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Machine Learning

- learn from data
- generalize to unseen data
- without explicit instructions

def has_ears(image):
# find oval in image center
circle = image.matchOval(image, x=100, y=100, w=30, h=20)

# find two triangles
trianglel = image.match ngle(circle.x-20, circle.y)
triangle2 = image.matc iangle(circle.x+20, circle.y)

if trianglel and triangle2:
return True

else:
return False




What Problems Can ML Solve?

e Many labeled examples

e Patterns in the data

e Complex relationships
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Model — a simplification of a real process or system.
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Model — a simplification of a real process or system.

Usually we want to know what is the process that generates the data.

100 1
90

X y 801
2 19.6 707
—P y 60
4.5 1441 501
40

10 | 98

301

201

X

<
I
Q
X

a=>5?

15



Model

Model — a simplification of a real process or system.
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100 1

90

X y 801
2 19.6 707

—P y 60
4.5 1441 501

40 1

10 | 98

301

201

<
I
Q
X

—_— a=9.8

y =9.8X

10
20



Model

Model — a simplification of a real process or system.

Usually we want to know what is the process that generates the data.
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Model

Model — a simplification of a real process or system.

(z,y) — data 0

7 — prediction
Yp A

Usually we want to know what is the process that generates the data.
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Model

(z,y) — data 0

7 — prediction

Model — a simplification of a real process or system.

Usually we want to know what is the process that generates the data.
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Model

(z,y) — data 0

7 — prediction

Model — a simplification of a real process or system.

Usually we want to know what is the process that generates the data.
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Model

(z,y) — data 0

7 — prediction

Model — a simplification of a real process or system.

Usually itauffices to-approximale \yhat is the process that generates the data.
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Is it possible to evaluate “goodness”?
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L.oss Function

What is a good approximation?

Is it possible to evaluate “goodness”?

Distance from the data to the model:
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L.oss Function

What is a good approximation?

Is it possible to evaluate “goodness”?
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L.oss Function

What is a good approximation?
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L.oss Function

What is a good approximation?

Is it possible to evaluate “goodness”?

Distance from the data to the model:
2
< |y L= ; (yz — y(:vi)> 1.2 Loss 0
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L.oss Function

What is a good approximation?

Is it possible to evaluate “goodness”?
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Is it possible to evaluate “goodness”?
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What is a good approximation?

Is it possible to evaluate “goodness”?
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L.oss Function

What is a good approximation?

Is it possible to evaluate “goodness”?

Distance from the data to the model:
2
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L.oss Function

400-

What is a good approximation? 300-
L

Is it possible to evaluate “goodness”? 500.
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L.oss Function

4001 x
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500 -
L.oss Function

4001 x
What is a good approximation? 300-
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Gradient Descent

How do we find the value for a?
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How to find the minimum?

min L
a

a® = argmin L(a)

a

57



Gradient Descent

How to find the minimum?

?

min L
a

58



Gradient Descent

How to find the minimum? min £
Qa

Derivatives show “influence” to functions

59



Gradient Descent

How to find the minimum? min £
Qa

Derivatives show “influence” to functions

,C/

60



Gradient Descent

How to find the minimum? min £
Qa

Derivatives show “influence” to functions

oLl oLle

61



Gradient Descent

How to find the minimum? min £
Qa

Derivatives show “influence” to functions

8_£
Oa

62



Gradient Descent 500 1

How to find the minimum? min £ 400+
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oa
100
X
O_

— oL
CL.—CL—’Y%

~ chosen by us



Gradient Descent

How to find the minimum? min £
Qa

Derivatives show “influence” to functions

8_£
Oa

— oL
CL.—CL—”}/%

~ chosen by us

500 -
400 -
£ 3001
200

100 -

~ = 0.003

a | 8 |9.34/9.68

9L -447 | -114
da

10 11

12

94



v = 0.003

Gradient Descent c00 1 o | o [oss[scalarrfors

oL -447|-114| -29 |-7.4 | -1.9
da

How to find the minimum? min £ 4007 X

a

Derivatives show “influence” to functions L 3001

oL 200
oa
100
0 s

— oL
CL.—CL—’Y%

~ chosen by us



~ = 0.003

Gradient Descent 500 1

How to find the minimum? min £ 4007 X

a

Derivatives show “influence” to functions L 3001

a
oL

da

8 ]9.34/9.68/9.779.79

-447-114| -29 |-7.4 |-1.9

oL 200
oa
100 -
0- S
8 10 11 12

g

repeat:
oL

a .= q — ’y%
until minimum i1s reached
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Gradient Descent 500 1

How to find the minimum? min £
Qa

Derivatives show “influence” to functions L 3001

oL 200
0a 100
7Y — learning rate 0 01

7

repeat:
oL

CL::CL—’)/%

until minimum i1s reached

~ = 0.003

400 -

a
oL

da

8 ]9.34/9.68/9.779.79

-447-114| -29 |-7.4 |-1.9

10 11

12
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Gradient Descent

y=axr+b—2a

0.16

0.144

0.12 1

0.10

0.08 1

0.06 -

0.04 1

0.02 1

0.00

0.1

0.2

0.3

0.4
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Gradient Descent

y=axr+b—2a

0.16

2

0.14 1
0.12 1
0.10 1
L 0.08 1
0.06 1
0.04 1

0.02 1

0.00

0.1 0.2 0.3

§ = —5.5(a — 0.246)x + b — 0.217

0.4

99



Gradient Descent
y=axr+b—2a

0.16

0.14 1
0.12 1
0.10 1
L 0.08 1

0.06 1

0.04 1

0.02 1

0.00 . :
0.1 0.2 0.3 0.4

§ = —5.5(a — 0.246)x + b — 0.217
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Gradient Descent

0.16
0.14 -
0.12 1
0.10 1
L 0.08 1
0.06 1
0.04 -

0.02 -

0.00

0.4 —0.3 —0.2 —0.1 0.0 0.1 0.2 0.3 0.4

j = —5.5(a — 0.246)z + b — 0.217
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Gradient Descent

0.16
0.14 -
0.12 1
0.10 1
L 0.08 1
0.06 -
0.04 -

0.02 -

0.00 . . . - . : :
-0.4 -0.3 -0.2 -0.1 0.0 0.1 0.2 0.3 0.4

j = —5.5(a — 0.246)z + b — 0.217
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Gradient Descent

0.16
0.14 -
0.12 1
0.10 1
L 0.08 1
0.06 1
0.04 -

0.02 -

0.00 : . . - . : :
-0.4 -0.3 -0.2 -0.1 0.0 0.1 0.2 0.3 0.4

j = —5.5(a — 0.246)z + b — 0.217
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Gradient Descent

0.16
0.14 -
0.12 1
0.10 1
L 0.08 1
0.06 1
0.04 -

0.02 -

0.00 : . . - . : :
-0.4 -0.3 -0.2 -0.1 0.0 0.1 0.2 0.3 0.4

j = —5.5(a — 0.246)z + b — 0.217
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Gradient Descent

0.16
0.14 -
0.12 1
0.10 1

L 0.08 1

0.06 -
0.04 -
0.02 -

0.00 : . . - . : :
-0.4 -0.3 -0.2 -0.1 0.0 0.1 0.2 0.3 0.4

j = —5.5(a — 0.246)z + b — 0.217

105



Gradient Descent

Xy
03 1.9
-0.2 1.85
0.2 1.85

0.3 1.85

0.16
0.14 -
0.12 1
0.10 1
0.08 1
0.06 -
0.04 -

0.02 -

0.00
-0.4

—0.3 —0.2 —0.1 0.0 0.1 0.2 0.3

j = —5.5(a — 0.246)z + b — 0.217

0.4

b

2
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Gradient Descent

2.1
-0.4 2.0
1.9 b

04 18

a —0.246)x + b — 0.217 :

2

Am

j=—5.5
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Gradient Descent

-0.3 1.9

-0.2 1.85

0.2 1.85

0.3 1.85

J=—55

(

0.4 18

a—0.246)x + b — 0.217

b

2
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Gradient Descent

-0.3 1.9

-0.2 1.85

0.2 1.85

0.3 1.85

J=—55

(

0.4 18

a—0.246)x + b — 0.217
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Gradient Descent

Xy
-0.3 1.9
-0.2 1.85
0.2 1.85

0.3 1.85

—9.9

(

0.4 18

a — 0.246)x + b — 0.217
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Gradient Descent

Xy
-0.3 1.9
-0.2 1.85
0.2 1.85

0.3 1.85

§=—5.5

(

0.4 18

a — 0.246)x + b — 0.217

b

2
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Gradient Descent

-0.3/1.9
-0.2/1.85
0.2 1.85

0.3 /1.85
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Gradient Descent

-0.3/1.9
-0.2/1.85
0.2 1.85

0.3 /1.85
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Loading the Data

size of dataset > computer memory

114



Loading the Data

size of dataset > computer memory

-~ batching

115



Stochastic Gradient Descent

N
1 .
Ly = ~ g lo(xi, i) e.g., Lo(xi,yi) = (y(f’%) — y@')Z
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Stochastic Gradient Descent 0
N
1 . 2
Lo = N Zfe(il%yi) e.g., lo(zi, yi) = (y(iﬁz) - Z/z)

_ 9L
750,

Gradient Descent 9t+1 — Qt

17



Stochastic Gradient Descent 0
N
1 . 2
Lo = N Zfe(il%yi) e.g., lo(zi, yi) = (y(iﬁz) - Z/z)

oL

(Full) Batch Gradient Descent ‘9t—|—1 =0, — 78_(9
t
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Stochastic Gradient Descent 0

N
1 .
Lo = N Zfe(il%yi) e.g., Lo(wi,yi) = (y(iﬁz) - Z/z)

oL
_ 78_(%
0J4
_ fya_et

2

(Full) Batch Gradient Descent 9t+1 — 0,

Stochastic Gradient Descent 9t+1 — 975
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Stochastic Gradient Descent 0

N
1
= o o) e lolwiy) = (90 — )

oL

(Full) Batch Gradient Descent 0,1 = 0y — y——
00,

0J4

Stochastic Gradient Descent 9t+1 — 975 — 78—9
t

|B\ 2_ven Lo, Yp)
00,

Mini-Batch Gradient Descent Ht_|_1 — ‘9t —
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Models
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Models

X data Xy

: 122



Models

X data Xy
81 —— model y=0.51x + 2.95 = Ee

X

= Linear model 123



18

16 1

14 1

12 -

10 -

Models

X
x data ¥
xX X
X
X
X xX
X
% MWK
X Macs
X
5 X X %
X X X x xX X
X
x X xX X
*xxx ;( XX X x
X oo XX x R X
X oK X Xy "%
- = X % xx>§( xX
s X X )%(x
X R X
x X X
X
0 2 4 6 8 10
X
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18

16 1

14 1

12 -

10 -

Models

x data X
—— model y=0.3(x—4)2+5 XX [ox

=> Quadratic model
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Models

10

126



Models

217 x data x
—— model y = — 2cos(x)
1 B
X
X
0_
_1 R
__2 -
0 2 4 6 10

= Cosine model
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Models

x data
X
X
X
4 0 1
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Models

X

data
model

0 1 2
X

= Polynomial model

?
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Models

X

data
model

0 1 2
X

= Polynomial model

?

= Overfitting
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Models

X

data
model %

_q

?

X

= Linear model?
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Models

X

data
model %

X

= Linear model
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Models

data:

Ei

133



Models

data:

Linear model?
Quadratic model? 134



Python

linear_model.py

135



How to Choose a Model?

?

136



How to Choose a Model?
The Bitter Lesson (2019)

General methods that leverage computation and
learning ultimately prove more effective than
approaches relying on human knowledge and
domain-specific expertise.

— Rich Sutton, ACM A. M. Turing Award 2024 recipient

137


http://www.incompleteideas.net/IncIdeas/BitterLesson.html

How to Choose a Model?
The Bitter Lesson (2019)

General methods that leverage computation and
learning ultimately prove more effective than
approaches relying on human knowledge and
domain-specific expertise.

— Rich Sutton, ACM A. M. Turing Award 2024 recipient

(= we should not assume models (e.g., linear or not), we should just have

a general learning method leveraging computation, e.g., NNs + GD) .


http://www.incompleteideas.net/IncIdeas/BitterLesson.html

Neural Networks

L = [%1,332, 7ajm]
_(91_

0= :
_em_

139



Neural Networks

Q —x0+b= [Z:';O xiﬁli + bl 2:10 .I‘iegi + bg]

I = [%1,332, ,.Clim]
_(911 ‘921_

0 = z
_elm 92m_
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Neural Networks

141



Neural Networks

(20D + 1) 92 4 p %

(nonlinearities)

r — [%1,$2,...,$m]
0 — (9<1>, b 92 b<2>>

OV M x N  pM N x1

02 N x1 b? c R
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Neural Networks

143



Neural Networks

j=o(..o@x08b £b1)e® 1+ p@ o) 4 po)

L = [561,5132,...

6 — (9(1)7 bl .

01 _ M x N
02 N x1

 Ton

10) b<L>)

b — N x 1
b? c R

x1

T2

Lm

_>Q
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Backpropagation Example

Yp - O-(XW]_ + bl)WZ + bz

145



Backpropagation Example

1
Yp — O-(XW]_ + bl)WZ + b2 L(Yp, Y) = E(Yp - Y)Z

146



Backpropagation Example

1
a(XW, + bl)’w2 +b, L(YP,Y) == (YP = ¥)?

Z,=XW, ,T] Z,=7,*b, :@ Z3=0(Z,) |

g e,

b,

147



Backpropagation Example

1
YP = a(XW, + b))W, + b, L(YPY) = 5(yzo —Y)?
X Z,=XW, [ Z=Zp+by — L=0@) o Z=ZW, Y =Zb,
W, b, W2 b,
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Backpropagation Example

1
YP = a(XW, + b))W, + b, L(YPY) = > (YP —Y)?
7 Z,= XW, Z,=2,+b, — Z3=0(Z)) Z,=Z3W, YP=Z,+b,
W, b, W, b, Y

149



Backpropagation Example

1 %
YP = a(XW; + by)W, + b, L(YP,Y) = = (YP —Y)?
i n Z;=XW, T+ Z,=L+b, ’B Z3=0(Z,) T Z,=1Z;W, I YP=2,+b, :
Y2 52, oz, 5z, T
SW, | Isb, | 5w, lsb,
W1 b1 W2 b2 Y
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Backpropagation Implementation

See Andrej Karpathy's micrograd and backpropagation lecture material

151


https://github.com/karpathy/micrograd/tree/master
https://github.com/karpathy/nn-zero-to-hero/blob/master/lectures/micrograd/micrograd_lecture_second_half_roughly.ipynb

Backpropagation Example

1
YP = a(XW; + by)W, + b, L(YP,Y) = = (YP —Y)?
X " Z1 = XW1 JTl 22 = Z1+b1 :B ZS = G(Zz) T Z4 = ZSWZ :’TI YP = Z4+b2 .
Y2 52, 8z, T8z, G
SW, | Isb, | 5w, lsb,
W, b, W, b, Y
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Backpropagation Example

1
YP = a(XW; + by)W, + b, L(YP,Y) = E(YP —Y)?
X Z,=XW, Z,=Z,+b, :|—| Z3=0(Zy) = Z,=23W, 7] YP=2,+b, :
A 5z, G
SW, | Lﬁ&) | 5w, Lﬂabz |
W, W, b, Y

a a1 ,
@ eI I = -y
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Backpropagation Example

1
X Z,=XW, z,= z+b1 ] L=oll) gy ZtZW. o ¥P=Zpb,
LR 8Z = NG '
l l6 3 |Q|nl g 16
W, b JTOVV; b,
W, W, b, Y
© ===y
ayr — ayr |2
e 57 1 oL _ayl’ oL — 7
YT 9z, 09Z,0YP
aYP

Becausey? = 7, =1

+b2,a—Z4
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Backpropagation Example

e O-(XW]_ + bl)WZ + bz

1
L(YP,Y) =5 (YP —¥)?

— Z=XW, Z,=27,+b, Jo_‘ Z3=0lZ) — Z,=23W, >,T|Y Z,+b, :
LTJ = 8Z, ﬁLﬂJ T8z, LT—‘ 3YP
6\N1 l le v 5W2 lez
W, b,

W,

oL 0

s
1 5Y”‘m=m[z”y”—”'2]=y”—y

e 57 1= L  9YP dL
*= 9z, 9Z,0YP
Because y? = 7, + b,
e 57, = 0L  9Z, oL
8= 02y 07307

aZ
BecauseZ, = Z;W,, 624

'9Z,

= §YP

aYp

wr

=1

= 6Z4,W2T
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Backpropagation Example

1
YP = a(XW; + by)W, + b, L(YP,Y) = 5(Ylf’ —Y)?
X S LTXW, i Z=Zeby Zy=oll) — Zi=ZW, — W=Zsb, Im
l dZ, L | oz, — dZ, ﬁl‘ﬂ“ dZ, l dYP T
dW, ROy dW, 5b,
W, b, W, b, Y
aL _ d (1 oL  8Z; oL
p=_" —_——|Zniy? = y|I2| = v? — — _Yeg —
dL 9dYP 4L 0Z
— — = 5YP Because 7, = —=0'(Z
e 0% =57, = az,avp = O useZs = 0(Zz). 5y = 0'(22)
ayer
Becauseyr = 7, + b2'67 =1
4
e . oL 0Z, 0L -
AT gy 0230y T T
BecauseZ, = Z3WZ,% =wy 156
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Backpropagation Example

1
YP = a(XW; + by)W, + b, L(YP,Y) = 5(Ylf’ —Y)?

X\ET Zy=XW; = £p=24%0by Z3=0(Z,) T Z,=23W, J_| Y =2,+b,
T ’ e T

+ =Ko
5z, — oz 82,
SW, Isb, | 5w,

l
W, b, W,

oL a oL  0Z3 dL
@ == ayp[uYP—YnZ] -y @ sz,=-—=3"=0'2).62

0Z, 0Z,0Z,
e 57 oL  aYP oL 57 Because 7 Z) 0Z3 '(Z,)
= — = =0 o =0
* =9z, 9Z,0YP 3 42 67 %
B e
ecausey? =7, + b,,——=1 oL 0Z, dL
4 e 0Z, 07,07, -
e 5 oL 0z, dL ——
3 = — = 4 Wy aZ
0Z3 072307, Because Z, = Z; + b1’6_22 =1
1
BecauseZ, = Zng,g? wr
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Backpropagation Example

1
YP = a(XW; + by)W, + b, L(YP,Y) = E(YP —Y)?

-]

X Z.=0o(Z Z,=2Z,WN YP=Z7,+b
\.,T Z XW Z Z+b1:,?| 3 c7(2)‘ 4 32>’T| 4 2=
oYP
b2

stT Lﬂéb - aaw;T Lﬂlzs

W, b, Y

ME 4:’6

‘ sw.oo L _n oL .o
YTow, T ow, 0z, .

Because 7, = XWj, gi/l D
1
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Backpropagation Example
= g(XW, + b))W, + b, L(YP,Y) = %(Yp —Y)?

Z,=XW, — Z,=2Z;+b, — Z,=0(Zy) o Z,=7Z,W, ’_|Yp=24+b2
® + » * +

—— - :Ii’ m— s — = PE—
- 52, ﬂ&h 52, 52, WSWZ 52, Lﬁ&)z SYP

W, b, W, b, Y

‘ sw.oo L _n oL .o
YTow, T ow, 0z, .

Because 7, = XWj, gi/l D
1

© oL 9z, oL 252

1

0z
Because Z, = 7, + bl,a—b2 = [H, ..., 1
1
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Backpropagation Example

1
o Z=xw, 222,40, — %7 0) ) Z=ZW, =z, I
— % —— —E— F——
57, 52, 5Y?
5W1l l(Sb ‘TISWZ lez
W, W, b, Y
e oL 0Z, 0L
aL aZl 6L T 6W2 - 4‘ ZTé\Z
== = 3 4
a oW, ow, ~ aw, aZ, ke oW, ~ W, 0z,
aZ B —_ aZ‘l- _ n
Because Z1 — XW]_ am/ll XT ecause Z4_ = Z3W2 aWZ Z3

© »-L-% oL 2(52)
1= 9b, 0b,0Z, 4 -

0z
Because Z, = 7, + bl,a—b2 = [H, ..., 1
1
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Backpropagation Example

Yp - O-(XW]_ + bl)WZ + bz

SW,
W1

1
L(YP,Y) =5 (YP —¥)?

Z,=27,+b, ol Z3=0(Zy) M Z,=2ZW, — YP=Z,+b,
> > » 4+ >
LTJ = 8Z, ﬁLTJ T8z, oy
b, E Jsb,
W, b
oL 9z, oL
oL 0z, oL = e Wy =E— = —— = B85Z
= ——— s = 2i = 3 4
oW, ow, ~ aw, aZ, ke oW, ~ W, 0z,
0z B _ 0Z, T
Because 7, = XW;, 6W11 xT ecause 7, = Z,W,,—— aw, =73
AL 97, oL L  aYP oL
= == p
Oy = b, b, 0Z, z(‘%)k ° L db, db, aYP ZW ks

0z
Because Z, = 7, + bl,a—b2 = [H, ..., 1
1

ayYr

Because ypr — Zy+ bz'ﬁ = |,
2

— |
—_—

Y
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Backpropagation (Softmax & CE Loss)

Score vector from

neural net Probabilities

logits

yp Cross-
> entropy

loss

y ldeal probabilities
(1-hot vector)
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Backpropagation (Softmax & CE Loss)

Score vector from

neural net Probabilities

lOgitS yp Cross-

entropy

loss

y Ideal probabilities
(1-hot vector)

Loss = —Zk}’klog(wk) — oLoss) _ _ Yk

dOP)k  YPk
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Backpropagation (Softmax & CE Loss)

Score vector from

neural net Probabilities

yp Cross-
entropy

logits

loss

y Ideal probabilities
(1-hot vector)

Loss = _ZRYklog(ypk) ) 2LOSS) Yk

oP Yk
_ _OPUOGILS) oy OOP _ [yni(1-yp),  ifi=k,
S Y, exp(logitsy) d(logits); | —YPiYPr otherwise.
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Backpropagation (Softmax & CE Loss)

Score vector from

neural net Probabilities

yp Cross-
entropy

logits

loss

y Ideal probabilities
(1-hot vector)

Loss = —Zkyklog(wk) — o(Loss) _ _ Yk

oDk YP
_ _OPUOGIS) oy OOP _ [yni(1-yp),  ifi=k,
g = Y exp(logitsy) d(logits); | —ypiypr,  otherwise.

d(Loss) 3 d(yp)x 9(Loss) _
d(logits);  £ud(logits); 0P '

Using the above two results in the chain rule, 6(logits);= —y;
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Backpropagation (More Explanations)

See the Back Propagation Practice folder
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https://drive.google.com/drive/folders/1sEiaV4tR6tIY4xGvySVe8AN5q-hgHKAA

Recap

167



Recap

222222
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500 -

400

300+

200 1

100
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7

2 repeat:
£=3 (v —9(z))  12Loss J 0= a2k
,L . . . .
until minimum is reached
v = aX
y ~ = 0.003
500 500 a | 8 |9.34/968 9.77/9.79
9L | 447/ 14| 29 | 7.4 1.9
4001 4004 x | 9a
| 300 £ 300+
2001 200
1001 100+
0 ; 0 S
8 9 '10 11 12 8 9 10 11 12
a a
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7

repeat:

L= _ oL
a=a— ’y%
until minimum is reached
v = 0.003 i=o(.. .a(mO(l) n b(l)) 02 L p@ ) o) 4 pL)
500 1 500 a | 8 19.34/9.68/9.77/9.79
9L | 447/ 14| 29 | 7.4 1.9
400 4004 x | 9a
3001 £ 300
200 200+
100 100
04 0 S
8 9 10 11 12 8 9 10 11 12

171



7

repeat:
L= _ oL
aIC_ a’.— CV% .
until minimum is reached
~ = 0.003
500 - 500 - a | 8 |9.34/968/9.77/9.79
9L | 447/ 14| 29 | 7.4 1.9
4001 4004 x | 9a
| 300 £ 3001
200 - 200+ 5w‘(N o Tl:;m o o \];swz o Zﬂsm T
100 100
0 ; 0 S
8 9 '10 11 12 8 9 10 11 12
a a
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Part II: Example Problems



Q1 (30). Consider an autoencoder and a classifier acting together for semi-supervised learning.
Let us denote the symbols first. X is a batch of input images. W1, b1, W2, b2, W3, b3 are
learnable parameters. The latent code is Z = ReLU(X * W1 + b1), where * denotes matrix-matrix
multiplication and + denotes broadcast addition. The decoder outputisY=2Z * W2 + b2. The
classifier is attached to the latent code as C = softmax(Z * W3 + b3). The reconstruction loss for
the autoencoder is the MSE loss, L2(X, Y), whereas the classification loss is cross entropy, CE(C,
C_gt), where C_gt is the ground truth class probabilities with 1-hot encoding. Write the
expressions for dW1, dbl, dW2, db2, dW3 and db3, where these symbols mean gradient of the
combined loss, L = L2(X, Y) + CE(C, C_gt), with respect to W1, b1, W2, b2, W3, and b3,
respectively. Draw a computational graph for the entire model with loss nodes. Unlike a realistic
image batch in a semi-supervised learning, for the sake of simplicity, the entire batch of images
X here has ground truth C_gt available.
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Q1 distilled:

?!‘ouw'- 2
L= Relll (X W, +6,) LZO( |Y> - % (X"Y)
V= ZW,+62 CE(C ,Cae)

C‘ 37%‘4‘1)4 (Z‘da *éz> L$ LZO(,Y> i CE(C>C e)

Tasks: —dow o computition 6”‘% Gor Yo wadel wth loss nooks
— feed $W, 56, SUe, Sh, 8UL, Sby , whert S L for s
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Q1 solution (1)

A one of multiple possible
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Q1 solution (2)

Qnsvu&\F (6150 Q)(Wrs SZ amc{ h \

) U, € Xueby 705 o= Z((X)
W {ng 10 3t>o{'[ﬂerw15€ S,z Y~X
W, (Y-x )“" W3<C’Cae> & X Wi tds 7~ O, g\;j_,)-z((; %4)
} SLM {O> oﬂww\se 81’5 C (/3{7

T ————

177



Q3 (30). Compute the forward pass of the following model:

J Max K O

I pool

W
If I is the following image patch

. =P 1 (3|2 |4 |6 |4
4 |8 |3 |1 |0 |2
2 |1 |4 |3 |9 |1
4 |7 |12 |3 (9 |2

and W is the following 3-by-3 filter matrix 1 5 1

0 0 0

-1 (-2 | -1

Compute J, Kand O. Do not zero pad while doing the convolution. Assume stride size 1 for the
convolution. Assume a 2-by-2 max pooling with stride 2. Write J, K and O below. 178



Q3 solution

Proaam-'
=15

K= moot ()

(sbole =),

O= el U (K)

— Wri{‘e J)K,O

finswer

AN d24146Y

Yy 35102
T=1{214%34

Yy ¥ 23872

21
W:[ooo

-4 -2 A

} c=[> 2] ©=[> o

)4 DL
3215 4 g
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