CS 4803 / 7643: Deep Learning

Topics:
— (Finish) Computational Graphs
— Notation + example
— (Finish) Computing Gradients
— Forward mode vs Reverse mode AD
— Patterns in backprop
— Backprop in FC+ReLU NNs

Dhruv Batra
Georgia Tech
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Administrativia

« HW1 Reminder

— Due: 10/02, 11:55pm
* https://www.cc.gatech.edu/classes/AY2019/cs7643 fall/assets/hw1.pdf
* https://www.cc.gatech.edu/classes/AY2019/cs7643 fall/lhw1-q6/
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https://www.cc.gatech.edu/classes/AY2019/cs7643_fall/assets/hw1.pdf
https://www.cc.gatech.edu/classes/AY2019/cs7643_fall/hw1-q6/

Recap from last time
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Strategy: Follow the slope

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



Y@radiem@

_ {QGJ\C/

while
(buelghts grad = evaluate gradient(loss fun, data, welghts)
weights += - step size * weights grad # perform parametér update

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n
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,S_tichastiq Gradient Descent (SGD)

Full sum expensive
when N is large!

Approximate sum
using a minibatch of

O e —

examples
32 /64 /128 common

while
data batch = sample training data(data, 256)
_batct _tralning datc

‘weights grad = evaluate gradient(loss fun, data batch, weights)
— — T
weights += - step size * weights grad 3 : t

— (

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n
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How do we compute gradients?

* Analytic or “Manual” Differentiation

m——

* Symbolic Differentiation

\_——__—/

. @umerical Differentiation

—

 Automatic Differentiation
— Forward mode AD

— Reverse mode AD
» aka “backprop”
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ll =T
ln+l - 41,-,(1 - lﬂ)

Manual
f(z) = lg = 64x(1 —)(1 —2r)%(1 — 8r + 8x?%)2 Differentiation
A — e S g
Coding
A4
f(x):
V=X
fori=1to3
v=4v(1l-v)
v
or, in closed-form, . Symbglic_
Differentiation

f(x):
64x (1-x) (1-2x)72 (1-8x+8x"2)"2

Automatic
Differentiation

£l (x):
(v,v?’) = (x,1)
fori=1to3
(v,v?) = (4v(1-v), 4v’-8vv’)
(v,v?)

£ (xg) f,':l'[l )

Exact

of the Closed-form

Numerical
Differentiation

f'(z) = 128z(1 — z)(—8 + 16x)(1 — 2)*(1 —
8r+82%)+64(1 —x)(1 - 2z)*(1 —8r +82x%)% -

64x(1 —27)%(1 — 8z + 8x%)% — 256x(1 — z)(1 —
27)(1 — 8z + 8x2%)?

Coding

f7(x):
128x(1-x)(-8+16x)(1 -2
x)"2(1-8x+8x"2)+64 (4
-x)(1-2x)"2(1-8x+8
x"2)"2-64x(1-2x)"2(1-8
x+8x"2)"2-256x(1 -x)(1 -
2x)(1-8x+8x"2)"2

f’(xp) f'(zo)
Exact
f7(x):
h = 0.000001
(f(x+h)-f(x))/h
£ (xp) = f'(xp)

Approximate




How do we compute gradients?

Analytic or “Manual” Differentiation

Symbolic Differentiation

Numerical Differentiation

Automatic Differentiation
— Forward mode AD

— Reverse mode AD
» aka “backprop”
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current W: gradient dW:
[0.34, [?,

-1.11, ?,

0.78, ?,

0.12, ?,

0.55, ?,

2.81, ?,

-3.1, ?,

-1.5, ?,

0.33,...] ?,...

loss 1.25347

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



current W: W + h (first dim): gradient dW:
[0.34, [0.34 + 0.0001, [?,
-1.11, 111, ?,
0.78, 0.78, ?,
0.12, 0.12, ?,
0.55, 0.55, ?,
2.81, 2.81, ?,
-3.1, -3.1, ?,
-1.5, -1.5, ?,
0.33,...] 0.33,...] ?,...]
loss 1.25347 | loss 1;25\1522

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



current W:

[0.34,

-1.11,

0.78,

0.12,

0.55,

2.81,

-3.1,

-1.5,

0.33,...]

loss 1.25347

W + h (first dim):

[0.34 + 0.0001,
-1.11,

0.78,

0.12,

0.55,

2.81,

-3.1,

-1.5,

0.33,...]

loss 1.25322

gradient dW:

[-2.5,

N

(1.25322 - 1.25347)/0.0001
=-2.5

af(z) _ . f@+h) - f(@)

dx h —0 \L
?,
?2,..]

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




current W:

[0.34,

-1.11,

0.78,

0.12,

0.55,

2.81,

-3.1,

-1.5,

0.33,...]

loss 1.25347

W + h (second dim):

[0.34,

-1.11 + 0.0001,
0.78,

0.12,

0.55,

2.81,

-3.1,

-1.5,

0.33,...]

loss 1.25353

gradient dW:
[-2.5,

?,

?,

?,

?,

?,

?,

?,

?,...]

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



current W:

[0.34,

-1.11,

0.78,

0.12,

0.55,

2.81,

-3.1,

-1.5,

0.33,...]

loss 1.25347

W + h (second dim):

[0.34,

-1.11 + 0.0001,
0.78,

0.12,

0.55,

2.81,

-3.1,

-1.5,

0.33,...]

loss 1.25353

gradient dW:

[-2.5,

0.6,
2\
o

(1.25353 - 1.25347)/0.0001
=0.6

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



current W:

[0.34,

-1.11,

0.78,

0.12,

0.55,

2.81,

-3.1,

-1.5,

0.33,...]

loss 1.25347

W + h (third dim):

[0.34,

-1.11,

0.78 + 0.0001,
0.12,

0.55,

2.81,

-3.1,

-1.5,

0.33,...]

loss 1.25347

gradient dW:

o N
o

D N D ) NI Y VO

~u
[]
| S |

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



current W:

[0.34,

-1.11,

0.78,

0.12,

0.55,

2.81,

-3.1,

-1.5,

0.33,...]

loss 1.25347

W + h (third dim):

[0.34,

-1.11,

0.78 + 0.0001,
0.12,

0.55,

2.81,

-3.1,

-1.5,

0.33,...]

loss 1.25347

gradient dW:

-2.5,
0.6,
0,

N

(1.25347 - 1.25347)/0.0001
=0

i
dz h —0

f(z+h) — f(z)
h

7]

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n
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Numerical vs Analytic Gradients

df() . fla ﬂ@i - f(@)

dx h —0

Numerical gradient: slow :(, approximate :(, easy to write :)
Analytic gradient: fast :), exact :), error-prone :(

In practice: Derive analytic gradient, check your

implementation with numeric ient.
This is called a)gradient check.

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n
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How do we compute gradients?

* Analytic or "Manual” Differentiation

((—

« Symbolic Differentiation

 Numerical Differentiation

 Automatic Differentiation
— Forward mode AD

— Reverse mode AD
» aka “backprop”

(C) Dhruv Batra 19



Matrix/Vector Derivatives Notatlon

S v M L 617\
N g e —
S | 5% \%j f 2 e geR
¥4 ™. XN
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[op8 %&
' 080/1;.(&;\/‘4-2_
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Matrix/\Vector Derlvatlves Notation

(C) Dhruv Batra 21



Vector Derivative Example
T Y i
9 C A — ,2_ . A @o\'@
9@0) \51; &
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Extension to Tensors

dl Kdz —?‘d\'\
o
RCr KC - -Cmn
jovec=YE)

oL = X(D
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Chain Rule: Composite Functions

L = F( %@) = (EO %> €S




(C) Dhruv Batra

Chain Rule: Scalar Case




Chain Rule: Vector Case
d m -
LR — 26R — 4 6IR

fﬁv; Cj:) %:LDCE)

Z =9 9=L=
3:JP\dé/P\” PR =
—
ggj B e

02 | OZ xS

S
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%ﬁ Chain Rule Jacoblan view
< o '0’2__.4
[~ - 62%7 t)% Z[ %‘/ ' J
o J "l

- Cﬁd nf\
dy . = I O2e
(2,

5
by
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Chain Rule:_Graphical view

0, 1

(C) Dhruv Batra 28



Chai{; Rule: Cascaded ¢
O —

A\ .
O o 6
9,0 &y o - - -
0 ¢ |
O O /
O
R '
O Ty ey,

I
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Chain Rule: How should we multiply?

(C) Dhruv Batra 30



Plan for Today

* (Finish) Computational Graphs}
— Notation + example
* (Finish) Computing Gradients
— Forward mode vs Reverse mode AD}

— Patterns in backprop
— Backprop in FC+ReLU NNs

(C) Dhruv Batra 31



| |
Linear Classifier: Logistic Regression

Input: x €& R"
Binary label: ) E{— 1,+1

Parameters: w e R”

|
Output prediction: p( y=1|x)= —
L [+e ™" N
Loss: L=§||w| —Alog(p(y|x))
A
L

Log Loss

46

T K
1 W Xy Ranzato 3




Logistic Regression Derivatives

/}>_ —%3( 14—@’“5
/BL(, _ — | ~é8wx>a2gz_

AR @M) (v T -
| —
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Convolutional network (AlexNet)

—_—— 2
] = s

iInput image

Ll L bh AL o
o
&% »
3 1
S W%
|4
i
5 5
| i 3
. w 1
"
-
weights _
i
%

—>

Geoffrey Hinton, 2012. Reproduced with permission.

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



Neural Turing Machine

iInput image/

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


https://twitter.com/karpathy/status/597631909930242048?lang=en

How do we compute gradients?

Analytic or “Manual” Differentiation

Symbolic Differentiation

Numerical Differentiation

- S
Automatic Differentiatii]

— Forward modeAD

— Reverse mode AD
» aka “backprop”
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Computational Graph

f=Wgez| [Li =), max(0,s; — sy, + 1)

\ s (scores)
= . ©- ’%?ﬁL
/\/)\)
(r)

N

R(W)

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



Computational Graph

Any DAG of differentiable modules is
‘ allowed!

(C) Dhruv Batra 39



Directed Acyclic Graphs (DAGs)

« Exactly what the name suggests G = (Vs J;). ' 3) l\hé\g
—— 3 Directed edges F = i—é@\h ) )
— ire S

}{ Underlying undirected cycles okay

(=5) (2o)
N

Y

(C) Dhruv Batra



Directed Acyclic Graphs (DAGs)
- Concept J € \légv\js{b,,__nj

— Topological Ordering S"(: VQ }\/' )€, £ 0"(\/&,) <5(\6>
f————— v -




Directed Acyclic Graphs (DAGS)

(C) Dhruv Batra 42
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Computational Graphs

* Notation
f(x1,x2) = 2122 - sin(z;)
CIEY ;Wg/]k?\?i w,
W Wz
Smi
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Example

f(x1,29) = x129 + sin(xq)

~—

V) — N\
gj 2 7 >

553‘ 2/

| @ ) =
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HWO

/, 1
feo=o <10g G (max{xl’ v} =2 — (a5 + :zf6>>> " 5)
— e L4 -
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HWO Submission by Samyak Datta

f(x) = (log ( (maX{JTLJ'Q} ;z — (w5 + IG))) * %)

add

-0.315
X6 —
-0.315

(C) Dhruv Batra 46
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Forward mode vs Reverse Mode

« Key Computations

(C) Dhruv Batra 48



\Forward mode AD 5




Reverse mode AD




Example: Forward mode AD >F

f(CUl, 332) = T1T2 + sin(xl) DX

(C) Dhruv Batra 51
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Example: Forward mode AD

f(x1,29) = x129 + sin(xq)

(C) Dhruv Batra 52
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Example: Forward mode AD

f(x1,29) = x129 + sin(xq)
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Example Forward mode AD

xl,xg —951:1:1: —|—sm T1 l\ g’
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Example: Forward mode AD
f(x1,29) = x129 + sin(xq)

¢ 1

W3 = W1 + W2

e

e
Wi = COS 1)@%2 = T1T9 + T1T2

(C) Dhruv Batra 95
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Example: Reverse mode AD of

—_—

f(x1,29) = x129 + sin(xq) i;

—_ 0
= W —+WD = -~ =
%,aﬁ

(C) Dhruv Batra 56
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Example: Reverse mode AD

f(x1,29) = x129 + sin(xq)
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Example: Reverse mode AD

f(x1,29) = x129 + sin(xq)

ws =1

\4
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orward Pass|vs

) Forward mode KDJVQ\ Reverse Mode AD]
A

f(x1,x2) = 2129 + sin(zq)




= Forward mode vs( Reverse Modg

4» What are the differences? Bﬁ\ékﬁ i
/Dﬁf"\ q/\/ﬂ /f V)

t

7
5
|| =—>
§.
il
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Forward mode vs Reverse Mode

 \What are the differences?

—
* Which one is faster to comput%

— Forward or backward?
— ——

(C) Dhruv Batra 61



-]
Forward mode vs Reverse Mod

/_\

e

 \What are the differences?

* Which one is faster to compute?
— Forward or backward?

* Which one is more memory efficient (less storage)?
— Forward or backward?

(C) Dhruv Batra 62



6D Patterns in backward flow
- 2( XY+ %«MQZ»NEJ

x 3.00

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

\ add gate’ gradient distributor

-10.00 %0 -20.00
2.00 1.00

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



Patterns in backward flow
vy = wox {2, Y

mox (O, x

]

add gate: gradient distributor x 3.00 ~—)

&

of
22

&

-10.00 %0 -20.00
2.00 1.00

Q: What is a max gate?

O e— R e,

——

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



Patterns in backward flow

add gate: gradient distributor

max gate: gradient router
Te——

— —

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



Patterns in backward flow

add gate: gradient distributor

max gate: gradient router

Q: What is a mul gate?  _—

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n
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Patterns in backward flow

_add gate: gradient distributor

_max gate: gradient router

mul gate: gradient switcher

e

-10.00 %0 -20.00
2.00 1.00

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



Gradients add at branches




Duality in Fprop and Bprop

FPROP BPROP
ri‘q ...... . )
3 A
I ]
e
— (P/,——”—— “““

COPY

(4
L 4
L 4
L 4
L 4
L 4
.0
L 4

(C) Dhruv Batra 71



Modularized implementation: forward / backward API

! Graph (or Net) objeci (rough psuedo code)

class ComputationalGraph(object):

w0 2.00

x0 -1.00
0.40

¥
wl -3.00

def forward(inputs):

) - -
X1 -2.00 020 X5

-0.60

# 1. [pass inputs to input gates...]

w2 -3.00

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

return inputs gradients

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



Modularized implementation: forward / backward API

class MultiplyGate(object):
X def forward(x,y):
zZ = X*y

return z

def backward(dz):
HoaX = #tosz\\\\“\---~\\
)/ # dy = ... #todo

return [dx, dy]

OL
0z

(X,y,z are scalars) \

oL
ox

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




Modularized implementation: forward / backward API

;@j

(x,y,z are scalars)

class MultiplyGate(object):

def forward(x, y)
Z = X*y
self.x = x # must keep these around!

T —mm®
self.y = y

return z
~—

def backward(dz):
dx = self.y * dz # [dz/dx * dL/dz]
dy = self.x * dz # [dz/dy * dL/dz]
return [dx, dy]

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



Example:@ffe layers

Branch: master~  caffe / src / caffe / layers / Create new file  Uploadfiles = Findfile History )
[E) cudnn_lcn_layer.cpp dismantle layer headers a year ago
! shelhamer committed on GitHub Merge pull request #4630 from BlGene/load_hdf5_fix Latest commit e687a71 21 days ago [E) cudnn_len_layer.cu dismantle layer headers ayear ago
[ cudnn_Irn_layer.cpp dismantle layer headers a year ago
. [E) cudnn_irn_layer.cu dismantle layer headers a year ago
[ absval_layer.cpp dismantle layer headers a year ago
) [E) cudnn_pooling_layer.cpp dismantle layer headers a year ago
[£) absval_layer.cu dismantle layer headers a year ago
[ cudnn_pooling_layer.cu dismantle layer headers a year ago
[E) accuracy._layer.cpp dismantle layer headers a year ago
[E) cudnn_relu_layer.cpp Add cuDNN v5 support, drop cuDNN v3 support 11 months ago
[) argmax_layer.cpp dismantle layer headers a year ago
[ cudnn_relu_layer.cu Add cuDNN v5 support, drop cuDNN v3 support 11 months ago
[£) base_conv_layer.cpp enable dilated deconvolution a year ago

[E) base_data_layer.cpp

[E) base_data_layer.cu

[ batch_norm_layer.cpp

[E batch_norm_layer.cu

[E) batch_reindex_layer.cpp
[E) batch_reindex_layer.cu
[ bias_layer.cop

[ bias_layer.cu

[ bnll_layer.cpp

[ bnll_layer.cu

[E) concat_layer.cpp

[ concat_layer.cu

[E) contrastive_loss_layer.cpp
[E) contrastive_loss_layer.cu
[E conv_layer.cpp

[E) conv_layer.cu

[E crop_layer.cpp

[ crop_layer.cu

[E cudnn_conv_layer.cpp

[E) cudnn_conv_layer.cu

Using default from proto for prefetch

Switched multi-GPU to NCCL

Add missing spaces besides equal signs in batch_norm_layer.cpp
dismantle layer headers

dismantle layer headers

dismantle layer headers

Remove incorrect cast of gemm int arg to Dtype in BiasLayer
Separation and generalization of ChannelwiseAffineLayer into BiasLayer
dismantle layer headers

dismantle layer headers

dismantle layer headers

dismantle layer headers

dismantle layer headers

dismantle layer headers

add support for 2D dilated convolution

dismantle layer headers

remove redundant operations in Crop layer (#5138)

remove redundant operations in Crop layer (#5138)

dismantle layer headers

Add cuDNN v5 support, drop cuDNN v3 support

Caffe is licensed under BSD 2-Clause

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

3 months ago
3 months ago
4 months ago
a year ago
a year ago
a year ago
ayear ago
a year ago
a year ago
a year ago
a year ago
a year ago
a year ago
a year ago
a year ago
a year ago
2 months ago
2 months ago
a year ago

11 months ago

[ cudnn_sigmoid_layer.cpp
[E) cudnn_sigmoid_layer.cu
[E) cudnn_softmax_layer.cpp
[E) cudnn_softmax_layer.cu
[ cudnn_tanh_layer.cpp

[ cudnn_tanh_layer.cu

[E) data_layer.cpp

[E) deconv_layer.cop

[E) deconv_layer.cu

[E) dropout_layer.cpp

B

dropout_layer.cu
[E) dummy_data_layer.cpp
[E) eltwise_layer.cpp

[E) eltwise_layer.cu

elu_layer.cpp

[ elu_layer.cu

[E) embed_layer.cpp

[E) embed_layer.cu

[ euclidean_loss_layer.cpp
[E) euclidean_loss_layer.cu
[E) exp_layer.cop

[E) exp_layer.cu

Add cuDNN v5 support, drop cuDNN v3 support
Add cuDNN v5 support, drop cuDNN v3 support
dismantle layer headers

dismantle layer headers

Add cuDNN v5 support, drop cuDNN v3 support
Add cuDNN v5 support, drop cuDNN v3 support
Switched multi-GPU to NCCL

enable dilated deconvolution

dismantle layer headers

supporting N-D Blobs in Dropout layer Reshape
dismantle layer headers

dismantle layer headers

dismantle layer headers

dismantle layer headers

ELU layer with basic tests

ELU layer with basic tests

dismantle layer headers

dismantle layer headers

dismantle layer headers

dismantle layer headers

Solving issue with exp layer with base e

dismantle layer headers

11 months ago
11 months ago
a year ago
a year ago
11 months ago
11 months ago
3 months ago
a year ago
a year ago
ayear ago
a year ago
a year ago
a year ago
a year ago
a year ago
a year ago
a year ago
ayear ago
a year ago
a year ago
ayear ago

a year ago


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

#include <cmath>
#include <vector>

Caffe Sigmoid Layer

namespace caffe {

template <typename Dtype>
inline Dtype sigmoid(Dtype x) {
return 1. / (1. + exp(-x));

}

template <typename Dtype>
void SigmoidlLayer<Dtype>::Forward_cpu(const vector<Blob<Dtype>*>& bottom
const vector<Blob<Dtype>*>& top) { 1

const Dtype* bottom_data = bottom[0]->cpu_data();

Dtype* top_data = top[@]->mutable_cpu_data();
const int count = bottom[0]->count(); g1 1 —
for (int i = 0; i < count; ++i) {

top_data[i] = sigmoid(bottom_data[i]); ‘—'

}
3

template <typename Dtype>

void SigmoidlLayer<Dtype>::Backward_cpu(const vector<Blob<Dtype>*>& top,
const vector<bool>& propagate_down,
const vector<Blob<Dtype>*>& bottom) {

if (propagate_down[0]) {

const Dtype* top_data = top[@]->cpu_data();
const Dtype* top_diff = top[@]->cpu_diff();
Dtype* bottom_diff = bottom[0]->mutable_cpu_diff();
const int count = bottom[@]->count();

for (int i = ©; 1 < count; ++i) { * - -
e (1—o(z))o(z)| * top_diff (chain rule
bottom_diff[i] = top_diff[i] * sigmoid_x * (1. - sigmoid_x); —

}

}
1

#ifdef CPU_ONLY

INSTANTIATE_CLASS(SigmoidLayer);

}
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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Jacobian of ReLU

4096-d :t g(x) = max(o,x) :t 4096-d
iInput vector :KI (elementwise) _KI output vector

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



Jacobian of ReLU

—> —>
4096-d :t g(x) = max(o,x) :t 4096-d
iInput vector :KI (elementwise) _KI 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

—» -
4096-d :t g(x) = max(o,x) :t 4096-d
iInput vector :KI (elementwise) _KI output vector
Q: what is the
size of the
Jacobian matrix?
[4096 x 4096!]

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



-]
Jacobian of ReLU

— —
4096-d —3 g(x) = max(0,x) ——3 4096-d
input vector :KI (elementwise) _KI output vector
Q: what is the in practice we process an
: fth entire minibatch (e.g. 100)
SIZ€ O_ € o of examples at one time:
Jacobian matrix® i.e. Jacobian would technically be a
[4096 x 4096!] [409,600 x 409,600] matrix :\

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



Jacobian of ReLU

— —>
4096-d :t g(x) = max(o,x) :t 4096-d
input vector EE (elementwise) :E output vector
Q: what is the
size of the Q2: what does it
Jacobian matrix? look like?
[4096 x 4096!]

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