Machine Learning

Oubls (s15sb

@G (SN
| =
g &'B (g 3 a5l
S)as sLAS (Sp35ipH)
Rt B 1€o1 by

200)) (s30.00.0 san)

http://facultymembers.sbu.ac.ir/a_mahmoudi



s Cunygd =

SIS0 ©
SRIe10003 Sloybas —
Pol)l grea3 e
(RLladCuw)s @36 —
MAP —
Bayes estimator —

(S ©
opezis 33 (Slalas sia gaw)3) ©
Regularization e




aliaw) g Jladsl -

Saio1ys Juola (@3 (-0 ))8 as3(aTwl 3)g.0 a5 (Ilaosly
L) a3 ASALD (LalS) a5 Cuw)

osolie JBpe slopais 83003 (sloosysy ) o
200 CES EAC gl I8gs

o x=1(2)

BB sgubsy (lasialid oxs a5 ol @ ass b o

PLs Sy Oy @ 1) 080} SId 03)5 Jse
@150 (D)3 (95005

o P(X=X)

02043 1) @303 (B 019340 (539)9 Slaaigad gulwl p o
aaw slp J0s plgic @ o)

LR p, = # {Heads}/#{Tosses} =5 xt/ N



classification W oA =

:0L)Tis JuIe) saiyaiws salws ©
Yadlomy g MT)s 2530)9 —
High risk g low risk (s)lws :(,00)8 —
— Input: x = [x,,x,]" ,Output: C € {0,1}
(,.\.p(j.\.}_)_ —
— high risk(C=1) or low risk(C=0)

choose C:1if
C:O ST W -

or

choose {g ) :)if frfC :1-| XXp) > P(C=0]x,x,) ¥ “‘B
=0 otherwise .

(S

Bayesian inference is a method of statistical inference in which Bayes' theorem is used to update the
Jprobahility for a hypothesis as more evidence or information becomes available[wiki]. a



https://en.wikipedia.org/wiki/Statistical_inference
https://en.wikipedia.org/wiki/Bayes'_theorem
https://en.wikipedia.org/wiki/Evidence
https://en.wikipedia.org/wiki/Information
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pattern recognition using neural networks theory and algorithms for
engineers and scientists, by Carl G. Looney
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Losses and Risks .-
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Lagrange Multipliers -

f(P) = d(M,P) + d(P, C), subject to the
constraint that g(P) =0
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oabls sp3sb

http://www.slimy.com/~steuard/teaching/tutorials/Lagrange.html



Gaussian (Normal) Distribution
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Mean square error:
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the coefficient of determination
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Bias and Variance

noise squared error
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Bias/Variance Dilemma JOb =~
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Cross validation -

(a) Data and fitted polynomials
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Regularization
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