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Short review



Basic construction of neural networks

Y = o(wiVzy + w2y + b™M)
h(2) — J(wgz)ml + w§2)az2 + b))

0 = U(wf))h(l) + wég)h(z) +b3))



Basic construction of neural networks
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Role of parameters w and b
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Role of parameters w and b

Do it yourselt : plot ReLLU graph for various w b

Desmos



Mathematical Preliminaries



Functions



Functions

Given 3 numbers, | manipulate them and return you one
number
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Functions

Given 3 numbers, | manipulate them and return you one
number

f (X1, X2, x3) =y

11



Functions

Given 1 number, | manipulate it and return you one number

f(x)=y
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Building a function
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Building a function

v=Db(x) “b”for “bump”

d
<+—>

1 unit

x=0
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Building a function

y = b(x)
y = b(x-a)




Building a function

y = b(x)
vy = 1.5*b(x-a)




Building a function

y = b(x)
vy = 1.5*b(x-a)
y = '1 *b(X+23) i -




Building a function

y = b(x)

y = 1.5*b((x-a)/2)




How to build this function using b(x)?
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How to build this function using b(x)?
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How to build this function using b(x)?

21




How to build this function using b(x)?
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How to build this function using b(x)?
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How to build this function using b(x)?
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How to build this function using b(x)?

25



How to build this function using b(x)?

Yy = 3.1*b(x+3a) + 2.7*b(x+2a) + 1.1*b(x+a)
-0.8"b(x)-1.2*b(x-a)-1.0*b(x-2a)
v +1.2*b(x-3a)+2.1*b(x-4a)




How to build this function using b(x)?

Errors / gaps
3.1

I~
2.0
N
2. 1
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x=0 -1.2
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Smaller “a” (width)
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Bumps with different widths
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Relationship with deep learning — Neural Nets bulld
functions by adding functions
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Relationship with deep learning — Neural Nets bulld
functions by adding functions
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Simplest perceptron - sigmoid activation function

1

O —
1 4+ exp(—wx — b) T , O
e O—0O
0.5 /
—16 .—{‘;"" —12 90 | 1 J

2wx“—l— b

For more activation functions, check out

https://en.wikipedia.org/wiki/Activation_function
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Neural network make a bump function

— Tal I
-6 —4 -2 0 2 4 6

XL add

AN
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For more activation functions, check out

https://en.wikipedia.org/wiki/Activation_function
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Function picture of network
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Function view of neural network
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Manifold view of neural network
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Matrix notation
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i =0 ZW(Ol)xj—l—bi 1 =1,---

-

hi = O-[W(O>1) . T+ bl] element wise operation

o((21, 22,23, )| = (0(21),0(22),0(23))







Training the network

How does the network know how to fold data space?
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Notation

Let X & & be the input space

et Y € R or y € N pethe label

Let 0 & be the output of the neural network
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A general objective

Tweak the output of neural network to be
as similar to the label as possible.

0~ Y

How to tweak” Adjust the weights
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Given one example (Q;7 y)

O
L o%éo%g O
O 0 — Y

For this example, the neural network ‘behaves well’
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(1, Y1)

Given many examples (., y,)

(T s Yn)

For these many examples,
the neural network ‘behaves well’
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01 — Y1
02 — Y2

On — UYn



After the first example, give another example

(«",7)

O
x o% »Zo%g o
O

Now we say for a well behaved neural network
/ /
O = 1Y
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How good is the trained network”

O
' © »o%g o
O
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Square error
Given data points (24, ¥i),t=1,---n

U(yi, 0i) = llyi — o4l

1
C:_ [ 1y U1
n%ﬁ(y 0;)
01, Y1

% 02, Y2

Ony Yn

Adjust the weights until C = 0 (or close to zero)
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Cross entropy cost function
Two class example  v; € {0,1}

O — —% > - yiloglo(x;)] + (1 — y;) log|[1l — o(x;)]

Three class example

y; € {(1,0,0),(0,1,0),(0,0,1)} output
m = exp(v1) + exp(vz) + exp(vs) l
exp(vy) exp(vs) exp(vs) Ovl
Vi = ( m m - ) s O > O U2
l(yia Oi) — —Y; lOg(Oi) O 213

‘\‘\ Here the log is element wise since ol is a vector

1
(= — E l(yi;Oi) vector dot product
n =
1
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A good online reterence for loss function

http://rohanvarma.me/Loss-Functions/
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L oss function is a surface
consider 4 data points

=-0.5

x1=0.1,y1=0 O—>OO
x2=02,y2=0
x3=0.6,y3 =1 o 1
x4 =0.9 y4 =1 1 + exp(—wz)
Table 1
x1 o1 vi x2 02 y2 x3 o3 v3 x4 o4 v4 Loss
-2 0.1 033 0 0.2 029 0 0.6 0.15 1 0.9 0.09 1 1.7436
-1.5 0.1 034 0 0.2 031 0 0.6 020 1 0.9 0.14 1 1.5913
-1| 0.1 035 0 0.2 033 0 0.6 025 1 0.9 0.20 1 1.4339
-0.5 0.1 037 0 0.2 035 0 0.6 031 1 0.9 0.28 1 1.2539
0 0.1 038 0 0.2 038 0 0.6 038 1 0.9 0.38 1 1.0576
0.5 0.1 039 0 0.2 040 0 0.6 045 1 0.9 0.49 1 0.8747
1| 0.1 040 O 0.2 043 0 0.6 052 1 0.9 0.60 1 0.7353
1.5| 0.1 041 0 0.2 045 0 0.6 0.c0 1 0.9 0.70 1 0.6206
2 0.1 043 0 0.2 048 0 0.6 0e/7 1 09 0.78 1 0.5726

58



O

cost
(square error )

W
ol vi x2 02 v2 x3 03 v3 x4 o4 v4 Loss
033 0 0.2 029 0 0.6 015 1 0.9 0.09 1 1.7436
034 0 0.2 031 0 0.6 020 1 0.9 0.14 1 1.5913
035 0 0.2 033 0 0.6 025 1 0.9 0.20 1 1.4339
037 0 0.2 035 0 0.6 031 1 0.9 0.28 1 1.2539
038 0 0.2 038 0 0.6 038 1 0.9 0.38 1 1.0576
039 0 0.2 040 0 0.6 045 1 0.9 0.49 1 0.8747
040 O 0.2 043 0 0.6 052 1 0.9 0.60 1 0.7353
041 0 0.2 045 0 0.6 060 1 0.9 0.70 1 0.6206
043 0 0.2 048 0 0.6 0.67 1 0.9 0.78 1 0.5726






How to adjust the weights?

Conceptually, this will work:

ry all possible weights combinations, for all
weights combinations, calculate the cost for all
combinations. Then pick the weight combination
that has the lowest cost.

Practically, there are too many weights
combinations to try.
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Back propagation and gradient descend
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Basic calculus required for understanding backpropagation

Composite function
f(l'l) L2, W1, W2, b) — W11 — WaX2 T b

f(xlaajZawl)wZa b) — &2 = W11 T W2L2 T b




Howhwill change if there is a small change in u?

1
h=olu) = 1 + exp(—u)
0o (u)

2 = o(w) (1 - o(u)

How hwill change it there is a small change in w17

h=o0(z)=0(f(x1,z2,w,ws,b))

Chainrule Oh _ 9o(z) _ 0o(z) 0z

awl (‘9w1 0z 8w1

Oh _ Oo(z) Odo(z) 0% Oh  Oo(z) 0Oo(z) 0z

8—102 Owo 0z Ows ob ~ Ob 0z Ob
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Qm@ h

Oh _ Oo(z) Odo(z) 0%

awl 8w1 0z 8w1

Oh _ Oo(z) Odo(z) 0% Oh  Oo(z) 0Oo(z) 0z

8—102 Owo 0z Ows ob ~ Ob 0z Ob



Q¢>Z+AZ¢> P o
U

Oh _ Oo(z) Odo(z) 0%

awl 8w1 0z 8w1

Oh _ Oo(z) Odo(z) 0% Oh  Oo(z) 0Oo(z) 0z

8—102 Owo 0z Ows ob ~ Ob 0z Ob
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Gradient descend

O O Od©
v, =0(z1) = o(wix + by)
Vo — O'(ZQ) — O'(?UQ”Ul —+ bg)

U3 — O'(Zg) — O'(UJ?,UQ -+ bg)

oC oC
ow, 0 o

6/






(9?]3 8@3 823

8w3 823 (9w3

8”01

8w1

— 0’(z3)w30 (ZQ)”LUQ

= o' (z3)w30’ (22)wa0’ (21)x
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(DD (D=0

dvz  Ouvz Jz3
5’w3 - Oz3 8103
03 duz Oz3
Owsy a 0z3 8w2
dvs  OJvg Ozz

8w1 N 823 6w1

(2’3) U2

5’@2
8102
(%2

8w2

/(Zs)ws

(%1

0’(z3)w30 (ZQ)UJQ awl

/(Zs)ws

= 0’ (23)w30’ (22) w20’ (21)2

problem!! : long mathematical expression
leads to large computational time for deep network
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Compute and store strategy

D@D =@ =@

821 5’22 823
Ov ,
8—2 — o' (23)
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— — —wgal(zg)
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Compute and store strategy

O=@=@=@-s

o Ovs 0vs
azl 6)22 823
% B 3”03 (923 B %U p
Ows 023 dws  Dzz 8_23? F?:Qase work
Ovy  Ovs Ozo (%Sv ;  this out
_ _ 9%

Owy  Ozy Owy D2

Ovs Ovg 0z1 0v1

a—wl B (921 8?1}1 N (9—?7’%:6




Forward pass

Z1 = W1T + bl 9 — w2h1 + b2 23 = QU3h2 -+ bg
hi =0(z) ho = o(22) hy = o(z3)

Compute h1,h2,h3 using Relu : please spend 5 minutes on this



Now we put Iin real numbers

Z1 = W1T + bl 9 — w2h1 + b2 23 = QU3h2 -+ bg
hi =0(z) ho = o(22) hy = o(z3)

z1=0.1"140 = 0.1
h1 = 0.1

z2 =-0.2°0.1+0.1 = 0.08
h1=0.08

z3 =-0.170.08+0.2 = 0.192
h3 =0.192



Backward pass, compute all the gradients

Z1 = W1T + bl 9 — w2h1 + b2 23 = QU3h2 -+ bg
hi =0(z) ho = o(22) hy = o(z3)




Backward pass, compute all the gradients

Z1 = W1T + bl 9 — w2h1 + b2 23 = QU3h2 -+ bg
hi =0(z) ho = o(22) hy = o(z3)

z1=0.1 z2 = 0.08 z3 =0.192

8h3 6]13 823 0h2

8—22 N 823 8h2 82’2
5’h3 @hg (3)23 0h2 (922 8h1_ 8h3 822 ahl

(9—2’1 N (923 8h2 822 8h1 821 B 822 (‘9h1 821




Backward pass, compute all the gradients

Z1 = W1T + bl 9 — w2h1 + b2 23 = QU3h2 -+ bg
hi =0(z) ho = o(22) hy = o(z3)

Ohs

— 2 =1

823

ahS ah?) 8h3 (92’3 8h2

822 62’2 823 5’h2 322 ( )( )( )

Oz1 Oz Ohy 027



Backward pass, compute all the gradients

Z1 = W1T + bl 9 — w2h1 + b2 23 = QU3h2 -+ bg
hi =0(z) ho = o(22) hy = o(z3)

% _ 8h3 823 _ % 1
e = Do e = (1)(0.08) = 0.08 o

Ohs _ Ohs 92 _ (_01)(0.1) = —0.01 Ohs _ 1
Owo 0zo Ows 022

8h3 ahg 621 ahB

I — _ — = (.02
e = 9o g = (0.02)(1) = 0.02 o



Backward pass, compute all the gradients

Z1 = W1T + bl 9 — w2h1 + b2 23 = QU3h2 -+ bg

Please spend 2 minutes
to compute gradients for
Ohs 0Ohs Ohs

0bs’ Oby’ Oby’
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8U5
5’23

w13
W39
@ W23

(32)5
w02 —
A w45 0z
@ w24 @
v Ovs
822 (924
Vs _ %O'/(Z )way 90 o' (z2)w
(3’22 — 824 2)W24 5’23 2)W23
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(9?)5 (92}5

621 (3)23

13
(D" (8
wO1
w14
O (5)=o0
W23

(32)5
w02 —
4 w45 0z
@ w24 @
v Ovs
822 (924

This is call the back propagation algorithm
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ave a look at:

http://colah.qgithub.io/posts/2015-08-Backprop/
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http://colah.github.io/posts/2015-08-Backprop/
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Pytorch implementation of computational graph

https://www.youtube.com/watch?v=syl FCVYua6Q

Watch until minute: 6:00
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https://www.youtube.com/watch?v=syLFCVYua6Q

