC8ainEXUDPBTMZwRrI/Um/cS5QNW0l5Sd87RfLNkVew60SpyMlCBDvV/86g5CEgdUaMKxUh3HjrSbYKkZ4TQtdGNFI0zGeEg7hgocUOUm86tTdGaUAfJDaUpoNFd/TyQ4UGoaeKYzwHqklr2Z+J/XibV/4yZMRLGmgiwW+TFHOkSzCNCASUo0nxqCiWTmVkRGWGKiTVAFE4Kz/PIqaV5WnGrFfrgq1W6zOPJwAqdQBgeuoQb3UIcGEJDwDK/wZk2sF+vd+li05qxs5hj+wPr8AcFZkV4=</latexit>

w(2)
1,1

<latexit sha1_base64="UUz+fFdIMuJxCEAyuchQQrqM+Xo=">AAAB9XicbVBNS8NAEJ3Ur1q/qh69LBahgpSkCnosevFYwX5Am5bNdtMu3WzC7sZSQv6HFw+KePW/ePPfuG1z0NYHA4/3ZpiZ50WcKW3b31ZubX1jcyu/XdjZ3ds/KB4eNVUYS0IbJOShbHtYUc4EbWimOW1HkuLA47Tlje9mfuuJSsVC8ainEXUDPBTMZwRrI/Um/cS5QE7aS8rV87RfLNkVew60SpyMlCBDvV/86g5CEgdUaMKxUh3HjrSbYKkZ4TQtdGNFI0zGeEg7hgocUOUm86tTdGaUAfJDaUpoNFd/TyQ4UGoaeKYzwHqklr2Z+J/XibV/4yZMRLGmgiwW+TFHOkSzCNCASUo0nxqCiWTmVkRGWGKiTVAFE4Kz/PIqaVYrzmXFfrgq1W6zOPJwAqdQBgeuoQb3UIcGEJDwDK/wZk2sF+vd+li05qxs5hj+wPr8Ab/JkV0=</latexit>

w(2)
3,1

<latexit sha1_base64="cEzid11tbdqRtUGPTS00ftF0Nlk=">AAAB9XicbVBNS8NAEJ34WetX1aOXxSJUkJK0gh6LXjxWsB/QpmWz3bRLN5uwu7GUkP/hxYMiXv0v3vw3btsctPXBwOO9GWbmeRFnStv2t7W2vrG5tZ3bye/u7R8cFo6OmyqMJaENEvJQtj2sKGeCNjTTnLYjSXHgcdryxnczv/VEpWKheNTTiLoBHgrmM4K1kXqTflK9RE7aS0qVi7RfKNplew60SpyMFCFDvV/46g5CEgdUaMKxUh3HjrSbYKkZ4TTNd2NFI0zGeEg7hgocUOUm86tTdG6UAfJDaUpoNFd/TyQ4UGoaeKYzwHqklr2Z+J/XibV/4yZMRLGmgiwW+TFHOkSzCNCASUo0nxqCiWTmVkRGWGKiTVB5E4Kz/PIqaVbKTrVsP1wVa7dZHDk4hTMogQPXUIN7qEMDCEh4hld4sybWi/VufSxa16xs5gT+wPr8AcLlkV8=</latexit>

@l

@w(1)
1,1

=
@l

@o
· @o

@a(2)1

· @a
(2)
1

@a(1)1

· @a
(1)
1

@w(1)
1,1

+
@l

@o
· @o

@a(2)2

· @a
(2)
2

@a(1)1

· @a
(1)
1

@w(1)
1,1

<latexit sha1_base64="duY3mtbRiHW1HhXeSoGG3GDEm3E="></latexit>

y
<latexit sha1_base64="cs1Q9fet/6GNtc+Tzw/y6WCTX8Y=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8cW7Ae0oWy2k3btZhN2N0Io/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHssHkyXoR3QoecgZNVZqZP1yxa26c5BV4uWkAjnq/fJXbxCzNEJpmKBadz03Mf6EKsOZwGmpl2pMKBvTIXYtlTRC7U/mh07JmVUGJIyVLWnIXP09MaGR1lkU2M6ImpFe9mbif143NeGNP+EySQ1KtlgUpoKYmMy+JgOukBmRWUKZ4vZWwkZUUWZsNiUbgrf88ippXVS9y6rbuKrUbvM4inACp3AOHlxDDe6hDk1ggPAMr/DmPDovzrvzsWgtOPnMMfyB8/kD6GeM/w==</latexit>

l
<latexit sha1_base64="E5Kc1ZKr520j8ga7QDzfGA0mefk=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8cW7Ae0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHssHM0nQj+hQ8pAzaqzUEP1yxa26c5BV4uWkAjnq/fJXbxCzNEJpmKBadz03MX5GleFM4LTUSzUmlI3pELuWShqh9rP5oVNyZpUBCWNlSxoyV39PZDTSehIFtjOiZqSXvZn4n9dNTXjjZ1wmqUHJFovCVBATk9nXZMAVMiMmllCmuL2VsBFVlBmbTcmG4C2/vEpaF1Xvsuo2riq12zyOIpzAKZyDB9dQg3uoQxMYIDzDK7w5j86L8+58LFoLTj5zDH/gfP4A1LOM8g==</latexit>

L(y, o) = l
<latexit sha1_base64="xkDVhV2R7yGjiI8Bkoa6EodHAlw=">AAAB/nicbVDLSsNAFL2pr1pfUXHlZrAIFaQkKuhGKLpx4aKCfUAbymQ6aYdOJmFmIpRQ8FfcuFDErd/hzr9x0mah1QMDh3Pu5Z45fsyZ0o7zZRUWFpeWV4qrpbX1jc0te3unqaJEEtogEY9k28eKciZoQzPNaTuWFIc+py1/dJ35rQcqFYvEvR7H1AvxQLCAEayN1LP3uiHWQ4J5ejupjI9RdIQuEe/ZZafqTIH+EjcnZchR79mf3X5EkpAKTThWquM6sfZSLDUjnE5K3UTRGJMRHtCOoQKHVHnpNP4EHRqlj4JImic0mqo/N1IcKjUOfTOZhVXzXib+53USHVx4KRNxoqkgs0NBwpGOUNYF6jNJieZjQzCRzGRFZIglJto0VjIluPNf/kuaJ1X3tOrcnZVrV3kdRdiHA6iAC+dQgxuoQwMIpPAEL/BqPVrP1pv1PhstWPnOLvyC9fENUuuUZw==</latexit>
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PyTorch Usage: Step 1 (Definition)

class MultilayerPerceptron(torch.nn.Module):

    def __init__(self, num_features, num_classes):
        super(MultilayerPerceptron, self).__init__()
        
        ### 1st hidden layer
        self.linear_1 = torch.nn.Linear(num_feat, num_h1)
        
        ### 2nd hidden layer
        self.linear_2 = torch.nn.Linear(num_h1, num_h2)
        
        ### Output layer
        self.linear_out = torch.nn.Linear(num_h2, num_classes)
        
    def forward(self, x):
        out = self.linear_1(x)
        out = F.relu(out)
        out = self.linear_2(out)
        out = F.relu(out)
        logits = self.linear_out(out)
        probas = F.log_softmax(logits, dim=1)
        return logits, probas

Backward will be inferred automatically 
if we use the nn.Module class!

Define model parameters that 
will be instantiated when 
created an object of this class

Define how and it what order 
the model parameters should 
be used in the forward pass
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PyTorch Usage: Step 2 (Creation)

torch.manual_seed(random_seed)
model = MultilayerPerceptron(num_features=num_features,
                             num_classes=num_classes)

model = model.to(device)

optimizer = torch.optim.SGD(model.parameters(),
                            lr=learning_rate)  

Instantiate model  
(creates the model parameters)

Define an optimization method
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Optionally move model to GPU, where 
device e.g. torch.device('cuda:0') 

PyTorch Usage: Step 2 (Creation)

torch.manual_seed(random_seed)
model = MultilayerPerceptron(num_features=num_features,
                             num_classes=num_classes)

model = model.to(device)

optimizer = torch.optim.SGD(model.parameters(),
                            lr=learning_rate)  
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for epoch in range(num_epochs):
    model.train()
    for batch_idx, (features, targets) in enumerate(train_loader):
        
        features = features.view(-1, 28*28).to(device)
        targets = targets.to(device)
            
        ### FORWARD AND BACK PROP
        logits, probas = model(features)
        cost = F.cross_entropy(probas, targets)
        optimizer.zero_grad()
        
        cost.backward()
        
        ### UPDATE MODEL PARAMETERS
        optimizer.step()

    model.eval()
    with torch.no_grad():
        # compute accuracy

PyTorch Usage: Step 3 (Training)
Run for a specified number of epochs

Iterate over minibatches 
in epoch

If your model is on the 
GPU, data should also be 
on the GPU
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for epoch in range(num_epochs):
    model.train()
    for batch_idx, (features, targets) in enumerate(train_loader):
        
        features = features.view(-1, 28*28).to(device)
        targets = targets.to(device)
            
        ### FORWARD AND BACK PROP
        logits, probas = model(features)
        loss = F.cross_entropy(logits, targets)
        optimizer.zero_grad()
        
        loss.backward()
        
        ### UPDATE MODEL PARAMETERS
        optimizer.step()

    model.eval()
    with torch.no_grad():
        # compute accuracy

PyTorch Usage: Step 3 (Training)

This will run the forward() method
Define a loss function to optimize

Set the gradient to zero  
(could be non-zero from a previous forward pass)

Compute the gradients, the backward is automatically 
constructed by "autograd" based on the forward() 
method and the loss function

Use the gradients to update the weights according to 
the optimization method (defined on the previous slide) 
E.g., for SGD, w := w + learning_rate × gradient
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for epoch in range(num_epochs):
    model.train()
    for batch_idx, (features, targets) in enumerate(train_loader):
        
        features = features.view(-1, 28*28).to(device)
        targets = targets.to(device)
            
        ### FORWARD AND BACK PROP
        logits, probas = model(features)
        loss = F.cross_entropy(logits, targets)
        optimizer.zero_grad()
        
        loss.backward()
        
        ### UPDATE MODEL PARAMETERS
        optimizer.step()

    model.eval()
    with torch.no_grad():
        # compute accuracy

PyTorch Usage: Step 3 (Training)

For evaluation, set the model to eval mode (will be 
relevant later when we use DropOut or BatchNorm)

This prevents the computation graph for 
backpropagation from automatically being build in the 
background to save memory
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for epoch in range(num_epochs):
    model.train()
    for batch_idx, (features, targets) in enumerate(train_loader):
        
        features = features.view(-1, 28*28).to(device)
        targets = targets.to(device)
            
        ### FORWARD AND BACK PROP
        logits, probas = model(features)
        loss = F.cross_entropy(logits, targets)
        optimizer.zero_grad()
        
        loss.backward()
        
        ### UPDATE MODEL PARAMETERS
        optimizer.step()

    model.eval()
    with torch.no_grad():
        # compute accuracy

PyTorch Usage: Step 3 (Training)

https://github.com/rasbt/stat479-deep-learning-ss19/blob/
master/other/pytorch-lossfunc-cheatsheet.md

logits because of computational efficiency.  
Basically, it internally uses a log_softmax(logits) function 
that is more stable than log(softmax(logits)). 
More on logits ("net inputs" of the last layer) in the 
next lecture. Please also see

https://github.com/rasbt/stat479-deep-learning-ss19/blob/master/other/pytorch-lossfunc-cheatsheet.md
https://github.com/rasbt/stat479-deep-learning-ss19/blob/master/other/pytorch-lossfunc-cheatsheet.md
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https://github.com/rasbt/stat479-deep-learning-ss19/blob/master/L06_pytorch/code/
adaline-with-autograd.ipynb

PyTorch ADALINE (neuron model) Example

https://github.com/rasbt/stat479-deep-learning-ss19/blob/master/L06_pytorch/code/adaline-with-autograd.ipynb
https://github.com/rasbt/stat479-deep-learning-ss19/blob/master/L06_pytorch/code/adaline-with-autograd.ipynb
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Objected-Oriented vs Functional* API

import torch.nn.functional as F

class MultilayerPerceptron(torch.nn.Module):

    def __init__(self, num_features, num_classes):
        super(MultilayerPerceptron, self).__init__()
        
        ### 1st hidden layer
        self.linear_1 = torch.nn.Linear(num_features,
                                        num_hidden_1)
        
        ### 2nd hidden layer
        self.linear_2 = torch.nn.Linear(num_hidden_1,
                                        num_hidden_2)
        
        ### Output layer
        self.linear_out = torch.nn.Linear(num_hidden_2,
                                          num_classes)
        
    def forward(self, x):
        out = self.linear_1(x)
        out = F.relu(out)
        out = self.linear_2(out)
        out = F.relu(out)
        logits = self.linear_out(out)
        probas = F.log_softmax(logits, dim=1)
        return logits, probas

*Note that with "functional" I mean "functional programming" (one paradigm in CS)

class MultilayerPerceptron(torch.nn.Module):

    def __init__(self, num_features, num_classes):
        super(MultilayerPerceptron, self).__init__()
        
        ### 1st hidden layer
        self.linear_1 = torch.nn.Linear(num_features,
                                        num_hidden_1)
        
        self.relu1 = torch.nn.ReLU()
        
        ### 2nd hidden layer
        self.linear_2 = torch.nn.Linear(num_hidden_1,
                                        num_hidden_2)
        
        self.relu2 = torch.nn.ReLU()
        
        ### Output layer
        self.linear_out = torch.nn.Linear(num_hidden_2,
                                          num_classes)
        
        self.softmax = torch.nn.Softmax()
        
        
    def forward(self, x):
        out = self.linear_1(x)
        out = self.relu1(out)
        out = self.linear_2(out)
        out = self.relu2(out)
        logits = self.linear_out(out)
        probas = self.softmax(logits, dim=1)
        return logits, probas

Unnecessary because these functions don't 
need to store a state but maybe helpful for 
keeping track of order of ops (when 
implementing "forward")
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Objected-Oriented vs Functional API

class MultilayerPerceptron(torch.nn.Module):

    def __init__(self, num_features, num_classes):
        super(MultilayerPerceptron, self).__init__()
        
        self.my_network = torch.nn.Sequential(
            torch.nn.Linear(num_features, num_hidden_1),
            torch.nn.ReLU(),
            torch.nn.Linear(num_hidden_1, num_hidden_2),
            torch.nn.ReLU(),
            torch.nn.Linear(num_hidden_2, num_classes)
        )
           
    def forward(self, x):
        logits = self.my_network(x)
        probas = F.softmax(logits, dim=1)
        return logits, probas

import torch.nn.functional as F

class MultilayerPerceptron(torch.nn.Module):

    def __init__(self, num_features, num_classes):
        super(MultilayerPerceptron, self).__init__()
        
        ### 1st hidden layer
        self.linear_1 = torch.nn.Linear(num_features,
                                        num_hidden_1)
        
        ### 2nd hidden layer
        self.linear_2 = torch.nn.Linear(num_hidden_1,
                                        num_hidden_2)
        
        ### Output layer
        self.linear_out = torch.nn.Linear(num_hidden_2,
                                          num_classes)
        
    def forward(self, x):
        out = self.linear_1(x)
        out = F.relu(out)
        out = self.linear_2(out)
        out = F.relu(out)
        logits = self.linear_out(out)
        probas = F.log_softmax(logits, dim=1)
        return logits, probas

Much more compact and clear, but "forward" 
may be harder to debug if there are errors (we 
cannot simply add breakpoints or insert 
"print" statements

Using "Sequential"
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Objected-Oriented vs Functional API

class MultilayerPerceptron(torch.nn.Module):

    def __init__(self, num_features, num_classes):
        super(MultilayerPerceptron, self).__init__()
        
        self.my_network = torch.nn.Sequential(
            torch.nn.Linear(num_features, num_hidden_1),
            torch.nn.ReLU(),
            torch.nn.Linear(num_hidden_1, num_hidden_2),
            torch.nn.ReLU(),
            torch.nn.Linear(num_hidden_2, num_classes)
        )
           
    def forward(self, x):
        logits = self.my_network(x)
        probas = F.softmax(logits, dim=1)
        return logits, probas

Much more compact and clear, but "forward" 
may be harder to debug if there are errors (we 
cannot simply add breakpoints or insert 
"print" statements

Using "Sequential"

However, if you use Sequential, you can define 
"hooks" to get intermediate outputs. 
For example:

1) 2)



Sebastian Raschka           STAT 479: Deep Learning            SS 2019 !42

More PyTorch features will be introduced step-by-step 
later in this course when we start working with more 

complex networks, including

• Running code on the GPU 
• Using efficient data loaders 
• Splitting networks across different GPUs
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Reading Assignments

• What is PyTorch 
https://pytorch.org/tutorials/beginner/blitz/tensor_tutorial.html#sphx-glr-beginner-blitz-tensor-tutorial-py 

• Autograd: Automatic Differentiation 
https://pytorch.org/tutorials/beginner/blitz/autograd_tutorial.html#sphx-glr-beginner-blitz-autograd-tutorial-py

https://pytorch.org/tutorials/beginner/blitz/tensor_tutorial.html#sphx-glr-beginner-blitz-tensor-tutorial-py
https://pytorch.org/tutorials/beginner/blitz/autograd_tutorial.html#sphx-glr-beginner-blitz-autograd-tutorial-py

