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Power of single neuron
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Power of single neurorv

Two hidden units
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Multilayer Neural Network

Could have L hidden layers



Multilayer Neural Network

Could have L hidden layers
~— e 4h layer.

B |ayer input activation for k>0, h'”(x)=x
a® (x) =b*® + WHRE (x)
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Multilayer Neural Network @) () TBS] it % o m s we

Could have L hidden layers

B layer input activation for £ >0, h'”(x)=x

a® (x) = b® + WORED (x)

M hidden layer activation for 1<k <L

b (0-g(a" (x) oo
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Could have L hidden layers

B layer input activation for £ >0, h'”(x)=x

a® (x) = b® + WHORED (x)
— J

. [near
M hidden layer activation for 1<k <L

h™ (x)=g(a" (x)) ¥
e ,(.\/\(g JL\O\Cl -}n,\r\l L‘[:\\ov\ [TaC aarﬁ
B output layer activation for k=L +1

h (x)=g(a"" (x)) =f(x)
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Empirical risk A'\’“ﬂb L(f(

argmln—y L(féc(l) W) y(l)) + AQ@

B L(f(xD;w),y®)is the loss function
B 1Q(W) is the regularizer
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Empirical risk minimization NN ST e ai o o

. : Softmax example:
Empirical risk

Unnormalized class probability
of K classes

1\ . .
argyinEZﬁf(x(l);W),y(l)) + 20(W) %;\\ ) ] lvﬁj:k))()

N ] /
\Q class score vector ¥ ~

B L(f(xD;w),y®)is the loss function
B 1Q(W) is the regularizer o ( ij
AUNFIS|

Softmax loss for sample (x(®, y() FHx) T
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fj: = j-th element of class score vector f(x(i); 18)
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Softmax example:

Empirical risk
i)

Beckham

1
__

argmm—z L(f(x(l) W) y(‘)) + AQ(W)

Bedchom.
B L(f(xD;w),y®)is the loss function

B 1Q(W) is the regularizer Y
VR

Softmax loss for sample (x®, y(®)

efy(i L
Liz_log fi
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fj: = j-th element of class score vector f(x(i); 18)
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B Find the optimal parameter
To apply this algorithm, we need:

m
1 . .
argminaz: L(f(x®;w),y®) + 2a(w) > 1. A procedure to compute the parameter gradient
W i=1 ] -

- —

The regularizer (and its gradient)

D ———

2
3. Updating rule
4

Initialization method
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B Find the optimal parameter
To apply this algorithm, we need:

1 . .
argminaz L(f(x(l); W), y(‘)) + AQ(W) 1. A procedure to compute the parameter gradient
w e

2. The regularizer (and its gradient)
B Stochastic Gradient Descent (SGD) _
3. Updating rule
4

Algorithm Initialization method

1. Initialize W

AN20 .
repeat: for each training example (x, y) \[

() e &~ date e rre s
{ 20 A = (T LAWY, YD 10T, € () “gradient epdetis (ST dechs

2b. W< Wtad Animation: ( Ffov SVM 1055)
A > O

— /’\\/ LeNn‘\f\
Training epoch (2~ | http://vision.stanford.edu/teaching/cs231n-demos/linear-classify/

Iterating over all examples
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How many parameter do we have?

VGGNet [Simonyan and Zisserman, 2014] used 138M parameters
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How many parameter do we have?

VGGNet [Simonyan and Zisserman, 2014] used 138M parameters

In 1-dimension, the derivative of a function:

d. h

X h—0
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How many parameter do we have?

VGGNet [Simonyan and Zisserman, 2014] used 138M parameters

In 1-dimension, the derivative of a function:

df ) _ Stk = f(0)
h

dx h—0
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Current W: | | Gradient dW:
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Current W: Gradient dW:

[0.25,
-1.56,
0.55,
3.8,
0.98,
0.77,
-0.11,
2.9,..]
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Loss 1.25742
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R N

Current W: W + h (third dim): Gradient dW:

[0.25, [0.25 + 0.0001, ?,

-1.56, -1.56,
0.55, | 0.55,
3.8, 3.8,
0.98, 0.98,
0.77, 0.77,
-0.11, -0.11,
2.9,..] 2.9,..]

~u

~u ~u

~u

~u

~u

=) ) ) ) ) ) T

-
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[ ]
| S |

Loss 1.25742 Loss 1.25763
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Numerical Gradient

Aty oG
g‘éx_ﬁg ~ =l BSI ﬂ.| ’FJ 'U“ |
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Current W:

[0.25,
-1.56,
0.55,
3.8,
0.98,
0.77,
-0.11,
29..]

Loss 1.25742

W + h (third dim):

[0.25 + 0.0001,
-1.56,

0.55,

3.8,

0.98,

0.77,

-0.11,

29..]

Loss 1.25763

Gradient dW:
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S+~ f(x)

lim

h—0
_ (125763 - 1.25742)
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How many parameter do we have?

VGGNet [Simonyan and Zisserman, 2014] used 138M parameters

-

In 1-dimension, the derivative of a function:

@) _ L= [
h

dx h—0
«_




o 1 [ A

G R i ! | AT RAY A TAS

Follow the slope i - 1 5 R 3R B
'%,,‘j Tsinghua-Berkeley Shenzhen Institute

How many parameter do we have?

VGGNet [Simonyan and Zisserman, 2014] used 138M parameters

In 1-dimension, the derivative of a function:

I S )
dx h—0 h

Numerical gradient: approximate, slow, easy to write
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How many parameter do we have?

VGGNet [Simonyan and Zisserman, 2014] used 138M parameters

In 1-dimension, the derivative of a function:

I S )
dx h—0 h

Numerical gradient: approximate, slow, easy to write

Calculus! LG O

/_ J —
(Bt iw) ) oo
[ W (X)i@(a(“l) (x)) =f(x)
h' (x)=g(a" (x))
a®(x)=b" + WO (x)

Analytic gradient: exact, fast, error-prone
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f(x,y,z)=(x+y)z

We want df’ df, df et o ov
dx C_l?/ dz - \&ro\[f)lf\,

x : | f Z
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f(x,y,z)=(x+y)z

We want df, df, af
dx dy dz

Q
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f(x,y,z)=(x+y)z

We want df, df, af
dx dy dz

q

i
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J(x,y,z2)=(x+y)z
Wewant 9 4 4
dx’ dy’ dz

X -2 Q:U\*w:; f YA

q
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T

J(x,p,2)=(x+y)z
Wewant ¥ & &
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f(x,y,z)=(x+y)z

We want df, df, af
dx dy dz
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f(x,y,z)=(x+y)z

2T 3 oy
x 23X~ A a1
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f(x,y,z)=(x+y)z

Wewant & & &f
dx dy dz

X -2 f YA
4 )

gradient™

dL
dz
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f(x,y,z)=(x+y)z

We want & , af ’ af dz
dx dy dz dx

VA
X -2
-4 f <
gradient
dz
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dz
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[, p,2) = (x+y)z ~

dL dLdz
\We want df df df dx dzdx %
dx’ dy’ dz “ﬂ dx
X -2 f Z
-4 <
gradient
dz dL
5 d b
1 y 4 dz
dL dLdz
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2.0 fx) =ax f(x W)= 1
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—(woxo+wix,+w,)
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1
f(x’ W) - —(woxo+wix,+w,)
l+e j

W, -3.0
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W, -3.0
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wy 2.0 1

\ J W) =——F—r
20 1‘|‘€ (Woxo WX Wz)

4.0

6.0

/ (D= ——(e——()——(
X; -2.0

W, -3.0
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wy 2.0 1

\ X, W) =
0 f( l_l_e@(woxo+w1xl+w2)

W, -3.0
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wy 2.0 1

N s (W T
xXo 1.0 /

W, -3.0
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wy 2.0 1

\ J W) =——F—r
20 1‘|‘€ (Woxo WX Wz)

W, -3.0
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wy 2.0 1

-\ fx,w)=——F—"7-—
20 1‘|‘€ (Woxo WX Wz)

J—
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) -2.0 f(X, W) :@e—(woxw@

W, -3.0
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wy 2.0 1

\ J W) =——F—r
20 1‘|‘€ (Woxo WX Wz)

W, -3.0
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wy 2.0 1

\ J W) =——F—r
20 1‘|‘€ (Woxo WX Wz)

W, -3.0
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wy 2.0 1

\ f(X, W) - —(Woxo+wi+w,)
< > 2.0 ﬁ—e
XOM j(%) :QSK: ""(UU\)XQ *&WX!’H/\JQD

%\?\a___/
4.0 (q) v_
J

Wy -3.0

x; 20 /

W, -3.0
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Wy 2.0

k?)

Xg -1.0

Wy -3.0

W

x; -2.0

W, -3.0
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wy 2.0 1

\ J W) =——F—r
20 1‘|‘€ (Woxo WX Wz)

W, -3.0
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wy 2.0 1

f(XaW)=1

—(woxo+wix,+w,)

+e

k?)

Xg -1.0

Wy -3.0

W

X; -2.0

W, -3.0
0.2
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1

—(woxo+wix,+w,)

f(XaW)=1

+e

0.2
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1
+ L f('x9 W) = —(woxo+wix,+w,)
g¥ l+e
¢l

wyp -3.0

~N0; @]}ﬂ
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Backpropagation ) TBSI e o1 o b

wy 2.0 1

0.2 f(x,w)= 1
0.2
Xg 1.0/
0.4
wyp -3.0
04 N\
X, 20 /

-0.6

—(woxo+wix,+w,)

+e

N[ — ( U\)obeUU(X( ”(‘UL)'LD

W, -3.0

max gate
0.2
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wy 2.0 1

0.2 f(x,w)=

-20
xo 10/
Wy -3.0
-0.4 \\
x;, 20 /

-0.6

—(woxo+wix,+w,)

l+e

W, -3.0
0.2

max gate
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wy 2.0 1

\ J W) =——F—r
20 1‘|‘€ (Woxo WX Wz)

W, -3.0
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wy 2.0 1

\ X, W) =
’0 f( ) 1+ e—(w0x0+w1x1+W2) % X ’ x 2 g"
o 10/ o) = meeliy) ” J o oreq

4.0
- - - - 9\ ? =
Wy _-3.0 o~ O A <Y 3 1 X<y
.
20 e 1.0 @ -1.0 @ 0.37 e 1.37 0.729
-0.2 -0.53 -0.53 1.0
x; -2.0 /
“ ¥ N\1.0
@ 1.0
1.0
O3y —
W2 =3.0 max gate
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wy 2.0 1

\ J W) =——F—r
20 1‘|‘€ (Woxo WX Wz)

W, -3.0
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wy 2.0 1

\ J W) =——F—r
20 1‘|‘€ (Woxo WX Wz)

4.0

branches

W, -3.0
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Wy 2.0 ]
f (X W) o —(woxo+wix,+w,)
J\sr\]\jl‘

Xy -1.0 %&)A 3(7<>( C)(x)>

U

Wy -3.0

x; 20 /

W, -3.0
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Vectorized example
2

J(x, W)= ”‘L_’,‘”2 = Z?:”L_X))z L kd)
. {-0.27 0.28 0.15}

122 062 1.9
T

(AL L= | I

- l LZ— =%

m

_1_ - 1

, - Y
d [x f}’;

_3_ o —
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Vectorized example

FEW) =W =" (W-x)

|

-0.27 0.28 0.15
1.9

1.22  0.62

|

0.74
8.16

|

®
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Vectorized example

FEW) =W =" (W-x)

|

-0.27 0.28 0.15
1.9

1.22  0.62

|

0.74
8.16

|

67.13

®
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Vectorized example

FEW) =W =" (W-x)

|

-0.27 0.28 0.15
1.9

1.22  0.62

|

0.74
8.16

|

67.13

®
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Vectorized example

FEW) =W =" (W-x)

M
; {-0.27 0.28 0.15} —
2
122 062 1.9 - 2K
EAEY
m \Y {0\24} _
8.16 |m| 67.13
— (12) ;
- / N4
BN {1.48} N
2L |4 - 7
) o i 16.32 -
3 AN ool f 1
g 2/,.
5 b




Backpropagation
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7

2’/ ® /LM‘») o™ = ol i voj(&) Jrodes

Na«f‘c\ _
J° {0.27 0.28 0.15} =2

Vectorized example

FEW)=[Wex" =" (W

d
122 062 1.9
(sl m w {0.74} a )[
=R (mxd) 3.16 67.13
(MM) xc\\ VW > - X } i =@ -
1.48 g1 2 3] 1.48 296 4.44 — 1 4% o W&}
1632 "1 11632 32.64 4896 , {16,32} | {‘_g:] {X\’EN;;M
— — h) d Ix w o %7{
o don Y i e 15
a (5 y
— \L Cgﬂ‘: W
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