


CHALLENGES OF VISUAL RECOGNITION

» Appearance
« DOF: texture, illumniation, material, shading, ...
» Shape
» DOF: object category, geometric pose, viewpoint, ...




MNIST DiGiT RECOGNITION

Data

60,000 training

10,000 testing
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PERCEPTRON

Binary classification

Y



PERCEPTRON

Binary classification

Y



PERCEPTRON

Binary classification

Y



PERCEPTRON

Binary classification

A
(X, X,)

y = X\W, + X, W,

Y



PERCEPTRON

Binary classification

(%, %,)

Xl Wl (Wl’Wz) ¢’

L

Y

y = X\W, + X, W,




PERCEPTRON

Binary classification
A

(%,,%,)
. KW +Xx,w, >0

Xl Wl (Wl’Wz)

L

Y

y = X\W, + X, W,




PERCEPTRON

Binary classification
A

(%,,%,)
. KW +Xx,w, >0

X1 W,

y = X\W, + X, W,

N
\ 4




PERCEPTRON

Binary classification

X1 w (Wl’Wz)
/

2 >

/

A

1 1
X, W, + X,w, >0

XPW, + X5W, < 0
Y = X,W, + X,W,




PERCEPTRON

Binary classification

X1 w (Wl’Wz)
/

A

1 1 .
XW, +Xx;w, =1

N
\ 4

2 2 .
X, W, + X, W, =-1




PERCEPTRON

Binary classification

X1 w (Wl’Wz)
/

y={-11] _—

A

1 1 _
XW, +Xx;w, =1

N
\ 4

2 2 .
X, W, + X, W, =-1
minimize L(w,Ww,)

Wy, Wa

2 2
1 1 2 2
L(w,W,)= (xlw1 + X, W, —1) + (x1 W, + X5 W, +1)



RECALL: IMAGE ALIGNMENT OBJECTIVE

W(X;p)

P = minignizeZX“(I(W(x; p)—T(x))
Guass-Newton’s method
1.Linearize the obj. function at p

LW (x; p+Ap) ~ 1 W(x; p»+%Ap

Ex) affine transform

/\\ Wi ﬂHp P+ ﬂ
' V p4u+ p5V+ p6
/ \ LA AW, W

v

op oX op op
ou
e OW | O,
Jacobian: 2 | ov



GRADIENT DESCENT
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LINE SEARCH

of
AX=—y—
7/8x

f(X)> f(X+AX)



GRADIENT DESCENT

of
AX=—y—
y@x

f(X)> f(X+AX)

minimize f(Xx)

xex—y@
OX



GRADIENT DESCENT

2 2
(1 1 2 2
L(w,w,) = (xlw1 + X;W, —1) +(xlw1 + X5 W, +1)

minimize f(Xx)

xex—y@
OX



GRADIENT DESCENT

2 2
(W1 1 2 2
L(w,w,) = (xlw1 + X;W, —1) + (x1 W, + X5 W, +1)

minimize f(x)

Weight update rule:

oL 0
W1:W1_7a W2:W2_7/% X(—X—}/a—X
1 2



GRADIENT DESCENT

L(W,,W,) = ( X;W, + XoW, — 1Y (2w + x2w, — y2)’
v/ 1771 2772 y 1771 2772 y

minimize f(x)

Weight update rule:

W, =W 78L W, =W, — X <— X ya
= —Y — 2: 2— - I
ot ] oW, oX



GRADIENT DESCENT

Prediction:
)7 =X W, + X, W,

X1 W1
>@_)@ Error for each data:

~ 2
X, — W, Lw,,w,)=(y-y)
Gradient:
2 2
L(w,,W,) = (xllw1 +XOW, — yl) + (xfw1 +X2W, — y2) oL _
an
Weight update rule:
0 oL
W =Wy =y —— W, =W, =y ——

an aWZ



GRADIENT DESCENT

Prediction:
Y =X W, +X,W,

X1 W1
>@_)@ Error for each data:

~ 2
X, — W, Lw,,w,)=(y-y)
Gradient:
2 2
L(Wl’Wz) - (X11W1 + X;W2 - yl) + (X12W1 + X22W2 N yz) i = (y — y)ﬂ
an an
Weight update rule: —(7-y)x
o 1
0 oL
W1:W1—7— W2:W2—7/_

an aWZ



GRADIENT DESCENT

Prediction:
Y =X W, +X,W,

X, W,
>@_)@ Error for each data:

X2 W2 L(Wl,WZ) = ()7 - Y)z
Gradient:
L(W,,W,) = (xllw1 +XOW, — yl)2 + (xfw1 +X2W, — y2)2 oL —(y- y)ﬂ
an an
Weight update rule: ~(9-y)x
1

W, =W, = ("= Y = (97 - YK
W, =W, =7 (§* = y')x; - 7(9° - y*)x}



GRADIENT DESCENT

L(w,,W,)= Z(xiwl + XW, — ' )2

Weight update rule:

0
W1:W1_7% Wo =W, =y —

Binary classification

A

Y



GRADIENT DESCENT

L(w,,W,)= Z(xiwl + XW, — ' )2

Weight update rule:

Binary classification

Y



ACTIVATION
X1 Wl

y=1f(a)
a = XW, + X,W,



ACTIVATION




ACTIVATION

\4



ACTIVATION

\ 4

Y

\4

1 x>0

Linear
o(X)=ax

Sigmoid

o(X)=
(x) 1+e™”

N

>

Tanh

o(X) = tanh(x)



ACTIVATION

\ 4

Y

\4

Linear
o(X)=ax

Sigmoid

o(X)=
(x) 1+e™”

Y

\ 4

Tanh

o(X) = tanh(x)

Rect. Linear (Relu)

o(Xx)=max(0,x)

Soft Rect. Linear
o(X)=log(l+e*)



ACTIVATION

X, W
f=c(a)

a=XW, + X,W,



ACTIVATION

L(ww) = 3 (0w, + xiw, ) - y' )

Weight update rule:
X, W woew—r O W ow O
X2 W2
f =G(a)

a= X]_W]_ + X2W2



ACTIVATION

L(ww) = 3 (0w, + xiw, ) - y' )

Weight update rule:
X oL oL
X, W,
oL _oLad oa : chain rule
ow of caow
f =G(a)

Sigmoid activation
a = X,W, + X,W, o(X) = —
+€

Ot _ta—t)
X



ACTIVATION

X W

f=c(a)

a=XW, + X,W,

L(ww) = 3 (0w, + xiw, ) - y' )

Weight update rule:

oL oL
MM TR
1 2

oL _oLooa chain rule
ow of caow
_of da Sigmoid activation
=(V=Y)———
oa ow o(X) =

—(§—y)F (- f)x Lee”
Ot _ta—t)
OX



ACTIVATION

e
X, W,
=o(a)

a=XW, + X,W,

L(ww) = 3 (0w, + xiw, ) - y' )

Weight update rule:

oL oL
MM TR
1 2

oL _oLooa chain rule
ow of caow
. of da Sigmoid activation
=(V=Y)———
oa oW o(x) = —
=(y-y)fa-)x Lre
Ly fad-f)
OX



X1 W1

S
b

1

f:a(a)

a=xW +x,w,+1-b

Binary classification




1 1

M=)
b

1

f:a(a)

a=xW +x,w,+1-b

L(ww) = 3 (0w, + xiw, ) - y' )

Weight update rule:
oL oL
W1:W1_7%1 Wz:Wz—7/m2
oL _oLotca, chain rule
ow of caob
Sigmoid activation
1
T = 1+e™”
2 f(x)= f(x)- f (x)

OX



X1 W1

iy
b

1

f:a(a)

a=xW +x,w,+1-b

L(ww) = 3 (0w, + xiw, ) - y' )

Weight update rule:
W, =W, — o W, =W, — oL
1 1 78W1 2 2 78W2
oL _dbaoa, chain rule
ow of cacb
N of oa Sigmoid activation
:(y_y)__ 1
oa ob f(x)=
—( 1+e™*
=(y-y)fa-1) ;
— f(x)=f(x)2- f(x))

OX



EXPRESSION

-
X,

1
f=o(w-x)

L(ww) = 3 (0w, + xiw, ) - y' )

Weight update rule:
W1:W1—78—L W2:W2_7/8_L
oW, oW,
oL = oL ot ca : chain rule
ow of oaadb
. of oa Sigmoid activation
= (y - y)__ 1
oa ob f(x)= -
=(y-y)fa-1 , e

= F(x)=f(x)1-f(x)



EXPRESSION

How many variables?

f=o(w-x)



EXPRESSION

How many variables?

N+1

oL oL of ca
ow  of daow

1x3  1x1 1x1 1x3

f :O'(a)

a=xW +X,w,+1-b



DIGIT RECOGNITION




DIGIT RECOGNITION

— U O
e

"M e

Training error: 99.97%
Testing error: 85% (88% by LeCunn)

Can we do better?




LINEARLY NON-SEPARABLE DATA

X, W,

)
b

1

f=o(w-x)

Binary classification

A

(W, W)




MULTI-LAYER PERCEPTRON

W
1
o ¥

(W, W,)

A

Binary classification




MULTI-LAYER PERCEPTRON

Binary classification




MULTI-LAYER PERCEPTRON

Binary classification

A

(W, W)




MULTI-LAYER PERCEPTRON

Hidden layer How many variables?




MULTI-LAYER PERCEPTRON

Hidden layer How many variables?

m(n+1) + m

n: input dimension
m: # of hidden variables




MULTI-LAYER PERCEPTRON

vector How many variables?

Xl Wl
eb Wz ° m(n+1) + m
X, — A o
n: input dimension
m: # of hidden variables
1

f,=c(w, o(w,-x))



MULTI-LAYER PERCEPTRON

vector

How many variables?

m(n+1) + m

n: input dimension
m: # of hidden variables

How to train?



RECALL: SINGLE PERCEPTRON

Liw,,w,) = 3°( F (xw + xiws) - y')

2

Weight update rule:

X, ~ W oL oL
X, - W,
oL_oooa : chain rule
ow of caow
f=o(a) _(y_y 2 Sigmoid activation
a=XW, + X,W, -y oa ow o(X)= —
=(7-y)fL-f)x e

0
—f=f-f
™ (1-1)



BACK-PROPAGATION

vector

L(W1’W2) = Z(yl - yi )2

Weight update rule:
oL

: P w=w—y2t
ow

/ <« oL oL of, oa,

1 ow, of, da, ow,




BACK-PROPAGATION

vector L(w,,w,) = Z(yl _y )2

Weight update rule:

w=w-—yt
Y ow
oL oL of, oa,

1 ow, of, da, ow,

oL oL of, da, of, oa,

f,=a(w, a(w,x)) ow,  of, da, of, da, ow,



BACK-PROPAGATION

vector L(w,,w,) = Z(yl _y )2
Weight update rule:
W=W-— }/a_L
o
oL |oL of, |oa,
1 aWZ_afZ aaZIEWZ

oL [oL of, |ea, of, oa,

f,=a(w, a(w,x)) ow, |of, da, |of, oa, ow,




BACK-PROPAGATION

. i i 2
5 hidden var. L(w,,w,) = Z(y —y )
Xl Wl |
AN . W, . l Weight update rule:
f,=0(a,)
al_ 2 2
Xz/ @D ° W:W—}/% a —w f
2 2 1
< <— oL oL of, oa, f,=o(a)
1 ow, of, da, ow,

f,=c(w,-o(w,-x))



BACK-PROPAGATION

5 hidden var.
X1 W1
W2
x///7€“D eﬁp "”
2
E %
1

f, :G(Wz 'O-(Wl'x))

L(Wl,wz)zzl(yi - yi)z

Weight update rule:
wow—y Ot e
“Wor Sy a,=w,-f
oL _ oL of, oa, f,=o(a)
ow, of, ca, ow
2 2 2 2 a1: 1 X

1x6  Ix1 1x1 1xb



BACK-PROPAGATION

5 hidden var.
Xl Wl
W2
oAty
2
<« <
1

f,=c(w,-o(w,-x))

L(W1’W2) = Z(yl - yi )2

Weight update rule:

W—W—;/a—l'
B ow

oL oL of, oa, of, oa

ow, of, da, of, da, ow,



BACK-PROPAGATION

5 hidden var. L(w,,w,)= Z(yi _y )2
X& VV1 , | .
QD W, @D ° Weight update rule: f o)
m oL , =0o(a,
Xz/ W:W—}/% a2=W2-fl
< < oL _ oL of, da, of, da, f,=o(a,)
1 8W1 8f2 aaz 81:1 aal an a, =W, X
fzza(wz-a(wl-x)) 1x15  1x1 1x1 1x5 ..-

oXxd ox15
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DIGIT RECOGNITION




DIGIT RECOGNITION

099 1

098 1

Trailn Accuracy: ©.99
Test Accuracy:9.98

iterations




BACK-PROPAGATION ALGORITHM W/ GRADIENT DESCENT

While until converges:
For each data sample,
1. Prediction

vector

f,=c(w,-o(w,-x))

2. Measure error
Liw,w,)= (5 - ')’

1 i
3. Back-propagation
8L+:@8f2 oa, 8L+:%8f2 da, of, da
f,=c(w,-o(w,-x)) ow,  of,ca, 0w, ow,  of, da, of, oa, ow,
Update gradient
W,y Ok W — . Ok
1 1 j/an 2 2 Vawz



GRADIENT DESCENT

vector

Weight update rule:
oL oL 1 oL
W, =W, — ==>
ow, ow, nixow,
where
oL 13 oL
W2 — W2 — 7/ = —
oW, oW, nizow,

n : the number of training data (> millions)



STOCHASTIC GRADIENT DESCENT (SGD)

Weight update rule:
vector oL oL 18 oL
R AP ow, n<ow
Y where t T
oL oL 1 oL
W2:W2—7/8W aW = —
2 2 N aWz
n : the number of training data (> millions)
1
oL oL, oL ~ZaLi
b ow, Zow
oWy Wy PO IR|<n
oL aL oL .y oL,
ow, ow, ow, Sow,

R : random subset of training data,
a.k.a. mini-batch



STOCHASTIC GRADIENT DESCENT (SGD)

— Batch gradient descent
— Mini-batch gradient Descent
— Stochastic gradient descent



BACK-PROPAGATION ALGORITHM W/ GRADIENT DESCENT

While until converges:
For each data sample,
1. Prediction

vector

f,=c(w,-o(w,-x))

2. Measure error
Liw,w,)= (5 - ')’

1 i
3. Back-propagation
8L+:@8f2 oa, 8L+:%8f2 da, of, da
f,=c(w,-o(w,-x)) ow,  of,ca, 0w, ow,  of, da, of, oa, ow,
Update gradient
W,y Ok W — . Ok
1 1 j/an 2 2 Vawz



BACK-PROPAGATION ALGORITHM W/ STOCHASTIC GRADIENT DESCENT

While until converges:
For each data sample,
1. Prediction

vector

f,=c(w,-o(w,-x))

2. Measure error
~i i \2
L(w,,w,)=> (5"~ y')
3. Back-propagation
oL oL of, oa, oL oL of, da, of, da

= + =
ow, of,0a,ow, ow, of,0a, of da, ow,

4, Update gradient
oL oL
an

W, =W, -y



BACK-PROPAGATION ALGORITHM W/ STOCHASTIC GRADIENT DESCENT

While until converges:
Sample mini-batch

For each data sample in mini-batch,
1. Prediction

vector

f,=c(w,-o(w,-x))

2. Measure error
Liw,w,)=3(§ - ')’

1 i
3. Back-propagation
6’L+:8_L8f2 oa, 6L+_%8f2 da, of, da
f,=c(w,-o(w,-x)) ow,  of,ca, 0w, ow,  of, da, of, oa, ow,
Update gradient
W — 0L e 0L
1 1 j/an 2 2 78W2



Loss

16

14+

12

10}

Gradient descent
—Traming loss
—Testing loss
Eﬂlﬂ-ﬂ 4-{]IDU 60:[][} 2000

Iterations

Loss

SGD with mini-batch

13 .
— Traiming loss
— Testing loss
12 1
11f
10

0 2000 4000
Iterations

6000

2000



HW #4: NEURAL NETWORK IMPLEMENTATION

Algorithm 2 Stochastic Gradient Descent based Training

1: Set the learning rate v

2: Set the decay rate A € (0, 1]

3: Initialize the weights with a Gaussian noise w € N'(0, 1)
4: for ilter = 1 : nlters do

At every 100*" iteration, v < Ay

5:
6: g—L «— 0
W
T Sample R images randomly.
8: for:=1: Rdo
0: Label prediction of x;
10: Loss computation [
11: Gradient back-propagation of x;, % using back-propagation.
) ow ow aw
13: end for
14: Update the weights, w < w — %%

15: end for




HW #4: NEURAL NETWORK IMPLEMENTATION
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HW #4: NEURAL NETWORK IMPLEMENTATION
STEP 1: SINGLE LINEAR PERCEPTRON

X, wW
function a = Multiply(x, w)
. )
. . function dadw = Multiplv backward_w(x, w)
. function 1 = Loss(y, y_tilde)

X196 function dldy_tilde = Loss_backward(y, y_tilde)

1
One hot representation of label:

7 Y, = Yo]=[0 00000010 0]
label: 0 1 2 3 4 5 7 6 8 9



HW #4: NEURAL NETWORK IMPLEMENTATION
STEP 1: SINGLE LINEAR PERCEPTRON

function [w confusion_matrix] = SLP_linear

Output: we R'O%197 ig the trained weights, and confusion_matrixe R'9*! is confu-
sion matrix (see HW#3 for detail).

Description: Using above functions. vou will write a code to train the neural network
by leveraging the gradient descent method:

e Label prediction: Multiply
e [oss computation: Loss

e Gradient back-propagation: Multiply_backward_w, Loss_backward



HW #4: NEURAL NETWORK IMPLEMENTATION
STEP 1: SINGLE LINEAR PERCEPTRON

0

1

Xl W 2

. 3
°

° ° =

. 5

7

8

9

1

0 1 2 3 - 5 6 T 8 9
Accuracy: 0.297905



HW #4: NEURAL NETWORK IMPLEMENTATION
STEP 2: SINGLE PERCEPTRON

Soft-max (winners-take-all):

XeWw-1oS




HW #4: NEURAL NETWORK IMPLEMENTATION
STEP 2: SINGLE PERCEPTRON

Soft-max (winners-take-all):

XeWw-1oS

of. {fi(l_ f) 1=]



HW #4: NEURAL NETWORK IMPLEMENTATION
STEP 2: SINGLE PERCEPTRON

ey
function f = Softmax(x)

. function dfdx = Softmax_backward(f)
it
fm

XeWw-1oS




HW #4: NEURAL NETWORK IMPLEMENTATION
STEP 2: SINGLE PERCEPTRON

fl
o
o
flO

Xew-140S

L = = oy en BN S = = 2

0 1 2 3 4 5 6 7 a8 9
Accuracy: 0.898720



HW #4: NEURAL NETWORK IMPLEMENTATION
STEP 3: MULTI-LAYER PERCEPTRON

Dimensions?

Xew-1oSs

10




HW #4: NEURAL NETWORK IMPLEMENTATION
STEP 3: MULTI-LAYER PERCEPTRON

0 1 2 3 4 5 6 7 8 9
Arctiracyv: D Q1A



