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P Index

m More Tasks

m Backpropagation

s Reminding: Convolution neural network
m Receptive Field

m Other Convolution layers

= QnA



P More Tasks
= MOT (Multiple Object Tracking)




P More Tasks

= MOT (Multiple Object Tracking)

Tracking vs Detection vs Recognition



P More Tasks

m Deep Reinforcement Learning




P More Tasks

m Deep Reinforcement Learning
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P More Tasks

s Image Alighnment

h

transform

>

transform

>




P More Tasks

s Image Alignment

Source: https://github.com/WarBean/tps_stn_pytorch



P More Tasks

= Image Alignment (Keypoint matching)




P More Tasks

= Image Alignment (Keypoint matching)

LoFTR
# Matches: 1684

owing matches from 0:2000———
idence Range: 0.20:0.96
Pair: 000000:000005

Source: https://github.com/zju3dv/LoFTR
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P More Tasks

m Human Pose Estimation
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P More Tasks

m Human Pose Estimation
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P More Tasks

m Depth Estimation
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P More Tasks

m Depth Estimation
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P More Tasks

m Generative model
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P More Tasks

m Explainable Al

Grad-CAM for “Cat"”

.

Grad-CAM for “Dog"”
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P Backpropagation

s What is backpropagation?

Error Surface of a Linear Neuron with Two Input Weights

w 25~
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P Backpropagation

m What is Differentiation?
- O&=2 A Bl 0Nt 22

- OjATH BietE H+1ot= =0F

f'(a) = lim

o —+ (L

= lim

[==f3)!
A O

f(z) — f(a)

f(a+ Az) - f(a)

Ax—s(] A
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P Backpropagation

Backpropagation:
Simple Example

f,y,z) =(x+y) -z
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P Backpropagation

Backpropagation:
Simple Example

f(x,y,z) — (x+y) tZ
e.g.x=-2,y=52=-4

20



P Backpropagation

Backpropagation:
Simple Example

f(x,y,z) — (x+y) ‘Z
eg.x=-2,y=512=-4

1. Forward pass: Compute outputs

q=x+y [=q-z

f

o V-




P Backpropagation

Backpropagation:
Simple Example

fo,y,z)=x+y) -z
e.g.x=-2,y=5,z2=-4

1. Forward pass: Compute outputs

q=x+ty f=q-z

2. Backward pass: Compute derivatives

Want: aflaf,af
dx 0y 0z
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P Backpropagation

Backpropagation:

Simple Example D@w
fx,y,z2)=xx+y)-z |’

eg.x=-2,y=5,2=-4

f -12

1. Forward pass: Compute outputs

q=x+y [=q-z

2. Backward pass: Compute derivatives

Want: af,af,af
dx 0y 0z

of
of




P Backpropagation

Backpropagation:

Simple Example ”D@qﬁ
f,yz2)=(x+y)-z |’ (12
e.g.x=-2,y=5,z=-4 Sl ]

1. Forward pass: Compute outputs
q=x+y f=q-z of
2. Backward pass: Compute derivatives af

Want: af,af,af
dx 0y 0z
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P Backpropagation

Backpropagation:

Simple Example

fx,y,z)=(x+y) -z B’DO |

e.g.x=-2,y=5,z2=-4

f

-14

1. Forward pass: Compute outputs

q=x+y [f=q-z

2. Backward pass: Compute derivatives

Want: af,af,af
dx 0y 0z




P Backpropagation

Backpropagation:
Simple Example

f(x,y,z)=(x+y)-z yDC:

e.g.x=-2,y=5,z2=-4

f

ni -

1. Forward pass: Compute outputs

q=x+y |f=q-z

2. Backward pass: Compute derivatives

Want: af,af,af
dx 0y 0z




P Backpropagation

B.ackpropagahon: —
Simple Example D@
L
-4
f(xryxz)=(x+y)'z 2 | f -12
eg.x=-2,y=5,z=-4 .
1. Forward pass: Compute outputs -
q=x+y f=q-z of
2. Backward pass: Compute derivatives aq

Want: af,af,af
dx dy 0z




P Backpropagation

Backpropagation:

Simple Example DC '
TER Y

4

f(xjyjz):(x+y).z y 9 4

e.g.x=-2,y=5,2=-4 Z_4—,////

1. Forward pass: Compute outputs
q=x+y |[[=qz of
2. Backward pass: Compute derivatives d q

Want: aflaf,af
dx dy 0z
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P Backpropagation

Backpropagation:

Simple Example DO ,
3 ) o
) -4

f,y,z)=(x+y)-z |’

eg.x=-2,y=5,z2=-4

z -4
1. Forward pass: Compute outputs -

q=x+y f=q-z of
2. Backward pass: Compute derivatives ay

Want: af’af,af
dx 0y 0z
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P Backpropagation

Backpropagation:
Simple Example

f(x,y,z) — (x_l_y) " Z
e.g.x=-2,y=5,z2=-4

1. Forward pass: Compute outputs \ Chain Rule
q=x+y f=q-z of aqof
2. Backward pass: Compute derivatives ay B 63} 6q

Want: af,af,af
dx dy 0z




P Backpropagation

Backpropagation:

Simple Example

f,y,z2) =(x+y) -z
e.g.x=-2,y=5,z=-4

1. Forward pass: Compute outputs \ Chain Rule
q=x+y [f=q-z of aqof
2. Backward pass: Compute derivatives ay B ay aq
df df o0 / I \
Want: f f f Downstream Local Upstream

ax ’ ay ’ aZ Gradient Gradient Gradient



P Backpropagation

Backpropagation:
Simple Example

fe,y,z) =(x+y) -z
eg.x=-2,y=5,z=-4

1. Forward pass: Compute outputs \ Chain Rule

q=x+y f=q-z of _oqof]| [0a _,
2. Backward pass: Compute derivatives @ - ay aq @ B
Want: af af af Duwnstreaﬁ Lucall }Jpstream

ax ’ ay ’ aZ Gradient Gradient Gradient



P Backpropagation

Backpropagation:
Simple Example

f(x,y,z) — (x+y) " Z
e.g.x=-2,y=5,z=-4

1. Forward pass: Compute outputs \ Chain Rule

q=x+y| f=q-z of _0q0f | |9q _,

2. Backward pass: Compute derivatives @ B 63} aq @ B
Want: af af af Downstreag Loca!l }Jpstream

ax ’ ay ’ aZ Gradient Gradient Gradient



P Backpropagation

Backpropagation:

Simple Example

f(ny!Z) — (x+y) tZ
e.g.x=-2,y=5,z2=-4

1. Forward pass: Compute outputs \

Chain Rule
q=x+y f=q-z of _dqof| [dq _,
2. Backward pass: Compute derivatives a - ox aq a -

Want: af af af Duwnstreaﬁ Laca!l }lpstream

ax , ay ’ aZ Gradient Gradient Gradient



P Backpropagation

Backpropagation:
Simple Example

fl,y,z2) =(x+y) -z
eg.x=-2,y=5,z=-4

1. Forward pass: Compute outputs \ Chain Rule
q=x+y| f=q-z of _9q0f | |0q _ .,
2. Backward pass: Compute derivatives 0x N 0x aq a B
/ I\
Want: af af af Downstream Local Upstream

ax ’ ay ’ aZ Gradient Gradient Gradient



P Backpropagation




P Backpropagation

@\
[ =]

gradient
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P Backpropagation
@\
WK

&
5

.I:

Local
gradients

Z

dL

Upstream
gradient
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P Backpropagation

Downstream f

%
- [ox

gradients Z
—| Local
—A\|0 gradients

Upstream
gradient
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P Backpropagation

ax z]

Downstream f ‘
radients 0z |
° S— Local 6L
0 gradients .

Upstream
gradient
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P Backpropagation

1
Another Example /W) = T —aaorwmw

w0

x0

) ©
.S O— O — D —O—®

w2
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P Backpropagation

1
Another Example f®&W) =T =teaorwmrwo

Forward pass: Compute outputs

~ "N
w0 200

>
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P Backpropagation

1

Another Example f&W) =1 —Gororwmiwy

Backward pass: Compute gradients

w0 2.00

0.37 /H\ 1.37 @ 073
N 7100
Base Case

43



P Backpropagation

1
Another Example f&W) =1 —Gorerwmswy

Backward pass: Compute gradients

w0 2.00

Local Gradient
s, [1] -1
dx lxl — x2
L

1.00 ﬁ]\ -moo@ 0.37 f+‘1\ 1.37 @ 0.73
B "4 KA A_/| 053 \J 100

A s

Downstream Upstream
Gradient Gradient




P Backpropagation

1

: - 1 + e~ Woxo+wix1+wy)
Another Example f&xw)

Backward pass: Compute gradients

w0 2.00

Local Gradient
d
—[x+1]=1
0x
-1.00 /e;(\ 0.37 fﬂ\ 1.37 f1/x\ 0.73
@ 053 \__/ -053|\ 1.00
5 &
Downstream Upstream
Gradient Gradient
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P Backpropagation

1
Another Example /®W) = 1 =Gaerwmrwo

Backward pass: Compute gradients

w0 2.00
Local Gradient
x0 -1.00 a
—le*] =¢*
0x
w1l -3.00 J
. -1.00 0.37 137 A 073
ks 1
x1 -2.00 020 P53 ! -0.53 \fx/ 1.00
EN E
-3.00
w2 Downstream Upstream

Gradient Gradient




P Backpropagation

|
Another Example W) = T —Gerrmmswy
Backward pass: Compute gradients

w0 200
Local Gradient
x0 - a
—[-x]=-1
0x
wl -
!

100 /4 1)_.-1.00 exp 0.37 fﬂ\ 1.37 @ 0.73
0.20 -0.20 053 \__/ 053 \_J 100

Downstream Upstream
Gradient Gradient

X1 -

w2 -

47



P Backpropagation

1
Another Example f&W) =1 —Gorerwmswy

Backward pass: Compute gradients

w0 200

Local Gradient

a —
—[x+y]l=1 E[x+y]—1

@ -1.00 @ 0.37 1.37 f‘\ 0.73
0.20 -0.53 -0.53 U 1.00

Upstream
Gradient

‘\ Downstream
Gradient




P Backpropagation

1
Another Example W) = T —Gorrmmiwy

Backward pass: Compute gradients

w0 2.00

Local Gradient

o
\

x0 -1.00

2 ~ x4 3] =1
a[x+y]—1 ayx Y=

w1l -3.00

x1 -2.00 \ 053 U/ 100
w2 -3.00

Downstream Upstream
0.20 Gradient Gradient




P Backpropagation

|

Another Example f®W) = 1 —teaarwimrws
Downstream Gradient Upstream |
o[zo0 ] Gradient Backward pass: Compute gradients
O 20 ; 200 ‘J
x01-1.00 020 i\ Local Gradiené
= e 2 xyl=y  zzlxyl=x
w1 -3.00 dx ady

1.00 @ 100 < 037 /7). 137 @ 0.73

x1 -2.00 020 \_/ 020 D53 053 \_J 100

w2 -3.00
0.20



P Backpropagation

1

Another Example f®W) = 1wz

Downstream Gradient

wl
iz

X1
i

w0 2.00

-0.20

x0 -1.00

0.39

-2.00
0.20

Upstream
Gradient

Backward pass: Compute gradients

-3.00
-0.39

-2.00
-0.59

6.00
0.20

©

w2 -3.00

0.20

4.00

d

dx

Local Gradient

yl=y  Folxyl=x

0.37 f”\ 1.37 @ 0.73
053 \__/ 053 ' 100
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P Backpropagation

1
Another Example f%W) = T omrwmrwy —|2WoXo + Wix1 + w2)

m_— Backward pass: Compute gradients

]. Computational graph is not
— unique: we can use primitives
]. + e * that have simple local gradients

x0 -1.00 { O'(ZL')

wl -

Sigmoid
-1.00 03T N\ 181 o] 6
020 P53 Q]/ -0.53 @ 1.00
o(z)=1/(1+ e%)

X1 <4

52



P Backpropagation

1
AnOther Example f(x, W) = 1 + e—(Wox0+W1x1+W2) = U(WoXO “ W1X1 + WZ)

Backward pass: Compute gradients

w0 2.00

1 Computational graph is not
— unique: we can use primitives
]. —|— e~ " that have simple local gradients

x0 -1.00 e 0’(1‘)

wl -
Sigmoid
1.37 @ 0.73
x1 -2.00 053 \__J/| 1.00
g(z)=1/(1 + e%¥)
w2 -

0.20

- 0 ‘x l+e™* -1 !
Sigmoid local a [a(x)] — € ( Te ) ( ) = (1 — a(x))a(x)

14+e* 14+e*

gradient:

(A+e*P2

53



P Backpropagation

1
Another Example f®W) = T Garwmrwy —([2WoXo + wixs + w)

—— Backward pass: Compute gradients

1 Computational graph is not
X0 - O'(fl?) — unique: we can use primitives
4.00 ]. + e"“’ that have simple local gradients

wl -
Sigmoid
1.00 | /% -1.00 087 /\ 137 073
X1 - 0.20 | 020 P53 k”/ -0.53 VX 1.00
g(z)=1/1 + e%)
w2 - [Downstream] = [Local] * [Upstream]
e =(1-0.73)*0.73*1.0=0.2

e 9, g = 1+e™* -1 1
Sigmoid local ___ s e he) —
gradient: dx [0l (14+e7%)2 ( 14+e> (1 + e‘x) (1 a(x))a(x)
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P Backpropagation

Patterns in Gradient Flow

add gate: gradient distributor

55



P Backpropagation

Patterns in Gradient Flow

add gate: gradient distributor

copy gate: gradient adder
/

7 ey

4+2=6 7

—_—

2
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P Backpropagation

Patterns in Gradient Flow

add gate: gradient distributor mul gate: “swap multiplier”
3 2
2 O\ . 5*¥3=15 \. :
4 @ 2 3 @ 5
J J
2 2*5=10
copy gate: gradient adder
/
- ey
4+2=6 7

——

2



P Backpropagation

Patterns in Gradient Flow

add gate: gradient distributor mul gate: “swap multiplier”

3 2

2 O\ . 5¥3=15 “\ :

4 @ 2 3 @ 5

J J
2*5=10
copy gate: gradient adder max gate: gradient router
7 4

4 W

o O
4+2=6 7 5 9

2 9




P Backpropagation

So far: backprop with scalars

What about vector-valued functions?

59



P Backpropagation

Recap: Vector derivatives

Scalar to Scalar
reRyelR

Regular derivative:

dy
— R
8:(:6

If x changes by a
small amount, how
much will y change?
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P Backpropagation

Recap: Vector derivatives

Scalar to Scalar
reRyelR

Regular derivative:

dy
— R
85(:6

If x changes by a
small amount, how
much will y change?

0’1/ N dy vy
B eR (()_1>n - Oz,

Vector to Scalar
reRY yeR

Derivative is Gradient:

For each element of x,

if it changes by a small
amount then how much
will y change?

61



P Backpropagation

Recap: Vector derivatives

Scalar to Scalar
reRyelR
Regular derivative:

dy
o

If x changes by a
small amount, how
much will y change?

c R

0’1/ N dy vy
e E R (()_1>n - Oz,

Vector to Scalar
reRY yeR

Derivative is Gradient:

For each element of x,
if it changes by a small
amount then how much
will y change?

Vector to Vector
& e RN, Yy < RM

Derivative is Jacobian:

For each element of x, if it
changes by a small amount
then how much will each
element of y change?

) N x M ()I/ o 0!/171
or =R ()T n,m O'T'”'

62



P Backpropagation

Backprop with Vectors

L

\
/

Loss L still a scalar!
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P Backpropagation

Backprop with Vectors

D

X

L

\
/

Loss L still a scalar!

Z|D

Z

>
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P Backpropagation

Backprop with Vectors

D

X

L

\
/

Loss L still a scalar!

D

Z

>

oL
0z

“Upstream gradient”
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P Backpropagation

Backprop with Vectors

D |Z
X ‘\
52 91
“Downstream v 0z
gradients”

Loss L still a scalar!

Z DZJ

OL
0z D

“Upstream gradient”

Z

For each element of z, how
much does it influence L?

66



P Backpropagation

Backprop with Vectors

D (X
X ‘\
9z 0y
~
“Downstream Oz =
gradientsn/v

“local
gradients”

f

Loss L still a scalar!

o,

oL
0z

D

Z

“Upstream gradient”

For each element of z, how
much does it influence L?
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P Backpropagation

Backprop with Vectors

D |Z
X ‘\
52 91
“Downstream v 0z
gradients”

“local
gradients”

[D, x D]

f
D, x D]

Jacobian
matrices

Loss L still a scalar!

Z DZJ

OL
0z D

“Upstream gradient”

For each element of z, how
much does it influence L?

Z

68



P Backpropagation

Backprop with Vectors

Loss L still a scalar!

D |z “local
X ‘\ gradients”
D, 9297 D, xD,] 210,
% o ¢
ownstream . ... vector-
vl 0z =
Qradlenty o [D xD_] OL
y z -

y 2 .
i Y matrices “Upstream gradient”
D Y For each element of z, how
y

much does it influence L?
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P Backpropagation

Gradients of variables wrt loss have same dims as the original variable

D

X

L

Loss L still a scalar!

D

X

f 5o,

“Upstream gradient”
D) For each element of z, how
y

much does it influence L?

70



P Backpropagation

Backprop with Vectors
4D input x:
4

2] —
3]

1] —

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

4D output z:
1

_—

———

—_—

———————————

o w o
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P Backpropagation

Backprop with Vectors
4D input x:
4

2] —
3]

1] —

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

4D output z:

_—

_—

—_—

———————————

4D dL/dz:

[ 1]

o w o

4
-1
[ O

[ 9

Upstream
gradient
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P Backpropagation

Backprop with Vectors
4D input x:
4

2] —

3] —

1] —

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

Jacobian dz/dx
(1000]
(0000]
(0010]
(0000]

4D output z:

_—

_—

—_—

———————————

4D dL/dz:

-+

———

——————

-+

[ 1]

o w o

4
-1
[ O

[ 9

Upstream
gradient
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P Backpropagation

Backprop with Vectors
4D input x:
4

2] —

3] .

1] —

f(x) = max(0,x)

(elementwise)
dz/dx] [dL/dz]
(1000][4 ]
(0000][-1]
(0010][5 ]
(0000][9 ]

4D output z:

———

R ————

D —————

———————————

4D dL/dz:

B ]

———

——————

-+

[ 1]

o w o

4
-1
[ O

[ 9

Upstream
gradient
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P Backpropagation

Backprop with Vectors

4D input x:

4D

o 010 b

1

-2 ]

3

1

R ————

D —————

———————————

f(x) = max(0,x)

dL/dx:

B ]

e

.

-+

(elementwise)
dz/dx] [dL/dz]
(1000][4 ]
(0000][-1]
(0010][5 ]
(0000][9 ]

4D output z:

———

R ————

D —————

———————————

4D dL/dz:

B ]

———

——————

-+

[ 1]

o w o

4
-1
[ O

[ 9

Upstream
gradient
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P Backpropagation

Backprop with Vectors

4D input x:

Jacobian is sparse:
off-diagonal entries
always zero! Never
explicitly form
Jacobian -- instead
use implicit
multiplication

4D

o 010 b

1

-2 ]
3]
1

R ————

D —————

———————————

f(x) = max(0,x)

dL/dx:

B ]

e

.

-+

(elementwise)
dz/dx] [dL/dz]
(1000][4 ]
(0000][-1]
(0010][5 ]
(0000][9 ]

4D output z:

———

R ————

D —————

———————————

4D dL/dz:

B ]

———

——————

-+

[ 1]

o w o

4
-1
[ O

[ 9

Upstream
gradient
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P Backpropagation

Backprop with Vectors

4D input x: 4D output z:
[ 1] — [ 1]
N P _ i o°
Jacobian is sparse: : 3 . f(X) - max(Q,x) 3 :
off-diagonal entries . 7| (elementwise) | ! :
always zero! Never | -1_ —_— — | 0 ]
explic_itly fo_rm
et 4D dL/dx: [dz/dx] [dL/dz] 4D dL/dz:
multiplication :4 — — 4
(0] (8_L> _ (g_é)i it z; >0 — [ -4]—— Upstream
(O]~ dr /, 0 otherwise — [ & | —— gradient
(0] —[9]—




P Backpropagation

Backprop with Matrices (or Tensors)

[D,*M,]

D,*M,)

Matrix-vector

multiply

f

Jacobian
matrices

Loss L still a scalar!

dL/dx always has the
same shape as x!

<

-

[D,*M,]
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P Backpropagation

Backprop with Matrices (or Tensors) Loss L still a scalar!
dL/dx always has the
[DXXMX] x\A same shape as x!
D, xM ]
= oy Z] [DxM,]
“Downstream . < f >
. , Matrix-vector -
gradients multiply
D xM / 2L [D_xM_]
X
! Y y] J ‘/L Jacobian 0z £

9z 02 |
:; /{J matrices “Upstream gradient”
[Dy"My] For each element of z, how

much does it influence L?

™
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P Backpropagation

Backprop with Matrices (or Tensors) Loss L still a scalar!
dL/dx always has the
x 1
DxM] local same shape as x!
\ gradients”
DM ] \ :
= o z] [D,xM,]
“‘Downstream . < >
Matrix-vector Oz -

gradients”

multiply
DM [Y)—— 2 3| DM

3z 0L Jacobian
D xM ] oy 07 matrices “Upstream gradient”
X
y oy For each element of y, how much For each element of z, how

does it influence each element of z2 Much does it influence L?
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P Backpropagation

Backprop with Matrices (or Tensors) Loss L still a scalar!

dL/dx always has the

[D,xM, ] [ local same shape as x!
\ gradients”
D xM
D == 9297 (|| (P M OM,)] Z] [D,xM,]
Oy 3= z z
“ 3 L
Down_strea}’m Matrix-vector Oz -
gradients ultiply o [(D,xM )x(D,xM,)] oL
- | [D.,xM
DM [l —— 5| (DM}

9z 0L Jacobian
D xM ] oy 07 matrices “Upstream gradient”
X
y oy For each element of y, how much For each element of z, how

does it influence each element of z2 Much does it influence L?
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P Backpropagation

Example: Matrix Multiplication y: [NxM]
| -1-1 2 6]
x: [NxD] w: [DxM] | , _ _ X
(21-3] [321-1] Matrix Multiply y = xw [5 2 11 7]
[-3 4 2] [2132] Vij = in,kwk,j
[321-2] -




P Backpropagation

Example: Matrix Multiplication

X: [NxD]
[2 1 -3]
[-3 4 2]

dL/dx: [NxD]
[ 2 ? ?

[ ?2 ? ? ]

W:
[ 3
[ 2
3

[DxM]

2 1-1]
13 2]
2 1-2]

—_—

Matrix Multiply y = xw

Yij = Z XikWk,j

k

y: [NxM]
-1-1 2 6]
[5 2 11 7]

dL/dy: [NxM]
[23-39]
[-8146]

83



P Backpropagation

Example: Matrix Multiplication

x: [NxD] w: [DxM] . : -
(2 1-3] [321-1] Matrix Multiply y = xw
(3 4 2] [2132] Vi = in’kwk’j
32 1-2] -
dL/dx: [NxD]
[? ? 7 :. Jacobians:
[? 2 ? ] dy/dx: [(NxD)x(NxM)]

dy/dw: [(DxM)x(NxM)]

For a neural net we may have
N=64, D=M=4096
Each Jacobian takes 256 GB of memory! Must
work with them implicitly!

y: [NxM]
-1-1 2 6]
|5 2 11 7]

dL/dy: [NxM]

[23-39]
[-8146]
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P Backpropagation

Example: Matrix Multiplication

y: [NxM]
| ' (11 2 6]
x: [NxD] w: [DxM] . _ _ -
M211-3] [321-1] Matrix Multiply y = xw (5 211 7)
- [ 2 1 3 2] - _ _
R 32 1-2] Vi Zx"’kwk'f dL/dy: [NxM]
| | & = [23-39]
dL/dx: [NxD: 2
| z Z z 1 Local Gradient Slice:
Lt dy/dx, 4
[? ???]
dL/dx, 4 S

= (d\//d}{l__l) - (dL/dy)



P Backpropagation

Example: Matrix Multiplication

y: [NxM]
| ' S 11 2 6]
x: [NxD] w: [DxM] _ _ - |
M11-3] [321-1] Matrix Multiply y = xw [5 211 7]
- (213 2] = | |
R 32 1-2] Vi Zx'"kwk*l dL/dy: [NxM]
| | & = [23-39]
dL/dx: [NxD: 2
| ; Z z T Local Gradient Slice:
Lt dy/dx, 4
d‘:"'l,l/dle E ? 7?7 ]
o [? 2?2 ?]

= (dy/dx, ;) - (dL/dy)
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P Backpropagation

Example: Matrix Multiplication

X: [NxD]

2113

-3 4 2]

| S

dL/dx: [NxD]
(]2 21

[???f

dL/dx, 4

[
[
[

w: [DxM] |

3
2
3

2 1-1]
13 2]
2 1-2]

= (dy/dx, 1) - (dL/dy)

Matrix Multiply y = xw

YVij = Z XikWk,j

k

Local Gradient Slice:
dy/dx4 4

dy, 1/dx; 4 E? ? 7]

(2?2 ?7?]

Y11= X11Wqp1 T X1 oWo 1+ X13W34

y: [NxM]
[1-1 2 6]
[5 2 11 7]
dL/dy: [NxM]
[23-39]
[-8146]



P Backpropagation

Example: Matrix Multiplication

y: [NxM]
: : -111 2 6]
x: [NxD]  w:[DxM] . . . ~ L
ﬂ21—3] 132 1-1] Matrix Multiply y = xw [5 2 11 7]
R APt < fo=kw“=f dL/dy: [NxM]
o : k ; [2 3-39]
dL/dx: [NxD: [-8146]
[ :'; ; z d Local Gradient Slice:
L2 2 2] dy/dx, 4
dy,,./d 3|? ? 7
dL/dx , Vol G| >0 o ?}

= (dy/dx, ;) - (dL/dy)
Y11= X1 1Wq 1 T X1 ,Wy g+ X1 3W34
=> dY1,1/d’(1,1 =Wq4

88



P Backpropagation

Example: Matrix Multiplication

x: [NxD] w: [DxM] _ . -
[2]1-31 [321-1] Matrix Multiply y = xw
(3 4 2] [2132 Vi = ZE::rLkvka

[ 32 1-2] -
dL/dx: [NxD]
[ z : ; 1 Local Gradient Slice:
o dy/dx, ,
d‘:’l,z/dxll [3 217 ?]
dL/dx; e

= (dy/dx, ;) - (dL/dy)

y: [NxM]
-1fF1] 2 6]
[5 2 11 7]

dL/dy: [NxM]
[23-39]
[-814 6]



P Backpropagation

Example: Matrix Multiplication

y: [NxM]
_ _ -1-1( 2 6]
x: [NxD] w: [DxM] . . . _
113 [ 3[2]1-1 Matrix Multiply y = xw [5 2 11 7]
[ - [ 2(1(3 2] — . .
(-3 4 2] i 215 1_2-_ Yi,j th,kwk.} dL/dy: [NxM]
e - : [23-39]
[ Z : z _-_| Local Gradient Slice:
[ H H H i dy/d}{lll
dyio/dx;; [ 3[?]? ?]
dL/dx, 4 (2722 7]

= (dy/dx, 4) - (dL/dy)
Y12 = X1 gW1 o + X1 oWy 5 + Xq3W3 5



P Backpropagation

Example: Matrix Multiplication

y: [NxM]
. _ [-1}-1] 2 6]
x: [NxD]  w: [DxM] . . . _
113y [ 3]2] -1 Matrix Multiply y = xw [5 2 11 7]
-3 4 2] : ; ;L i i Yij = in,kwk:f dL/dy: [NxM]
S k = [23-39]
dL/dx: [NxD: ‘ [-8146]
[ :’; :’; :’; : Local Gradient Slice:
SEEE dy/dx, 4
dyio/dx;s [3]2]7 ? 1
dL/dx, 4 (22722

= (d\f’/dxl,l) - (dL/dy)
Y12 = X1 1W1 o+ X1 oWy 5 + Xq3W3,
=> dyl,Z/dxl,l =Wj»



P Backpropagation

[

X.

2

Example: Matrix Multiplication

‘NxD]

1-3]

-3 4 2]

dL/dx: [NxD]

|

?

[???f

? 7]

dL/dx, 4
= (dy/dx, ,) - (dL/dy)

[
[
[

w: [DxM] |
32|1-1]

3 2]

1

2132
321-2]

Matrix Multiply y = xw

YVij = Z XikWk,j

k

Local Gradient Slice:
dy/dx4 4

dy,o/dx;; [3 2(1-1]]

2?2 7? ?]

y: [NxM]
-1-1 2 6]
|5 2 11 7]

dL/dy: [NxM]
[23-39]
(814 6]



P Backpropagation

Example: Matrix Multiplication

x: [NxD] w: [DxM]
2] 1 -3] [|3]2 1-1]

|

s

34 2] |2
|3

Matrix Multiply y = xw

Yij = Z XikWk,j

k

dL/dx: [NxD]
(]2 21

[(? ? ? ]

dL/dx, 4
= (dy/dx, ;) - (dL/dy)

Local Gradient Slice:
dy/dx, 4
dy;/dx;; [3 2 1-1]
12]? ? ?]

Y21 = X3qWqp1 T Xp,Wo 1+ X;3W34

[_

dL/dy: [NxM]
[23-39]
(-8 14 6]
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P Backpropagation

Example: Matrix Multiplication

y: [NxM]
| | -1-1 2 6]
x:[NxD] ~ w:[DxM] . : i - |
@13 3211 Matrix Multiply y = xw [5]2 11 7]
[3 4 2] ;;i’;’, Vi,j =Zx::.kwk.f dL/dy: [NxM]
B : k : [23-39]
dL/dx: [NxD_l [-8146]
[ :'; z :'; _. Local Gradient Slice:
[ . . * - d‘y’/d}{ll
d d -
dL/d)(lll ‘:"1,2/ X11 [[fé 2? ]:; ;L]]
= (dy/dx, ,) - (dL/dy) -

Y21 = X3qWq11 T Xp,W5 1 T X;3W34
=> dyz,l/dxl,l =0
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P Backpropagation

Example: Matrix Multiplication

y: [NxM]
. _ -1-1 2 6
[x2: -r‘i"i)]] w.; [,fjmi | Matrix Multiply y = xw [[5 2 11 7]]
|1-3 4 2] ; ;— i 3 yi,j = Z xi’kwk’j dL/dy [NxM]
B : k : [ 2 3-39]
dL/dx: [NxD_. [-8146]
[ :r; Z :,; I Local Gradient Slice:
[? ? ? ] dy/dx, 4
dL/d)(Ll dyi /dx;; [3 2 1-1]

= (dy/dx, 1) - (dL/dy) [010 0 0f]



P Backpropagation

Example: Matrix Multiplication

y: [NxM]
| ' S (11 2 6]
X: [NxD] w: [DxM] ' _ -
M]1-3] [321-1] Matrix Multiply y = xw [5 2 11 7]
- (213 2] = | |
[ 3 4 2] _'3 2 1_2 y!,,} Zx!"kwkr} dL/dy: [NXM]
| | f = [ 2 3-39]
dL/dx: [NxD: 2
| z Z z J Local Gradient Slice:
o dy/dx, ;
321-1
dL/dx, 4 [ ]

= (dy/dx, ,) - (dL/dy) [000O0]



P Backpropagation

Example: Matrix Multiplication y: INxM]

| | 1-1 2 6]
x: [NxD] w: [DxM] . : : _ : |
11 3] (321 Matrix Multiply y = xw [5 2 11 7]
[-3 4 2] [2132] Yi,j = in.kwk:f dL/dy: [NxM]

_[321_2] i : [[2 3-3 9]
dL/dx: [NxD: [-8146]
[of? 21 __ | Local Gradient Slice:
L2 2 7. dy/dx, 4
13 2 1-1f]

dL/dx, 4 0000]

= (dy/dx, ;) - (dL/dy)
= (Wl,:) ' {dl—/dYL:)
=3%2 +2%3 + 1%(-3) + (-1)*9 = 0



P Backpropagation

Example: Matrix Multiplication

x: [NxD] ~ w:[DxM] .

[2 1-3] [321-1

(-3 4(2] [2132
[3 2 1-7

dL/dx: [NxD]

[0 ? ? ]

[? ?[30|]

dL/dx, 3

= (dy/dx; 5) - (dL/dy)

Matrix Multiply y = xw

Yij = Z XikWk,j

k

Local Gradient Slice:
dy/dx; 5
0O 00O0]
3 2 1-2|

y: [NxM]
[-1-1 2 6]
15 2 11 7|

dL/dy: [NxM]
[23-39]
[-8 14 6]
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P Backpropagation

Example: Matrix Multiplication y: [NxM]
| -1-1 2 6]
x: [NxD]  w:[DxM] . : : -
[2 1 -3] 32 1_1; Matrix Multiply y = xw [5 2 11 7]
(-3 412] | ; ;L i 3 Yij = in,kwk:f dL/dy: [NxM]
o - k . [23-39]
dL/dx: [NxD] [[-8 1 4 6]]
E _? ?? 3?0 ] Local Gradient Slice:
¢ [2Y] dy/dx; 5
000 0]

= (dy/dx; 5) - (dL/dy)
= (w3) - (dL/dy,,)
=3*(-8) +2*1+1*4 +(-2)*6 =-30
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P Backpropagation

Example: Matrix Multiplication

y: [NxM]
-1-1 2 6]
x:[NxD] ~ w:[DxM] . i i -
5131 [321-] Matrix Multiply y = xw [5 2 11 7]
, [ 213 2 - . :
[-3 4 2] 1 Yi,j le.kwk.} dL/dy: [NxM]
B : k : [23-39]
dL/dx: [NxD: [-8146]
[0 16 9]
[-24 9 -30]
dL/dx;;

= (dy/dx; ;) - (dL/dy)
=(w;) - (dL/dy; )
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P Backpropagation

Example: Matrix Multiplication

x: [NxD] w: [DxM] |

[2 1-3] [321-1]

(-3 4 2] [2132]
[ 32 1-2]

dL/dx: [NxD]

[0 16 -9 ]

[-24 9 -30]

dL/dx;;

= (dy/dx;) - (dL/dy)
= (w;) - (dL/dy; )

Matrix Multiply y = xw

YVij = Z XikWk,j

k

y: [NxM]
[-1-1 2 6]

15 211 7]

dL/dy: [NxM]

dL/dx = (dL/dy) w”
[N x D] [N xM] [M x D]

[23-39]
(-8 14 6]

Easy way to remember:

It’s the only way the
shapes work out!
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P Backpropagation

Example: Matrix Multiplication

x: [NxD]  w:[DxM] .
[2 1-3] [3211]
(-3 4 2] [2132]
| 32 1-2]
dL/dx: [NxD]
[0 16 -9 ]
[-24 9 -30]

Matrix Multiply y = xw

YVij = Z XikWk,j

k

y: [NxM]
-1-1 2 6]

|15 2 11 7]

dL/dy: [NxM]

dL/dx = (dL/dy) w”
[N x D] [N x M] [M x D]

dL/dw = xT (dL/dy)
[DxM] [DxN][NxM]

[23-39]
(814 6]

Easy way to remember:

It’s the only way the
shapes work out!
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P Choosing hyperparameters

Choosing Hyperparameters: Grid Search

Choose several values for each hyperparameter
(Often space choices log-linearly)

Example:
Weight decay: [1x10%, 1x103, 1x107, 1x10?}
Learning rate: [1x104, 1x10-3, 1x102, 1x10]

Evaluate all possible choices on this
hyperparameter grid
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P Choosing hyperparameters

Choosing Hyperparameters: Random Search

Choose several values for each hyperparameter
(Often space choices log-linearly)

Example:
Weight decay: log-uniform on [1x10%, 1x107]

Learning rate: log-uniform on [1x104, 1x101]

Run many different trials
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P Choosing hyperparameters

Hyperparameters: Random vs Grid Search

Unimportant

Grid Lavyout
N
o ® ®
o » ®
o o ®
Important
Parameter

Parameter

Random Lavout

-,
e,
—. _
m {

Unimportant

Important
Parameter

Parameter
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P Choosing hyperparameters

Choosing Hyperparameters

Step 1: Check initial loss

Turn off weight decay, sanity check loss at initialization
e.g. log(C) for softmax with C classes
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P Choosing hyperparameters

Choosing Hyperparameters

Step 1: Check initial loss
Step 2: Overfit a small sample

Try to train to 100% training accuracy on a small sample of training
data (~5-10 minibatches); fiddle with architecture, learning rate,
weight initialization. Turn off regularization.

Loss not going down? LR too low, bad initialization
Loss explodes to Inf or NaN? LR too high, bad initialization

107



P Choosing hyperparameters

Choosing Hyperparameters

Step 1: Check initial loss
Step 2: Overfit a small sample
Step 3: Find LR that makes loss go down

Use the architecture from the previous step, use all training data,
turn on small weight decay, find a learning rate that makes the loss
drop significantly within ~100 iterations

Good learning rates to try: 1e-1, 1le-2, 1e-3, 1le-4
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P Choosing hyperparameters

Choosing Hyperparameters

Step 1: Check initial loss

Step 2: Overfit a small sample

Step 3: Find LR that makes loss go down
Step 4: Coarse grid, train for ~1-5 epochs

Choose a few values of learning rate and weight decay around what
worked from Step 3, train a few models for ~1-5 epochs.

Good weight decay to try: 1le-4, 1e-5, 0
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P Choosing hyperparameters

Choosing Hyperparameters

Step 1: Check initial loss

Step 2: Overfit a small sample

Step 3: Find LR that makes loss go down
Step 4: Coarse grid, train for ~1-5 epochs
Step 5: Refine grid, train longer

Pick best models from Step 4, train them for longer
(¥10-20 epochs) without learning rate decay
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P Choosing hyperparameters

Choosing Hyperparameters

Step 1: Check initial loss

Step 2: Overfit a small sample

Step 3: Find LR that makes loss go down
Step 4: Coarse grid, train for ~1-5 epochs
Step 5: Refine grid, train longer

Step 6: Look at learning curves
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P Choosing hyperparameters

Look at Learning Curves!

0.10
98 { —®— frain
-&- val
0.08 -
7)) 9 1
n
2 006 A
(@) o4 4
£
e
- 004 1
© 92 -
—
0.02 - a0 -
0.00 +— 88

0 100000 200000 300000 400000 500000 600000 0 100000 200000 300000 400000 500000 600000
lteration lteration

Losses may be noisy, use a scatter
plot and also plot moving average
to see trends better
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P Choosing hyperparameters

Loss
Bad initialization a prime suspect

.--""‘-H-F.
.--“-'—Ff-
.--"'"—-FF
=

time
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P Choosing hyperparameters

LOSS

Loss plateaus: Try learning
/ rate decay

time
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P Choosing hyperparameters

Loss

Learning rate step decay Loss was still going down when
learning rate dropped, you
decayed too early!

time
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P Choosing hyperparameters

Accuracy | Accuracy still going up, you
need to train longer

Train

/

time
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P Choosing hyperparameters

Accuracy Huge train / val gap means
overfitting! Increase regularization,
get more data

/

Train

time

117



P Choosing hyperparameters

Accuracy

Train

No or small gap between train / val
means underfitting: train longer, use
a bigger model, maybe higher LR

/

time
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P Choosing hyperparameters

Choosing Hyperparameters

Step 1:
Step 2:
Step 3.
Step 4.
Step 5.
Step 6.
Step 7:

Check initial loss

Overfit a small sample

Find LR that makes loss go down
Coarse grid, train for ~1-5 epochs
Refine grid, train longer

Look at loss curves

GOTO step 5
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P Transfer learning

1. Train on ImageNet

FC-1000

FC-4096

FC-4096

MaxPool

Conv-512

Conv-512

MaxPool

Conv-512

Conv-512

MaxPool

Conv-256

Conv-256

MaxPool

Conv-128

Conv-128

MaxPool

Conv-64

Conv-64

I
|
|
I
I
|
|
I
I
I
I
I
I
I
I
I
I
I
I

|
|
|
|
|
|
|
|
I
|
|
|
|
|
|
|
|
|
|

Image

2. Use CNN as a
feature extractor

I

FC-4096

FC-4096

MaxPool

Conv-512

Conv-512

MaxPool

Conv-512

Conv-512

MaxPool

Conv-256

Conv-256

MaxPool

Conv-128

Conv-128

MaxPool

Conv-64

Conv-64

I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I

Image

\

Remove
last layer

> Freeze
these

Donahue et al, "DeCAF: A Deep Convolutional Activation Feature for Generic Visual Recognition”, ICML 2014

120



P Transfer learning

1. Train on ImageNet

l

FC-1000

|

l

FC-4096

|

I

FC-4096

|

MaxPool
Conv-512
Conv-512

MaxPool
Conv-512
Conv-512

MaxPool
Conv-256
Conv-256

MaxPool
Conv-128
Conv-128

MaxPool
Conv-64
Conv-64

lmage

|

2. Use CNN as a
feature extractor

FC-4096

FC-4096

|
)

MaxPool
Conv-512
Conv-512

MaxPool
Conv-512
Conv-512

MaxPool
Conv-256
Conv-256

MaxPool
Conv-128
Conv-128

MaxPool
Conv-64
Conv-64

Remove
last layer

> Freeze
these

Image

Classification on Caltech-101

1
-
=4 il
@ 087 /
1]
o
S 0.6}
9
5 04}
S *
-:é —+— LogReg DeCAF6 w/ Dropout
g 02 SVM DeCAF6 w/ Dropout ||
s —+— Yang et al. (2009)
U 1 1 L 1

0 5 10 15 20 25 30 35
Num Train per Category

Donahue et al, "DeCAF: A Deep Convolutional Activation Feature for Generic Visual Recognition”, ICML 2014
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P Transfer learning

| FC-1000

| FC-4096

| FC-4096

MaxPool
Conv-512
Conv-512

MaxPool
Conv-512
Conv-512

MaxPool
Conv-256
Conv-256

MaxPool
Conv-128
Conv-128

MaxPool
Conv-64
Conv-64

More specific

More generic

/

Dataset similar | Dataset very
to ImageNet different from
ImageNet

very little | ? ?

data (10s

to 100s)

quitealot |? ?

of data

(100s to

1000s)
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P Transfer learning

| FC-1000

MaxPool
Conv-512
Conv-512

MaxPool
Conv-512
Conv-512

MaxPool
Conv-256
Conv-256

MaxPool
Conv-128
Conv-128

MaxPool
Conv-64
Conv-64

Image

More specific

More generic

/

Dataset similar | Dataset very
to ImageNet different from
ImageNet

very little | Use Linear ?

data (10s | Classifier on

to 100s) top layer

quite alot | Finetune a ?

of data few layers

(100s to

1000s)
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P Transfer learning

| FC-1000

MaxPool
Conv-512
Conv-512

MaxPool
Conv-512
Conv-512

MaxPool
Conv-256
Conv-256

MaxPool
Conv-128
Conv-128

MaxPool
Conv-64
Conv-64

I Image

More specific

More generic

/

Dataset similar | Dataset very
to ImageNet different from
ImageNet
very little | Use Linear ?
data (10s | Classifier on
to 100s) top layer
quite alot | Finetune a Finetune a larger
of data few layers number
(100s to of layers

1000s)

124



P Transfer learning

| FC-1000

| FC-4096

| FC-4096

MaxPool
Conv-512
Conv-512

MaxPool
Conv-512
Conv-512

MaxPool
Conv-256
Conv-256

MaxPool
Conv-128
Conv-128

MaxPool
Conv-64
Conv-64

More specific

More generic

~

Dataset similar | Dataset very
to ImageNet different from
ImageNet
very little | Use Linear You're in trouble...
data (10s | Classifier on Try linear
to 100s) top layer classifier from
different stages
quite alot | Finetune a Finetune a larger
of data few layers number
(100s to of layers

1000s)
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P Reference and Readings

Reference
m http://cs231n.stanford.edu

Readings
“Computing Receptive Fields of Convolutional Neural Networks” In Distill 2019.

m  https://naokishibuya.medium.com/up-sampling-with-transposed-convolution-9ae4f2df52d0
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http://cs231n.stanford.edu/
https://naokishibuya.medium.com/up-sampling-with-transposed-convolution-9ae4f2df52d0

p QnA

Thank Youl!!
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