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Definition
0 What is statistical recognition?

What is pattern? # X, & A £ B 40 fo LB ¢4 LK, £ H
tn # Lo

There are a number of patterns.

Some examples:

Palmprint Fingerprint QR code License plate no. Face
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Definition

0 What is statistical recognition?

What is recognition? <2 5| £ 4§ # X, (patterns) # A £ #]| =
(discriminate) #4 £ # & X 4o t9 £3],

Two types of recognition:
Classification (4~ £):

# 2 K% (unknown) &4 X @, P &4 (known) ¢4 £
(label) »

Clustering(%& £):

# %4 (unknown) £3|t09—a# X, RELNfantE T,
stas N *TEE

IPR, B 1% 4 32 5 4% 3]



@ BE1RIR3Y

Definition
0O Examples
Classification (4~ £):
# 2 K% (unknown) &4 X\, F &4 (known) &5 £
(label) »
pattern category
O -
Clustering(& £):

# %4 (unknown) £3589 —a X, BRELNfamit i T,
sttasu A TR E
1

patterns f H
i
21
7122
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Definition

» Classification vs. Regression

Classification Regression

@
p+

”

”
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Definition

0 What is statistical recognition?

s8] (A AR3) RiEE LA 2foptr A £
FAEPEOEA, ABHEIAFETH RAE R ITHAT.
w25 . oK e LEE,

An important part in Artificial Intelligence (Al)!

| promise | would try! Can you guarantee a

certain level of
inferential accuracy
within a certain time
budget even as the
data grow in size?
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Definition

0 What is statistical recognition?

ANEILL, Fitt s (R4 XN23]) 6242 R4 Bt &
%o X, A %o F 4 # 17 B 4o (perceive) . 445 (analysis)
#2412 % (recognition) & it4£.

It also gives intelligence (but not wisdom) to machine (Al)!
WEEREABGAGENTAGRL, XA THE (A8H42) .
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Definition
0 What is statistical recognition?

B 4 (perceive) : Information observation and
acquisition from others (% 9 % 44)

a4 (analysis) : Information processing and
intelligent discrimination

1% %| (recognition) : Make a decision on the
observed information for classification (label
prediction)

Hoitif 3| RAKE LBHREF, FHTRLEGEE R4t
N, AdFRAEEAHKAs G L
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Definition

O why statistical recognition?
For humans, recognition is an easy task:

Recognize a handwritten digit, recognize a face, discriminate an object/image,
Discriminate an odorant, spoken recognition,:--

However, for machines, recognition is never easy.

Therefore, machine recognition like humans is challenging.
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Definition

O Basic terms of statistical recognition?
# 4| (samples or instances) :
Patterns that we would like to classify (o~ % 2t %).

# 4 (feature) .
Attributes that characterize the properties of samples (%

AEH At B 1),

W % & (training) :
The data used for learning the classification model
parameters (hypothesis, &8 # )
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Definition
O Basic terms of statistical recognition?

o K & (testing) :
The data for evaluating the obtained hypothesis (fe+& 44
%) .

# A (model) :

Mathematical descriptions for induction and inference (A4
F V2 A Fo # 32 69 B F 1514 ).

4% 4 ¢ 1) (feature space) :
The space spanned by features (4 £ 7% &, & % i4])
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Definition
O Basic terms of statistical recognition?

S F 4 R (decision boundary) : Three categories F1,F2,F3

Linear decision quadratic decision

REARGPAZINEGHR., mRNFELBGOLEBBEELT
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Definition

0 How do statistical recognition?

For Example:

Fish species recognition of see bas and salmon
(4 &4 = X &)

Three basic steps for recognition

4 or= x4
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Definition
Step I: Preprocessing (AL F])

Goal: Preprocess the image captured by the camera, such

that subsequent operations could be simplified without
losing relevant information

Routine image

O Denoising

T ALE % 5":5 O Adjust the level of illumination

processing
[0 Enhance the level of contrast
A 1% o~ 3| O Isolate different fishes from one
segmentation > another

O Isolate fishes from the background

IPR, B 1% 2 32 5 42 3|
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Definition

Step II: Feature Extraction (fFf4HY)

Goal: Extract features (with good distinguishing ability)
from the preprocessed image to be used for subsequent
classification

Sea bass is

usually

longer

than a salmon

Sea bass is

usually

> “length” could be a good candidate

brighter

for features

4% 12 B 14

than a salmon

IPR, B 1% 4 32 5 4% 3]

> “lichtness” of fish scales could be

another good candidate for features
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Definition

Step III: Classification (77 7%)

Goal: To distinguish different types of objects (in this
case, sea bass vs. salmon) based on the extracted features

vl vl boss

comii
227
207

histogram for length

IPR, B 1% 2 32 5 42 3|

h-axis: length of fish

v-axis: number of fishes with
a certain length

On average, sea bass is
somewhat longer than salmon

Too much overlaps =

leneth poor separation with

the length feature



B 1R iR 5

Definition

CirnT

i44 salmon sed hass

8 10
histogram for lightness

What if no other single feature
yields better performance?

IPR, B 1% 4 32 5 4% 3]

lightness

h-axis: lightness of fish scales

v-axis: number of fishes with
a certain lightness

On average, sea bass is
much brighter than salmon

Less overlaps =2 better
separation with the lightness
feature, but still a bit
unsatisfactory

Use more features
at the same timel
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Definition

Using two features (.r]) a1 : fish width
N =

simultaneously T9 xo : fish lightness
width
224 salmon cedt s black dots: salmon samples
21f et red dots: sea bass samples
00 . riiuiuiniriuieielatriiaiuiuiainiaial
. | Linear decision boundary: :
19f I |
18 ) : fley.xo) =a-x1+ b 20+
|
. [
17 .  f(z1,22) >0 = sea bass |
16+ 1 I
/s )  f(21.22) <0 = salmon ,
14 ' ' : ' = lightness
> 4 6 8 o Much better than
scatter plot for the feature vectors single. feature
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Definition
width
. . 224 salmon sed bass

Linear decision -
21t *

boundary: I
o
e
7E

Complex decision 70, *

boundary 15} .
14" : : ' : * lightness

2 4 6 8 10
All the training samples (i.e. known Can we Tr*uly feel

patterns) have been separated perfectly  satisfied?
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Definition

The central aim of designing a classifier is to make correct
decisions when presented with novel (unseen/test) patterns,
not on training patterns whose labels are already known

e.g. it's useless to get 100% accuracy when answering homework
guestions while get low accuracy when answering exam questions

Performance on o

the training set \ RPN

)

Tradeoff -

Simplicity of ~_~"

the classifier
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Definition

We can get perfect classification performance on the
training data by choosing complex models

o Complex models are tuned to the particular training samples, rather
than the characteristics of the true model

Models overly complex than necessary lead to overfitting

o Good performance on the training data, but poor performance on
novel data

How can we find principled ways to obtain best complexity?
(Regularization)

1 1 P [Treme 1
i s

|
T N I'l---J u "o ": “1 -_:-;

A
AR AN

- - - x\\-\.
%

T p— h— e e
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Pattern Recognition System

decision

|

In addition to

post-processing

the usual

A

“bottom-up”
flow of data,
some systems

classification

iy
A post processor decide on the appropriate

action based on the classification

A classifier uses extracted features to
assign the sensed object to a category

also employ

feature extraction

feedback
from higher

T

.

A feature extractor measures object
properties that are useful for classification

levels back

segmentation

Tf

down to lower

'y

.

levels (gray

sensing

A segmentor isolates sensed objects from
the background or from other object

arrows)
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|

input

A sensor converts physical inputs (e.g.
images, sounds) into digital signal data
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Pattern Recognition System

The design of a PR system usually entails a
number of different activities, such as data
collection, feature choice, model choice,

classifier training, classifier evaluation.

O Data collection accounts for a large part of
the cost of developing a PR system

O Feature choice and model choice are highly
domain-dependent, where prior knowledge
(Y558 711R) plays very important role
e.g.. lightness might be a good feature for
distinguishing sea bass and salmon, linear
model might be preferred than nonlinear ones

O Various activities may be repeated in order
to obtain satisfactory results

IPR, B 1% 4 32 5 4% 3]

start

|

collect data

A

Y

choose features

Y

choose model

Y

train classifier

A

1

evaluate classifier

A

l

end
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A Toy Example: LDA (4,44 #] 3| 247)

ol &A@ EEAX = [X,X, 0, Xy] ERDPN B —~ANEHEHW e RPXD, 45
Ba R ERTIRE B EKIELEEMET 5o

% % ALDAK A i £ W = argmax - 8W
o ) s WX WTs,w’
X = [X1,X3] Y=W'X=[Yy,Y]
A .’.o
¢’ : wT oo
® . ___s
\ ,/, () .’ o 0 > Cé)QgQ

® O O
O
©)

(a) = 1A] (b) fL4E7% ]
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Decision based Recognition

» Decision function

Let X = [xq, x5, ..., x,]" represent a pattern vector. For a
problem of C classes, wy, wo, ..., w., the basic problem of
decision theory is to find C decision functions d (x),

d2 (X))”" dC(X)°

d;(x) > d;(x), if x belongs to w;

The pattern class with respect to the maximum d(x) is
the decision class of pattern x.
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Decision based Recognition

» Decision function

Generally, we use a single function as the decision
bound of two classes,

dij(x) = d;(x) — d;(x)
Decision process:
d;;(x) > 0,if x belongs to w;
d;;(x) < 0,if x belongs to w;

The decision boundary can be represented as
d;j(x) =0

IPR, B 1% 4 32 5 4% 3]
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Template Matching

» Minimum distance classifier
Two Elements for Recognition based on Matching:
m Prototype pattern vector

1
m; :ﬁz Xi,i=1,2,...,C
l

XEw;
m Distance metric
D;(x) =|x— miIIZ,i =12,..,C

m Distance minimum criterion
w(x) = argmin D;(x),i = 1,2, ...,C
i

IPR, B 1% 4 32 5 4% 3]
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Template Matching

» What is the relation between minimum distance
classifier and decision function?

Recall the distance
D;(x) = ||Ix — my||? = xTx — 2x"m; + m m;
Select the minimum distance is equivalent to select the

maximum value of the following decision function
T 1 p
di(x) =x"m; — o M m;
The class with respect to the maximum d;(x) is the class

of x.
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Template Matching

» Decision bound of the minimum distance classifier

d;j(x) = d;i(x) — d;(x)
1 1
=x'm,; — Em'irml- — (mej — Eijmj>
1
= XT(mi — m]) — 5 (ml- — mJ)T (mi + m])T
The decision bound

Let dl](X) =0, i.e.

1
x'(m; —m;) -2 (m; - m;)" (m; +m;) =0

IPR, B 1% 4 32 5 4% 3]
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Template Matching

» Example of minimum distance classifier
There are two classes wy, w,. Their mean vector are
m, = [4.3,1.3]7,m, = [1.5,0.3]"

Given a pattern vector x = [x{, x,]T, then how to determine its
decision function and decision bound?

Decision function:

1
di(x) =x"'m, — Em}ml = 4.3x; + 1.3x, — 10.1

1
dz(X) —_ XTm2 - Emgmz — 15x1 + O3x2 — 117

The decision bound
Let dlZ(X) — O, i.e.
di;(x) = d(X) — d(x)

=x'(m; —m,) — > (m; —my)" (m; + my)?T

= 2.8x; + 1.0x, — 89 =0
IPR, B 1% & 12 5 <2 3|
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Template Matching

» Example of minimum distance classifier

Given some patterns x = [2,—1]T, x = [1,-3]!, x =
[5,6]T, x = [6,5]", x = [5,4]", classify them.

10¢

* X
X

\%+1.0x2-8.9=0

*

10+~

-15°
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The Optimal Statistical Classifier

» Optimal statistical classifier

A recognition method based on probability.

Given a pattern X, the probability of x belongs to w; is
p(w;|x)

Loss: L;;; if the pattern comes from w;, but classified as w;.

Average loss: a pattern x can be classified as any class of the
total C classes. The average loss 7;(x) that x is (wrongly)
classified as w; is represented as

C
ri(x) = z Ly jp(wk|x), conditional average risk
k=1

IPR, B 1% 4 32 5 4% 3]



©® BET1RR3Y
The Optimal Statistical Classifier

» Optimal statistical classifier
Bayesian formula

_ p(A)p(Bl4)
p(alB) = ==
There is
. S p(xIw) P(w)
1) = ;Lk,-pwx) - ;ij e

VYwi, k =1, ...,C,p(X) is the same, therefore,

C
50 = ) LgpxIw)P )
k=1
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The Optimal Statistical Classifier
» Optimal statistical classifier

C
500 = ) LipKlwi) Pwy)
k=1

where p(x|wy) is the p.d.f. of x from class wy,, P(wy,) is the
probability that class w;, happen:s.

1;(x) is the average loss that x is classified as w;.
If there is

C C
R0 = ) LpXIwPWe) <1500 = D Ligp&lw)P(wi)
k=1 k=1

Then x belongs to w;

IPR, B 1% 4 32 5 4% 3]
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The Optimal Statistical Classifier

» Optimal statistical classifier

Generally, the loss L;; is imposed to be O if correctly classified, and 1,
otherwise. (0O-14% k) Then,

Lij =1- 51]
(1i=j
0y = {0 i #j
C
() = Z Lgp(KIwdP(wi) = ) (1= 8)p(xlwi) P(wi)
k=1

= P(x) — p(X|W])P(W]

We know that x belongs to w;, if r;(x) < r;(x), there is
P(x) — p(xIw))P(w;) < P(x) — p(x|w;)P(w))

p(xlw)P(w) > p(x|w,)P(w;)

IPR, B 1% 4 32 5 4% 3]
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The Optimal Statistical Classifier

The decision function of x

d;j(x) = p(x|w;)P(w))
For a Bayesian classifier, it computes the decision function.
if d;(x) > d;j(x), then x belongs to w;

The p.d.f. p(x|w;) of x belongs to w; and the probability
P(w;) should be known.

P(w) =

p(x|w;) is often supposed to be Gaussian function.

Bayesian classifier shows the minimum loss if the assumption
is approaching the actual case.

IPR, B 1% 4 32 5 4% 3]
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The Optimal Statistical Classifier

» Example: one dimension (Gaussian)

Suppose there are 2 classes (wy,w,) based on Gaussian
distribution, with mean value m;andm,, standard

variance o; and o,.
Bayesian decision function

, (x-my)’
d;j(x) = p(x|w;)P(wy) = e 2% P(w),j=12
2maf

IPR, B 1% 4 32 5 4% 3]



® B\®IRs

The Optimal Statistical Classifier

0.2¢ C

L L L

0.18 - o

0.16 - p(X|W2) -

0.14 - o

0.12 - i

0.1 -
005 - p(xIw,) :
0.06 - i
0.04 - / i
0.02 - / \ 1

0" Ns

-10 5 0 XO 5 10 15 20

il
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The Optimal Statistical Classifier

» Example: N-dimension (Gaussian)

Suppose there are C classes (wq,w,,...,w,.) based on Gaussian
distribution, with mean vector

1
mj:Ej{x}zﬁz X
J XEWj
Covariance matrix

1
% = Eji(x —mj)(x —m))"} = N; z Xx! — mym;

XEWj

Bayesian decision function
d;(x) = _ 1 ~2(x-m;)"5;" (x-m))
(%) = p(x|w;)P(w;) = g e P(w))

IPR, B 1% 4 32 5 4% 3]
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The Optimal Statistical Classifier

» Example: N-dimension (Gaussian)
Bayesian decision function

d; (%) = p(x|w;)P(w;)

T
— 1 - e—%(x—mj) Zj 1(X‘mj)p(w.)
/2 J
(2m)™/2|x;|

Due to the exponent form of Gaussian function

The natural logarithm is often used
Ind;(x) =In p(x|wj)P(Wj) = In p(x|wj) + In P(Wj)

1 1 T _
— Eln|2j| — E[(x — mj) X 1(x — mj)] + In P(Wj)

IPR, B 1% 4 32 5 4% 3]
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The Optimal Statistical Classifier

» Example: N-dimension (Gaussian)
Bayesian decision function

1 1
dJ(X) = |n P(W]) — Elnlzj‘ — E [(X — mj)sz_l(X — m])]

If the covariance matrix X is the same for all classes,

1
_ Ty—1 Ty—1
If covariance matrix Z; = I, and P(w;) = =
. C
d](X) — Xij — Em]Tm]
o 2 g

minimum distance classifier
IPR, @ 1% 4. 32 & % 3
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Linear Decision Function

For a n-dim problem, x = [x, x5, ..., x,] ", the linear
decision function is

n
d(x) = 2 wix; + b
=1

where w; is the weight imposed on x;.
d(x)is the final output with a summation (activate).

d(x) >0,x € +1
d(x) <0,x € —1
The decision boundary is
d(x) =0->wix; +wox, +wyxs +-+wux, +b =0

IPR, B 1% 4 32 5 4% 3]
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Linear Decision Function

WiX1 + WoXo +W3X3 + -+ wWuXx, +b =0
is @ hyperplane in n-dimensional pattern space.

The final b is called bias, which is proportional to
the orthogonal distance between the origin O and

the hyperplane.
If b = 0, the hyperplane is through the origin

SR

1 Zn 1 WiX; > —b
- —1, > wix; < —b

IPR, B 1% 4 32 5 4% 3]
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Linear Decision Function

» Perception

— -1

Activation

IPR, B 1% 2 32 5 42 3|
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Linear Decision Function

» Perception

+1 —

Y

— 1

Activation

IPR, B 1% 2 32 5 42 3|
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Linear Decision Function

» Perception
O Parameter Training

n
d(x) = Z w;x; + b = wix + b (raw)
i=1
By extending the pattern vector X = [xq, X5, ..., x,,] ' into
X = [X1,X5, ., Xy, 1]T ,letw,,.1 = b, there is
n+1

d(x) = Z w;x; = W' X (modified)
i=1

_ T
where w = [wy, Wy, ..., W, Wy11]' .

IPR, B 1% 4 32 5 4% 3]
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Linear Decision Function

» Perception
0 Training Algorithm
Let w(1) be the initial weight vector.
The k-th iteration:
» ifx(k) belongsto “+1” class, but
w()Tx(k) <0
updatew(k + 1) =w(k) + 6§ - x(k),6 > 0
» if x(k) belongsto “-17 class, but
w(k)Tx(k) >0
updatew(k + 1) =w(k) — 6 -x(k),6§ > 0
> elsew(k + 1) = w(k), keep unchanged.

IPR, B 1% 4 32 5 4% 3]



@) BETRIR3Y

Linear Decision Function

» Perception

O Example
+1: x(1) = [0,0]7,x(2) = [0,1]7
—1: x(3) =[1,0]7,x(4) = [1,1]7
Extend by add “1”7 :
+1: x(1) =[0,0,1]7, x(2) = [0,1,1]T
—1: x(3) =[1,0,1]7,x(4) = [1,1,1]7
Let 6§ = 1, w(1) = [0,0,0]7, update w?
Training:

The 15t iteration:

0
w(1)Tx(1) = [0,0,0] [o] =0
1
w(2) =w(1) +1-x(1) =[0,0,1]"

IPR, B 1% 4 32 5 4% 3]
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Linear Decision Function

» Perception

O Example
+1: x(1) = [0,0]7,x(2) = [0,1]7
—1: x(3) =[1,0]7,x(4) = [1,1]7
Extend by add “1”7 :
+1: x(1) =[0,0,1]7, x(2) = [0,1,1]T
—1: x(3) =[1,0,1]7,x(4) = [1,1,1]7
Let 6§ = 1, w(1) = [0,0,0]7, update w?
Training:

The 2 iteration:
0
w(2)Tx(2) =[0,0,1] [1] =1>0
1
w(3) = w(2) = [0,0,1]7, keep unchanged

IPR, B 1% 4 32 5 4% 3]
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Linear Decision Function

» Perception
O Example

+1: x(1) = [0,0]7,x(2) = [0,1]7
—1: x(3) = [1,0]7,x(4) = [1,1]7

Extend by add “1”7 :

+1: x(1) =[0,0,1]",x(2) = [0,1,1]"
—-1: x(3) =[1,01]",x(4) = [1,1,1]"

Let 6§ = 1, w(1) = [0,0,0]7, update w?
Training:

The 3rd iteration:

1

w(3)Tx(3) =[0,0,1] |0

11

w(4) =w(3) —x(3) =

=1>0

—100]"

IPR, B 1% 4 32 5 4% 3]




@) BETRIR3Y

Linear Decision Function

» Perception

O Example
+1: x(1) = [0,0]7,x(2) = [0,1]7
—1: x(3) =[1,0]7,x(4) = [1,1]7
Extend by add “1”7 :
+1: x(1) =[0,0,1]7, x(2) = [0,1,1]T
—1: x(3) =[1,0,1]7,x(4) = [1,1,1]7
Let 6§ = 1, w(1) = [0,0,0]7, update w?
Training:

The 4t iteration:

1
w(4)Tx(4) = [-1,0,0] [1] =-1<0
1
w(5) =w(4) =[-100]"T

IPR, B 1% 4 32 5 4% 3]
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Linear Decision Function

» Perception

0O Example
+1: x(1) = [0,0]%,x(2) = [0,1]F
—1: x(3) =[1,0]%,x(4) = [1,1]F
Extend by add “17 :
+1: x(1) =[0,0,1]%,x(2) = [0,1,1]7
—1: x(3) =[1,0,1]%,x(4) = [1,1,1]F
Let § = 1, w(1) = [0,0,0]", update w?
Training:

The titeration:
w(t)Tx(t) =7

IPR, B 1% 4 32 5 4% 3]
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Linear Decision Function

» Perception
0 Widrow-Hoff or LMS Training Algorithm (& 439 )
The objective function

J(w) = %(r — wa)z

where ris the expected output, r=+1/-1

The objective is to find the minimum J(w), by using
gradient descent.

The gradient of J(w) w.r.t. wis

dJjw) _

(v — xa T
3w — (T \%% X)X

IPR, B 1% 4 32 5 4% 3]
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Linear Decision Function

» Perception
0 Widrow-Hoff or LMS Training Algorithm
The weights adjustment

wk+1) =w(k) -6 5>0

w=w(k)
= w(k) + 8[r(k) —w’ (k)x(k)]l;(k)

For iteration, w(1) is randomly generated.

The increment (delta) of weights is
Aw =w(k+1) —w(k) =6 -e(k)x(k)

where e(k) = r(k) — w! (k)x(k)

[]()

IPR, B 1% 4 32 5 4% 3]
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0 Widrow-Hoff or LMS Training Algorithm

When w(k) is updated into w(k+1), the delta of error
Ae =e(k+1)—e(k)
= [r(k) —w" (k + Dx(k)] — [r(k) —w" (k)x(k)]
= —[wl(k+1) —wl'(k)]x(k) = —Aw x(k)

Substitute Aw = 6§ - e(k)x(k) into Ae,
Ae = —6 - e(k)|Ix(k)]|?

§ is the learning rate, and important for convergence
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