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Infroduction

Pattern Recognition, Machine Learning, Data Mining, Knowledge Discovery in Databases

Pattern recognition is a branch of machine learning.

Focuses on the recognition of patterns and regularities in data.

It refers to grouping(recognizing) a given set of data into several groups(classes)
according to specific criteria based on input values.
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Statistical Approach

* There is a population of bases for the data we observe in real life, and the data we
currently see are those sampled from it.

» Therefore, analyzing the present data is a process of establishing a probability
distribution model for the population and estimating it using data.

 x,p(x),m
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Pattern Recognition

* Xnew P(Cklxnew) = Xnew € Cj

* Xnep . Test Data px G)?p(x| )

e C;:i'" Class ANG)

* p(x|Cy) : Conditional Probability of data x for class Cj

* P(Cylxnew) : Posterior Probability

* P(Cy) : Prior Probability
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Pattern Recognition

* Xnew P(Cklxnew) = Xnew € C;
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« Bayes' theorem

p(B|A)r(a
. p(alp) =LA

« Where A and B are events and P(B) # 0,
« P(A|B) is a conditional probability: the likelihood of event 4 occurring given that B is true.
* P(B|A) is also a conditional probability: the likelihood of event B occurring given that A is true.

« P(A4) and P(B) are the probabilities of observing 4 and B independently of each other; this is known as
marginal probability.

X|Ci )P(C
P(Cklx) :p( | k) (Ck)

p(x)
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How can we find P(C.|x,,0,)7?

* Generative approach
» Ex)Bayesian, K-NN
* Find P(Cy|xney) after the estimation of p(x|Cy)
» Disadvantage : Error accumulation
« Parametric vs. Non-Parametric density estimation

 Discriminative approach
* EX)LDA, SVM
* Find P(Cy|xpew) directly
« Disadvantage : Cannot use Probability density
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Bayesian Classifier

o CBWeS(x) = argmax{P(Y =7|X =x)},r €{1,2,..,K}.

A classifier is a rule that assigns to an observation X=x a guess or estimate of what the
unobserved label Y=r actually was.
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Binary classification

« aka. Twoclass problem:xe€C;?,x € C,?

* Which class has the max. posterior prob. Btw P(C;|x) and P(C;|x)?
* y(x) : class mapping function

* g(x) = P(Cy|x) — P(Cr]x) =0

p(X|Ck)P(Ck)
p(x)

I

« Using P(Cylx) =

x|C-)P(C x|C>)P(C
. g(x):p( | 1) (1)_p( | 2) (2):

p(x) p(x) 0

p(x|C2)P(C1)
p(x)

* Dividing by

I
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Likelihood Ratio Test (LRT)

p(xIC) _ P(C) _

* urr(x) = p(x|C;) P(CD)
. PUIC) ) ikelihood ratio
p(x|Cy)

—1 otherwise

e y(x) ={ 1 if gLrr(x)>0
« Simplify, P(C;) = P(C,)

C () = { 1 if p(x|C)>P(xIC2)

—1 otherwise
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* If P(C1) = P(Cy)

PO =PNC)
PG :
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« If P(Cy) # P(C,),P(Cy) = aP(Cy),a > 1

PAHC)=PIC)~

PG =ap(d G~

-y
'-.-I-
-
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Bayesian Classifier for Multiple Class
» For each class C; — g;(x) = p(x|C))P(C;)
« Class label y(x) is = y(x) = argmax;{g;(x)}
. If P(C,) = P(C,) = P(Cs)

G)

A\ PAC)

< >i€ i<
R - R, - Jié
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Probability of Error for Two Class

* P..=Prob(x e R,,x € C;) + Prob(x € Ry, x € C,)

* Porr = P(C1) fmzp(xICl)dx + P(C,) fmlp(ﬂCz)dx
* Porr = P(C1)E; + P(C)E,

pxiG)
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* Perr — P(Cl) fmz p(xlCl)dx + P(CZ) fmlp(xlcz)dx
* Porr = P(C1){1 - fmlp(xlCl)dx} + P(C3) fmlp(ﬂCz)dx
* Porr = P(Cy) + fmlp(ﬂCZ)P(CZ) — p(x|Cp(Cy)dx

The minimum error can be achieved when
* p(x|C)P(Cy) = p(x|C1)P(Cy)

The result of LRT
p(x|€1) _ p(C) _ 0
p(x|C2) p(Cy)

* grr(x) =
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Conclusion

« Pattern Recognition = To find P(Cy|xpew).

* Generative approach
* — Estimate p(x|Cy)
« Parametric
* Presume p(Cy), estimate from parameter
+ Bayesian
* Non-parametric
p() =k =
* FixV
Kernel Density Estimation
Parzen Window
Gaussian Window

2=

« FixK
* KNN
 Discriminative
 — Find Decision Boundary directly
* LDA, SVM
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