
CS 4803 / 7643: Deep Learning

Dhruv Batra 
Georgia Tech

Topics: 
– Automatic Differentiation

– Patterns in backprop
– Jacobians in FC+ReLU NNs



Administrativia
• HW1 Reminder

– Due: 09/26, 11:55pm

• Project Teams Google Doc
– https://docs.google.com/spreadsheets/d/1ouD6ctaemV_3nb

2MQHs7rUOAaW9DFLu8I5Zd3yOFs7E/edit?usp=sharing
– Project Title
– 1-3 sentence project summary TL;DR
– Team member names
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https://docs.google.com/spreadsheets/d/1ouD6ctaemV_3nb2MQHs7rUOAaW9DFLu8I5Zd3yOFs7E/edit?usp=sharing


Recap from last time
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Deep Learning = Differentiable Programming

• Computation = Graph
– Input = Data + Parameters
– Output = Loss
– Scheduling = Topological ordering

• Auto-Diff
– A family of algorithms for

implementing chain-rule on computation graphs
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Forward mode AD
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g

Reverse mode AD



Example: Forward mode AD
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f(x1, x2) = x1x2 + sin(x1)

+

sin( )

x1 x2

*



(C) Dhruv Batra 8

+

sin( )

x1 x2

*

ẋ1 ẋ1

ẇ1 = cos(x1)ẋ1

ẋ2

ẇ2 = ẋ1x2 + x1ẋ2

ẇ3 = ẇ1 + ẇ2

Example: Forward mode AD
f(x1, x2) = x1x2 + sin(x1)
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Example: Reverse mode AD
f(x1, x2) = x1x2 + sin(x1)

+

sin( )

x1 x2

*

w̄3 = 1

w̄1 = w̄3 w̄2 = w̄3

x̄1 = w̄1 cos(x1) x̄1 = w̄2x2 x̄2 = w̄2x1



Forward mode vs Reverse Mode
• x à Graph à L
• Intuition of Jacobian
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Forward mode vs Reverse Mode
• What are the differences? 

• Which one is faster to compute? 
– Forward or backward?

• Which one is more memory efficient (less storage)? 
– Forward or backward?
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Any DAG of differentiable modules is 
allowed!

Slide Credit: Marc'Aurelio Ranzato(C) Dhruv Batra 12

Computational Graph



Key Computation: Forward-Prop
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Key Computation: Back-Prop
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Neural Network Training
• Step 1: Compute Loss on mini-batch [F-Pass]
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Neural Network Training
• Step 1: Compute Loss on mini-batch [F-Pass]
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Neural Network Training
• Step 1: Compute Loss on mini-batch [F-Pass]
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Neural Network Training
• Step 1: Compute Loss on mini-batch [F-Pass]
• Step 2: Compute gradients wrt parameters [B-Pass]
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Neural Network Training
• Step 1: Compute Loss on mini-batch [F-Pass]
• Step 2: Compute gradients wrt parameters [B-Pass]
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Neural Network Training
• Step 1: Compute Loss on mini-batch [F-Pass]
• Step 2: Compute gradients wrt parameters [B-Pass]
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Neural Network Training
• Step 1: Compute Loss on mini-batch [F-Pass]
• Step 2: Compute gradients wrt parameters [B-Pass]
• Step 3: Use gradient to update parameters
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Plan for Today
• Automatic Differentiation

– Patterns in backprop
– Jacobians in FC+ReLU NNs
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h(1)
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h(2)
<latexit sha1_base64="A6NnVtK4M6C46OBmM1c6b9txoLE=">AAAB+XicbVDLSsNAFL3xWesr6tLNYBHqpiRV0JUU3LisYB/QxjKZTtqhk0mYmRRKyJ+4caGIW//EnX/jpM1CWw8MHM65l3vm+DFnSjvOt7W2vrG5tV3aKe/u7R8c2kfHbRUlktAWiXgkuz5WlDNBW5ppTruxpDj0Oe34k7vc70ypVCwSj3oWUy/EI8ECRrA20sC2+yHWYz9Ix9lTWq1fZAO74tScOdAqcQtSgQLNgf3VH0YkCanQhGOleq4Tay/FUjPCaVbuJ4rGmEzwiPYMFTikykvnyTN0bpQhCiJpntBorv7eSHGo1Cz0zWSeUy17ufif10t0cOOlTMSJpoIsDgUJRzpCeQ1oyCQlms8MwUQykxWRMZaYaFNW2ZTgLn95lbTrNfeyVn+4qjRuizpKcApnUAUXrqEB99CEFhCYwjO8wpuVWi/Wu/WxGF2zip0T+APr8wclw5NS</latexit> h(L�1)

<latexit sha1_base64="NSTsCTJWwXsBK9ZA4CKGcfxzHoE=">AAAB+3icbVDLSsNAFL2pr1pfsS7dDBahLixJFXQlBTcuXFSwD2hjmUwn7dDJg5mJWEJ+xY0LRdz6I+78GydtFtp6YOBwzr3cM8eNOJPKsr6Nwsrq2vpGcbO0tb2zu2ful9syjAWhLRLyUHRdLClnAW0ppjjtRoJi3+W0406uM7/zSIVkYXCvphF1fDwKmMcIVloamOW+j9XY9ZJx+pBUb0/tk3RgVqyaNQNaJnZOKpCjOTC/+sOQxD4NFOFYyp5tRcpJsFCMcJqW+rGkESYTPKI9TQPsU+kks+wpOtbKEHmh0C9QaKb+3kiwL+XUd/VkllQuepn4n9eLlXfpJCyIYkUDMj/kxRypEGVFoCETlCg+1QQTwXRWRMZYYKJ0XSVdgr345WXSrtfss1r97rzSuMrrKMIhHEEVbLiABtxAE1pA4Ame4RXejNR4Md6Nj/lowch3DuAPjM8fMgmT3g==</latexit>

L
<latexit sha1_base64="M2ShsOFdjoAUiEH6rpIm297ihbI=">AAAB/nicbVDLSsNAFL2prxpfUXHlZrAU6sKSVEGXBTcuuqhgH9DGMplO2qGTBzMToYSCv+LGhSJu/Q53/o2TNgutHhg4nHMv98zxYs6ksu0vo7Cyura+Udw0t7Z3dves/YO2jBJBaItEPBJdD0vKWUhbiilOu7GgOPA47XiT68zvPFAhWRTeqWlM3QCPQuYzgpWWBtZRuR9gNfb8dDy7TyuNM+d0ZjYGVsmu2nOgv8TJSQlyNAfWZ38YkSSgoSIcS9lz7Fi5KRaKEU5nZj+RNMZkgke0p2mIAyrddB5/hspaGSI/EvqFCs3VnxspDqScBp6ezLLKZS8T//N6ifKv3JSFcaJoSBaH/IQjFaGsCzRkghLFp5pgIpjOisgYC0yUbszUJTjLX/5L2rWqc16t3V6U6vW8jiIcwwlUwIFLqMMNNKEFBFJ4ghd4NR6NZ+PNeF+MFox85xB+wfj4Bmx/lHk=</latexit>

Neural Network Computation Graph
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L
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h(1)
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h(2)
<latexit sha1_base64="eCJFkvvfPGXZPgeZ/asWPT8rhPo=">AAACCHicbZDLSsNAFIYn9VbjLerShYOlUDcliYIuC25cuKhgL9DGMplO2qGTSZiZiCV06cZXceNCEbc+gjvfxkkbQVt/GPj4zznMOb8fMyqVbX8ZhaXlldW14rq5sbm1vWPt7jVllAhMGjhikWj7SBJGOWkoqhhpx4Kg0Gek5Y8usnrrjghJI36jxjHxQjTgNKAYKW31rMNuiNTQD9Lh5DatuMcTs/zj3Gu+6lklu2pPBRfByaEEctV71me3H+EkJFxhhqTsOHasvBQJRTEjE7ObSBIjPEID0tHIUUikl04PmcCydvowiIR+XMGp+3siRaGU49DXndmScr6Wmf/VOokKzr2U8jhRhOPZR0HCoIpglgrsU0GwYmMNCAuqd4V4iATCSmdn6hCc+ZMXoelWnZOqe31aqrl5HEVwAI5ABTjgDNTAJaiDBsDgATyBF/BqPBrPxpvxPmstGPnMPvgj4+MbPBqYxA==</latexit>

dh(2)
<latexit sha1_base64="O5qgE3nS62TFNi10nCfUOmnZKK8=">AAACG3icdVDLSgMxFM3UVx1foy7dBEuhbspkFNvuCm5cuKhgH9DWkkkzbWjmQZIRy9D/cOOvuHGhiCvBhX9jpq2iRQ8EDuecS+49bsSZVLb9YWSWlldW17Lr5sbm1vaOtbvXkGEsCK2TkIei5WJJOQtoXTHFaSsSFPsup013dJb6zRsqJAuDKzWOaNfHg4B5jGClpZ7l5Ds+VkPXS4aT66TgHE3Mb+VW8wuzvxjoWTm7aNs2QgimBJVObU0qlbKDyhCllkYOzFHrWW+dfkhinwaKcCxlG9mR6iZYKEY4nZidWNIIkxEe0LamAfap7CbT2yYwr5U+9EKhX6DgVP05kWBfyrHv6mS6p1z0UvEvrx0rr9xNWBDFigZk9pEXc6hCmBYF+0xQovhYE0wE07tCMsQCE6XrNHUJX5fC/0nDKaLjonN5kqs68zqy4AAcggJAoASq4BzUQB0QcAcewBN4Nu6NR+PFeJ1FM8Z8Zh/8gvH+CVMYoFI=</latexit>

dh(L�1)
<latexit sha1_base64="HHh9d50bOH0ugsauNLu6hf7osE0="></latexit>

dh(1)
<latexit sha1_base64="6Do+gfrdWDEgjM4i+mwhjRjVAGc="></latexit>

dx
<latexit sha1_base64="Uz54LIXMyFsghNtVi0QZhnz9o/I="></latexit>

dL
<latexit sha1_base64="1UNGQFgVR5WNWpCpj41VaugOraM="></latexit>

Backprop
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Graph (or Net) object  (rough psuedo code)

Modularized implementation: forward / backward API

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



26

(x,y,z are scalars)

x

y

z
*

Modularized implementation: forward / backward API

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n
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(x,y,z are scalars)

x

y

z
*

Modularized implementation: forward / backward API

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



28

Example: Caffe layers

Caffe is licensed under BSD 2-Clause

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n

https://github.com/BVLC/caffe
https://github.com/BVLC/caffe/blob/master/LICENSE
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* top_diff  (chain rule)

Caffe is licensed under BSD 2-Clause

Caffe Sigmoid Layer

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n

https://github.com/BVLC/caffe
https://github.com/BVLC/caffe/blob/master/LICENSE


Plan for Today
• Automatic Differentiation

– Patterns in backprop
– Jacobians in FC+ReLU NNs
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Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n

Backpropagation: a simple example



Backpropagation: a simple example

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Patterns in backward flow

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Patterns in backward flow

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n

Q: What is an add gate?



Patterns in backward flow

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n

add gate: gradient distributor



add gate: gradient distributor
Q: What is a max gate?

Patterns in backward flow

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



add gate: gradient distributor
max gate: gradient router

Patterns in backward flow

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



add gate: gradient distributor
max gate: gradient router
Q: What is a mul gate? 

Patterns in backward flow

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



add gate: gradient distributor
max gate: gradient router
mul gate: gradient switcher

Patterns in backward flow

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



+

Gradients add at branches

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Duality in Fprop and Bprop
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+

+

FPROP BPROP

SU
M

CO
PY



Plan for Today
• Automatic Differentiation

– Patterns in backprop
– Jacobians in FC+ReLU NNs
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h(1)
<latexit sha1_base64="DcQ1fc4We0L+efpq6gMePkAIpuU=">AAACCHicbZDLSsNAFIYn9VbjLerShYOlUDclqYIuC25cuKhgL9DGMplO2qGTSZiZiCVk6cZXceNCEbc+gjvfxkkbQVt/GPj4zznMOb8XMSqVbX8ZhaXlldW14rq5sbm1vWPt7rVkGAtMmjhkoeh4SBJGOWkqqhjpRIKgwGOk7Y0vsnr7jghJQ36jJhFxAzTk1KcYKW31rcNegNTI85NReptUnOPULP8495qv+lbJrtpTwUVwciiBXI2+9dkbhDgOCFeYISm7jh0pN0FCUcxIavZiSSKEx2hIuho5Coh0k+khKSxrZwD9UOjHFZy6vycSFEg5CTzdmS0p52uZ+V+tGyv/3E0oj2JFOJ595McMqhBmqcABFQQrNtGAsKB6V4hHSCCsdHamDsGZP3kRWrWqc1KtXZ+W6rU8jiI4AEegAhxwBurgEjRAE2DwAJ7AC3g1Ho1n4814n7UWjHxmH/yR8fENOoWYww==</latexit>

h(2)
<latexit sha1_base64="eCJFkvvfPGXZPgeZ/asWPT8rhPo=">AAACCHicbZDLSsNAFIYn9VbjLerShYOlUDcliYIuC25cuKhgL9DGMplO2qGTSZiZiCV06cZXceNCEbc+gjvfxkkbQVt/GPj4zznMOb8fMyqVbX8ZhaXlldW14rq5sbm1vWPt7jVllAhMGjhikWj7SBJGOWkoqhhpx4Kg0Gek5Y8usnrrjghJI36jxjHxQjTgNKAYKW31rMNuiNTQD9Lh5DatuMcTs/zj3Gu+6lklu2pPBRfByaEEctV71me3H+EkJFxhhqTsOHasvBQJRTEjE7ObSBIjPEID0tHIUUikl04PmcCydvowiIR+XMGp+3siRaGU49DXndmScr6Wmf/VOokKzr2U8jhRhOPZR0HCoIpglgrsU0GwYmMNCAuqd4V4iATCSmdn6hCc+ZMXoelWnZOqe31aqrl5HEVwAI5ABTjgDNTAJaiDBsDgATyBF/BqPBrPxpvxPmstGPnMPvgj4+MbPBqYxA==</latexit>

dh(2)
<latexit sha1_base64="O5qgE3nS62TFNi10nCfUOmnZKK8=">AAACG3icdVDLSgMxFM3UVx1foy7dBEuhbspkFNvuCm5cuKhgH9DWkkkzbWjmQZIRy9D/cOOvuHGhiCvBhX9jpq2iRQ8EDuecS+49bsSZVLb9YWSWlldW17Lr5sbm1vaOtbvXkGEsCK2TkIei5WJJOQtoXTHFaSsSFPsup013dJb6zRsqJAuDKzWOaNfHg4B5jGClpZ7l5Ds+VkPXS4aT66TgHE3Mb+VW8wuzvxjoWTm7aNs2QgimBJVObU0qlbKDyhCllkYOzFHrWW+dfkhinwaKcCxlG9mR6iZYKEY4nZidWNIIkxEe0LamAfap7CbT2yYwr5U+9EKhX6DgVP05kWBfyrHv6mS6p1z0UvEvrx0rr9xNWBDFigZk9pEXc6hCmBYF+0xQovhYE0wE07tCMsQCE6XrNHUJX5fC/0nDKaLjonN5kqs68zqy4AAcggJAoASq4BzUQB0QcAcewBN4Nu6NR+PFeJ1FM8Z8Zh/8gvH+CVMYoFI=</latexit>

dh(L�1)
<latexit sha1_base64="HHh9d50bOH0ugsauNLu6hf7osE0="></latexit>

dh(1)
<latexit sha1_base64="6Do+gfrdWDEgjM4i+mwhjRjVAGc="></latexit>

dx
<latexit sha1_base64="Uz54LIXMyFsghNtVi0QZhnz9o/I="></latexit>

dL
<latexit sha1_base64="1UNGQFgVR5WNWpCpj41VaugOraM="></latexit>

Backprop



g(x) = max(0,x)
(elementwise)

4096-d 
input vector

4096-d 
output vector

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n

Jacobian of ReLU
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g(x) = max(0,x)
(elementwise)

4096-d 
input vector

4096-d 
output vector

Q: what is the 
size of the 
Jacobian matrix?

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n

Jacobian of ReLU
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g(x) = max(0,x)
(elementwise)

4096-d 
input vector

4096-d 
output vector

Q: what is the 
size of the 
Jacobian matrix?
[4096 x 4096!]

Jacobian of ReLU

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Q: what is the 
size of the 
Jacobian matrix?
[4096 x 4096!]

Q2: what does it 
look like?

g(x) = max(0,x)
(elementwise)

4096-d 
input vector

4096-d 
output vector

Jacobian of ReLU

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n
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