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Coursera machine learning by Prof. Ng

HARFE oD ARl Pa—

byvB - 108 38 2016

30343k Ea >

Everything is great about this course. Dr. Ng
dumbs is it down with the complex math
involved. He explained everything clearly, slowly
and softly. Now | can say | know something about
Machine Learning

E

Andrew Ng

CEQ/Founder Landing Al; Co-founder, Coursera;
Adjunct Professor, Stanford University; formerly
Chief Scientist,Baidu and founding lead of Google
Brain

byPm - 78 148 2019

This course is amazing and covers most of the ML
algorithms. | really liked that this course has
emphasized math behind each technique which
helps to choose the best algorithm while solving a
problem.

Pattern recognition and machine learning
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g Y =f(X) A
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price
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AIC = (ZFEE) + UNTA=EE)

Akaike, 1973
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REINZEX - 20 +1 21

P CINE SR 15 +2 17

RY3OSLES 14.5 +3 17.5
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AIC = -2 x (REILE) + 2 (INTA—RE) | Axaike, 1973
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4 underfit overfit

—_ = __ D Validation Set
A TZ I\T 9 - Training Set

ary
I]T1=3 Round 1 Round 2 Round 3 Round 10
= RS =
\\%E T 9 i i i "l !
90% 91% 95%

:E?)bo)*ﬁﬁé (/ \05)(_9;;&) :zgjf:;” 93%

d = 6 (over-fit)

Final Accuracy = Average(Round 1, Round 2, ...)

d = 1 (under-fit) d=2
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TECHNIQUES AND METHODS

When Optimism Hurts: Inflated Predictions in

Psychiatric Neuroimaging
Robert Whelan and Hugh Garavan

FREEDAVIVUNEISHE
EFLOSERISHERT N ETh LS

1. HAREABOEAAERICE. FET REFFHMAT—2EHITELELD,

2. FIWTVXLDONFGA—HERNBLELGEE. BIROE-OOT—2 L5 A
0)7__\\_9'3:10(1-35 L/ctao

3. BEHREAVCIFE N NEREDIFELELD,

Whelan, Robert, and Hugh Garavan. "When optimism hurts: inflated predictions in psychiatric
neuroimaging." Biological psychiatry 75.9 (2014): 746-748.
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Cross validation

D Validation Set

- Training Set

Round 1 Round 2 Round 3 Round 10
validation g3, 90% 91% 95%
Accuracy:

Final Accuracy = Average(Round 1, Round 2, ...)

TDMD A E

* holdout method

e repeated holdout method
* bootstrap method
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LASSOA=1- 0:(X,¥) = p;1(Xte) Vie) — 2(Xso Veo)

] > , - te,Jte) —

ASSOA=2 - 0,(X,y) = P2(Xte) Vte) > maX(P1(Xte,3’te e,}’te)»Ps(Xte,Yte))
LASSOA=3 - 05(X,y) = p3(Xte)Vie) —
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1. function performance = feature_classify_evaluate(l,y)Z4E Rk,

2. Iy DIEFEESF LIZT vy T )LLT= Ishuf, yshufZE{ERK,

3. performance = feature_classify_evaluate (Ishuf,yshuf)
MperformanceM™ FY U ALRNILTHAEIMNEODNEFIVIT S,

function performance = feature_classify_evaluate(l,y)

- |1, HHEstE |
SRy » » T A bE

| 2. #1815347 |
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For further study

“Circular analysis in systems neuroscience — the dangers of double dipping”
Nikolaus Kriegeskorte, W Kyle Simmons, Patrick SF Bellsowan, and Chris | Baker, Nat Neurosci. May
2009; 12(5): 535-540. doi: 10.1038/nn.2303



http://www.ncbi.nlm.nih.gov/pubmed/?term=Kriegeskorte%20N%5bauth%5d
http://www.ncbi.nlm.nih.gov/pubmed/?term=Simmons%20WK%5bauth%5d
http://www.ncbi.nlm.nih.gov/pubmed/?term=Bellgowan%20PS%5bauth%5d
http://www.ncbi.nlm.nih.gov/pubmed/?term=Baker%20CI%5bauth%5d
http://www.ncbi.nlm.nih.gov/entrez/eutils/elink.fcgi?dbfrom=pubmed&retmode=ref&cmd=prlinks&id=19396166
http://dx.doi.org/10.1038/nn.2303
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(Sparse Bayes)%i#E f.
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MATLAB code is available : https://bicr.atr.jp/~oyamashi/books/
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« AODRTAYIEIRETINVENAXHEEIHLEREL=ED

o AN—REFRDMELTEISHS Automatic Relevance
Determination prior (ARD) (Mackay 1994, Neal 1996)% & FH

A ATy EIGETIL

T ILVTUZXL | [Tipping,2001]

HBET I ARDERIZT
/given (X,,0), (X, 1)), \/

t. €40,1} s input , X, : output

N
Likelithood : P(t | X, @) :H pl_ti (1 — pi)l_ft
i=l1

where p, = 1/(1 + exp(—wtxl.)),
Prior : PO, |a,)J N(O, o)

\glper Prior: P(e, )l ;' (non-informative) /\

W-step

N

[W]=arg max {Z{ti log p, +(1—¢,)log(1 - p[)} — %Ht(A)aH

i=1

A-step
i=1,2,“’,D (B), =p,(-p)
A (A4); =«
a;, = (1 —Q, Sii) / 91 (A)a :expectation of 4

where S = (X"BX + A)_l with respect to alj
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- Logistic Regression Model

Boundary : w'x +w, =0

{(Xla 1), (X s tN)}

D
x.ell

t. €1{0,1}

L EERAH P(t| X;W):le?i (1 _pi)l—ti

W ={w, w,}

A
(Iterative reweighted least
squares method)
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1
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FI:Q(W,(I):I

= IQ (w,a)log(P(t,w,a)/ O(w,a) )dwda

O(w,0)=0(w)0(a) DEFEDTF.ZEIZEAIL

F[Q w,a ]SlnP t) F 5130 (w,a)=P(w,a|t)

Y. JRKEZED Q FERSMDRNELEGS,

log marginal likelihood

+InP(t)

KL 0V(w)0" (a)| P(w,a|t)]

- lnP(t)

_ lnP(t)

KL[0"“"(w)0"(a)| P(w,a|t)] AL 0 (w)Q“ " (a) | P(w,at)]

yund 1 F [Q(Hl) (W)Q(HD (a)] )
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FEAME

a =1 i=12,D

W-step %logP(t\X W) :i
[VAV]:alrgmax<logP(t,W,a|X)>a B N

a t
Y 1 OWOW' logP(t|X’W)__;(1_pi)pixixi
—argma{Z{r log p, +(1—ti)log(l—p,-)}—EW%A%w}
=1

1

where

1

P 1+ exp(—(wtxl. - wo))

A-step
i: 1,2,...,D

a =(—a. S,)/ W B=diag(p,(1- p,)-+>py(1-py))
where S =(X'BX + A)_1 A =diag (.,
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e AODATAVIEIRETILEANAZHEIZHELI=ED

- ARN—RERIHELTHISNS Automatic Relevance
Determination prior (ARD) (Mackay 1994, Neal 1996)% &

A ATy BIGET IV

ARDZERI%H

HBETIL

/iven (X,,8), (X, 8,),

g
t. €40,1} s input , X, : output

i=1

N
Likelihood : P(t|X;0)=]] p!(1-p)"™"

where p, = 1/(1 + exp(—wtxl.)),
Prior :P(6, |, ) I N(O, o)
Qyper Prior: P(a,)J @;' (non-informative)

~

i HETZILT) XL | [Tipping,2001]

/ W-step

[W]=arg ma{i{f,- log p, +(1-¢,)log(1 —p,-)}—éﬁ‘(fl)ﬁ}

i=1

A- steg
l —1 2 (B)ii:pi(l_pi)
Ao (A)ii =q;
a; = (1 a; Stz)/ez (A)a :expectation of 4

K where S=(X'BX +A4)" withrespect to ale
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2131 Z{EH A
SLR SLR-LAP (biclsfy slrlap.m) SMLR (muclsfy smlr.m)
SLR-VAR (biclsfy slrvar.m) SLR-LAP-1vsR (muclsfy slrlapovrm.m)

SLR-VAR-1vsR (muclsfy slrvarovrm.m)
SLR-VAR-1vsl (muclsfy slrvarovo.m) New

Others classifiers :

* Regularized logistic regression

* Relevant vector machine
 L1-norm-regularized sparse logistic regression
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