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Handwritten digits recognition
Character Recognition
Handdrawn recognition

Human Face Recognition

Head Pose Estimation
Facial expressions expression

Kickstarter: succeed or fail?

Tragedy of Titanic: a person on
board can survive or not.

Classifying groceries by image
using CNN
Neural Style Transfer for Video

Feature selection
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Guideline for the final project presentation

Briefly review the importance, the problem you solved and the objective
in your project - 1 or 3 slides (can used some of your proposal slides)

The details of your solutions you used to solve the project - at least 2
slides.

Experiment part - at least 3 slides.
- the detailed information data set.
data split.
details about feature extraction.
hyper-parameter selection.
showing comparison results.
discuss based on your experimental observations.

« Conclusion and future work - 1 slide.

Share the mistakes you encountered and the lessons you learn during
completing the final project to others - 1 slide.

List the references. - 1 slide

8-10 min presentation, including Q&A. | would like to
recommend you to use informative figures as possible as you
can to share what you are going to do with the other
classmates.




Guideline for the final project report (May 2)

- Title
« Abstract
 Introduction (can include related work)

- Related work (if not included in introduction section, list it as a seperate
section)

- Techniques

- Experimens (describe the detailed information data set, data split, details
about feature extraction and hyper-parameter selection. Show comparison results.
and discuss based on your experimental observations).

« Conclusion and Future work.
- References.
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Pattern recognition design cycle

ECSE-6610 Pattern Recognition Lecture 23 May 6, 2018



Pattern recognition design cycle

Ensemble classification models
Hidden Markov Model

Multiple Layer Neural Networks
Convolutional Neural Networks
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The Bagging Algorithm

- B bootstrap samples

« From which we derive:
o B Classifiers € {— 1,1 }Z 61502,63,...,03

e B Estimated probabilities & [O, 1]: pl ; p2 : p3 P pB

- The aggregate classifier becomes:

B | &
Cpag (X) = Sign(%;& (x)J OF Dy (x)= = ;pb (x)
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Example (1)

Initial set

Weighting

Drawing with replacement 1 @O 20900 Q9 9O QO

Classifier 1

22 0909 99
| ¥ a 2 @

Drawing with replacement 2 D DO P> OD L @

Classifier 2
> Q009 9O 9
1 A |
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Example (2)

Testing set

Aggregation
Sign

Classifier 1

+

Classifier 2

_|_

Classifier 3

_|_

e o 09 O 9o O 9

_|_

Classifier T

@ 9 9o 90 @ 90 0 O
4 4 KW ¥

Final:mle
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Random Forest

An example forest to predict
continuous variables
P=1(y|Vv) |
Pt._z(y|"
P=a@lV) L wiv)
1 i b
plv) =% m(ulv)  plylv) = Hpt (ylv)
A A A n
p2(y]v) p(y[v)
p3(y|v)
p(y|v)
plylv) | palylv) /\/\_ N | -
Tid 7> e
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Training and Information Gain

S,

Sy st

Information gain .
S'|

1(8,0)=H(S)— Y ||?|H[.s‘]
ie{LR}

Shannon’s entropy

H(8) = - p(c)log(p(c))

ceC

Node training

@ =argmax I(S,,0
gee‘]’;- (5;,6)

ECSE-6610 Pattern Recognition

Split 1 Before split

3

Split 2

data before split

8

‘: oy, o
.b. '3

o h ...‘.

Info Gain = 0.40

Info Gain = 0.69

©
]
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®
o “.

:
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Classification Forest: Ensemble Model
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AdaBoost

« Constructing Dt

Di = D;(j) c(x)

. l —r o = hy(x;
Di(i) = — |:> c(z) = { i“* g: # ztgj

_ Dt(z) —aryihe(xz;)
Dt+1 = Zt €
where Zt is a normalization constant
Proof: 7, —= Y Di(D)e*+ ) Di(i)e™
iy Fhe(x;) iy;i=he(x;)
— Eteat + (1 S et)e_“t ] T €4
ap = 5ln %
=2\/e(1 — &) = V1 — (1 — 2¢)2
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The AdaBoost Algorithm

Given: (z1,Y1)s.++ (Tm; Ym) Where z; € X, y; €Y = {—1,4+1}
Initialize D (i) = 1/m.
Fort=1,...;1"

Train base learner using distribution ;.

Get base classifier by : X —+ R. <— with minimum € {

L
[ ]
e Choose o € R.
e Update:

Dy(i) exp(—awy;he(z;))

D - data

p - distribution

D 1) =
t+1 (?") Zt
where Z; is a normalization factor (chosen so that Dy, ; will be a distribu-
tion).
Output the final classifier: -

Leamer

P
e —
o]
A==
D
|

T
H(z) = sign (Z atht(:c)) .
t=1

Weak

—_— Leamer
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The AdaBoost Algorithm

Given: (z1,91),.- .+ (Zm Ym) Where z; € X, y; €Y = {-1,+1}
Initialize D, (i) = 1/m.

Fort =1, ... 4%
e Train base learner using distribution ;.
o Gel base classifier i; : X — R. 1 1 — ¢
e Choose oy € R. « O:'t=§111
e Update: €t
, D, (2) exp(—oyyihy(z;
B ] = 10 p(gﬁ Wihu(zi))

€ = Primﬂt [hﬂ(:ﬂi) ?é yt]

= m 3 Di@)d(hu(x) # uy)
=1~ i=1

€t

ECSE-6610 Pattern Recognition Lecture 23 May 6, 2018



Analyzing training error

« What «tto choose for hypothesis ht?

1—¢€
(5

€, - weighted training error

 If each weak learner ht is slightly better than random
guessing ( et < 0.5), then training error of AdaBoost
decays exponentially fast in number of rounds T.

m i iy
> 6(H(w;) #y;) < exp (2 Y12 = ft)z)
— t=1

i
m =

Training Error
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What ot to choose for hypothesis ht?

«  We can tighten this bound greedily, by choosing at and
ht on each iteration to minimize Zt.

Bp— S D) R ghler))
=1

- For boolean target function, this is accomplished by
[Freund & Schapire "97]:

1 =
il éln( E:t)

Proof: 7, — Y Di(i)e*t4 DY Dy(i)e ™
i:y;75he(x;) iiyi=hi(x;)
— Etﬁat + (1 = Et)e_at
oZ 1 —
_t - Eteag . (1 o Et)e_at =0 =g 82035 - €t
ot €t

ECSE-6610 Pattern Recognition Lecture 23 May 6, 2018



What ot to choose for hypothesis ht?

«  We can tighten this bound greedily, by choosing at and
ht on each iteration to minimize Zt.

Bp— S D) R ghler))
=1

- For boolean target function, this is accomplished by
[Freund & Schapire "97]:

1 =
il éln( E:t)

Y. Du()e*+ ) Di(i)e”™
iyi7=hi () iyi=hi(x;)
= e+ (1 —e)e ™

Proof: Z,

=2\/a(1 —¢) = /1 — (1 — 2¢)2
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Dumb classifiers made Smart

 Training error of final classifier is bounded by:

1
m

TZHI S(H(xi) #yi) <112 = H\/l = (1 —2&)%
i=1 ; :

gexp( 22(1/2—5,5) )

t=1 |

grows as g, moves
away from 1/2

| If each classifier is (at least slightly) better than random ¢g,<0.5

AdaBoost will achieve zero training error exponentially fast (in
number of rounds T) !!

What about test error?
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Hidden Markov Models

- Parameters — stationary/homogeneous markov model
(independent of time t)

Initial probabilities
p(S,=i)=m,

Transition probabilities
P(Sc=ilSei=1)=py p({Sit}i=1:{0:}iz1) =

g 3
Emission probabilities p(S1) [ [ p(SelSe-1) [ [ p(O:lSy)
» t=2 t=1
p(O,=yIS=i) = @]
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Three main problems in HMMs

* Evaluation — Given HMM parameters & observation seqn{O;}’_,

find p({O;}_,) prob of observed sequence

* Decoding — Given HMM parameters & observation seqn {O;}/_,
find arg max p({S;}.,|{O;}L_,) most probable

sequence of hidden states

* Learning — Given HMM with unknown parameters and {0}
observation sequence

find arg mgxp({()t}le\f?) parameters that maximize

likelihood of observed data
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HMM Algorithms

« Evaluation

— What is the probability of the observed sequence ?
Forward Algorithm

« Decoding

— What is the probability that the third roll was loaded given
the observed sequence ? Forward—Backward Algorithm

— What is the most likely die sequence given the observed
sequence ? Viterbi Algorithm

« Learning

— Under what parameterization is the observed sequence
most probable ? Baum-Welch Algorithm (EM)
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Notations

p({0}1) =Y p({O}iy, St = k)
k L /]

|

of  Compute recursively

I

P(St = k, {Ot}?:l) P(Ola sy B =il Opy s ,OT)
= p(olw"'wotast:k)p(0f+1,...,OT|St:k)

K
o B,
arg{gﬁli{lp({&}f:ll{ot}?:l) = arg{gjig:lp({st}?zla {O}iy)
= argmax max p(Sr =k, {S:}{5',{0:}1-1)
k {St}3=_11
L ]
| |
Vi

Compute recursively
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Forward Probability

p({O L) =Y p({O} Ly, St =k) = ok
k k

Compute forward probability a recursively over t

S S
af := p(Olj""Ot}St =k) Sl.'.' t'I t |
| | O | O
Introduce S, , = t1 4 M

Chain rule

Markov assumption

= p(O:S: = k) ) aj_1p(S; = k|St—1 = i)
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Forward Algorithm

Can compute o, for all k, t using dynamic programming:
* Initialize:  o*=p(0,|S; =k) p(S; =k) for all k

* lterate:fort=2, .., T

af=p(0,]S,=k) % o, plS;= k|5, =) for all k
|

e Termination:  p({O;}1,) =3 of
k
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Forward Algorithm Example

Start Forward
y % algorithm
H 0.5 L
A 02 - 5 A 03
0‘5C cC 03 | |c 02 OO'B
G 03 0.4 G 02
L 02 T 03

Consider now the sequence S= GGCA

Start G G c A
H 0 0.5*0.3=0.15
e 0 0.5*0.2=0.1
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Forward Algorithm Example

Start Forward
)5// % algorithm
H 0.5 L
A 02 - 5 A 03
0‘5C cC 03 | |c 02 OO'B
G 03 0.4 G 02
L 02 T 03

Consider now the sequence S= GGCA

Start G G c A
H| 0 |0503=0.15 + 0.15'0.5°0.3 +0,1°0.40.3=0.0345
L[ o 0.5*0.2=0.1 /
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Forward Algorithm Example

Start Forward
y % algorithm
H 0.5 L
A 02 - A 03
0‘5C c 03 |—— |c o2 OO'B
G 03 0.4 G 02
L 02 T 03

Consider now the sequence S= GGCA

Start G G C A

H 0 0.5*0.3=0.15 | _ 0.15*0.5*0.3 + 0.1*0.4*0.3=0.0345
N\

L 0 0.5%0.2=0.1 4— 0.1%0.6*0.2 +0.15*0.5*0.2=0.027
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Forward Algorithm Example

Start Forward
y % algorithm
H 0.5 L
A 02 - A 03
0‘5C c 03 |—— |c o2 OO'B
G 03 0.4 G 02
L 02 T 03

Consider now the sequence S= GGCA

Start G G c A
H 0 0.5*0.3=0.15 | 0.15*0.5*0.3 + 0.1*0.4*0.3=0.0345 —— ..+ ...
N I

L] o 05'0.2=0.1 4— 0.1*0.6*0.2 +0.15%0.5*0.2=0.027 == ..+~
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Forward Algorithm Example

Start Forward
y % algorithm
H 0.5 L
A 02 - A 03
0‘5C c 03 |—— |c o2 OO'B
G 03 0.4 G 02
L 02 T 03

Consider now the sequence S= GGCA

Start G G c A
H| O 0.5*0.3=0.15 | 0.15*0.5*0.3 + 0.1*0.4*0.3=0.0345 ——= ... +... 0.0013767
— —
L | '@ 0.50.2=0.1 4 0.1*0.6*0.2 + 0.15*0.5*0.2=0.027 == ...+ . 0.0024665
=> The probability that the sequence S was generated by the HMM model = =0.0038432

is thus P(S)=0.0038432.
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Viterbi Algorithm

o P({St}iz1, {Ot}izy) = max Vp

Compute probability V'{.‘ recursively over t

Vrtk = max p(St:kaSI:"'aStthlj'“aOt)
BB
5
Bayes rule a
Markov assumption O,

p(ot[St = k) meP(St = k|Si-1 = i)lfti—l
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Viterbi Algorithm

Can compute VX for all k, t using dynamic programming:
* Initialize: V%= p(0,]|S;=k)p(S; = k) for all k

* |terate:fort=2,.. T

VE = p(O4S, = k)maxp(S, = k|S,_y =)V, forallk

. Termination:[ {gl&%{ p({aS‘t}f;h{O,g}f;l)zmlkmcvz‘ic ]

Traceback: St = arg max VE
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Viterbi Algorithm Example

Transition Probability Table

Emission Probability Table

A B End
Start 0.7 0.3 0
A 0.2 0.7 0.1
B 0.7 0.2 0.1

e~ % %

Start 1 0 0
A 0 0.4 0.6
B 0 0.3 0.7

A graph representation of this
Hidden Markov Model

tS*
0.3
1.0

)

Lecture 23
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Viterbi Algorithm Example

Transition Probability Table Emission Probability Table
A B End | =t X | y
Start 0.7 0.3 0 | Start 1 0 | 0
A 0.2 0.7 0.1 l A 0 0.4 0.6
B | 0.7 0.2 0.1 | B 0 0.3 0.7

o o e Initialization: V¥ = p(04|S) = k)p(S; = k) forall k
Vi=1.0 ‘ \
o‘o VStart = p(xS = | Sy = Start)p(S; = Start)

= 103 1.0

= 1.0
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Viterbi Algorithm Example

Transition Probability Table Emission Probability Table
A B End | g+ X y
Stat 07 | 03 0 CStat | 1 0 0
A 0.2 0.7 0.1 | A 0 0.4 0.6
B | 0.7 0.2 0.1 | | B 0 0.3 | 0.7

Iterate: for =2, ..., T
V) = p(O;|S; = k) maxp(S; = k|S;—; =)V, forallk
]

Vzﬂ = p(m|52 = A)p(SZ = A|31 — Sﬁﬂ?‘t]Vl‘“m

= 0.4 x|0.7 x 1.0
=0.28 IS
| Start «— A
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Viterbi Algorithm Example

Transition Probability Table

A B End

Start 0.7 0.3 0
A 0.2 0.7 0.1
B 0.7 0.2 0.1

Emission Probability Table

=" X y

Start 1 0 0
A 0 0.4 0.6
B 0 8.3 0.7

Iterate: fort=2, ..., T

VE = p(Oi|S: = k) maxp(S, = k|Siy = @)V}, forall k

=23 %
= 0.09

0.3 x 1.0

Vy# = p(z|S2 = B)p(Sy = B|S, = Start) V>

ECSE-6610 Pattern Recognition
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Viterbi Algorithm Example

Transition Probability Table

A B End
Start 0.7 0.3 0
A 0.2 0.7 0.1
B 0.7 0.2 0.1

Emission Probability Table
*S* X y
Start 1 0 0
A 0 0.4 0.6
B 0 0.3 | 0.7

ECSE-6610 Pattern Recognition

Iterate: fort=2, ..., T

= (.6 x max{0.2 x (.

V¥ = p(0;|S; = k) maxp(S; = k|S;—y = i)V, forallk

e

28.0.7 x 0.09}

— 0.6 x max {0.056,/0.063} B —A ,

= (.0021168

Lecture 23
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Viterbi Algorithm Example

Transition Probability Table Emission Probability Table
A B End e X y
Start 0.7 0.3 0 Start 1 0 0
A 0.2 0.7 0.1 A 0 0.4 0.6
B | 0.7 0.2 0.1 | | B 0 0.3 | 0.7
t 1 2 3 4 5

Iterate: fort=2, ..., T

V¥ = p(0;|S; = k) maxp(S; = k|S;—; = i)V}, forall k

=

Vi = ply|S3 = B)max{p(S3 = B|S; = )Wy, p(S5 = B|S; = BV}

= 0.7 x max{(.7 x 0.28,0.2 x 0.09} R p—— !
= (1.7 x max{0.196,)0.018} ' A—B i
=B S/ 0 eemeseeaetisadl
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Viterbi Algorithm Example

Transition Probability Table

A B End

- Start | 0.7 0.3 0
A 0.2 0.7 0.1

B 0.7 0.2 0.1

Emission Probability Table

b X y

Start 1 0 | 0
A 0 0.4 0.6
B 0 0.3 | 0.7

Iterate: for t=2, ...,
Vtk = p(O:|S; =

T

k) m?,xp[St = k|Si—y =)V}, forallk

Vit = p(y| Sy = A) max{p(8, = A|S; = A)V*, p(S; = A|S; = B)V5"}

= 1.6 x max{0.2 x 0.002168, 0.7 x 0.1 ITJ} """"""""" .

= 0.6 > max {0.0004336 0000604} B «— A |

= (.0057624

Lecture 23

May 6, 2018
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Viterbi Algorithm Example

Transition Probability Table Emission Probability Table
A B End | =" X y
- Start 0.7 0.3 ” 0 “ | Start 1 | 0 | 0
A 0.2 i 0.1 | A | 0 0.4 0.6
B | 0.7 0.2 0.1 | | B 0 0.3 | 1 #d
t 1 2 3 4 5

Iterate: fort=2, .... T
V;k = p(0¢|S; = }maxp[St = kS = 1}1’1 , forall k

VE = ply|Ss = B) max{p(S; = B|Sy = VA, p(Sy = B|Sy = B)VF}

= 0.7 x max{0.7 x 0.002168, 0.2 x 0.1872} 7---==========="-
= 0.7 x max{0.0015176.0.02744) B« B |
=0.019208 e
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Viterbi Algorithm Example

Transition Probability Table Emission Probability Table
A B End gt i X y
Start 1 | 0.3 0 “ | Start “ 1 | 0 0
A 0.2 0.7 0.1 | A 0 0.4 0.6
B | 0.7 0.2 0.1 | | B 0 0.3 | 0.7
t 1 2 3 4 8

Iterate: for =2, ..., T
Vtk = p(O¢|S; = k)max p(S; = k[ S—; = i}‘*’?_l for all &
i
Vi=1. . V4+=0.0019208

ViE — max{p(S; = End|Sy = A)V;*, p(Ss = End|S, = B)VF)

= max{0.1 x 0.0057624,{0.1 x 0.019208}
= 0.0019208 RS S MRS S S

___________________
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Viterbi Algorithm Example

Transition Probability Table Emission Probability Table
A B End St X y
| Start 0.7 " 0.3 | 0 | | Start | 1 0 | 0
A 0.2 0.7 | 0.1 A 0 0.4 0.6
B | 0.7 0.2 | 0.1 | | B | 0 0.3 | 0.7

Viterbi sequence: xyy
p(ABB, xyy) = 0.0019208

Via traceback, we can get the
hidden state sequence: ABB.

Lecture 23 May 6, 2018



Network structures

- Feed-forward networks:
— single—layer perceptrons
— multi-layer perceptrons

- Feed-forward networks implement functions, have no
internal state

input layer

hidden layer 1 hidden layer 2
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Feed-forward example

W4

- Feed-forward network = a parameterized family of
nonlinear functions:

05 = g(w3503 + Wy504)
= g(ws359(wi3x1 + Wazks) + Wasg(W14T1 + Woyls))

- Adjusting weights changes the function: do learning
this way!
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Backpropagation learning algorithm BP

 Solution to credit assignment problem in MLP. Rumelhart,
Hinton and Williams (1986) (though actually invented earlier
in a PhD thesis relating to economics)

* BP has two phases:

@rward pass phase: computes ‘functional signal’, feed forward propagation\
of input pattern signals through network.

Backward pass phase: computes ‘error signal’, propagates the error
backwards through network starting at output units (where the error is the

@fferenoe between actual and desired output values) /

Lecture 23 May 6, 2018
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Conceptually: Forward Activity - Backward Error

Output node i Link between hidden node |
and output node i: Wiji

Hidden node j
Input node k J Link between input node k
Oulput response ;4 hidden node j: Wkj

Input patterns
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Back-propagation derivation

- The squared error on a single example is defined as
1 2
b= 5 Z(yz - 0;)

where the sum is over the nodes in the output layer.

OF ( ) 00; ( )5g(inz—)
= —\Yi — 0O = —\Yi — 0;
Wi, T Y, T Y SW;

i dn; fi 0
= —(yi —0i)g (m?:)éwji —(yi —0i)g (mz‘)gWﬁ (Z?: W;io;)

]

_____

_____
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Back-propagation derivation contd.

5ij - Z 5Wk:, B Z 5ij
0N,
= — Z(yﬁ = Oz)g"(znz 5;13 = = Z(yﬁ T O'B ?‘n% é‘WkJ ; WJEO.?)

do;
- Z Ti 5Wk zj: WJEO} Z G-E Ji 5Wk3
(’59 in;) L

- ) { 1 A
= — ZGEWJEQ an)(iWk- (Z ijOk) — —E Z U.inig (anlok
; J ok i /
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Back-propagation Learning

- Output layer: same as the single-layer perceptron
Wii = Wji +no;o;
where o, = —(y; — 0;)g (in;)
- Hidden layer: back-propagation the error from the output
layer.
g; = — Z O'iWﬁgf(E.?’lj)
- Upadate rules for weights in the hidden layers.
Wi = Wi + nojox

(Most neuroscientists deny that back-propagation occurs in the brain)

Lecture 23 May 6, 2018
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Learning Algorithm: Backpropagation

 Pictures below illustrate how signal is propagating
through the network, Symbols w,,,,, represent weights
of connections between network input x,, and
neuron n in input layer.Symbols o,, represents output
signal of neuron n.

01=g1(Wx11X1 + Wx21X2)
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Learning Algorithm: Backpropagation

02=g2(Wx12X1 + Wx22X2)
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Learning Algorithm: Backpropagation

03=Qga(Wx13X1 + Wx23X2)
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Learning Algorithm: Backpropagation

 Propagation of signals through the hidden layer.
Symbols w,,, represent weights of connections
between output of neuron m and input of neuron n in

the next layer.

04=Q4(W1201 + W2402 + W3403)

May 6, 2018
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Learning Algorithm: Backpropagation

05=Qs5(W1501 + W2502 + W3503)
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Learning Algorithm: Backpropagation

- Propagation of signals through the output layer.

06=Qs(W14604 + W5605)
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Learning Algorithm: Backpropagation

 In the next algorithm step the output signal of the
network y is compared with the desired output value
(the target), which is found in training data set. The
difference is called error signal of output layer neuron
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Learning Algorithm: Backpropagation

- The idea is to propagate error signal (computed in
single step) back to all neurons, which output signals
were input for discussed neuron.

Os= OsWas g'4
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Learning Algorithm: Backpropagation

- The idea is to propagate error signal (computed in
single step) back to all neurons, which output signals
were input for discussed neuron.

Os= Oswss g's
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Learning Algorithm: Backpropagation

The weights' coefficients w,,,,, used to propagate errors back
are equal to this used during computing output value. Only
the direction of data flow is changed (signals are
propagated from output to inputs one after the other). This
technique is used for all network layers. If propagated errors
came from few neurons they are added. The illustration is
below:

O1= (Oswisa+ Oswis) g'1
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Learning Algorithm: Backpropagation

The weights' coefficients w,,,,, used to propagate errors back
are equal to this used during computing output value. Only
the direction of data flow is changed (signals are
propagated from output to inputs one after the other). This
technique is used for all network layers. If propagated errors
came from few neurons they are added. The illustration is
below:

O2= (Osw2+ Oswas) g2
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Learning Algorithm: Backpropagation

The weights' coefficients w,,,,, used to propagate errors back
are equal to this used during computing output value. Only
the direction of data flow is changed (signals are
propagated from output to inputs one after the other). This
technique is used for all network layers. If propagated errors
came from few neurons they are added. The illustration is
below:

Os= (Oswas+ Oswas) g's
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Learning Algorithm: Backpropagation

- When the error signal for each neuron is computed, the
weights coefficients of each neuron input node may be
modified.

W'x11= W11 + n O1 X1
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Learning Algorithm: Backpropagation

- When the error signal for each neuron is computed, the
weights coefficients of each neuron input node may be
modified.

W= Was+ n O a4
W'ss= Wss+ n Os as
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Classification

- Classification

f1 ..
fn

Input

« Convolutional neural network

Input output
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CNN’s Topology

Feature maps

f
—

Feature extraction layer
Convolution layer

J

Shift and distortion invariance or p
Pooling layer




Feature extraction

- Shared weights: all neurons in a feature share the
same weights (but not the biases).

 In this way all neurons detect the same feature at
different positions in the input image.

- Reduce the number of free parameters.

RN
N
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Putting it all together

Fully Fully Output Predictions

- - —— m‘ Im
Cat [0)
Boat (1)
s T Bird (D)

Eioai = %, é,-l:.furlqtf — aulput)®

.T. .T.

Feature Extraction from Image Classification
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Intuition behind Deep Neural Nets

'“-CARI‘I

NOTE: Each black box can have trainable parameters.
Their composition makes a highly non-linear system.

- The final layer outputs a probability distribution of
categories.




Joint training architecture overview

X

NOTE: Multi-layer neural nets with more than two layers are
nowadays called deep nets!!

NOTE: User must specify number of layers, number of hidden
units, type of layers and loss function.




Lots of pretrained ConvNets

- Caffe models: https://github.com/BVLC/caffe/wiki/Model-Zoo

- TensorFlow models:
https://github.com/tensorflow/models/tree/master/research/slim

- PyTorch models:https://github.com/Cadene/pretrained-

models.pytorch

Model Zoo

Seyyed Hossein Hasanpour edited this page 13 days ago - 119 revisions

Check out the model zoo documentation for details.
To acquire a model:

1. download the model gist by . /scripts/download_model from_gist.sh <gist id>
<dirname> to load the model metadata, architecture, solver configuration, and so on.
(<dtrnane> is optional and defaults to caffe/models).

2. download the model weights by ./scripts/download_model_binary.py <model dir> where
<mode1_air> is the gist directory from the first step.

or visit the model zoo documentation for complete instructions.

Table of Contents

Berkeley-trained models

« Network in Network model

Models from the BMVC-2014 paper "Return of the Devil in the Details: Delving Deep into
Convolutional Nets"

Models used by the VGG team in ILSVRC-2014

» Places-CNN model from MIT.

GoogleNet GPU implementation from Princeton.

Fully Convolutional Networks for Semantic Segmentation (FCNs)
« CaffeNet fine-tuned for Oxford flowers dataset

CNN Models for Salient Object Subitizing.

« Deep Learning of Binary Hash Codes for Fast Image Retrieval

« Places_CNDS_models on Scene Recognition

Models for Age and Gender Classification.

GooglLeNet_cars on car model classification

Caffe
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Pre-trained Models Pretrained models for Pytorch (Work in progress)
Neural nets work best when they have many parameters, making them powerful function approximators. However, this The goal o this repo s

means they must be trained on very large datasets. Because training models from scratch can be a very computationally
intensive process requiring days or even weeks, we provide various pre-trained models, as listed below. These CNNs have
been trained on the ILSVRC-2012-CLS image classification dataset.

. for instance),
« to access pretrained ConvNets with a unique interface/AP! inspired by torchvision

In the table below, we list each model, the corresponding TensorFlow model fie, the link to the model checkpoint, and the top News:
1and top 5 accuracy (on the imagenet test set). Note that the VGG and ResNet \/1 parameters have been converted from
their original caffe formats (here and here), whereas the Inception and ResNet V2 parameters have been trained internally at © e ol
Google. Also be aware that these accuracies were computed by evaluating using a single image crop. Some academic & 21103/2016: NASNGX Wohil tanks i Vetorks Yuachultand Ariestasta
papers report higher accuracy by using multiple crops at multiple scales. . i

+ 130112018: pip install pretrainednodels , pretrainednodels.odel nanes ,

T Standley, improved Transfommimage API

_— TE-Slim J— Top-1 Top5 pretratnednodels.pretraned settings
File Accuracy Accuracy o 1200172018: python setup.py install
Inception V1 Code inception_v1_2016_08_28.tar.gz 69.8 896 * 08/1212017: update date url (1 gst puil is needed)
. - improve API( sade: , mocel. , B
Inception V2 Code inception_v2_2016_08_28.targz 739 918 (R LR )
model 1ast_linear )
Inception V3 Code inception_v3_2016_08_28.tar.gz 780 939 » 16/11/2017: nasnet-a-large pretrained model ported by T. Durand and R. Cadene
Inception V4 Code inception_v4_2016_09_09.tar.gz 802 952 * 2200712017: orchwision pretrined models
* 221077201 i 1
Inception-ResNet-v2 Code  inception._resnet_v2_2016_08_30.tar.gz 804 %3 <. T G WA
ResNet V1 50 Code resnet_v1_50_2016_08_28targz 752 922 « 1710712017 BNinception pretrained on Imagenet
ResNet V1 101 Code resnet_v1_101_2016_08_28.tar.gz 764 929
Summary
ResNet V1 152 Code resnet_v1_152_2016_08_28tar gz 768 92
ResNet V2 500 Code resnet_v2_50_2017_04_14.argz 756 %28 + {[putaiby
 Quick examples
ResNet V2 101 Code resnet_v2_101_2017_04_t4targz 770 9.7 Bt e
ResNet V2 152% Code resnet_v2_152_2017_04_14.tar.gz 778 94.1 o Compute imagenet logits
o Compute imagenet valdaton metrics
ResNet V2 200 Code TBA 799" 952"
+ Evaluation on ImageNet
VGG 16 Code Vgg_16_2016_08_28.argz 75 898 o Accuracy on valset
VGG 19 Code vgo_19_2016_08_28.targz 71 898 @ Reproducing resits
+ Documentation
MobileNet_v1_1.0_224 Code mobilenet_v1_1.0_224.gz 709 89.9 o Avaiablo models
MobileNet_v1_050_160  Code mobilenet_v1_0.50_160.gz 59.1 819 “HRNe

TensorFlow PyTorch
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AlexMet
BMInception
CaffeResNet101
DenseMet121
DenseMNet161
DenseNet169
DenseMNet201
DenseMNet201
DualPathMetGs
DualPathMet22
DualPathMNetos
DualPathMet107
DualPathMet113
FBResMet152
InceptionResMNetW2
Inceptionw3
Inceptionwd
MASKet-A-Large
MASMNet-A-Mobile
ResMext101_32=4d
ResMeXt101_64x4d
ResMet101
ResMet132
ResMet18
ResMet34
ResMetd0
SqueezeMNet1_0
SqueezeMNet1_1
YGEGET

VGGE13
VGG16
VGEGE19
VGEG11_BMN
WGG13_BM
VGEG16_BMN
VGEGE19_BMN
Xeception




Disadvantages

- From a memory and capacity standpoint the CNN is
not much bigger than a regular two layer network.

« At runtime the convolution operations are
computationally expensive and take up about 67% of
the time.

« CNN's are about 3X slower than their fully connected
equivalents (size wise).
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Disadvantages

Convolution operation
—4 nested loops ( 2 loops on input image & 2 loops on kernel)

- Small kernel size
—make the inner loops very inefficient as they frequently JMP.

« Cash unfriendly memory access

- Back—propagation require both row—-wise and column-wise
access to the input and kernel image.

- 2D Images represented in a row—wise/ serialized order.

- Column-wise access to data can result in a high rate of cash
misses in memory subsystem.
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Activation Functions

Sigmoid

o(z)=1/(1+e7%)

tanh tanh(x) A

ReLU max(0,x)

fix)

Leaky RelLU
max(0.1x, Xx)

/

4F

-1

Maxout max(w{z+b;,w]z+ by)
T ifz =10
i) = {ﬂ (exp(z)—1) ifxr<0

ELU

SReL U (shift Rectified Linear Unit)

max(-1, x)

May 6, 2018 @
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In practice

Use RelLU. Be careful with your learning rates
Try out Leaky RelLU / Maxout / ELU

Try out tanh but don’t expect much

Don't use sigmoid
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Mini-batch SGD

- Loop:

1. Sample a batch of data

2. Forward prop it through the graph, get loss
3. Backprop to calculate the gradients

4. Update the parameters using the gradient

This method takes the best of both batch and SGD, and
performs an update for every mini-batch of n.

Update equation

=68 — n * Fﬂj(g;x(i:i+n);y(i:i+n])

Code

np.random.shuffle (data)
for batch in get_batches(data, batch_size=b60):
params_grad = evaluate_gradient {(loas_function, batch, params)

for i im ransafnb_epnch }:
‘ params = params - learning rate = params_grad

ECSE-6610 Pattern Recognition Lecture 23 May 6, 2018



Overview of gradient descent optimization
algorithms

~ sgd + Gradient descent optimization algorithms
momentum || * Momentum
o = Nesterov accelerated gradient
adagrad y ——
o agra
adadelta |\ Sdoared
rmSProp |  * Adadelia
\\\ + RMSprop.
° Jdam
\\\\ « Bdaliee
s + Nadam
-2 -1
AMSGrad

Link: http://ruder.io/optimizing-gradient-
descent/
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Which Optimizer to Use?

If your input data is sparse, then you likely achieve the best results using
one of the adaptive learning-rate methods.

RMSprop is an extension of Adagrad that deals with its radically
diminishing learning rates. Adam, finally, adds bias-correction and
momentum to RMSprop. Insofar, RMSprop, Adadelta, and Adam are very
similar algorithms that do well in similar circumstances.

Experiments show that bias-correction helps Adam slightly outperform
RMSprop towards the end of optimization as gradients become sparser.
Insofar, Adam might be the best overall choice.

Interestingly, many recent papers use SGD without momentum and a
simple learning rate annealing schedule. As has been shown, SGD
usually achieves to find a minimum, but it might take significantly longer
than with some of the optimizers, is much more reliant on a robust
initialization and annealing schedule, and may get stuck in saddle points
rather than local minima.

If you care about fast convergence and train a deep or complex neural
network, you should choose one of the adaptive learning rate methods




Learning rate

- SGD, SGD+Momentum, Adagrad, RMSProp, Adam
all have learning rate as a hyperparameter.

loss => Learning rate decay over time!

very high learning rate
step decay:

e.g. decay learning rate by half every few epochs.
low learning rate

exponential decay:
high learning rate o= aoe—kt

\ 1/t decay:

a=ap/(1+ kt)

good learning rate
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L-BFGS

- Usually works very well in full batch, deterministic
mode.

l.e. if you have a single, deterministic f(x) then L-BFGS will
probably work very nicely

- Does not transfer very well to mini-batch setting.

Gives bad results. Adapting L-BFGS to large-scale,
stochastic setting is an active area of research

- In practice:
Adam is a good default choice in most cases

- If you can afford to do full batch updates then try out L-
BFGS (and don’t forget to disable all sources of noise)




Regularization: Dropout

(2 )
NTANY

‘wo NN/ wﬂo# %s\_
&

,'o.v,‘_,.«.q..' oS
(RS
" a,.‘o ‘\ " },v o\
RN EA
O /NG /@
L\\ NN

« “randomly set some neurons to zero in the forward
pass’

(b) After applying dropout.

(a) Standard Neural Net

[Srivastava et al., 2014]
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Regularization: Dropout

- Wait a second... How could this possibly be a good
idea ?

Another interpretation:

Dropout is training a large ensemble
of models (that share parameters).

Each binary mask is one model, gets
trained on only ~one datapoint
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At test time....

ECSE-6610 Pattern Recognition

Ideally:
want to integrate out all the

noise
Monte Carlo approximation:

do many forward passes with
different dropout masks,
average all predictions
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At test time....

« Can in fact do this with a single forward pass!
(approximately)

- Leave all input neurons turned on (no dropout).

Q: Suppose that with all inputs present
at test time the output of this neuron is x.

What would its output be during training
time, in expectation? (e.g. if p = 0.5)
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At test time....

« Can in fact do this with a single forward pass!
(approximately)

- Leave all input neurons turned on (no dropout).

during test: a = w0*x + w1*y

° during train:
E[a] = v * (W0*0 + w1*0
w0*0 + w1*y
wo ol wO0*x + w1*0

wO0*x + w1*y)
=2 " (2w0*x + 2 w1™y)
=% * (w0*x + w1*y)
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At test time....

« Can in fact do this with a single forward pass!
(approximately)

- Leave all input neurons turned on (no dropout).

during test: a = w0*x + w1 *y With p=0.5, using all inputs

in the forward pass would

2 du ring train: inflate the activations by 2x
from what the network was
= N W * *
E[a] = A (WO 0 + w1 O “used to” during training!
* * => Have to compensate by
WO O + W1 y scaling the activations back
w0 w1 wO*x + w1*0 down by %%

wO0*x + w1*y)
=" (2w0™ + 2 wl*y)
=% * (w0*x + w1*y)
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Pattern recognition design cycle

-"-— ? -

Linear regression model
Support vector regression
Logistical regression model
Convolutional Neural Networks
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Linear Regression

« Given data with n dimensional variables and 1 target-
variable (real number)

(XL (X, ¥5)5e (X0 V)
where xeR",y eN
- The objective: Find a function f that returns the best fit.
R >R
- To find the best fit, we minimize the sum of squared
errors —> Least square estimation

mjnZ(y,- _j}:')z — Z(yf —(W-x, +b))2
i=l i=l
The solution can be found by solving

w={X"X) XY




Linear Regression

nﬂni(yf _Jj'g)z o i(}’; —(W-X, +5))2

Underfitting Just right! overfitting

To avoid over-fitting, a regularization term can be
introduced (minimize a magnitude of w)

— LASSO: nﬁni(y!—w-xl—b)z@
i=1 =l

— Ridge regression: min Y (y,—w-x,—b)’+

i=1
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Support Vector Regression

- Find a function, f(x), with at most & —deviation from

the target y

The problem can be written as a
convex optimization problem

5. il
I1[111’15||"f'i’||2

st.y,—w,-X,—b<g;
W, Xt~y <§E;

C: trade off the complexity

What if the problem is not feasible?
We can introduce slack variables

(similar to soft margin loss function).

ECSE-6610 Pattern Recognition

w-X +b—y <g

Income

#
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/ Age

We do not care about errors as long as
they are less than ¢
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Support Vector Regression

Assume linear parameterization

Only the point outside the -
region contribute to the final
cost

f(x,0)=w-x+b

Loss

L,(y, f(x, @) =max( y - f(x,)| ~£,0)

ECSE-6610 Pattern Recognition
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Soft margin

Given training data
(x;3,) i=lo.m

Minimize

%uwnz +C Y E+ED

-

Vi —'(W‘Xg)"'bﬂé'-i-éj
(W-x,)+b—y, <e+&
Y éf ’5: zoﬂizlﬂ"':m

Under constraints

A
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Logistic Regression

Given {(m(l),y(l)) , (33(2)’ y(Q)) o (m(n),y(n))}

where z(" ¢ R?, y® ¢ {0,1}

Model: hg(:l)) =i} (BT:I:)

Logistic / Sigmoid Function

//"'"
9(2)

1
g(%)=1+6,,_z
" o ] 5
o— | " z'=[1 @
—Qd—

ECSE-6610 Pattern Recognition
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Logistic Regression Objective Function

- Can't just use squared loss as in linear regression

0= &5 1 o) o)

=1

— Using the logistic regression model

1
1 +e 02

h@ (:,B) =

results in a non-convex optimization
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Deriving the Cost Function via Maximum
Likelihood Estimation

* Likelihood of data is given by: 1(8) = [[ p(y® | (;0)

i=1
* So, looking for the @ that maximizes the likelihood
OriLe = 1(6) = @) | 2. 0
MLE = arg max[(6) argmgxgp(y o)
* Can take the log without changing the solution:

_ () | i),
OniLE afgmgxlogﬂp(y | ;5 0)

=1

_ () | 1 (5).
argmax » logp(y"” | z'";6)

=1

ECSE-6610 Pattern Recognition Lecture 23 May 6, 2018



Deriving the Cost Function via Maximum
Likelihood Estimation

* Expand as follows:

_ @) | 0.
OviLE argmgtxz_:llﬂgp(y | #Y;8)

= arg m;txi ly{é} logp(yW=1|z";0) + (1 — y(é)) log (l —p(y =1 m(i];ﬂ))]

=1

e Substitute in model, and take negative to yield

Logistic regression objective:
mein J(0)

mn

J( @)= — Z [y(":) log he (V) + (1 — y(i)) log (1 — he (m(i)))]

i=1
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Regularized Logistic Regression

Tt

J(0) = — Z [y(i) log he(x'V) + (1 — y(i)) log (1 — hg(a:(i)))]

i=1

We can regularize logistic regression exactly as before
d
Jregularized(e) — J(Q) o A Z 9?
j=1

= J(8) + All0p1.q)lI2
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Another Interpretation

- Equivalently, logistic regression assumes that

o~
I

”
ply=1|=z;6)

| =3 0 N S

OgLD(y=U|:B;9) 0 H0ReT F + U4y

“odds of y = 1

Side Note: the odds in favor of an event is the quantity
p/ (1 -p), where p is the probability of the event

E.g., If | toss a fair dice, what are the odds that | will have a 6?

In other words, logistic regression assumes that the log
odds is a linear function of x




DNN Regression

Network @ _ f@ (2
Layer n | noutputs | owt”=f (Emu!J W)
A

2)
ij

| nhidden | out) = f"’(zourfn)w;]’)

(n=1)__(m) - /'y :

out;” wy ~ » out™ = f™ Eout‘r D) wd

ij J ; W .
i
| ninputs | out® = in,

- For a two-layer MLP:
out,” = f(z)(zﬂutu} (2}] {2}[210{1}(2” U}) (21]

- The network weights are adjusted to minimize an
output cost function

1 [N}p
SSE E 2 2 f{l!’gJ Guf
P .J
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Idea #1: Localization as Regression

Input: image

Neural Net Output:

— Box coordinates
(4 numbers) \
Loss:
Correct output: L2 distance
box coordinates e

Only one object, (4 numbers)
simpler than detection
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Simple Recipe for Classification + Localization

- Step 2: Attach new fully-connected “regression head”
to the network

/i:ulry-cnnnected K
layers

|] |] H |] “Classification head”
i

Convolution Class scores
and Pooling S /

//IEully-cnnnected N
layers

|] |] “Regression head”
!
Final conv

feature map \_ Box cncrdinates_/
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Simple Recipe for Classification + Localization

- Step 3: Train the regression head only with SGD and
L2 loss

/i:ully-cnnnected N
layers

|

Convolution Class scores
and Pooling \ '

Fully-connected

layers
j»” HH _""H - L2loss
Final conv

feature map Box coordinates
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Pattern recognition design cycle

K-Means algorithm
Hirarchical clustering algorithm
Gaussian mixture model
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Clustering evaluation

< Intra-cluster cohesion (compactness)

» Cohesion measures how near the data points in a
cluster are to the cluster centroid.

» Sum of squared error (SSE) is a commonly used
measure.
» Inter-cluster seperation (isolation)
» Separation means that different cluster centroids should
be far away from one another.

Clustering is hard to evaluate. In most applications, expert judgements are
i still the key.

L)

*0

number of clusters number of cases
centroid for clusterj

R g ZZ [E3 fm c./z

}_1! 1

Dlstancefunctlon
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Data Clustering - Formal Definition

« Given a set of N unlabeled examples D = x1, Xz, ..., Xn N
a d-dimensional feature space, D is partitioned into a
number of disjoint subsets Dj's:

- A partition is denoted by:
mw = (Dl, DQ, 595 3 Dk)

and the problem of data clustering is thus formulated as

*

7w = argmin f(7)
T
where f(+) is formulated according to a given criterion.




K-means

O K-means is a most well-known and popular clustering algorithm.

O K-means procedure:

- Start with some initial cluster centers

« lterate until there are no changes in any means

- Assign/cluster each example to closest center

- Recalculate centers as the mean of the points in a cluster

\_

/

ECSE-6610 Pattern Recognition Lecture 23 May 6, 2018



Pros and cons of K-means

Strengths:
= Simple: easy to understand and to implement.
= Efficient: time complexity is O(tkn) = O(n).
= N is the number of data point, k is the number of clusters, and t is the
number of iterations.
= Since both k and t are small, k-means is considered a linear algorithm.

Note that: it terminates at a local optimum if SSE is used. The global optimum is
hard to find due to complexity.

Weakneses:

= The user needs to specify the value of K.
= Applicable only when mean is defined.
= The algorithm is sensitive to the initial seeds.
= The algorithm is sensitive to outliers.
= Outliers are data points that are very far away from other data points.

= Outliers could be errors in the data recording or some special data points
with very different values.




Hierarchical Clustering

- Up to now, considered “flat” clustering
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- For some data, hierarchical clustering is more
appropriate than “flat” clustering .

 Hierarchical clustering TN
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Hierarchical Clustering:

- Hierarchical cluster representation.
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Dendrogram-Binary Tree Venn diagram
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Hierarchical Clustering

 Algorithms for hierarchical clustering can be divided
into two types:
- 1. Agglomerative (bottom up) procedures

~x0001__ Start with n singleton clusters
~x0001_ Form hierarchy by merging most similar clusters

- 2. Divisive (top bottom) procedures

~x0001_ Start with all samples in one cluster
~x0001_ Form hierarchy by splitting the “worst” clusters
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Divisive Hierarchical Clustering

- Any “flat” algorithm which produces a fixed number
of clusters can be used

setc=2 ®
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Agglomerative Hierarchical Clustering

- Initialize with each example in singleton cluster while
there is more than 1 cluster

- 1. find 2 nearest clusters
- 2. merge them

- Four common ways to measure cluster distance

oooo

minimum distance d_,.(D,,D,)= min Il x- PO S Y,
( ’ 1) XE'!;!,!'DD; | yll -_.'!..: '.' .‘8*-..‘:.

maximum distance dmax D.-,D,-)= n'ga)g | x-yll s S
xeD;,yeD; ﬂ

average distance  d,,,(D,,D;)= n1n 3 Slix-yll
i1} xeD, yeD, ‘o cm @ i@

L HY E B s
mean distance d,,,,,,,,[D,-,D,-)=|| ey Al . . ‘@ .
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Single Linkage or Nearest Neighbor

- Agglomerative clustering with minimum distance
dmln(DHDj)= '.E'iq ”x_y”
«3 vz
- 4
« generates minimum spanning tree
- encourages growth of elongated clusters

disadvantage: very sensitive to noise
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Complete Linkage or Farthest Neighbor

- Agglomerative clustering with maximum distance
dmax(Di‘-'Dj)= max !l x-yll

XED“}"E D}'

- Encourages compact clusters
- Does not work well if elongated clusters present

- dmax(DHDZ) < dmax(DziDa)
= thus D, and D, are merged instead of D, and D,
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Average and Mean Agglomerative Clustering

- Agglomerative clustering is more robust under the
average or the mean cluster distance

d,,(0,0)=——% Tlix-y|

nf'nj xeD,; yeD;

dmean(Di!'Dj)=|| Jui _auj ”

- Mean distance is cheaper to compute than the average
distance

- Unfortunately, there is not much to say about
agglomerative clustering theoretically, but it does work
reasonably well in practice




Agglomerative vs. Divisive

- Agglomerative is faster to compute, in general
« Divisive may be less “blind” to the global structure

of the data

Divisive

when taking the first
step (split), have access to
all the data; can find the
best possible split in 2
parts

ECSE-6610 Pattern Recognition

Agglomerative

when taking the first
step merging, do not
consider the global
structure of the data, only
look at pairwise structure

RO
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Mixture Density Model

« Model data with density model.

component densities
p(x16)=> plx|c,8,)P(c,)
j=1
where 6=1{6,,...,6, }
P(c,)+ P(c,)+...+ P(c,,)=1

mixing parameters

- To generate a sample from distribution p(x|0)
- first select j with probability p(c;j)
- then generate x according to probability law p(x|cj, 6;)
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The General GMM Assumption

e P(Y): There are k components

e P(X]Y): Each component generates data from a multivariate
Gaussian with mean p;and covariance matrix 2;

Each data point is sampled from a generative process:
1. Choose component i with probability P(y=i)
2. Generate datapoint ~ N(m, %)

Gaussian mixture model ,uz

(GMM) o
< gt
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ML Estimation for Mixture Density

p(x16,0)=3 plx|c,.6,)Plc,) = S plx1c,.6,)p,

j=1 J=

Can use Maximum Likelihood estimation for a mixture
density; need to estimate

0., O
pi‘: P(C-_;),..., pm= P(cm)n andp: {p'h"'n pm}

As in the supervised case, form the logarithm likelihood
function

1(6,p)=Inp(D|6,p)= Zlnpxklﬁp) Z'"{ip(xlcn 6,)p }

k=1 j=1




Expectation Maximization Algorithm

- EM is an algorithm for ML parameter estimation when the
data has missing values. It is used when

1. data is incomplete (has missing values)

some features are missing for some samples due to data corruption,
partial survey responces, etc.

This scenario is very useful

2. Suppose data X is complete, but p(X| 6 ) is hard to optimize.
Suppose further that introducing certain hidden variables U

whose values are missing, and suppose it is easier to optimize
the “complete” likelihood function p(X,U| 8 ). Then EM is useful.

This scenario is useful for the mixture density estimation, and is subject of
our lecture today

-+ Notice that after we introduce artificial (hidden) variables U
with missing values, case 2 is completely equivalent to
case 1




EM: Joint Likelihood

Let z;={z(",..., z{™},and Z={z,,..., Z,)}
The complete likelihood is
p(X!z | 9) = p(X"...,Xn,Z”...,Zn I 9) — Hp(xiizi | 9)

i=1
_H p |Z”6 )

l J
Y \{

gaussian part Ofpc

If we actually observed Z, the log likelihood In[p(X,Z| 6 )]
would be trivial to maximize with respect to 6 and p;

The problem, of course, is that the values of Z are missing,
since we made it up (that is Z is hidden)




EM Algorithm

- EM solution is to iterate

1. start with initial parameters 6©
iterate the following 2 step until convergence

E. compute the expectation of log likelihood
with respect to current estimate 8% and X.
Let’s call it Q(&|60)

Ql616")=E,[Inp(x,2]6)| X,6"]
M. maximize Q(8|6)

6" = argmaxQlg | ")
e
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EM Algorithm and K-means

- k-means can be derived from EM algorithm
« Setting mixing parameters equal for all classes,

1 1
Pk exP(—F(xi — Hi )2J exp(— 252 (x; — 44, )2}

Ez[Z:{H]= m = i
;P; exp(— 2;_2 (x.f _ﬂj)z] ;exP(_ 252 (xi _ﬂj)zj
- Ifwelet o> =, then

1 ity || x;=p |1>1] x; = g; ||
(k)| _ i k i j
E; [z" ]_ {0 otherwise

so at the E step, for each current mean, we find all points closest
to it and form new clusters

- at the M step, we compute the new means inside current clusters

Hye = %IZ;:EZ[Z}”]X;
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