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O 11, 2|9 48 (Maximum Likelihood Estimation)

< |. Z|CH A== == (Maximum Posteriori Estimation)
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@ Supervised Learning

& /| ASE LY

v Zt HH|(instance)?] ZINanswer)E MAZPIL RE 2t Qo

SISt LS 2t2510] 7|A| B2 LsHEt

. )
v" You know the true calue, and you can provide examples of »
the true value ' e T =
»® '
- 0 w »
> P S
L =1

v AmOigal 2l £ 80 2l 22

v' Classification(£%)
v Hit or miss, Ranking(A+,A0, B+, BO---), positive or negative
v AHEZZHO|Z| et2 240l Chist 7| Al st&

LS - HA

v Regression(Z|#)

v Value prediction, stock estimation
v HEZHQI ZHof| TSt 7| Alsts
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& Unsupervised Learning

& 7|A[5t 50 Y
v 2t Z43|(instance)®| ZHaH(answer)E MAZ7} BF ot Q2|90
2|1AI7F 21A Lj2S 225 o .
. r,/j- N | es o : ’.. of o0 \
v You don't know the true value, and you cannot provide (2.5 \°o/ /\ )
\\_:3 .—_\ - |I . ooeu :'\ o 'J,"'
examples of the true value. 7o) L\ e N
2=l

A7} H|AlSH= 2| (supervision) $10| AI2 & A
Discovering Cluster, latent factor(2t2f 24), graph structure
v" Clustering
v st AZ T|AF S FAHE 29

v 2Yst, 29, ¥

v" Filtering
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Microsoft Azure Machine Learning: Algorithm Cheat Sheet

This cheat sheet helps you choose the best Azure Machine Learning Studio
algorithm for your predictive analytics solution, Your decision is driven by
both the nature of your data and the question you're trying to answer.

ANOMALY DETECTION
One-class SVM

>100 features

PCA-based
anomaly
detection

linear
approximation

Finding unusual
data points

REGRESSION

MULTI-CLASS CLASSIFICATION

CLUSIERING

==X

Fast training,
linear boundarie §

Accuracy, long
training times

Discovering

structure Accuracy, fast

training
Three or more

Accuracy, small

Predicting memory footprir t

Ordinal regression
Poisson regression

Fast forest quantile
regression

Linear regression

Data in rank
¢ rdered categories

*redicting event
counts

Predicting a
distribution

Fast training,
linear trends

Bayesian linear Linear trends
regression

Neural netwo!
regression

Decision forest
regression

Boosted decision
tree regression

Accuracy, long
training time

Accuracy,
fast training

Accuracy, fast
training, large
memory footprint

categories

Predicting
values

Two-class decision
forest

Two-class decision
Jjungle

Two-class boosted
decision tree

Two-class Bayes
point machine

Accuracy, fast
training

Accuracy, small
niemory footprint

Accuracy, fast
training, large
niemory footprint

Fast training,
| near boundaries

{See two-class
classifier notes)

TWO-CLASS CLASSIFICATION

>100 features,
linear boundarie ;

>100 features

Fast training,
linear boundarit s

Fast training,

linear boundarie ;

Accuracy, long
training times
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Multiclass logistic
regression

Multiclass neural
network

Multiclass decision
forest

Multiclass decision
jungle

One-v-all
multiclass

Two-class SVM

Two-class locally
deep SVM

Two-class averaged
perceptron

Two-class logistic
regression

Two-class neural
network
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scikit-learn
algorithm cheat-sheet

classification —

approximation NOY

WORKING

SVC
Ensemble =
' Classifiers MoT fet
: - KNeighbors more

WORKING

data NO

regression

NO NOT

WORKING YES <100K

- samples
catego
- ¥Es gory
w;!
labeled |
i)
’ YES

predicting a

quantity
NV /

YES NOT o o
WORKING
Not LLE
NO WORKING

YES

10K : : .
/im?t Rernel dimensionality
Lo reduction

ElasticNet

Lasso
SVR(kernel="rhf’)
. EnsembleRegressors
mms. r
should be

important

Text

\Dim/

NOT p
WORKING AF

NOT
WORKING

number of
e categories

known

samplas

YES

re I predicting
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v Philosophically, Either of the two
* Objectivists assign numbers to describe states of events, i.e. counting

» Subjectivists assign numbers by your own belief to events, i.e. betting
v Mathematically

+ A function with the below characteristics 0

P(E) € R P(E) >0 P(Q) =1 Q O

P(E,UE,U-:) = Z P(E;) when a sequence of mutually exclusive
i=1

ifAC BthenP(A)<P(B) P(@) =0 O0<PE)<1

P(AUB) =P(A)+P(B) —P(ANB) P(E‘) =1—P(E)

v' Conditional Probability

P(A|B) = ‘“ﬁgf) P(BJA) = P(“‘IL’Z’; (B) P(A) = ) P(AIBL)P(By)



v' PDF(Probability Density Function)
v' CDF(Cumulative Distribution

v" Normal Distribution

;. _mw?
fpo)=——>=e 2
Notation: N (u, 02)
Mean: u

Variance: o2

v Beta Distirbution

Supports a closed interval
Continuous numerical value

[0,1]
Very nice characteristic
Why?
Matches up the characteristics of
probs
f(6;a,8) = To92 p(g, p) = LD,

Na)=(a—1),aeN*

Wy A

B (x)
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(x)

@,

Notation: Beta(a, 8)

a
Mean: m
- ) af
Variance: @i B2 @ifD)
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v' PDF(Probability Density Function)

v CDF(Cumulative Distribution
v" Binomial Distribution
n — n n! SR R

fonn = (a4 () -
Notation: B(n, p)
Mean: np q N
Variance: np(1 — p) a1 N

v Multinomial Distribution -] ]
The generalization of the binomial distribution .|..... I

Beyond yes/no
Choose A, B,C,D,E,....Z
Word selection, cluster selection.....

n!

[y s X3 M, Py s Pi) = P1™t e P
Notation: Mult(P),P =< pq, ..., Pk>
Mean: E(x;) = np;

5 e

Variance: Var(x;) = np;(1 — p;)



& O|AHSFE B X - Binomial Distribution
v O[AtBIE 2n
UHF H40| HF'E A B, A2o| 42 O HES IHY

v Independent Identically distributed(liD)

v

S50 SO HT/AT A 5 YR 14

S21290| O|HIE (Independent events) : 2t2to| O|HIEJ} MZ20|H F&S F2| Ol SHAS

=20 Ief 21 ¥8

oy =40 48

P(H)=6,P(T)=1-6
P(HHTHT)= 66 (1-6) 6 (1- 8)=03(1- 8)2
Let’s say
D as Data=H,H,TH,T
n=>5
k=a,=3
p=6 flksn,p) = P(K =K) = (i) p*(1 — p)"¥
P(D|6) = 6% (1 — )T ()= n!
k) kl'(n—k)!
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A

¢ 2|2 2ZY (Maximum Likelihood Estimatio)
v A|EA G|O|E| D= aHQ| Head &l4=2} aTo| Tail 3l14+S 7t

EtEet &= 65 ol=

2t
One candidate is the Maximum Likelihood Estimation (MLE) of 6

ol
rr

&S P45t
Choose 6 that maximizes the probability of observed data

I_E

ol
:

v
0 = argmax,P(D|0)
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& 22 23 (Maximum Likelihood Estimatio) 22| 7| At

Y 0 = argmaxgP(D|0) = argmaxg0% (1 — 0)%T Z:
This is going nowhere, so you use a trick of Ao i
Using the log function ' .
0 z 4 6 8 lICI
v 0 = argmaxgInP(D|0) = argmaxg In{0% (1 — §)°T} o
= argmaxg{ay In6 + a;In(1 — 6)} -

~ Then, this is a maximization problem, so you use a derivative that is set
to zero
—(ay Inf + arIn(1— ) = 0

H _ ar
6 1-6

When @ is {iﬁ the 8 becomes the best candidate from the MLE perspective

ar+ay’
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v A2 S7j01A| MLEO| Tf2tA 0] Tailo] L2 EE0] 0.60[2t7 B3 & 4 QUct
v R 0|2 43 FYOL kST 20| 2L
v RpIE AN BER QU SO LIOIDA| AlZHO| 22 U7 SHS I 9 O S BoH|, JMCIU Head?t 208,
Tailo| 3081 Lt2CIZ. 0] Zulst Selo] Hek MG £20] gl=7}
v AR Bk
v Tailo] L2 EHE2 0128] 0.62ILICH
v B2} 00 LHs X A|ZHS LHH|SE 24 B0}

Tail : 0.6

5 times test vs 50 times test?
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& Simple Error Bound - PAC learning

v G2 2A0A gEE Alg2 249 oIS =Y o+ ATt T o+ UG
o 7
aygtar
Let’s say 8" is the true parameter of the thumbtack flipping for any error,

e>0
We have a simple upper bound on the probability provided by Hoeffding’s

inequality

Right now, we have 8 = ,N=ay+ar

v 22!

P(|6 — 6% = &) < 2¢72N¢*

v 3 03] 7|ch Zk2 7] 95t No| 2ke 78 4 Ut

v Example To obtain € = 0.1 with 0.01% case

v Probably Approximate Correct(PAC) learning



111. Z2|CH A= =2F=(Maximum Posteriori Estimation)
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v 2 FARR Tailo] L2 E50] 0.60] 227
JCH 282 500 500] £/0{0F sH 20| OFiTER?
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v CO|E{(D)7t RO{A /= ED ‘07t ALY &
P(D|9)P(0)

P(6ID) =——5 5
Likelihood X Prior Knowledge

P(D|B) = 6% (1 — 6)T

Posterior = _—
Normalizing Constant

-5t H?

mjo

5

0%
Sk
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o
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v OO AR 2 (ZE A o



& Bayese| O| 20| IHE 2 &

“ P(9|D) x P(D|6)P(8) . }
P(DI9) = 6% (1 — 6)°r = A
P(§) =7277? Yo
Y ZYH(Bayes)E YotIIE " / /
Why not use the Beta distribution? h
9% t(1-)F1 T(@)(B)
P(O) = B T = (a—1)!
(©) B(a,p) (@, 8) = Ty TG GEER
v

P(6|D) x P(D|0)P(0) x 8% (1 — 0)2Te*~1(1 — §)F~1
— gﬂH+ﬂf—1(1 — g)arp+ﬁ—1

Also, you notice one interesting face from the above formula...

“ P(D|f) =0%H(1—0)%r ¥ P(O|D) x ganta-1(q1 — g)yar+f-1



¥ Previously in MLE, we found 6 from 8 = argmaxyP(D|0)
P(D|6) = 8% (1 — §)%r

ag
agtar

» Now in MAP, we find 0 from 8 = argmaxyP(6|D)
P(BlD) o HaH+a—1(1 - 9)a7~+ﬁ—1

A ag+a—1

ag+a+ar+f-2

v B2t %51
v MLES MAPO| Zl7} CH2e)) JHCHH APM MBS 27}t 2 Slo 2 & SHE0| 5= 2017
v G4l aHet aTel 20| OFF #2| & 22 22 Zojal % Yt

D>
Il

=~ ﬂ.H'l"Cr—l
ay +a 0 =
H T ayt+a+ar+f—2
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% Reference

v' 7}0|AE Open online course

http://kaist.edwith.org/machinelearning/
https://www youtube com/channel/UC9caTTXVw19PtY07es58NDg/videos(SE 4t & 3)

v 7}0|AE SES LAB - 22 w4t
SAls, 7|AEE HE
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