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Checklist

Frequentist-BayesianXt ) B FE AR

Frequentist fix A

Bayesian iz A<

AR BT 0 7 1%

Linear basis function

regression

Bayesian linear basis function

regression

A& Fl 5 # B4 closed-form

solution

Logistic regression

Bayesian logitstic regression

A& AR ER(IRLS), JE#&

Laplace approximation

Neural network (for

regression, classification)

Bayesian Neural network (for

regression, classification)

i gradient decent, J5#

Laplace approximation

SVM (for regression,

classification)

RVM (for regression,

classification)

(IE2p RV 655 PN EE- RS AVN

Laplace approximation

Gaussian mixture model

Bayesian Gaussian mixture

model

"I EM, J53 Variation

inferencce

Probabilistic PCA

Bayesian probabilistic PCA

Hi# closed-form solution &%,
EM, J5# Laplace

approximation

Hidden markov model

Bayesian Hidden markov

model

Hi# EM, & RIER

Linear dynamic system

Bayesian Linear dynamic

system

Hi# EM, 58 RiER

=M Bayesian

Fully Bayesian: 7% marginalize with respect to hyper-parameters as well as parameters. X

1E4E 72 analytical intractable .

Xt curve fitting (RI617( p(w | ) = N(W|0,a1) , p(t|x,w, B) = N(t]y(x,w), 31))

Kisd, WE:

p(tIt)=[[[ p(tIw, B)p(W|t,, B)p(a, B t)dWderd B

Empirical Bayes/type 2 maximum likelihood/evidence approximation: X§ hyper-parameter %
HUX R SmE B SR H 43 marginal likelihood i KALIKIZH o F1 B, SRJEAE
hyper-parameter B[ 5 fIME o~ A1 B, T w 34T marginalize:

ptIt)~ p(tit.a’, 5°) =f p(tlw, A7) p(w|t,a’, 57 )dw

MAP(poor man’s Bayesian): A~ /% marginalization, {XA%&— 44 5 552 5 KA point

estimate.




PRML i) Bayesian 3= 214 /2§ Empirical Bayesian.

Optimization/approximation

Linear/Quadratic/Convex optimization: >R £ 4/ — x/i™ & E0 1) Fe i
Lagrange multiplier: 77 (2050 4RI HRE

Gradient decent: >R {E

Newton iteration: fi# 5 f&

Laplace approximation: #TbA

Expectation Maximation (EM): >KIg{E/i#fl, latent variable model ) L-F-JchbAfE
Variational inference: >RiZ B {4

Expectation Propagation (EP): 3Kz i il

MCMC/Gibbs sampling: %

Latent variable model

Latent variable 2% Latent variable %4
Latent variable J# 7. GMM Probabilistic PCA/ICA/Factor Analysis
Latent variable /& Markov chain | HMM LDS

Objective function/ Error function/Estimator

Likelihood: MLE Z%fii i1 estimator, 5 FH (1) B Ar B %L

Marginal likelihood: emprical Bayes/evidence approximation /' T-{11 hyper-parameter
Sum-of-square error: regression i H

Posterior: MAP Z¥fitiit

Negative log likelihood/cross-entropy: Logistic regression

Exponential error: Adaboost ) H b7 %

Hinge error: SVM ) H 47 & %k




Chapter 1 Introduction

1. Bayesian interpretation of probability

B DU S22 YR MR8 IX AL O ARE , AN ME SRR X AT AR Dy Ak DL S
JR“degree of belief”1X MMEE 1) T Bt

DU 22 1) HH R 2 “uncertainty™ X AMBER:, X E45 T“degree of belief” LA R AN & 1

Cox showed that if numerical values are used to represent degrees of belief, then a simple set of

axioms encoding common sense properties of such beliefs leads uniquely to a set of rules for
manipulating degrees of belief that are equivalent to the sum and product rules of probability.
Rtz i, FATA AT LA use the machinery of probability theory to describe the uncertainty in

model parameters.

2. Xtparameter IR s, A BayesianXd S5 . i 56 HE R 0 A RE
XtF Frequentist k1%, model parameter w & —™ fixed [, M “estimator’Kftiit; HH

TLH estimator /& likelihood

%} Bayesian SRk, w A B —ANAHE R, HAGE M prior probability p(w)Z& s .

T 3R%N fixed 1 w, Frequentist #1758 2 X 158, IR1FAFY data sets D;

X+ Bayesian T &, there is only a single data set D, namely the one that is actually observed.
1E43E]—~ observation D &, DUM-Hr 22 )R EL 5 i K55 T w ) belief Cprior probability),
JE WM P(W|D) RN % 5 1 belief. %722 UL e 2

Bayesian [0 i B2 DU @ 3, iZ € convert a prior probability into a posterior
probability by incorporating the evidence provided by the observed data. 3 71 {2 FHE 5 P(D|w)

F~HI7&, how probable the observed data set is for different settings of parameter vector w.

D) = p(DIw)pw) __ p(D|w)p(w)

P(D) [ p(D|w)p(w)dw

HrA BB p(O) M T IH— i &, 645 p(wD)#ise 2 — MR . 1l p(O)fitH 04
25 e BT 2 B

p(w|

(PG TR RIS IE GBS M. P4, # CL,...Ck 1254, 742 % P(Cl), ...,
P(CK), X 1R U15R 25 — 1K FE T T E A i B TI B A2 AR, BN 295 L F
BKHIHA T o TEXNEEBIEAEX 7> 1T BT I MFFE P(CLX), ..., P(CKIX): T2UMHTHT “ Ik
42”7 151Xy P (CL)=P(CL|X), ..., P’(CK)=P(CK|X). Z7EHY A — N F AR5 1l
179, Bl I 19 777203 A2 FE LI BF R A NI A FERY , NATL LT 19765 42 P°(CL), ...
P’(CK).)



3. Bayesian#iIFrequentistfr] il i

Bayesian # 52 [tz —: prior distribution is often selected on the basis of mathematical
convenience rather than as a reflection of any prior beliefs. 1 41% %4 conjugate prior.
Frequentist 578k 55 Over-fitting problem can be understood as a general property of

maximum likelihood.

4. N Xtover-fitting [ i

Frequentist %1 over-fitting [ 757%:
1) regularization, BP7E H #5 & H0H i —4> penalty term.
L2 regularizer # %%~ ridge regression
L1 regularizer %%~ Lasso regression
HRN penalty 177 72451 shrinkage method, (51248 7] LA reduce the value of the coefficients.

2) cross-validation, B[ H— &7 %4 5% validation

Cross-validation t9/&—FiE17 model selection ) 7575, I B H kK validation data, 7JLA
LA FTIZ: model I — A .

Bayesian %] over-fitting [*)7572%: Prior probability
5. Bayesian /7 v il () 4= %2 [ #: _marginalizationit 5. /R 4

Marginalization lies at the heart of Bayesian methods.
Bayesian methods ] 5 K31 52 1] T marginalization. X}-F—~> full Bayesian procedure

P make prediction B compare different models, 24 ] — 5 /& marginalize (sum or integrate)
over the whole of parameter space.

PR 7 THI R J SR 1 7 32 5 il A marginalization F A #E :

#5—FhJ& sampling, 1911 Markov chain Monte Carlo. Monte Carlo method 4L i 42 flexible
M 32 T %% model H1; &k 22 computationally intensive, =% - small-scale problems.

5 " FpJE deterministic approximation, {7l variational Bayes il expectation propagation, ff

R H T large-scale applications.

6. Curve fitting A {78 —Fh 5%
1) MLE, E#} likelihood function K KAl , 33124 w. 1%J77%)& T point estimation.
2) MAP (poor man’s bayes), 5| prior probability, %} posterior probability sk & K{&, 3%
w. MAP B AH 24 T-76 MLE 1) H b5 50 Clikelihood function) S i\ —/ L2 penalty. i%J5




%:A1)J8F point estimation.,

3) fully Bayesian approach, 75 24H] sum rule F1 product rule ([X°A“degree of belief” i)
machinery FIMEZRAHE, FIXFHA rule b “degree of belief’iiar), MiE3k4S predictive
distribution 7% % marginalize (sum or integrate) over the whole of parameter space w.

p(t]x, X,t) = [ p(t|x,w)p(w| X, t)dw

Horf, x R, X R WE BRI, 254 AN EEE S R label.
HERASH w HEREE AR, X probability #47—XIMECEY; FXAMTREE
%t w #4TE 4, Bl marginalization.

7.PRMLJTF E ) —if: Probability theory, decision theory and information theory

8. AN B : inference Sdecision
#EAa) J Y solution 43 AP B . S6fi inference, #RJ5 1 decision. 7E inference stage, %
1S BB S LR /0 AT B 5 B ME % 20 A s {E decision stage, I H posterior probability to make

optimal class assignments.

9. —Mf# Yedecision problem A [F] 75 5K
1) discriminant function: map inputs x directly into decisions. [t discriminant function 4%

inference 1 decision & /E—#Ff#E UL T o

2) discriminant model: % —2, fi#t¥k inference problem, determining the posterior class
probabilities, P(C, | X) ;s £8 —*5, f@#uk decision problem, XfF#i4h &M x, #ESBILHE—
A~ class.

3) generative model: explicitly or implicitly model the distribution of inputs as well as outputs.
#F—4, 133 class-conditional density P(x|C,) &t joint distribution P(X,C,); 2,

FERT— B R %At /5 H posterior; %5 =4, decision problem.

10, Vi =R P I 3

Generative model &R & 215 /2 make classification decision, % joint distribution /&

wasteful of computational resources and excessively demanding of data. — %75 J& 3618 % 5t /2 1%
IE

Discriminant function 6k fi: XA K ERAES, SR1M there are powerful reasons for
wanting to compute the posterior probabilities:

(1) 4 loss matrix 7] REFE IS 1] 28 i (5l financial application), 40 5 115 H sk 5 3 %,
I 4 itk decision problem W 7 E &4 expected loss HAREAHE: %4 J5 5 HE2 ] discriminant



function J A4 EE T 2.

(2) BIESAFEAEANPEN (Flin X-ray E2WHEAE, 99.9% W] REHS & JCErE4As; Sanks
SRR EITE DL, 2K 2 BN BRI AT, O TR IR 2K ds, TEAN LM —1
balanced data set i T-illZk: IZE 3] —AE5M4% P(C, | X) J5, 7% compensate for the
effects of the modification to the training data, B4 P(C, | X) F& LA balanced data set )54

P(C,), FRLLASHIENEL P(C,), TS T EIHIRIE R P(C, | X) - W

J B2 (1) discriminant function & TGy FH LA b U7 2 R TE SAURE AR AS P4 i) YD
(3) Combining models (FEAIGRED: X TRANH, —AN R EA] §E - ffE 2 A1, 41

WBEARIZ T, PTRERR T X-ray B8 X, A MRS 2 40 X o 5 HATIX 28 heterogeneous
information 47—/ A input, 584 2L 7772 /& build one system to interpret the X-ray images
and a different one to interpret the blood data. Elf:

P(Cy X1, %) ¢ P(x;, %5 | C,)P(Cy)

P(C, [X)P(C, [X5)
P(C))

oc P(x, |C,)P(Xg | C)P(C,) oc

H R 1 X, FH Xg KT C, s&AF- AL,

11. Criteria for making decisions

1) Minimizing the misclassification rate

2) minimizing the expected loss: W45 R 5 R TR ARK, Bl teiEiZ b ok
AE A Ja SRS TC AR 12 W TR RE ™ 0 i R T ™ L, SR AR W W A2 W b SRR ) Je
LB Wy T A () 5 SRS X, ADJURT—E R AL R — R

B o NI E loss function X ANFE FIEHRFAAMMBEREAL . BUEES A={ay,...,a, PEPTA T
REMITRSKE, Ria: y - AICRE ISR S e e (B B — DR Kax), BLH

a(x)=argminR(a, | x)

a;eA

Horh R(a; | X) 27 s AR KUK -
R(a 1x) =2 A(a|@;)P;]X)
j=1

2@y | ;) 53 T4 5 10 B 2B o, 080, ety ay BE loss 5 risk, B3R
A xem)s Pl |x) R4 x5, %5 o, (FRITER.

R BRI B () Sl A T WL S H A R 30 2% A UG e /N R R
T, IR a(x) I risk A2



Rla]= [R(@(¥) | X)p(x)dx
BP 2% A U R(ar(X) | X) ZEFTA P REM SR B CREAEZS 18] 234 T ISR .

12. 3§
Entropy is a lower bound on the number of bits needed to transmit the state of a random
variable.

SEBEHLAS R X, X AH—AVEUE, R pe), T
1) Z{E %K R —log, p(x)
2)ZMIHLA ;- [ pOOlog,p(x)dX . P4 K g
BLELA 2 9%, SRR “HuH s WL SRR S e Al TR “ 2347

13. 48, AT, HER
Conditional entropy: ¥ joint distribution p(X,Y), W25 HLY XA — 287 2514 -

HIY [ X]= [H(Y | X =x)p(X = x)d

=—[ [ p(x, y)log p(y|x)dxdy
MR T e S, AT LB SCARPEE HIYIX], Joi e UA%A € X=x I, Y ffig. Ril:
H(Y [ X = x) = -[ p(y | X)logp(y | x)dy
Relative entropy: %A —NAREHIAG p(x), 110 ) NRATIERIEA—%F p(x) I
T2 18 q(x) (MTAEE L5041 ()X BE AR & 1) & ME AT G b, P39 A5 EL LS 70 A1
PO)IEAT IS BRI 2 /0 7 2 R AR (KL #E )KL (pllg) EP
X
(] P00Ing090) - (- 9Inp090) =] I o
RO TR ()R BENLAZ S A gAY, I qO)AEXEC T s M0 SERR 0 70 A
p(X), PRILSERR P KR 4Z IR pO)THEL, p(X)ES T
Mutual information: ISP/ NEERIAR & XY 2L, HBAH p(x, y)=P(X)P(y); X4 # It
AMSIRS, FATHE R UEE TSRS 2, XAEEHZ LER:
IIx, y1 =KL (p(x, y) [ p(x) p(y)) = HIX] - HIxly] = H[y] - HIyIx]
XEAF BRI —AMERZ: MWEE| x (3y) J&5, y (Hix) [ uncertainty [k .

WA -Inx &, AR Jensen’s inequality, SiFR] KL FEEdEf, H
KL(p(X)|q(x)) = 0 24 HAX 24 p(x) = ()X EEAS x AL CEEA-InX A2 24T D

14. 2]/ 1.14



AR RHERE AT LA At 8 — A X ARFE RN b — AN SO R AR
AR ], s ORI R, R FR G BRI .

15 2]/ 1.32
— NS X BB X x i — AT A S 15 8] y=Ax, I
Hly]=H[X]+In|A|.

#hFE:

Feature extraction: a special form of dimensionality reduction, the input data be transformed into
a reduced representation set of features (features vector)

filtr: real-time face detection in a high-resolution video stream, B[40 P (115K & huge
numbers of pixels per second. X i 5t ZARFEHEHL LA speed up computation.

5L PCA, kernel PCA, manifold leaning %5

Feature selection: variable selection, feature reduction, attributes selection

FHIRAIE L Feature selection algorithms typically fall into two categories, feature ranking and
subset selection.

Feature ranking ranks the features by a metric and eliminates all features that do not achieve an
adequate score.

Subset selection searches the set of possible features for the optimal subset. X & —H &AL

WA, AT DR — e 2] A Ak SRS AL A% e A RS metric R ik 5 — (M feature subset.

In statistics, the most popular form of feature selection is stepwise regression. It is a greedy
algorithm that adds the best feature (or deletes the worst feature) at each round. The main
control issue is deciding when to stop the iteration.

In machine learning, this is typically done by cross-validation.

Unsupervised leaning: the training data consists of a set of input vectors without any
corresponding target values.
£45: Clustering, density estimation (determine the distribution of data within the input space),

visualization (project the data from a high-dimensional space down to two or three dimensions)

p(DIW) ) & X :
XtF Frequentist, w & —ANEEIME, FTLL p(DIw) A FF R EHER
Xt Bayesian, w & —/MEALARE, LA p(Dw) BA &R — 1 E .



Chapter 2 Probability Distribution

1. 280152405

Parametric method: assume a specific functional form for the distribution.

Nonparametric method: form of distribution typically depends on the size of the data set. Such
models still contain parameters, but control the model complexity rather than the form of the

distribution.

2. Conjugate prior: lead to posterior distribution having the same functional form as the prior

Distribution Conjugate Prior

Bernoulli Beta distribution

Multinomial Dirichlet distribution
Gaussian , Given variance, mean unknown Gaussian distribution
Gaussian, Given mean, variance unknown Gamma distribution
Gaussian, both mean and variance unknown Gaussian-Gamma distribution

3. Conjugate priorffJ& X : J7 {#iF47Bayesian inference, % f&sequential Bayesian inference
sequential Bayesian inference: 75—~ observation J&, 7 LA posterior; T E 12

ARG, Frbh posterior A1 (1) prior & —#4F, AT LA posterior X4 /E#r 1 prior, AT

N —~ observation, UL E. XF T stream of data 5 AL, IX kT AT LASEHL real-time

learning.

4. Conjugate priorffJit & Pimultinomial 4345 ], 58— A B FLHE S 56 0 A
D /2 —/ N SEFE4E, multinomial A K F14558, B4

K
p(D| ) =] ™
k=1
Hofhm 27E N A K MR CRAD LR EL
XA prior &% w5045, B hype parameter %], A4 T f# 34 conjugate prior,
B A A«
K 1
pula)o [ ] ™
k=1

PR RIS 5 AT AR i (BB B — R M O a
R, MEARBAIEN 1, BACHR— AT, Wb,

i Na, +..+a) o
Dir(u|a) = : « T
r(al)+...+r(aK)E “

XN gk /& Dirichlet 4347, ‘B & Multinomial F)3LHEAEE 045




HAb A LRI T RS . AR SHESEBAE prior FEAHK functional
form, 2RJEH—MRARE

5. Z Jurili oA
FEREANIR: Linear Algebra + Matrix Theory, Multivariate Calculus
e
— G TR EE R BT
£ random vector ¥ 77 72 56 R 2 JE AUE 1Y«
FERIEERIE A, AT RN G, 13 A=G'G;
HAA o e PR
FE Rk %L (probability density function f)— /M 3728 )
AR 4 B R AIE ) EE FIVRRAIE AR s
e AR ) D) R -
WEBIZ Jo s Y probability density function #2&J—4L s
S conditional gauss distribution; (4 % : completing the square, BJEE7¥:; ff € REE;
inverse of partitioned matrix 2 )
#£5 marginal gauss distribution;
X} % TR AT IR :
(1) ZHKRZ, HHEER (I 2R RYEZ R TT RS H D
(2) e Hl, EREEIIA IR
A EMEIERGEM T E: —JTHRSHZE, BRNIZZE flexible 1) 15 —J7H, B
ANBEZEAL multimodal function.
Z It ke 3CRF multimodal function
(1) introducing discrete latent variables: {541 Gaussian Mixtures model.
(2) introducing continuous latent variables: 141 Linear Dynamic System.
AR HAt e

6. Linear Gaussian Model

Given Gaussian distribution p(x) and p(y|x), TiH. p(y|x)# mean #& x F12& 4 %k, covariance
Hx K. K: py), pily).

7. BBy
Q) f:R>R, —M—ItHEIckS
@ f:R">R, WML TEECRS, REEHN—A n gefE, B (gradient),



of (x,) 5f(Xn))T
X X

(

n

ofy (x)  of, (%)
ot

() f:R—>R", KBEH 4 n i, B( )

(4) f:R"—>R", RKBJ5N—/NERE, EPAERT ELAEFE (Jacobian matrix), RfI (ﬂ)ij
X.

]

) f:R>{A,,:R">R"}, BIM scalar F| matrix FIBLS, KSFEVNHRE, A
iy

x

(

@)f{ﬁmzm—+W}aR,%kmﬁWiMWm%%%ﬁﬁ%E%%ﬁﬁﬁNﬁ%M

]

WAELL S, ATLMESH ARG AR, Hlln Ax X xRS, X" AXH x RG24,

8. The Exponential Family
TeHOR A B
p(X177) = h(X)g(77) exp{7i" t(%)}
Hr 7 #& natural parameter, ‘©FR— N0 AEE UL SETREANFE, T2 HIEE NS
AR (AR & Fa 80 73l R 0 .
BB MLE ikl 28t 33 g (7) [ h(X) exp{f GO = 1K T 7 RS, 564 5%

¥

\

HOJE, A5,
BRSNS I N
-VIng(77) = E[U(X)] ZWZU(XJ

n=1

A G B vector A7 EAR AR EUR 72 Bl 78 70 G it &

9. LfE RS

The prior intended to have as litter influence on the posterior distribution as possible.
YZHBUER T, 5500 R TofE B e

LZHWPUE T, 33 5) 504 A RE normalize, & improper .

Translation invariant f1 Scale invariant [ 255> 4 [ (5 8 656

10. Nonparametric methods

B el: 455 D eI N DMEIEAEA, SRR px) (X1
unsupervised learning)

Jiiks FERW/NIXIE R HE &R ATH N X, BVEA R FIMEEE P RO




N A, TR g AN KA GRS 70 Bin(KINLP).
BT RAZW/N, Frl p()7E R FHIElEH, Fril: P=p(x) *V, V & R KR (D,
BT N 2K, —3i7 7 Bin(KIN,P)FIBUE L HAELI(E N*P L, Hl: K=N*P,
PAEPIBRAL, AT 2 XK R R RO ME: p(x) = K/ (N * V).

Kernel density estimator(Rll Parzen window 777%): [EHE V (—/NEL ), TEERE L
HEV TEE N K. S & e 80l smoothing kernel function.
N T IR FEA KA R S8 FTEUE L—A kernel function:
. [Lu£1/2,i=1,..,D
k() = .
0, otherwise

e
F ) =L Rr. R s 0 eE T W x il WK h ) hypercube iy 7T

ANTE1Z hypercube 1. ABATE N AN, 78 N iZ hypercube H (1) m 80 «

N X—X
K= k()
n=1

WA PX) =K/ (N* V)R T hypercube H HEZ 2 B
iXFf kernel function 52X artificial discontinuity, 5 1 75 2271 1 B8 5, 38 % & Gaussian:

k(

1 1 [ x=x, I
X)=—Y ———exp{-—2—
PO=] nZ:;‘(Zﬁhz)l’z P50

BRATHE: h K/ HELLRIE . 1E regions of high data density, h NiZ/~N—%&, ZEAE

lead to over-smoothing and washing out of structure that might otherwise be extracted from the
data; A/, BUEFEIRIH T, h AK/NATEE lead to noisy estimate. JitLL h fEUAE A1 location

AR, TARZ— TV,

KNN: [2 K, 7EHHEE RN T &6 K MEITRER V (AN EED. 2, kNN
WA LA T classification, kNN 732850952 — M K posterior [1]7338 (MAP).



Chapter 3 Linear Models for Regression

1. & T-curve fitting ik J LR 715
MR 2558 N ANFEAEE 55 S FENT R pRAE, 4R R AL
minimize the sum of squares of error: ¥ REITEZE y(x,w), H w B2 iZ B &t

ZH, x N2 input variable; 1Z 710N, ZBRENAZES T 7R 2 2 FlE M

W)= L3 (o, w)-t}
2=

MLE : AR BN W58 21 A A 5080 A 1) B R FY) ¢ — > AL S B BR B y (X, W) BB ) v 30
AR AR SRAE MR R ZEUE w, RIS Hfh it

MAP: 5 MLE &ML, AN SRR 5 36 A 2 s KIS 30 we

minimize the sum of squares of error with regularizer: f3: ¢ regularizer ff) E(w)n A\ —4>

regularizer, #n:

EW) =3 YAy W -t} +7 [ wlf

FELA b )
MLE Z£4/y T minimize the sum of squares of error

MAP Z:4/;-F minimize the sum of squares of error with regularizer (MAP with Gaussian prior)

2. t4 £linear model
BER TS, TWAR inputvariable &R, N Z LR,

#5140 linear basis function model

Y1) =+ W () =W 4O

X HLT, basis function 7] DAAE & BIEHE, 17 BRI y(X, W) T w B 24 & 2R PE 1) . Basis function
I REA

Polynomial, Gaussian, Logistic sigmoid function, Fourier basis, wavelets

3. Loss function for regression, Expected Loss#x/Mb, AL Elregression function
s T input X, At TH BREUE 2 y(X), T SEBR IR EUE 2 t, 3X P a] GE AR T 2L loss

function 72 L(t, y(x)). #-4 Expected loss 72 :

E[L]= j j L(t, y(x)) p(x,t)dxdt




X+ T regression, K )42 squared loss:
L(t, y(x) ={y(x) -t}
XA L AN E[L]IH S, AT 5 /Mb expected loss E[L], XT %L y(x)sRA54y, 1] LL1E S {6
E[L]S/ MR y(X)t:
y(x) = [tp(t] x)d +E[t|x]

Wk t 2 F x 1 conditional expectation.

X} squared loss ) L &0 T«
L(t, y(x)) =€y () —t¥ ={y(x) — E[t| x]+ E[t| x] -t}
={y(x) — E[t | XI¥ + 2{y(x) — E[t | XJHE[t | x] - t}-+{E[t | X] -t}
XA TN E[L] AR, 155
E[L] = [{y(x) - EIt | xI}* p(x)dx+ [[{E[t | X] -t} p(x,t)dxdt
16 h(X)=E[t|)x], M| LA
E[L]= [{y(x) ()}’ p(x)dx + [[{h(x) =t} p(x, et
L h(x) R AT AT LA B 2 ELIR AN,y SCRRIOTRI, T t 2 928 i i
HfE
Ho ELLIHAE 3 [ [{h(x) —tF p(x, tydxdt £ — MR CHHI y( LR &

arise from the intrinsic noise on the data the represents the minimum achievable value of expected

loss. XF T MEIARIAESS, wiAARE] y(x), MEHAFEE—BURTRERI /N

4. FrequentistfJmodel complexity¥i: Bias-Variance trade-off
LA linear basis function model 9513 #H o
(1) Frequentist 3£ F-45 % ) data set D %§ 2% w #£47 point estimate;
(2) AN data set D, ffiihiHkREIZSH w ATReANE, PRI 3 y()ANE],  #omr DAE D xf
YRS EZ LA y(x; D)y——H# ) 1E Ui, B4 D AR T — A H Il 2 R BB y(x; D);
(3) #E47— thought experiment: {f i A 1R 2 AN[F] i) data sets, &2 M p(t, x) R H
Sk, IFHAEA dataset & N MFREA;
(4) HIEHA- data set D FrillZREAL y(x; D), HBA4:
{y(D) (¥ ={y(x; D)~ Eo[y(x DI+ Eoly(x; D)l ~h(x)¥
={y(x; D)~ Ep[y(x; D)I}* +{E,[y(x; D)]-h(x)}"
+2{y(x; D) - E, [y (x; D)IHEo[y(x; D)]-h(x)}




LAE, W] LA take the expectation of this expression with respect to D, 75%1:
Eo [{y(x; D) ~h(x)¥1={E,[y(x; D)]-h(x)}* + Ep[{y(x; D) - E,[y(x; D)]}']
T #-T0A bias®, R average prediction over all data sets &5 desired regression
function (52 H AL h(x)) Z A Z=#E, k2 i average model 5 best model FEET
FEBE; 55 1A variance, £ on 2 FEBAS data set L RITRIIAER] y(x; D)TEBARTFIME E[y(x;
D)IMEB AN RE (XAHHERRE—NTE), HRLUARE y(x; D) HHEELE D Mik#k
IR EE
(5) 4+fi#t expected loss: 3t E,[{y(x; D) —h(x)¥] & #ehi

E[L] = [{y() —h(x)} pOdx+[[{n(x) ~ 1} p(x,t)dxdt
g {y(x) —h(x)}*, 5%
Expected loss (E[L]) = (bias)? + variance + noise
Hrp:
(bias)’ = [{Eo[y(x; D)]-h(X)¥ p(x)dx
variance = [ E,[{y(x; D) - E,[y(x; D)¥'1p(x)dx

noise = [[{h(x) —t} p(x,t)dxdt

S3HT: Xt T regression, HARZEKEREL y(x), BERMIEBIK E[LIEME: i E[LIA & AT
PLAMiEIT K, 1 bias, variance £ noise #4 i, noise J&— M1 y(X) LXK E, WS
regression fi I AF ANUFTE 5%, A& — AN AN T ik G IR & . 1 bias 5 variance NI & — % 7 J& £ : flexible
model 7] LLHA low bias (average model g1 #2211 best model), high variance ({H/Z single
model % data set D IR &UE), rigid model U7 high bias, low variance. #fFAERL N 1%
7 bias 5 variance 2 [Ali& %] — /M.

5. 52 Br ffbias-varianceit 5
D5IHLA curve fitting Bl . [RBA L 4> datasets, &A#EE A N /> data points. 7

y O (x) 24 %da s DO VIZE 3], A4 average model AT LU P45 Ak i

_ 1<
y)==> y"(x)
L=
AL 15 % bias A1 variance:

(bias)? == 3" {3 (%) ~h(x,)¥



. 181S, W
variance =— > —>{y" (x,) - V(x,)}
N = L=

DAL T — B4 model 1) bias F1 variance [¥17772:, Bt/ 4 17 2 00 508, %5 H I ZRBEAL,
R /AN AT

6. Bayesianf¥Jmodel complexity¥£i2: Model evidence/marginal likelihood

(1) Bayesian J7 & RE W ik 4 over-fitting ¥ K& : Marginalizing over the model parameters
instead of making point estimates of their values.
() BEHZA model, {M,:i=1..,L}; W3 dataset & D. Bayesian ¥ model
comparison Jj %%, LA MR RIS, B
p(M; | D) < p(M;)p(D|M;)
e iE% p(M,) allows us to express a preference for different model. 7] DAE 545 M AL )

SIGRERANSE, AAH P E L. p(D|M;) ——model evidence 5§ marginal
likelihood.

(3) Model averaging V.S. model selection
Model averaging: 2 2 AN, 2% ALY 1) J 36 M2 BT, 15 21 predictive distribution
L
#p(t]x,D) =" p(t|x,M;,D)p(M; | D)
i=1
Model selection: F ik H—AMEAY, B H b 5 508 28 e R IR . 3X /2 —Fh approximation to
model averaging .
AL el LA, %A model B30 MEAR 2 OCHE, 1 TH5 5 30 A2 1) 5S 8 32 model
evidence.
(4) Model evidence
Xl marginal likelihood. 2t LAIX 4R, 2P 4E HITHEE -

p(DIM,)=[ p(D W,M,)p(w|M,)d v

Hrp i KB w 34T marginalize.

M sampling 1A ER, M, 4H24TF hyper-parameter, 1fij w ))& parameter. —~ model A~
[T 55—~ model, &[4 hyper-parameter. 5|4 7t 2 iz basis function ] curve fitting
H, 2T M & —A> hyper-parameter, #i5E—4 M H (IR gtfhe 17—
A~ model . FEHUE — AN M G , Z 8w IS F JoER EUE 7] B8 ; fEIX LeBUE 7] fE 1T marginalize,
32 1w model evidence, RIHIBJy M (22 13X model A= 224 Hif WL 52 21 A H4E 4 D 1Y
1R



7. BayesianJj7i%
Fully Bayesian: 5% marginalize with respect to hyper-parameters as well as parameters. fij
IXfF 14 42 analytical intractable ff] .
X curve fitting f161 7(p(w | @) = N(W[0,a 1), p(t]x,w, f) = N(t| y(x,w),5™))
K, Atie:
p(t|t) = [[[ p(tIw, B)p(w|t,c, B) p(e, B t)dwdd B
Empirical Bayes/type 2 maximum likelihood/evidence approximation: X7 hyper-parameter
FHUX L 5m,  BISE SR {845 marginal likelihood &t KALIKIS o F1 B, SRJEHE
hyper-parameter B [ 5 M8 o~ A1 B, FEXT w 34T marginalize:
pﬂH)zpﬂlta7ﬂ3=fpﬂIWJTHKWILaiﬁWdW
MAP(poor man’s Bayesian): A~ & marginalization, {1 & — 44 i 6 2 Bt KAL) point

estimate.

#:

dik: p(y %)= p(ylx2)p@|xd .

ﬁE Eﬁ :

MﬂmmewZJwandQJMHxnmunmndi oy Dbz

p(x) p(x) p(x)



Chapter 4 Linear Models for Classification

1. hyperplane, -

#EFIH: {E— D 4E Euclidean space F1f) () P2 —EK— D-1 4E0i7%, 1mHi%
7 [a) Je — AN

Linearly separable: 734ii T~ D 47 8] 7 ) 4 8 a ) LA HE P [ D48 b 23 Be s

Coding scheme: 1-of-K binary coding scheme, EJfSA K 2, F8HE SBT3k,
MFTRA—A K 4Ela &, ZmERR 75H i AN aER 1, R 0.

Feature vector: *fF—- D 4 input x, {#f]—> fixed nonlinear transformation ¥ it 5 &

[FIRE D 4t & #(X) , B feature vector.

2. Generalized Linear Model: an activation function acting on a linear function of the feature

variables.

y(x) = (W g(x) + W)

Fx 4 Generalized Linear Model (GLM), H x ¥t N 1 5, @(X) 2 x [ feature vector,
i f & —ANek%, FA activation function, f 1)) B EFR M link function.

(1) 4 f 72 nonlinear function (]I, GLM #&— classification model;

(2) 4 f /2 identity function FJEF %, GLM s&—> regression model.

TR R 2 : T classification f'] GLM FR linear regression model /& /AN [F [, 7£ regression
H, BERAZ Y(X) =W (X) + W, » XDMRER T SH w LR UL TR x
A DAAS 2 2R ME ), i polynomial function basis 2% 5] J); 7 GLM H, BF  activation function
RIER, y RER w REERE

T3 2KH) GLM A
(1) Logistic regression model: #t/&4 f 72— logistic sigmoid B8%4;
(2) Probit regression: fi /&4 activation function f j&—> probit FK%{.

3. =M EoTik
AN T4 1 & () = F g decision problem FIARFE TR, X T 20205 AH =H
(1) Discriminant function CHZIRHED: BERACHA x HIHHE 5],
(2) Generative model (A=pif%E%Y): @ THE joint distribution  p(X,C, ) Bk class-conditional

distribution p(x|C,) 1fiit# posterior p(C, | X) -

(3) Discriminant model CHZI#AL): EHEHH posterior p(C, | X) - WF GLM TS, J&



R p(C, | X) BREARPC, |X)=f(Wg(X)+W,), REFIH training data B
infer H GLM HHIZ% w; H 7TXANSH, WS 7 ERME p(C, | X)), BEHT
PLHE decision stage T . Logistic Regression £l Probit regression mli & P AN X #1170 8% o
MK infer B BER FI R J7EANE], A LA Frequentist ) Logistic Regression L & Bayesian
Logistic Regression (X} Probit regression A1 H At 72588 th—FF ).

4. Linear discriminant function (& 14315 e 50
Linear discriminant, /& decision surface #& hyperplane (157 i %, BRI AHEEFTHIE N
YRR TH G i N B s x A e S ). iX & T non-probabilistic method.

4.1 M binary classification ¥ multiclass classification [/ [ &t

One-versus-the-rest: il K 4™ two-class discriminant 3 5¢ % K 254328, & discriminant
N REE 5 A2 B s 7 T

One-versus-one: A K(K-1)/2 /> binary discriminant & 5¢ % K 2815025,
DL RO EAEAEAN L, B £ decision region #& ambiguous () (] —~ region #7> Bic 45
TR,

Assingle K-class discriminant: B K 4 linear function 2 5% '] K-class discriminant, linear
function [T y, (X) =W, X+ W 50 k A5 j 2 decision boundary &
Vi () =y, (%) R (W, —W,)T X+ (W —W,;o) =0 —MEE A x iR
Ak WRXTAER J£ K, #A Y, (X) >y, (X) . ATLMEBXFr K-class discriminant & B

decision region /&1 ¥ [A],  fr EAANAEAE ambiguous region i) @ .

FF2%3] Linear discriminant function fIZ4(¥) 5 %A —Fh: least squares, Fisher’s linear

discriminant 1 perceptron algorithm.

4.2 least squares

11 regression H1[¥) sum-of-squares error J5i%, A5 AR

4.3 Fisher’s linear discriminant

VE BN S x 2 D 4R, HAE Y =W XFR D HH 4 scalar, XA
FERDAEAEZ D 4 — AN S 4523 1 4E7¢ (0] b . Fisher FIAI AR, 0 KEEEFE—
A1 YRR E], U D 4ERE B B2 8] 1 A s e 1 4EZ IR AE N 2 Fisher criterion,
BB PIT T I ER: — D5 BRI ) 1 e (A e, AR SRR & 0 T s T 5 — 5 T 2



SR Rl — KB HE Bt I T BE SR 4E7E — L. Fisher criterion 23X 9 77 T Rk (1 &4k . K A& Fisher
criterion fx kAL G, 55Z% w, BIFfE T decision hyperplane ] (i) JjlA); % F R %
TAE 1 45 ErE — NG yo, 0% i i A7 & R Af .

4.4 perceptron algorithm: it/ Generalized Linear Model y(X)= f (W' @(X)+Ww,) #4
activation function f 24 step function CEfA&Miii, KA FZFF 5 KA sign(x)), ALK B Are&
H(J& perceptron criterion.

W — T RS R B 1 Jadt S+, B 2 Kidt -1 0T AR X
RETH L WAW X, >0; WRBTH 2K, WAEW X <0; FILIERHSKMHE X,
BRAW Xt >0. 4T misclassified pattern ¥dE X, W'x t <0, FRATHIH IR
/ME—~W'X t . perceptron criterion, HESEIEFTA misclassified pattern f13X A H RN, 155

E, (W)= -w'xt, . Jr M 24 misclassified pattern (9845 . S /MUIX A H AR H0%

neM

4 closed fi#2, W LL] stochastic gradient descent Sy fi# .

WM E (W), RIS E ws Al BURI A TS Generalized Linear Model (75 b
HO RXH B x T .

Bl ANBEXS K>2 BHIIEIL S AR AR LT 0, AR EIEAEL.

5. Generative model (“F %)

FHEAR Y input (9404, B35 class-conditional distribution, F DT3B A% Ak 1 i B0 4R
HJ&, HZAM Discriminant model —#£347 make decision T .

DA 2 2853 3K 1) 9 1 e o

Hbr: KInMER#EZE p(C, | X)

AR

p(xIC)p(C)
p(x|C,)p(C))+ p(x|C,)p(C,)
B 1
1+exp(-a)
i, a=n PXICIPEC)
p(xIC,)p(C,)
(2) M 1% class-conditional distribution {153 /i JEX: &~ Gaussian, 1 Hdt— PR A K
B class-conditional distribution E.4 48 [E [1Y) covariance matrix X, ANEIFNAGE & E K139
fHrE u , WA p(X|C,)=N(g,Z)-

Q) XEHMERAER: p(C|X)=

=o(a)




(3) IR LK T class-conditional distribution F12GIGHEZ, HSA AT LAFRH1 -

B p(x|C)p(C), 1
P(C, | x)=c(In p(XICz)p(Cz))_G(W X+ W)

L

w

\

7y — 1)

l Ty-1 1 Ty-1 p(C)
W, =——=p X +=p, 2 p, +1n !
0 2:“1 Hy 2/12 Hy p(C,)

XHE, 7 EHAT S EAT R AR AME & g, LR covariance X, BLK 2
AR ISR
EE: ERATEE 7 &1290F covariance, FLLA{#45 class-conditional distribution 7

At PEICOPCY oo m o g vt SO T — 3 F x 2 B W X+ W
p(x|C,)p(C,)

(4) MLE S5 {1t

frie: p(C)=7x, M p(C,)=1-x: IFHIEEL{X, .}, FX,€C, Wt =1, &
mt, =0.

TRA:

p(x,,C)=72N(X, | 14,%)
P(x,,C;) = A=7m)N(X, | 11, %)
NGIECE e R

N

Pl 7, iy, 2) = [ TIAN (X, | 1, D [A-2)N (%, | 115, DT

n=1
WX BN SEHCRFHAF L T MLE FISHUGTHE . XS AQ@)THIEIMZ, g 1
KA.

=R

BB/ {BE class-conditional distribution > #ii 2 X
>MLE flittiz it 2% (ANMi#52] 1 class-conditional distribution)
SRS F R
e BT R, A3 200 5 S N4 2 — A GLM #7Y (Logistic) .

6. Discriminant model CHFAER])

R SHU>, R4EE D ML IER B ML R generative model [Z %2 D (1 77 4% .

6.1 logistic function 1 Softmax function



Logistic: J(a):;, A& AL step function, JCF5 A OGHERED;
1+exp(-a)

exp(a,)

Z:exp(aﬂ

]

Softmax B %2 logistic &I & .

Softmax: s(a,;a,,...,a,) = , & I AL max function, 655 Al i OB BRSO .

6.2 Logistic regression

Generalized Linear Model []—#f, AbPE)&: posterior can be achieved by a Softmax

transformation of linear function of the feature variables, %22 #h5% 7~ H SRk /2«

PCy 4)=5(a;a,,...a,) =%, Hera, =w, ¢

A 2 AR, BT A SGB LR logistic function.
LL 2 ANKEIBBLNBI, PR B AE R, 4A5E training data 854{4,,t,}, Hit g, &

—/> D 41 feature vector, fit, {0, 1} &&KJ@bric: BT RILLIR R EUE :
N
ptiw) =]y, "L~y 3"
n=1

Hrh Yo = p(Cl |¢n)=0(an) > a, =WT¢n °

3R H ¢ /ME negative logarithm of the likelihood (Bl cross-entropy error function):

E(w) =—In pt|w) =3 '{t, Iny, + (1-t,) I y,)}

(5w, M52 o 5 3% p(C, | @) 1 inference, bl R FI# 2 #K  make decision T .

Multiclass )1 I AT AU BEAE S
A4, W5 activation function BXUA probit function, AS-4 k#3317 probit regression. probit

function s&hndE = 143 4 F) CDF(Cumulative Distribution Function), SR logistic PREFH L

6.3 iterative reweighted least squares (IRLS)

N
Mk EGW)RLR HUUBREE, JF4HE ) 0, VE(W) =Y (Y, —t,), =0

=}
VE R FIJ5FE VE(W) = 0 R AE4E closed-form solution, R IXANJ5FE & A 2 AN R
logistic function (CLHIR Y, D HISRAL,
HIT E(w)s& MUK EL (concave), FTUAAFAERE—BIHR/ME, XA ERAME S E(w)i
B, BRI 2 VE(W) =0/ we



IRLS o b ARyk, HF M~ orke:
VE(w)=0
Rl 24 I B Hessian H0R%, SRR IZ T REIEAR A X N:

W(new) — W(old) _ H —lvE(W)

7. Laplace approximation

B AR (), A A A p(2) =% F(2), 3o Z R A

H—AG B 5
Hq@ ik BRRE QNN Xy, RIREX SR In[f(2)| 2880 R T

In f(z) =In f(z,) —% A(z-1z,)°

2
S, A= —%In F(2) L, » B H) IR

A
f(z2)=f(z) exp{—E(z -2,)}
FREGR oy & 2 WP TR %L, BT CART DLH s o A i el #93:
A A
q(z) = (2—)“2 exp{-—(z-2))%}
T 2
XA R AU B 2= 0 A p(z) B s T 0 AT o
T gEd ot FHAH . IR v 4 2 80 Ji 0 vy 4 v B o A B AT

8. Bayesian Logistic Regression

DL 2 K155 FE o X T — /N T feature vector ¢ , BILYE EiH5E 1) predictive distribution,

it p(C,|¢t)= [ p(C, W) p(w|t)dw = [ (W' x) p(w|t)dw . % % F] Bayesian Js
VR LAY ] B, Bl marginalize over parameter space; LA TE logistic A8 4 AR R & 441 J5
B p(wt).

PLAE SR B R E & p(w|t) £ — 4> Gaussian approximation q(w) . % & Laplace
approximation #7515, 1354 p(w|t)[: stationary point, L% Inp(w|t)f{] Hessian matrix.

RS T AR p(w) = N(w|m,,S,) » At A Inp(w|t) AT LSRG SH M .0 »
PR 343 3] Hessian matrix S, AU S i A2 q(w) = N(W| M e, Sy ) ©

H aw)&# p(w|t), EHKFITH marginalization I LAE, X B4 logistic RS
Gaussian 72 I THE R ZH] predictive distribution.



Fh7E:
F<TFlikelihood function

Wikipedia " 5E X /& : The likelihood of a set of parameter values given some observed outcomes is

equal to the probability of those observed outcomes given those parameter values.

X BRI R T R, A A “observed outcome”. WIH X4 42 “ observed outcome”
HATANFEI E X, 53] likelihood 2 —FER . FIUN7E PRML L, HBLIL X AN T o

BF2Z—: /H generative model #17 classification 7, #Zi¢: p(C,)=n , W/ p(C,)=1-7;
gsmsER{x .}, Zx,eC., it =1, At =0.
TEH:
P(X,,Cy) =N (X, | £4,%)
P(%,,C;) = A=7)N(X, | 5, %)

MTTFEE AR K 2L -
N

P(tl 7, 4, 15, Z) = [ TIAN (X, |2, D [A-2)N(X, | 25, 2N
n=1

HE, XEM I likelihood B, 1 HZ joint distribution p(x,,C,) 2¢ p(x,,C,) s ik
UL, Frid—> observed outcome, FERE{X,,t.}, Bl “HIinput x ., FH X J&TZ

t 7 X R Bk, IXEMEEERT input variable BEATEEAE, RS HHPLZ input AR .

BIF2Z—: 7F logistic regression /7, %3¢ training data #£44{¢, 1.}, H#' @, &—7 D %

/19 feature vector, it {0, EE G r1d: MRS IS A :
N
pitiw) =]y, -y} ™"
n=1

Ay, =p(C,l¢)=0(@a,). a,=w'g, .
R, X HIHE likelihood B, {8 ¥/ posterior distribution Y, = p(C, | ¢,) s it &,
FITriE— observed outcome, fRHI/E%E 1 input X, 25, K4« XHE?%%'IH” » X

. B p(X, JBFHEAIL |X,), K ERIOTET RSy, = p(C,|4,) .



Chapter 5 Neural Networks

1. Generalized Linear Model: an activation function acting on a linear function of the feature

variables
y(x) = (W g(x) +Wwp)
Hoh x A ANEEE AR, ¢(X) A x [ feature vector, 1M f /22— K%L, FXN activation
function, f SRR link function.

(1) 4 f /& nonlinear function [ {%, GLM /& —~ classification model, i y(x) 8% ik A
— posterior probability ([X}t Generalized Linear Model J& T Discriminative model). . ]
f %1 logistic %L, 153 logistic regression. %] cross-entropy error function /£ 104k H A5

(2) 4 f /& identity function R %, GLM A& —> regression model, LR y(X)A2& 5 A &
BBl , WA 1% LT probability interpretation. i sum-of-squares error function 1£ 44k,
H 5.

2. Neural Network ] 5 3.
W2 1E [k Generalized Linear Model FJ3&4H FAE I —F ) nonlinear function, Efl:

Y (X, w) = f (Z W h(z W;i'x;))

BRAb y, (X, W) LN )55 k A output (Classification H {58 k 285, Regression 1%
HUE RS K ANERE ) M K hidden layer B unit N4 D A% NBUE 5 x BI4EE ; h 24 nonlinear
function, f >4 linear B nonlinear function (17 regression 5% classification g D). X4
KT CAH bias kX,

JEH h B logistic pREL, T4 W] WAL X 2% Hos logistic regression f4E T L. {HIX—
e R R, Hg EE R DLDME SR BOE AR RS A T H, AN ZRERIME M
ZRAE 15 2 R IR W 2% AH ]

3. Neural Network fI1t4% H br ek 5

Xt regression, K sum-of-squares error function, Bfl:

E(W) =2 D11y, W),

AL y(X,, W) 52— K 4E1) output vector; X, /2—> D 4Eff] input vector; t, J&—> target

vector (4 5 output vector H[F N K); w2 & & ER weight Y vector.

%TF classification, K negative logarithm of likelihood function, E[I:



N K N K

Ew) =) >t Inly, (x, W) (= =>" In] Iy, (x,, w)]™ >
n=1 k=1 n=1 k=1

b, ENEEE X SR HHE T SR 1-0f-K ¥ coding scheme (4#— input J& T4 k

%, Wkt =1AAHARM S EHZ 05 58 k MLy, (X, w) = p(t, =1]x,) -

I FIR A E(w) B 22 likelihood function.
PLEWAD H bRk g CRIVA AN 200
(1) #EATLLfZZ input vector Sk 5 ..
N
E(w) =) E,(w)
n=1
(2) TRALHI DT [ # R fe/ME (sum-of-squares error function ZARM 1% /ME, T likelihood

function 0 T 415 B LR BN B /MED

4. B sk B A 7 1%
& 45 E observation data, 3K Hi {8 53 E(w) & /NS EL w. K H 11772 /& Gradient decent,
ARGy R Tl

(1) Off-line gradient & batch gradient. XAMRAMEIEIIHAVFZ, W1 steepest decent,
conjugate gradients 11 quasi-Newton methods. 371 % & 5[] steepest decent J5 i 4 :

W = W — pVE (W)
At 7 > 0 2 learning rate, VE(W™) /286, B batch error function gradient, % &
7 4= observation data.
(2) On-line gradient decent &%, sequential gradient decent ¥, stochastic gradient decent. iEX A
{2
W = W — pVE (W)
XA J7i%H, observation data FJ PLaE AN L&, A LA random selection with

replacement.

On-line LR A e ol AU N % data redundancy, t 545 a] fig escaping from local

minima.

5. iFH#6% VE, : Error Back-propagation

& Gradient decent JiEEIEARIERE o K CHEAE T EBA BE




4 a; %z Chidden layer 1) %51 j BN, EORETRT— 2 T 50805 AGINACRT, B
a; _ZWJI i

Hop z. R Ginput layer 19D 15 20T I o T2 37 80§ 1% A2
z;=h(a))

. oE. _ A '
165j = 8an » ZAERIRRA A TTI N IR, A A
j
OE, OE, 0a;
=0z
OW.. 6a ow;; ! ow;;

n

BT 4 Kk A2 output layer [K)—> unit, AAA:

= OE, da, a8,
~ da, zaak oa, _Z “ oa,

, BEBIHEO, )

ifi &, —ZWJ, : ijih(ai)LH::

o A wh())
X = ! = ijh‘(aj)
8aj aaj
NITECEIP

g :;@ijh'(aj):hl(aj)zk:‘skwkj [ATHES,, ERIHES,

XtF Coutput layer 1)) 95l k, BHUHHHEMAM O - AJFH 6, 4 LHATRH 0,

oE
SR — A

ow; !
OoE, OE, 0a,
oW, 08, OW,

%FF- output layer 5 hidden layer 2 [A]ALE, & =6,7;

fi L, TR VE, .

Error Back-propagation /&35 5GiH5 Coutput layer i) 515 k #168, » SRJ5 2 Chidden layer
) I IS, s WREEZE, EMIRERESET X WREICE W NS, xHEN
IR R % O(W)o X T 58 iR I =R i 4, IX S Hn] LR IR AN RE R DA K2 7
A bias, AT RIS A O(N*M + M*K).

/NG BP IR (1) fEHTIN wAE T, TR T sl s A A B C BT a 5 2 2D,
X SR FE A 22 4% 1) evaluation (forward propagation); (2) ¥ E(w), 5 o KM (3) &



LR, VRO MM, (4) BUSRAFHAR, Bt Ew)BE.

NG ISR 2RI 2% 1) Sl IR AR T 4R BIEAS E(w) B/ MERIT S EL wo
FIR 2 Gradient decent (17775, %715 A — MO E E(w)IBHEE .
T TH5KR B2 (77 152 BP.
FTLAI R w B AL /2 -
(DB — DS H w;
(FELRTH wE, F BP I E(w)HIBEE;
(3)¥% Gradient decent AXEH, BE—ANFHZSH w;
(4 (2)M(3), E2 w sk,

6. Neural Network[fjevaluation: forward propagation

Evaluation f51)/2&: 25 & CANSH w LM% F1—A D 4k input vector x, H5LAHMN K

output vector.
XANELIE S, J7 1Rk N forward propagation, EUATT S, #t2H i R A K.

%=ZW%

Z; = h(aj)
RZHATIFERIA] . B (A 2 4% 02 O(W).
7. Optimization theory and method

ATLAE HY, machine learning 41 &% : modeling + optimization. s — GEF 2
statistical ft7) #52Y, SRJEEEXT—A HARekHetl, MR 2S5,

B {31 %4451 — & optimization techniques:

Linear and Quadratic Programming, Convex Optimization;

Combinatorial Optimization;

Probabilistic Optimization: Genetic Algorithm, Simulated Annealing, Particle Swarm
Optimization, Ant Colony Optimization;

Calculus of variation;

Numerical Optimization: Gradient decent, Conjugate gradient, Newton method



8. error propagation/j :H T~ i1 #Hessian#: [ VVE, llJacobianEF)
Jacobian i ) E X:

J = %
OX;

tHEt /& output vector X} input vector 1S40 J& T f:R" > R"M (—F) sy il i,

Hessian ZEFENE T f :R" = R () Ty o) &,
FACLT SR BE I 7 AT DAHE R sk BT R BRI A X, t/2& error propagation UMM
output layer 13 J5 i 4 .

FAN =N KER W T 2 H 5 Hessian HiFE 5 — AN m&E R W HE, BiHE
VIH =V V(VE(W)) . iXANHHECR] LLAE O(W) ] P 585 -

9. Regularization of neural network

Xt Frequentist method K, 45 FFhJ7i%:

(1) regularizer: #R regression " —#¢, 11 HFRILALBEE I —> w 1] penalty eRii. i
#& quadratic. {HIXFh regularizer A~ & #1458 W 4% 1] linear transformation invariance Z23K .

(2) early stopping: Bl Fij— validation set, >R#ffi s 14 24 (%45 1L A]

10. XFneural networkJinvariance £ 3k

4045 linear transformation invariance, translation invariance F1 scale invariance.
. . . . . . T |
linear transformation invariance: W1S7E error function EHIA regularizerw w, S5

inconsistency. ELHIl: 45 input data — MM X, > K =ax, +b, AN ZL ML
-1 _ b e
BE AN, Wy — W, = Wi Wig = Wi =Wy, —gZWji o 5 AR ¥

EATE BRI, 5510 F AR A 05 ORI 0 ST P 0 50
WFIAEING, —RERIHR, — (it AR, W2 R 5 I3 Sl
24T w NI T 2 T L TSI 4 R AT, 1) regularizer W' W,
HCBI consistency 3% Rk & WML B, (5 i 4 BTS2 equivalent BEAS AT 47
Ko ARGREHIRE regularzer 23 W +2 5 w8

Wew, 2,
Translation invariance Fl scale invariance: 1X Fh£23K 3k H SEBR I 75 3K, 1 21 B B8 AL 2R,
— B AEEIIALE (translation) FIK /)N (scale) WA , ‘B #BIE R %2 € H O neural network
AN LR 22 5 T A AR 1) [R])— > B R T R P AS AN R ) R o A7 4 A7 THIFR R SR AL BEX A



i g«

(1) data replication, /% augmented data. 2 Bl — AN s &t AR ¥ 5 o 2 A4
B CENTURYE label — MR, 1EEIES learn A invariance. XTI EFEUTE
IS K K. (modify data)

(2) regularization, penalize changes in the model when the input is transformed. 143 J71%:
tangent propagation. (modify error function)

(3) HiL—A pre-processing, FEHUHHTLE transformation-invariant ff) feature, FfHiXxsk
feature Ik, (extraction of transformation-invariant features)

(4) #9id& i B A invariance MEIAIZ NS, MM build the invariance properties into the
structure of a neural network. 83 /i%: convolutional neural network.  (the model with

transformation-invariant structure)

11. Bayesian Neural Networks
&R/ output IIFRE RS
H5EXT network (AL w 5l A SERMER:
p(wla)=N(w[0,a™)

ST /N E R x, conditional distribution  p(t|x,w, 8) = N(t|y(x,w),™"), Hrh
Y(X, W) &2 28 % o B B N /> observation {X.}, [T target value & D ={t.}

WA, RS
p(w|D,a, f) = p(w|a)p(D W, B) = p(w| )] [N(t, [ y(x,, w).A7)

A, XFF—AHH x, predictive distribution +2:

p(t|x,D) = [ p(t|x,w)p(w| D, e, B)d v

ILAE T A2 1) I L «

(1) MR AES, ZH Gaussian KITML, IThJ7VEN, Laplace approximation; ffi%
qw|D) & H iz @l 4 A, W predictive distribution A Ny
p(t]x,D) = [ p(t|x,w)a(w|D)d w. HiF p(t|xw) &1 network function y(x, w), i
PLZA- 75 IH 2 analytically intractable ).

(2) %I network function y(x, w)F —F Taylor JEFFSRITEL, XFERTLELT p(t] X, w, £) Sy
—™ linear-Gaussian model, XFF p(t|x, D)t Al AR HHKR T

(3) HJa% T @2 hyper-parameter @, f . 7E predictive distribution HHFE3A X EA]

marginalize, F X B #4THI/&—1 empirical Bayesian, 75 % %] marginal likelihood X



hyper-parameter 31T point estimate.

PL_E52R T Bayesian Neural Network iE4T regression [ 3/ id 2.

#h7e: AR

ol

Machine learning = Modeling + optimization/approximation.

B RIHL R ST B, K2 ENARRE “5HE7 —in. XA REIE AR . ML BoRE 2
FEPHE 4 modeling. ELUn SVM, 1RZ N AT RES HBIEH SN _ESE—17 (“svm 5% O,
g SR bR BB —A modeling;  JEI4/E A ML IEAFE R BT A AL S .

ML [ %5 — - )& optimization X approximation. X7~ Frequentist I 5, A5 & S HUh
it (point estimate), XIf{ESKH—4 estimator HKftiit, ELINUREEEL, SR )5 1EF(H14
estimator B KA/ E/MEIISEAE B S8 ——X {2 optimization HIIEFE, W& EI¥F
ZEMMAFEE. X T Bayesian M5, SEUAMM point estimate, % marginalize; X&—
PRMER TAE, marginalize £E417% 4 analytical solution, JiTLL - AE approximation, F-ZE A LL4y
N analytical approximation (Taylor expansion, Laplace approximation, Variational Bayes) /I

sampling approximation.



Chapter 6 Kernel methods

1. Miftmodel &Y

TEWNZRTERG , training data A A] Be & 7 A 7] BE LR B A T4 prediction.

F— MR training data (U T2 H0flit, Al HREIIZREE RIWT & 78 -
linear basis function model, generalized linear model, neural network %5,

PR AR M predication B ATSIH 75 £ H 1 training data. X M AJ4H5 NPIFR . —FiE
423 training data 75 251, 1911 KNN, Gaussian process £5; 57— Fh R 55 Z5 A — & 43 training

data, fltn: SVM (X FFELRAF Support Vector).

2. Kernel [ 7€ X R H4) i

% @ 72— non-linear feature space mapping, } input x B EHRFAE 2 [ F1 . 54 kernel

function #E: K(X,X") =@(X)" #(X) .

P Fh i A kernel : stationary kernel FlI homogeneous kernel . HJ & I 1 i 2
K(x,x)=k(x—=x"), BEHPFEAZME; FEHEOEFZKXX)=K(| x=x"]]), UK TZ
B2 I HIEERS (radial basis kernel).

Kernel BREHIRYIE A 55115, SB—M, 2 kernel HY5E 3, RIJHZE H— MRFAERL
NG K1 kernelo 2 Fh, BHIEEME —DRE k, AR —DRAEBLSS, W2
K(x,X") = @(x)" @(x") o BltnE LK(X,2) = (X"2)*, BR¥E x Fl 2 /& 2 feAs i, AT LABRHIE
k &/ kernel %L, BIAE: K(X,2) = (%, V2% %, X2 )(22,+22,2,,22)" , R4 kernel
HIE o

N T TR RR 5 M ITVEMIE kernel, TSR AL AT IR TT 30E LK) kernel BEL, BAA
ERERTERT . B0, FTRMEWI A kernel BRECHIN . ARG HL 2 kernel; —> kernel 3
—MEHJE IR kernel; —> kernel HITEE R EHIL 2 kernel. J&TXeetfi, AJLLEET
fAT L1 kernel #4385 H B 2% (1) kernel. 41 Gaussian kernel RJ A 1] 14 S IE BH 75 & kernel (1)

Kernel MY AJ LL5E X HE vector of real numbers (KRJLEEZSR])) &, &8 LLE A HAh 4
b Bl e s A, BEHFE PSR . XA ZE— vector space, {HH]
PLZESE 52 Y kernel. B8 A, A, € P(A), TIK(A,A)=2""%, Hsz b, %] pA)Z i @ i

5 J5 1) 25 (8] 3£ — ™ inner product vector space.



3. 2 T-generative model#Jitikernel

Generative model V.S. discriminant model: generative model can deal naturally with missing
data, JF H7E HMM 5 #S 4, BT L handle sequences of varying length; {H& discriminative model
generally gives better performance on discriminative tasks.

fil & generative model 5 discriminant model 1] 7775/ 55 H generative model & X H—4

kernel BR%, 2RJ5F% kernel /T discriminant model.

FIH generative model, A 7 X775 E X kernel:

F—Hh, e E CK(X, XY) = p(X) p(X') o iX EIR2—A kernel(p(x)%] input #4T T modeling,
(AT /& generative model), JLAH#EE p(x)>=0, p()HH =52 D 4[] (x MLERE) 3
1475 R ROREAE RS s HUE kA T 1 BRI LA IR4E “kernel AN kernel” il

“kernel & L XU kernel”, i LI 5T & 4 1y B MO % k(x,x) = p(x[i) p(x'[i)p(i) »

H A2 & i 2T/ latent variable.

5 Fh, M Fish kernel. % FE— parametric generative model, p(x|0), HF 02—
/> parameter vector. G X Fisher score: g(0,X) =V, In p(X|0) . iX/&—A scalar %L
X = vector K3, BRI H| )2 —> vector (B

Hi 645 5 Fisher Kernel: K(X,X") = g(0,X)" Fg(0, X") . 51 F /2 Fisher information matrix,
A F=EJ[g(0,x)9(0,%)"]. #7455 & vector outer product, 75512/
B M RTENER A0 p(X|0) 5T x FIHHEE . Fisher {5 8 & 7ESLBRH 1] DL sample average
KA AL o

HL b, FZIE X, Fisher score RN HME R F BB TSHAIBE, Fisher information

matrix & Fisher score (—7* random vector) [ covariance matrix; T Fisher kernel JUJ & F /™

Fisher score 2 [A]f¥] Mahalanobis BEES. 41 E#: [ Euclidean distance, 113 EIf{/2 kernel:
k(x,x")=g(8,%)" g(8,x") -
Fisher kernel 7E document retrieval 145 M. FH . Kernel 1T~ measure the similarity of two input

vectors,

4. Gaussian process

%€ X: Gaussian process is defined as a probability distribution over functions y(x), such that
the set of values of y(x) evaluated at an arbitrary set of points X,..., Xy, jointly have a Gaussian

distribution.



kU, AEEI X, Xy > BRI AR Y(X), o Y(Xy) » IXABENLAE B A
Gaussian distribution. fERKZHN Y, FATIFEABENLIZE y(x)H mean value ] prior, FIT
PARTDME B H A 0. (AL Gaussian process K Hi (Y(X,),..., Y(Xy)) [ covariance 5E 41 E .

g B AT LARR AL — T R % A BN B, TR o AR R A X, X, 68 B FRI LA B
(y(X.), Y(X,)) I covariance, 5t i &I AE 2 (Y(X,),..., Y(Xy ) F covariance. F A1 kernel
BBk E (Y(X,), V(X)) ] covariance:

ELCY (X)) y (o)1 =k(X;. %)

5. Gaussian process for regression

% [E 45/ observation #EH —E [ noise, kXt FRANLAE R y(X, ), HIEWEFK

it 2o pt, | y,)=N(t, |y, B7) . BE4HH N A observations, TIN5 1ii &
Z YE[1) Gaussian:

p(tly)=N(tly, 571,)
Ht=(t, . ty) Y=Y Yy) s Dy A2 N B ALAERE

HR4R Gaussian process f15E 3L, Y = (Yy,..., Yy ) &/ Gaussian 43, /& .

p(y)=N(y[0,K)
Hr K 2 kernel.

R4 ETEAS, FTRMSRICT t=(t,,..., ty) BREHEE 26 p(t) (FiA Gaussian 734 (1145
M.

I FEM I HERER, TLHK observation t=(t,,..,t,), FIFEAFH input X,
observation ty  fEH4. WHEHEMER p(ty, |t) . BT p(t) DEHEEK T, ik
BFENE T p(ty, .., ty, tye) s TR A& —AN Gaussian 7347, f248 7T LK H} conditional probability

p(t, ., | t) [ analytical solution.

AP BB N AN, J52 VIR i a1 5 44 & O(N®) ; 347 — IR prediction
(R 2 B A O(N?) o X AEFR IR . KT EE linear basis function ] model, WIHERH T M
/™ basis, MIYIZRFITRIN 5 2% 43 32 O(M ) #10(M ?) ; iX L Gaussian process & 375
%, 54 basis function M (114 H il ¥ 2z /N T I BRI 8 H N.

Gaussian [P AA7ENE? & SEbr LA T 555 24 basis function. BLVFHAR AZ: A

O(N®)-O(N?) A, 528 T JEF54 basis function ] linear basis function model.



6. NGaussian processifikernel

TESZFRH, rather than fixing the covariance function, we may prefer to use a parametric family

of functions and then infer the parameter values from the data.

IX R 5E T AT ) RS . ] anm] PLIXFEIE$E kernel:
k(x,,X,)=06, exp{—% %, =% |f}+6,+6.x

X B BIEF Gaussian kernel, 24 linear kernel 55 constant.

FE133) observation t=(t,...,t\) 5, TENFKZHO=(F,,...,0) infer k. X T%
/> kernel RNMELL G K1 kernel 115, XA IEFELLT-RAEZAT “kernel selection”. @ T A
—™ hyper-parameter, [ X T & H it v PN & empirical Bayes. I marginal likelihood
RIET AR p(t) 53], FOXE p(t) e pt] ). X2 —4 Gaussian 74i, &5
BEInptPp ). 2/EHZ MLE T,

7. Gaussian process for classification

Gaussian process H1, XIFHE/ input point x, y(x)&—/NMEUE AT PUOAE R LR IBE L AR &

(Gaussian 73ii); 4T GP REMEHIT733K, FaZHG y(x) A2 2(0, VIXTAIH. K logistic B

A e

T2 ] B IXFE (binary classification): target variable t €{0,1}; Gaussian process & X 1E
s E a(x) b logistic BN a U y = o(@) , y W& —HF Gaussian process,
RA MR, B p(t|a) =o(a) L-o(@)" .

i Gaussian process HJE X, H:

P(ay..) =N(0.Cy,y)
Hrpr, Cy,, Hkernel K E—MERFMi&ARE: C(X,,X,) =K(X,, X,)+vS, » Hi v>0

FRMEE, O, IV ERE . X AMZERN kernel RRAETUERH, v 713 C A,
A v A ¢ 2 IEE R L.
BUEER) B bR A5

p(tN+l | tN) :J. p(tN+1 :1| aN+1) p(aN+l |tN )d R
Estil, plty, =1]ay,,) = o(@y.,) . e ETET i
p(aN+l | tN) :I p(aN+1'aN |tN)daN :I p(aN+l | aN)p(aN |tN)daN

3, A Gaussian process 5E X, p(ay,, |@y) 72— conditional Gaussian; K 1 % ]



TS play [ty) -
p(ay | ty) A5, FIREL Laplace approximation [11757%, F—> Gaussian 43 #i il
‘B XFE pay,, | ty) B2 2 4> Gaussian A B, 3102 Gaussian 73 p(ty,, | ty) M

s&—7) Logistic 55—~ Gaussian [{I&R, THHEILEREZ, TEMLM. XEEHRZLECH N A
WEE, 5 N+1 WEPTE R R EA K T

#h7e:
JUN TSR model parameters B3 F R 401H
(1) Gaussian distribution
marginal Gaussian distribution, conditional Gaussian distribution; Convolution of two

Gaussians, convolution of logistic and Gaussian

H T logistic iJ LAF probit SKIEALL, 1M J5 # /& b5 #fE Gaussian [¥] CDF, JBA  convolution of logistic
and Gaussian 7] LA Convolution of two Gaussians KiT1l .

J<F Convolution of two Gaussians:

(i) marginalize FJTH5L72E A B B ISR

[N ZIN G, Z,)dx = [N(Y-X:0,Z)N (X 1y, Z,)dX
Wgg EA M A, HSERXBHX ) marginalizes A3, & BLILHIS0R P BREURERL
— AR L (y-x)=N(y-x0z2) , HH 0 EWE: 5NN EHE
0,5, (X)=NXp, %) » H o p,% &% &E. N b H S &I+ H

Jwﬂy«mM%QMX:U;®%ﬁXW,i%%*%%ﬁ

VERE: TEIXHL, WA Gaussian [I4EE AR ).

(ii) TR R KU fI 55

BA R Gaussian, N(u,Z,) FIN(,,2,), BERMNEREIHER. BLHE:
(NQuy, Z) © N, Z,))(1) = [ N(t-z;p,, TN (Z3 1, 2,)d2
e W N ( LN b TV -3 8

I N(Y; X, Z)IN(Xp,, Z,)dx = j N(y-x0,Z)N(Xu,,Z,)dx

=(N(0,Z,) ®N(p,,%,))(Y)

ki, XA marginalization 1172 N(0,%,) 5 N(u,,Z,) H%HL.

(iii) THEZR



Tu_ltT

HH T Gaussian N (u, X) FIHRFE o8 £« eit 2 JMRIEEFER, N(n,Z,) 5 N®p,,%,)

. 1
it" bty )—EtT (Z1+Zp)t

HIAE TR IR BR 205 T B RHE B B e i, i e s AZAFE pR O
R AR N(u +p,, 2 +5,) .
AT ARG T #E4T marginalize #5145 S A2

I N(Y: X Z NG R, Z,)dx = (N(0,Z,) ® N(1,, Z,))(Y) = N(py, 2, + X))

(2) Taylor expansion
FERZ GBI
(3) Laplace approximation

F Gaussian RiT Ll —ANE 44045 1 51



Chapter 7 Sparse Kernel Machine

1. Lagrange multiplier 5KTT condition
PRML P H AL . 1T LAZ% Andrew Ng 1] Lecture note.

2. XTsvm

SVM & — discriminant function, B EL#4— input #I5 B — 22 ML Z T, RVM
J&—A discriminant model, EJi)IIZ5)5 753 — AN R AR .

SVM & — sparse model, BJiIZ5)G R 75 B LRAF—H %7 training data (support vectors). #f
L2 F, Gaussian process Y255 4 [HELLRAF 425 training data LA T prediction.

SVM HJW H]: classification, regression Fl novelty detection.

3. SVMffmodelingid #£: linearly separable ]|

BRI AN}, Kt e{-11}.

(1) modeling F)E: 2 B %

BB y(X) =W o(X)+b, FA y(X) =05hsE ST A w2 i F i, svm 75 4k
B —AME15 margin FKALEEFIEE A decision boundary. FTiE margin, f&HIZEEST N
AN, B decision boundary 55T AU s B 1268 1 TH ¥ 2 B o R SR BIME N decision
boundary [P Y(X) =0 1S4 w 1 b I1E, SVM BEUIZR5ER T - TEM prediction B,
ST ANEEEE x, THE y(x), UM IE SO R AT RN x 2 )8 T30

(2) modeling #] mathematical formulation

: t.y(x,)
[l w ]

LIRGRAEL Y (X,) > OXEEEAS SR LA 2 o PRI TT BA'S HE margin S RAG T H xR 4L

B, ERE—A X, BT y(X) =0 1 g2 o 124 linearly separable I,

arg max{—mln[t y(x,)1}

wo [Jwi|
stt.y(x,)>0,n=1..,N
Forbr, ZydOSR A W] SR KRR P 11 25 4 IS R IR 73 T s 10 H b R BRI AE I AT IE
o3 TE A2 P T, R margin SR —A> . BEHSRIFX AN 0 AR WA, 1EE R
—MEF: FFE—ANEFR w A b AT W — kW, b — kb 5, AR S X, BE T
y(X) = 0 (FE SR ARFFAE (BT ””y( ”) ANEE) o FRATTRT AR e N E - R Y T f i )
M BNZCPIABEEL 1, Bt y(X,)=1. B4, FrA 28R s RAMA -



ty(x)>Ln=1.. No$%ﬁﬁﬁ@ﬁﬁ§&ﬁﬁﬁ%%%#T,ﬁmmmﬂm%ﬁo
w,b
X T
1
arg min{= || w ||}
w,b 2
st. t.y(x,)=2Ln=1..,N

XA inequality constraint ] quadratic programming 7], (& &) &)

ik, Seiid Lagrange function:
1 N
L(Wv b’ a) = E ” w ”2 _Z an{tn (WT¢(Xn) + b) _1}
n=1

H.rp Lagrange multiplier mEa>0.
KR, ST L(w,b,a) Jext w, b sRE/IME, Fixta sk KE. ik, Sextw,b

N N
RIGFSIFER SN 0, NTIHF -—#5am¥%z: w=Y atdx,) D at =0 . A,
n=1 n=1

PR &R ER L(w,b,a) Zia Xt w, b, WIS E] 7 H AR 3

_ N L& W
L@)=>a, —EZZantnamtmk(xn,xm)
n=1 n=1 m=1

Bk L) F3 2 R 2o 4R a st 2 B (iR .

N
W= atd(x,) A () =W () +b, 75
n=1

yx) = atk(xx,)

A kernel BREL k A F TR LI RE, #BAREK(X,XY) = @(X)T ¢(X) -
(3) A FI AR KR PR
MR KKT 25, o i (1) e o 5 A2 <

a,=>0
ty(x,)=1
a,{t, (y(x,)-1=0
X 3 TR n BOLERS 3%, KW a, =08t y(X,) =12D0F— 4 ror. ik a, =0,



N
2 2445 prediction B, H y(X) = Zantnk(x,xn) W, 2 n TURA N 0: XU X, % T
n=1

fif prediction ANEANEH, FTLAEIZRTE G, mF T a, =0 K, #i/e support vector.
XSt Y(X,) =1, R U e 2 y(X) =0 Bl i .

SVM 5 [ i 1 3% 6K A S — ) sparse model
(4) f# svm BiEl——smo Hik

4.SVM: The overlapping case
SEBRA BB T RE VAL M A B s T HLRIME MR 1M S, T BE R B overfitting.
>0

, A4S JE R E R A R F
decision boundary [EREA/NT 1, BHRAANTLI-E . MR WARFZMAL Y(X,) 213
AT LY(X,)21-&, -

NIEXTEEAS training data X, , G A —A> slack variable &,

FARLEY,  H bR & B e argmln{—||w|| +CZ§} T A2 AN 2 24 TR S5 A

n=1

Ly(X)21-& , & > 0.3 CR /Ml penalty 5 margin (148 : 7E #1145 1€ overlapping
5 overfitting [T, C HH24F 55 K.

2% 1 L R T FE AT 7749 51N, Lagrange function, 2456t 550w, b Al & SRl /Mb: X
Lagrange multiplier KEL AL, (EXANFEH, BT & EASHIIN, FIBE AR —

A~ Lagrange multiplier. AITERG/3EIH dual Lagrangian HHAE & 1) multiplier, dual

N NN
Lagrangian 13 IH £ L(a) = Zan —%ZZan sat K(x,,Xx,) AR KRN
1 n1 m-1

N
0<a,<C,n=1..,NFf> at =0 R —AFE2L-EAa, A LR C, Xy

=}
box constraints) .

ARG —FE, @, = 0/ X, X} prediction AR/ HZ a, # 0 A4 /2 support vector.
mRO0<a, <C, MafE =0, BH X, 7E margin FE7E margin LLE: {Ha, =0,
A X, RAERTE margin Lo T a, =C, & MEBUMEHRAE M, AU i X, o7 fe I 7

7 HPE IS, MRt 1, B E.

5. multiclass{g it HJSVM

XA751H & —™ open problem.



— MK H one-versus-the rest {17575, XAEELEINZE KA SYM. XFHE R T THIFIAL: 26
—, f#1E ambiguous region, XA X 3 H (1) s 4 A e N g T 2 4200, HIL T inconsistency;
=, HEIEAEARARE I TTEE, KA “therest” W— FIRAJHetl “one” B9— 584
L,

6. single-class|& LI ISVM
J&T unsupervised learning, Z3{LLT probability density estimation, 1HH HFIFHAZ Mt

density of data, fii/& find a smooth boundary enclosing a region of high density. 1% boundary
WIIEEUTT 20 4 —A 0 3] 1 Z (Al AMEZRAE, (843 BRI distribution H R H B EE
RN region HIMEZ 945 E HIMEZAA .

A PP LI R i i )

M, fE feature space ', #—/MER/NPEER, I AP ALE B s SOAMIS T B EARE 3
— AN HBIE .

% Fh, {E feature space 7, FR—/NHEEFIH, FERIZGE VI 5 )5 AR RE B RO, (R
JEAE T TR D5 — 0 0 B0 AN B e s 1 2 — AN EE A

4 Single-Class Classification A RIEA: Outlier Detection, Novelty Detection LA

Concept Learning.

7. SVM for regression

&—SVM HT regression s2iXFf: FH—AN LA BE flat KLy, X T FrA R training
data, target value SR y THHE K value Z M EMBEART ¢ I TRANMEEE X, , #H
|y(X,)—t,[<ed. FriBRuTEE flat HIRREL, AR ZRIXA KAV ATAER “f$” (model
complexity), LL% overfitting. iX— mIET] ] regularizer SRF k. KA DI/ AR A
1k, (optimization problem I):

ming. [ wif}

st. | y(x,)—t, <&, n=1..,N

EA_E modeling £77£ ) il LR hard margin 73 J5H) SVM —#F, G45. (1) ATRETCHE (R Mgk
AT 20); (2) BMEA R, FENIB WA HE complexity K&, AT overfitting AR7AS, Xz
WAF] . Ak, BATRVFEA ST U HTE € —tube Z Ah—— SR ATH 2 T BN LA ) —

“Rir”. &—SVM FIkifr =i & —tube MM R &2 -



0, ly(X) —t|< &
| y(x)—t|—¢, otherwise

E,(y(x)-t) = {
BER Y B bR R0t n] LUK (optimization problem 1D):

min{CnZN;Eg(y(xn)—t)+%||w||2}, Hrc>o.
BRAYKIA SUM 2L, I LR AT slack variables K B #iik . ot TR SR X, 3l
AP/ slack variables, & >0f1E >0. 4t >y(x,)+&hf, & >0; HME =0, %
t, <Y(X,)—e i, & >0: Wl & =0. FXPAMEE AR X, AL & —tube Tk “ A
VizEiE”, BIEER
t <yx,)+e+&,
t 2 y(x,) -6,
HHXANTRH “ FPEA I AL AR 3R &, + &, . BIULARE] B AR Coptimization
problem 11):
. -1
mm&g};+éhgﬂww}
st.t, <y(x,)+e+<&,
t, 2 y(x,) e &,
£ >0
E >0
Hepn=1..,N.

KA HAFREOET &0 & R A, EIAR 7 BERL 73382 F Lagrange multiplier,
T 49 BT g B PR 5 I B KKT condition

4, LA optimization problem 11l 1 optimization problem Il. optimization problem | ]
KA LW ?

MR E =0 (£ =0), WK X, 1E & —tube 2 s X X, & optimization problem |
L3R, FF HLA75 optimization problem Il f1 optimization problem Il H15] &[] penalty 34
0, WAtRH =% .

MR E S0 (& >0, R4 KKT ZIEAHAB, W BAE t =y, )+e+E



(t,=y(X,)—&—& ), K FEME (Y(x,)-t) BIFETFE (£, AMEE =0
(&, =0); XKW, JifN{E optimization problem Il F1 optimization problem Il 1] H 7 i %
/Y penalty /&2 —FEFT. 20, & —F.

2 F/r#7, optimization problem Il £l optimization problem Il Z54/) .

8. Relevance Vector Machine: RVM

1X & sparse Bayesian model.

FHEE discriminant function ] SVM, RVM s&—* discriminant model, JIIZxf5 25 10ME %,
1M H. RVM 15 21 125 — Ltk svm SERGEE, TR T NG | prediction FIR0%K

1M SVM 5 Z AH L, Bl 252 : complexity 4§ C 75 EL 5 afi e 58L& H cross-validation K34k
by definition, SVM HEEH Sk 2 p2k4%,

SFF RVM, 5181 B AR H B 2 26 M regression 146, A 5N AT classification. 151 SVM
(R TR A I

RVM for regression
RVM E:5Z5 /& — linear basis function model, RASH w K 4eI0 LA A E . Kt
I5IHA LR

y(x,w)=w'(x)
ptIx,w,B)=N(t|y(x,w),5™)
(B T oe i, R

M
p(wlo) =] [NW 0,07

i=1

R, XWER Cp(w|a)=N(Ww|0,al)) HAR. 7ERVM 1, S w HIEA S EEE
—/NST H) hyper-parameter S5 ] .

YEH— Bayesian model, RVM LLifid marginalize KK predictive distribution 4 H¥x; 1H
TESLZ R, 752 F maximize marginal likelihood KA1t Hi hyper-parameter FI1E, a fil B . 1&
BA N> observation X, (REANH] L 4EE), A RAT B — M EERE X s AHRLK target values

WA B—A MRt = (t,...,ty) . T/&H marginal likelihood:
p(t]X,0, 8) = [ p(t| X,w, B) p(w | o)dw

o p(t] X, w, B) &1 likelihood . % K AL (with respect to a1 B35 o F1 B

A, E—ASHEdE X, B predictive distribution:

petx X, ta', 57) = [ ptIxw, B pw| X, t,a’, £7)dw



Hea, pw|Xta',B) 2w HEkE.

RVM HIFEBETE: 75X marginal likelihood % K4t (with respectto oo fl ) (I FEH, o ]
B KENBEHEET LK, ATES N(W, | 0,0, 7") B —ANEERIE 05 il
Ui, XFEREMEw FRERN W #BEZ 0.

RVM for classification

%% & binary classification. #4 Y(X, W) fi—4> logistic 4, {FHEEGMEMRE GANZE
BHERD, B y(X, W)= (W' ¢(X)) = p(C, | X, W) . SRJEEESH L MR A -

D(Wla)=HN(V\4 10.,7)

55 ) marginal likelihood Ft KL TR i o (KT classification, CLZAH B). T T
T AE A Bayesian Logistic Regression 2810 7. El: 4 Laplace approximation {11 Hi J& 56 #if
#, SRJ5FH marginalization ) 772K i predictive distribution.

RVM F Bayesian Logistic Regression I AN [A] KB —, Bl RVM ] prior 15 # 4~ [F] ( Bayesian
Logistic Regression ] prior /& p(W) = N(w|m,,S,), &G HESH, m&E T [HE K
parameter). fiTEL RVM 5 —ANEAT I TAE A TH o « 2 J5HEER Bayesian Logistic Regression
—HET



Model Time for Training Time for Prediction Remark
SVM (Frequentist N? approx. \"

Sparse Model)

RVM(Bayesian Sparse

Model)

Gaussian Process N? N’

Frequentist linear M?(N+M) M

basis function model

for regression

Bayesian linear basis MZ(N+M) M’

function model for

regression

(get the necessities of
the predictive

distribution)

(specialize the
predictive distribution

for given data point)

Frequentist Logistic

regression

Bayesian Logistic

regression

Frequentist Neural

network

Bayesian Neural

network

N: number of training data

M: number of basis function

V: number of support vectors

Parametric/Non-parametric

Frequentist/Bayesian

Discriminative/Generative




Chapter 8 Graphical Models

1. {14 s&Probabilistic Graphical Model (PGM)

—/> joint distribution ] PGM &¥& —NEl, B A B98N TS0 BA 2 A HH I — AN BE L AR
B, MR RIS S

(1) R A mE (Bayesian network), WIHAER—ANriX , WH M EERT IR SK4E

& pay, WA KT 1% joint distribution, X4%55E pa, fa, X SHERAEH descendant 155k
fEAhST
(2) WRZTHE (Markov network), MIXHERE —2% (X,X;), WA4: XtFi% joint

distribution, %5 EBRIX AN RUZAMITT R OXN\X, X 1) Ja, X 5 X Ao,

PL_EsE S, %F—A> graph, F joint distribution FTE XS HIK T T semantics. X{#751%
graph HF IS 14 5 AT DAGE IS A joint distribution A BEHLAR & 2 18] I M (G A Bz o
R, A4 graph FRARE X joint distribution F14% 37 M4 ] modeling 5% encoding.

2. joint distribution " (IS 1 5 graph H (AT %

EIRX PGM 58 X, BRI T —™ joint distribution P; graph G H g — 21U REANREAFTEHD
BLE 1% joint distribution /& 7531 & FH 1) 25 A S A i o

BLAE 7] L -

(1) BT XHEFEIRASL, B G REIRE & HAh K &4t ?

e Al fE

Bayesian network 7E € X HFARIL T 45 € J5 5 H AE descendant 5 SO, 0 41X Le

SEPENEES 1, (G) 5 1T Markov network 78 5E SCHARIL X T AR EIER &%, X, > ZBR

Mz ANHAD SRS e e, A WA MO, e e s AR S |p(G) .
B (G)RR~KE G CHMIBLLH) Fraa & M4 & phartd:,  I(P)3R7R joint distribution P
FIrea & W AR S A S e . XA AR, 1627 1, (G) 8L I, (G) nTfe b E B K ?

X/ J Bayesian network, i Hi D-separation JI5E () 4 B 2k AR AL EIL N 1) (G) - FTiH
D-separation #&ff: &% A, B, CR=EANHEAAZHIFENALEES HR X ={X, ... X } 1
T, DEEHE AS B ZEHRT C ML,

FRe AL B R S A A T REM) path. —%% path 4% blocked 24 HAY 24 HALE T iX

/A#/I\iﬁ,5



(i)iZ19 25 _E R ik B /2 head-to-tail 5K, tail-to-tail 150, FF HiZ T SJEF ¢ BR&F

(ii) 1% 55 LR # Sk LRI 2 head-to-head [AME L, FF HAZ AT A1 LA S Z T A 1 40
decedents # A& T C.

IR A 5 B ZIAI4HRH path #4% blocked 1, HBAKK A 55 B # C %45 d-separated 15 BLAF
HA A5 B KT AR,

(_Eik path K& X: MERZBEE REPHEHL, IE—NLHLNEE. A2ERE

% path 215 blocked I, A XILHTKFH B LD

Xt J° Markov network, fi % U-separation ¥ 5E ) 4 i 2% fF M aric 1 (G) -
U-separation Z&f5: XFHAN G F AR TFEX MY, WRMNFHENH DT ETEZ
45 X A Y HE R AN R B R E R A L gt z, WA X MY KTz %A,

PLE A B 1) AT 4 55—, D-separation FI U-separation FITH5E 45 14 AT )
statement, Xf T joint distribution P Tfi 5 ML CEATER H RS2 SRS . B,
ly_p (G) = 1(G) (FHIED Hl,_,(G)=1(G) (ERmED.

SEIBHE, LA EPISRHT AT UE R IER .

(2) BIGHIRBAE T4 P R K AL ?
A, BEWLRIERIZ, X Tl P e ki 6, A 1(G)c I(P). M2t 6=

P IJ—4™ I-map.

(3) Bl G RBERES P AN EHIFAFHULE?
Agz. HszME) T LuaEd Es 1(G) < |(P) i —m % .

I-map: GIHE— graph i 2 1(G) < 1(P) , WIEIXAS graph 21X A distribution ] I-map.

D-map: {1E—4> graph i 2 1 (G) 2 I (P) , M iX /> graph /21X 4™ distribution 1) D-map.

Perfect map: Wi —/ graph 2 1(G) = 1(P), NIMiXA graph s&iX /™ distribution H
D-map.

HAZFTH K73 AT #A perfect map:

it: 4=#B4 Bayesian network {F 4 perfect map {43 4fiy DD, 4=#B4 Markov network £ 4
perfect map 140 4i & UD, #4 DD =UD, DDNUD =3 .

3. PGMIZEA B A4
WF—AN3 A0 P, UL L HSRE PGM G, G X T P B4R X ? WRE T8,




BAE—FIE R FHEZ: G2 P —A I-map. AL, X4w XHRA—NE G, BT
2 WA B R A LA ((G) & P2 & A S5 A AV 1(P) ) — T A

ARG FEA R e

SEF (factorization 5 I-map)

%f-F Bayesian network: 4347 P ] LA factorizes over G, 24 HAY 4 G /& P 1Y) I-map.

XFF Markov network: U4 P /&—“ Gibbs distribution factorizes over G, 4 G /& P ] I-map;
k2, Bk P s&— positive distribution, W G J& P J—4> I-map, H4 P &— Gibbs

distribution factorizes over G,

FRFEMBRH T “P factorizes over G” & &,
P factorizes over G:

%} -+ Bayesian network, JEig: HEK G, A P WTLAIEM 6 HEATXFE MR
K

p(X)=H p(x, | pa,), Hrh pa, R A X RTIRT SES, K 24 random
k=1

variables % .
X+ Markov network, Z¥g: K G, A P Al LU G AT XM 0 W

p(x)zgnwc(xc), Foh X B MERE, wg (Xo) > 0 5 e AT i
C

%L (potential function), P(X) 4B B K 11 potential function #H3, ZRJEH z kIH—
1o

e, 6T B PEA# L Conditional Independence 148, DAEIZRIA M7,
Factorization 1A, PAERES B

4. M\joint distribution#l|graph

AT A LT i) R A iR

(1) —o3Ai P AT LUE X D graph?

mTPAEX G, HHAY G & PHI I-maps FTLA, XAAEESEN T 7040 P K 1-map A
24 G &P KA I-map, LR 1(G)c I(P). Hik, 1K G, REEHL
X—pl, BZ P -map, WELRESS oA P sE LK. & trivial FIFIT 272K, BN
XFER1(G) 2D, WRIATATHFAAMINE . BT SE 2 ERZAEE 54 P 1 I-map.

(2) WBAN 1-map 2 & A ST BRI AT P TR ) SR A B SL 2 ?

KA MR T: GRS P —A I-map G, f (G) K. BFE U, B X —
A l-map Bl HLE, IXFER 1-map IY{ minimal I-map.




(APER= Py

B, A random variable Fik A B — T

SRJG, TENTRIZ NI . XEHEA W E L, R Bayesian network 1 Markov network.

X TR Markov network, EIXFEEAL: AR X, X, WEREAIKT
XA, X P ARAFIST, A ZF 2 (MJEIER::; BNNER K LML, XTHEMN joint
distribution K1, FRATAT LA M3 i1 L3R i CL K (K /& random variable M40, Ml
W EAIZ I AR TC ] -map.
XF T 1] 4] 1) Bayesian network, 1 X AE ST AR N AU X, B RESRAF AT P(X | Xps e X)) o
i 77 £ 2 B X, e{X,... X} » fE U joint distribution i £ A fF S L

POG X X)) = POG X X PN XG) 5 B AFE X X X3 P PIBR s LIS AR RFEE,

BB E, 53474 pa, c{X,.... %} I LLEEA pa, T s ik
R BAX N RER . X T45E /Y joint distribution SR, FRATRT PLEN TS RS,

M R % AR A B -map. GERE: FRWAX B, FAIS TER condition &
{X o X o} XA OR T 551 graph —3E /& —> DAG [, MIfifF# Bayesian network
I o)

DL ESVRTR BRI : X RIS ORI B2 1-maps PARCANFAE LLIX TR /N (28 & 264 Jhar
EZ) 1 1-map.

(3) TAFEMANAFE M graph, EATESZ P 1 1-map, 1M HLZL & &AM 4L G AR R 2

BT graph AJ LABEEZ— conditional independences 84, 4, WM graph H
Jr 2 & 1) 4 ¥ conditional independences —#f, B4 BN NX A EIREN T, KA
l-equivalent. 1X/&—NEM KR, 4 graph ATTEMICR TR SN K. BIANERA—
FEIf) graph, 1E I-equivalent 3¢ 2 T # AT i & 254 1) .

LA 1) | DAG Jyfl:

Skeleton: — /™17 1] &I () skeleton 2540 & b (147 [ i Sk 25 45 5 900 100 0 I L R AL

Immorality: 7] EF]—™ head-to-head £ty (Bl X>Z€Y 45#)) 2 — immorality,
WA XA Y 2 RS ELAE A E R .

EHE: B 61 M G2 &R S L graph, 3 l-equivalent 24 HAYY G1 5 G2
(1) skeleton AH[A], T H EAG #H[E ) immorality.



5. F 81 2] graph A7

Local independence 5 global independences:

X1 F—* Bayesian network G:

Local independence ffJ/2: fER— X, H4E pa 5, X SEREM descendants 2
AT RIS ST . 84 Local independence 9 1,(G) .

Global independence 5 J/&: Hi¥i D-separation G Hi AT (5 & . iC 4T Global
independence 4 1 (G) -

ZHEWRKFR: 1,(G)c 1(G) < I(P), P joint distribution, 5L -, 1,(G) 5 1(G)
M, 1, (G) ATEME 1(G) , Rz RS,

54, 1(G) Z5e&m, Wi, & G nl XML conditional independence, #i—i&
eaaEE T 1(G) d.

X}F— Markov network G:

Local independence £ i fifl . 25 —fi72 pairwise independence, RIXAE RPN 51 X, X »
ML EREAISMIIAR R, ST XA | (G) o 3 U2 Markov blanket
independence, R F & — N9 5 X, » 2445 7€ B 1 Markov blanket Ji5, %15 /5 HAth 4k Markov
blanket 1[5 b7 X RS A 1, (G) -

Global independence 512 : X T4 G - sl fI14E X ALY, R 45 € 1) o — A
TR Z, EE XA Y PR AT A WM E R L A z, BaXMY KT 2%
Ppar e ARSI 1(G) .

BE=#MXAERI(G) L, (G)cI(G) . Fk LwmEandi P &—4 positive
distribution, H8A = EEEM

F4h, 1(G) 25,

6. PGM T AE I 12 5 S i 12

PGM BAELTE

Joint distribution & A Ef) (random variable K%, Z B ARNE L, S AI4ERE K
=, MELLIRAS direct representation). {H & random variables Z [A]477E K74 A TR AL joint
distribution &It T & # joint distribution FTZE & HMSL MR R, FRIEF|—A graph H.
SR J5 work on the graph, #£T graph #f 7% inference %572 (115 marginal &Y conditional ).

PGM [y 3zBrid 72




SEBRAIZE joint distribution A B ] BEERME LASRAFELERIL, FEAIWONE T 1-map 1. FTEA
SEpRd e, L EBAE graph B2 TR, #H23H H4E joint distribution ) I-map, #RJ5 work on
this graph.



Chapter 9 Mixture Models and EM

1. EME.E (Frequentist: Maximum Likelihood EM)

Probabilistic model H45 observed variables X /1 latent variables Z. —-# [fJ joint distribution
N P(X,Z|0), tiz% 6 5. (3T Frequentist T, AR @ f&— AN &AM, M
ARBEHAE D

LB 4% $R3 @ ZHL, 1175 observed data FIAREAAL: p(X [6) =D p(X,Z16).

Z

IR BN p(X | ) RAEHHME, {H5F complete-data likelihood p(X, Z | @) #%t
B B, BT Z WEAT], XANES R LH L.

EM B

FIN—AA0 Q(Z) » ITTHESTEEIR In p(X | 8) 2t R GRANMEAHEE q(Z) Hoar):

Inp(X6)=L(a,0)+KL(q]l p)

Hr,

b(X.Z|6)
L@6)= Y a2y 210
KLl p)=->a(2) m{W}

EM 5L BB AHET: (B @ A4l 12 677 .

(1) [ & 7E 6™ F, maximize L(Q,0) with respect to (Z) . X H #% % ff
q(Z)=p(Z | X,0°) HIAr. CE step)

(2) 7EE q(Z) = p(Z | X,0°") F, maximize L(Q,8)with respectto @ . Xifaietd
H—=AMHSH O™ . (Mstep)

AR, B3k AUE AT Bl In p(X | @) K. 7E E step fr, HsZIn p(X |8) &
AEA, B RE R q(Z) s, e q(Z) FEAREsE In p(X |): 7E M step 7,
In p(X |8) th TH gk, B L(Q,0™)>L(q,0%), MmEHKSH™ T
q(Z) (B4 Estep T &R p(Z ] X,0%)), K% p(Z| X,0™), FEL Kl(a||p) KT 0.
KA LRI In p(X [8™) > In p(X |87%) . XFE EM B —R, SHETEE
ERINi[pEi

PR EM -

(1) Inp(X|0)50q(Z) Tk, HIAERESEq(Z) AgmrgInp(X|0) fE. Frl, XT



q(Z) x L(q,0) mktt, RFZEEq(Z)=p(Z]|X,8), BIKL(al|p)H 0.
(2) 7£ M step H1, W1f] maximize L(Q, @) with respectto @ ? FHsZ b, & q(Z) N (M
RIXJG) ZMERMESS,
L(9.0)=> p(Z| X,0°)Inp(X,Z|6)- p(Z|X,6"*)In p(Z | X,6°%)
Z Z

=Y p(Z| X,6°*)In p(X,Z|8)+const
z

HE EARES R O 45 0 %, Al maximize L(Q, @) with respect to @ 554 T
PN
Q(8,6°)=> p(Z|X,6%)Inp(X,Z16)
z

with respect to @ . 1 Q(8,0°), IiE/& complete-data likelihood In p(X,Z |6) (M £2%]| X
JEHDZ SR p(Z | X,60°) T, 7] W, M step ] Maximize ] IE# /& complete-data
likelihood {2 .

EM B A R3] TR (E step I, THEIHIIEQ(,0%); M step EE A1k
&, HAEXT 0 5 K1Q(8,6%)).

P EM KRAERIZ (fif observed variables 1) ISR KALHKIZ %L, 1XJ& T Frequentist [
HEZE; XIE/RAGILH Bayesian [ EM.

2. Gaussian Mixture Model (GMM)

K
4, Gaussian mixture distribution /2570 fii:  p(X) = Zﬂ'kN (X | 4, Zy) » AT LABRAIFIX
k=1
I 2 — N34 . 1 H'EAJE T Exponential Family.

fii¥% random vector z s&— 1-of-K KA, Horfik: p(z)= H”k -

=1

K
0<m <1, B) x =1,
skt p(x|z, =1) = N(X| 4, 2Z,) . HHRG, 7 x KTz f5F
K
p(X|Z):HN(X|ﬂk’Zk)Zk °
k=1

K
M2 LA E] x i p(x) =) p(2)p(x|z) =D 7 N(X| g, Z,) -
z k=1

GMM HJ &R 245 2B N A x W EL 5, #i € 1 Gaussian mixture distribution )54,



DA st 3 EM (SRS P z J2 latent variable, x J& observed variable. i3] N />
Mg, DN X, HP AT R —DEIE x: BOUEMEH A —MHELEY latent variable 18,
WWANZ, FFERET

FRHEIX L observation, 752X} Gaussian mixture distribution 1T inference, #RF|H =
Kzt m={r k=1...K}, p={u k=1.,K}, 2=, :k=1..,K}.

M EM I RLESR UL, X S SRR i i R SR R p(X | 7, 1, Z) RAFH HRHE GMM,
AR Inp(X |7, p4,2) = ZN:In{ZK:ﬂkN(Xn | g 2, )} FESEHIAEL In AN F2 BEA%AE

n=1 k=1
HF Gaussian, Ti&H — KA. FHXSECRSHEN 0, TLiES 3 closed form solution.
Y —J71, complete-data log likelihood #IAHX} % %Kk . WRIE GMM, XANBIIR A :

K K
p(X,Z 1z %) = [ [ [ 7 N (X, | o B)™ o BT A

n=1 k=1

K K
P(X,Z |7, 1, %) :Zzznk{ln”k +INnN(X, | 4.2}

n=1 k=1
AT AR I, ZE 80 | complete-data log likelihood %5 7] DL B 422 5K H b fi o (B H: ) FLAE T
HH ) Z 22— latent variable, HRAEA SEhRMELRIMI{E, K complete-data log likelihood
BOEHE . IR EM, PNAZIFE R ZIXA likelihood TE Z I fE IR T I,
K K
zZ MR p(Z ] X, 7, 1,Z) < HH[”kN(Xn | e, Z )™ o« CHRHE p(z)F1 p(x|z))
n=1 k=1

£ Z KGR T, complete-data log likelihood 3] 8E & .

K K

Ez[p(xiz|”1ﬂ!z)]zzzy(znk){ln”k+InN(Xn|ﬂk’zk)}’/\EP 7(z2,) =Elz,]

n=1 k=1

R 2, 16 2 MU BER T RO, 50
rN(X, | 4, Z,)

ZﬂjN(anﬂjizj)

j=1

7/(an) E[an]_

I 7, 8 R FRAAE, [P(X,Z |7, E)] 07750, AT LIAHEI AR

1 N
My :_Zy(znk)xn

k n=1

=z

ﬂ'k:

N

z, N_Z 7(z, )%, — luk)(xn_luk)T

[ Z|XZ



N
o, N, ZZV(an)
n=1

B GMM B B OAHSH ™, g0 T . W R S IR
b, WHAERABHR, 152 WRRBE T 2, 18 y(2,) (Estep, Z MGHIERDL
Mot 7 (2,) = E[2, ] WO B 8 =35, i E,[p(X,Z |7 m2)] % F =4 5%
700, T WK, TS BRI 2 5 2™, ™ 2™

GMM IR F clustering: %4 GMM N T clustering [/, St fH K A5, X
BN %, KH 1-of-K J7a0M 1A & z FHSLgmidnifE B2 x g iden); ol 1 i AR
RIFTEIZIN. EEE LR y(z, ), HIE:

1]x,) =] P(Zy =) P(X, 124 =) _ sz(x | 44, Z,) R

ZIO(ZnJ =D p(x, 1z, =1) Zﬂ N, | 4,Z))

p(znk

y(2,) R X AEE, X BT HE kAR SR 4, 2 GMM (I Zd FEgs s,
A= KSH o, p, Z T LA A3 (2, ) » MITEE T — AN RRIITT %

3. GMM¥ £ ffTk-means
XA 5 T S S . k-means J& GMM ) — MR o
B RZINR B, X T clustering, k-means #&—7)> hard assignment of data points to clusters;

B2 GMM & —4 soft [¥] assignment, AT IHHEIE —MEREME ¥(Z,) -

BBAE— GMM, BN ST R SR g, 7 2R R . itk 800 50H
HEMBME, ERENWHTTZEME. AN L oMM A, IS5

)= exp{= | X, — 4 II' 12}
nk/ 7T K
> expl-ll x, -y IF 126}
j=1

(2

BEBAETA K A X, =gy [Pt BN AR X, — P e BSRE 5050 BEIRIBR L
exp{=|l X, — . IF 126}, WKL, 26 > O k= | 881, 5 FR04k=],
S RERISY THBA 1o X

Ok=j

limy(z,)=
a—>o}/( nk) {Lk:j*

YL (0 (20),00 M 7 (24 ) R T AT 1oofK SII7 X ST GMM Hp



N7 —™ hard assignment I T,

T HAMSE, FTUESIE & — 0 il e, #AAH k-means —#F. N, BONE k 28
HIREA RE 7 BONSE k RRIREAEL S B LB, (HE k-means XM E O A A
M RS K EPTA FEA R 0 1 K-means i1 cluster means [ /75 & cluster covariance.

B¢ )5, expected complete-data log likelihood £ Z [1] )5 36 MER T [ 322 .

K K

1
E[P(XZ |, 2] > = 3> 7(2) 1%, ~ 4 I +const

n=1 k=1

g, GMM R E, [p(X,Z |7, i, Z)] T k-means [ #/MY. distortion .

A7

W0 A p(x) A2 TR 23 A1 7772

——HUAF L Inp(x), AW 22 FL AR 1) x A 20 HEAd x AT BLJ& — random variable, % Bayesian
H14E NS HL ) random variable.

(ZLE

R Inp(x)7& x & KR, A p(x)5t & Gaussian.

R Inp(x)#& x Fl Inx FIZRPEA A A% A4 p(x)ik & Gamma.



Chapter 10 Approximate Inference

1. Approximation
Probabilistic model [ — central task: %5 5E —%H observation X J5, 1% latent variables

Z G5 Z P(Z|X). LAJZ—%E expectation with respect to P(Z|X). EZIHEM T P(Z|X)/&
analytically intractable ], Xt 75 24 approximation J5i% .
Latent variable: W Z¥ A W22 2| HI#FVT°N latent variable, LUI7E Bayesian Hf¥] parameter
"B/ random variable). fE Probablistic Graphical Model [{JWl 35 E , parameter FI%E LI
latent variable f{IAN A3l /&, parameter FANECRINE 52 31 (1 B4 (AN EOTE 52, (HA2 8K LA latent
variable | 5 H AH K.
Approximation /5 7%: 47N deterministic J7 % Ml stochatic Jiik. Bi ¥ B +5 Laplace

approximation, variational inference %§; J&5# f44% MCMC sampling &5

2. Variational inference

H[@: —> probablistic model P(X, Z), i observed variables X ={X,,..., X, } #l latent
variable Z ={z,,...,Z,}

HHE: NJESAEZE P(Z|X)F] model evidence P(X)3% approximation.

B
FIN—NAq(Z) , i px) i k: In p(X)=L(g)+KL(q]| p) . HHF
L 2)IngPX Dy
(@) =[a(2)In{ @}
L@l p) = -[a@) B ez

HR, MAZEH q(Z) Rl PZIX). Qe =& AT ? LU Kual |p)ER
—AEERFENR . K, BIERZERE] A a(2), f KUallp) M.

RIE, PZIX)AE 52 intractable 1, T DAELEHE AR BIME KL(q| |p) /MU a(2). HZ
Wi joint distribution P(X, Z)EREZAH, o T —ANEE: BT Inp(X) FMER q(2)
MIIEECIE IS, Frbli/ME Ku(al 1p), S50 T & KAE La).

Ri: q@)fFEERRFRE), AT ETRE &AM LI, FES qz)LRE. %4
T R ) J5 I A2 e tractable 55 flexibleo ¥ F AR BR il /B AL A «

q(Z) :HQi(Zi)

B st . Herb i) ZH R Z 10— AN TR R



a(Z) 8% N variational distribution .
S q2)f 3N Lg)zt, 53]

L(@) = [[Ta{n p(X,2) -3 Ing}dz

=J.qj In p(X,Z;)dZ; —J-qj Ing,dZ, +const
=-KL(q; |[In p(X, Z;)) + const

o, Inp(X,Z,)=E,[p(X,Z)]+const, 1M E, #mfresni[ [o,(Z;) Fkimz

CRP DA SR AE X 95— AN 13D o S KL L(a) with respect to ¢, 24 T /b
KL(g; [IIn p(X,Z;)) with respectto ;. i KL IIPEST A
Ing’(Z,)=E
ZiR:
ARSI T NG (Z) AR R BRI T HAl i M2 AR AL A | ] 0 (Z)) -

[p(X, Z)]+const

i)

FIt LA variational inference K f#f# L(q) i RALHT q(Z)F) 77542
B\, Vst —"1a.(Z);

WIE, BA%IEQ(Z), ERMABNALET, Kiig (Z,).
AL RIS, BN Lia)h 5% AN T § (Z,) & convex .

3. Variatioinal inference . 7=fl: Bayesian Gaussian Mixture Model (Bayesian GMM)

Bayesian GMM:
K K
H, GMM & p(X | Z,u,A) =HH N(X, | 4, A)™™ o 7E Bayesian H1, %S5
n=1 k=1
J& random variable, 752 N EA 15N prior (#B4& conjugate prior):
NOKo
pZIz)=]1]1~
n=1l k=1
p(ﬂ')zDir(ﬂ-lao) ’ /ﬂ\:qjaoz(ao """ ao)
K
P, A) = P(ae] A)P(A) = [ T Nt [ Mgy (o) W (A, [Wo,v,) + EEE component
k=1
[ Z 4[] conjugate prior #{/& Gaussian-Wishart 73 4fi .
5 JE, MRAEIXLE random variable Z [A][) ¢ %, 7] LA45 2] PGM FIAH M. [ joint distribution 73
. p(X,Z, 7, 1, A) = p(X | Z, u, A)p(Z | 7) p(z) p(ae| A) p(A)



VRS p(Z, 7, 4, A | X) :

% & variational distribution (Z,7, g, A) , FFIRBREILo b«

9(Z,7, u, A) = a(Z2)q(z, p, A)

Wt /& 7E parameter random variable Fl1%% 3 latent variable 2 [A] {73 i 14

P2 T R A2 R UERY variational inference I 72 T .

B, A a2t L), 133

Ing(Z)=E, ,,[P(X,Z,7, g, A)]+const

= E,[P(Z|m)]+E, \[P(X | Z, 1, A)] + const

HAFIFH T joint distribution p(X, Z, 7, u, A) I fEVERT, LARIEE z BRI EE N
const. HE— Bl H R

N K
Ing"(2)=>>z,Inp, +const

n=1 k=1
1 D 1 .
i, Inp, ZE[lnﬂk]+§E[ln|Ak I]—Eln(Zﬂ)—EEﬂk,Ak[(Xn—ﬂk) A (X — )] 7T

W HHEING (Z) BT % TS50 .
WG, &k, p, A) Ak La), 32

K N K
Ing"(z, g, A) = In p() + D In p(eg, A) +E,[p(Z | m)]+ D D Elz, IN(X, | 4, A ) +const
k=1 n=1 k=1
AL, T (g A) T AT 2. BAh, EREE, Ing (7, p A) TS
RIEIET 70 10— LA ST o, A B840 1 T EL g, A BRI LASE T kA0 XA FRAT173
K
) (Z, 7, p, A) = (Z2)(z, o, A) = A(Z)a(7)q (. A) = a(Z)a(@)] [ ale. A) - B Lk

k=1
variational inference 11Xt (7, g, A) EetlAb L(q)rT 4l o k5t o () 0 K > e, A, ) -

DL ETRANIE AR, B ECSK, BAG 3 T SR L) 2 il o (Z) Fig (, i, A) -
Pl E 2 T E SR p(Z, 7, w, A | X) 34

Bayesian GMM H 3l B R ) 73 38 K:

5 BSR4 ORVE &AM 43 SR A B T mixing coefficient 77 7655040 T ¥
WA . IERL R I A6 O () & Dirchelet 404 » 245 AT LUREL, & 19 K ANy,
G EAEMME Elr J#aT 0, MIMTE GMM FRASEEIER] . IXFEMITE, AT CLSzEl H
NI BRI o 8 BB — MR K, SR )5 1A variational inference 13 21 bl /5
oA, AR E[x, ]85 0 M5 S ek, N IR K fE



Predictive distribution:
X} Bayesian K it, f52FI0MEZE (AIELD AREAHM. Tl FEEEXLEE—#1)

x [¥] predictive distribution.

p(xIX) =2 [[] (x| 2,p1.A)p(z| 7) plar, . A | X)dd ud A

RT3 B RS 35016 o (o, o, A) A8 L3R plar, e, A | X)) 5 530 AR 1 22580 (50
AN, BRI p(X| X) & KA student t 3 A LR PEA A .

4. Expectation Propagation

TTEHE R

fE variational inference 1, I {BLf5 S0 AE 2 1) 7 v 2 e /MK KL(Q(Z) || p(Z ] X)) with
respectto Q(Z) , Hh p(Z | X) 1EU AR H 452 [ & 1, 11 55— A S 800 2 rT AR i (%
KL 42 Q(Z) [MiZ ). 7E expectation propagation H1, FEMIZ reversed form [ KL, Rl: #x%
/M KL(p| | q) with respect to q, 1M p [fl5E. WHLZLT KL IS A SHEHATHL. R
5E q(2)7E exponential family (q(z) =h(2)g(n)ex ppiu(2)}) MEE NN, LA KL
iR KL(plla)=—Ing(m)-n"E,,[u(2)]+const , HH [y const &5 natuaral
parameter ] LXMW & . N T &/ kL, BHEXFnp RSFIHEN 0, 53:
~VIng(n) = E ., [U(2)] - AATHHEE q(2) exponential family F4) i, FTLASEA 53 2 5

~Ving(n) =E,, [u(2)]. FkmH2: E ,[u@)]=E,,u@)]. &%, #E a7
WA, ik q)IENRD R ERET p@IHNS . Hid 2R moment matching.
A8 : TSN probabilistic model HY, joint distribution A LLIXAE 73 fif: p(D, 0) = H f.(0) -

Hrf, D /& observed data, @ & latent variables (f15Z%0). MEEIIHGFK 54 p(@| D)

Fil model evidence p(D). % ., p(ﬂD)—HHf(e) p(D) = ij(a)da

i model [—ANSBLRAT AT Glid) BT, XIHE f(8) = p(x @), LlEk—
N £, (8) = p(6) -
Ak S

4 q(0) = H f (@) Kizfl p(@| D) . Hrr, A factor f :(8) HHFLT model H(1

—1(0) . BATRE: f~,(0)7'j exponential family [FJ434i. XEERITE, ©48q(0) e
exponential family HJ5345 (FHIE S5 L2 L family BI040 ). NUESEELLIE L, Jrvkdi/h



1tk KL(p(@| D) || q(@)) with respect q(@) -
PEYHB-
xtq(8), BEAHEET F,(0), ®A1A F,(0) B f,(60), MifisEsls—4 i

%4Am¢%m Hrh, d%m—%%% j:IﬁWM”wme%E*%H¥o%E%
i

WA revised ,(8) . iR RME KL(% ,(6)" (8) || 4™ (8)) with respect to
J
q™"(8), FHEq™ (@) s exponential family {1434, XAl LB moment matching 3K

new (0)

s, BgO) R, s 70 -k 0

o KRS TR 0™ (8) FTLA
e —AATF. TUERK =2, .

PAbd R AT 240, R R fj (0) BAEIE, WMAWHERE RIS, A2 T &
J51¥1q(0) -



Chapter 11 Sampling Method

fRi¥: C& A4 AT A (0, 1) X T8] BB A) 4 A BE LA
[ MIrAi pl2) kA

1. Jifitsampling method

BB AR A REGE F(x), 27y 20, 1) BRI ARENLAS R, A BEHLAR &
F(y) 9504 B 5O F(x)

EATTERE AR FH(Y) RSt

2. 2 T proposal distributionffJsampling
e WA p(z) REEAR RIHE, (H AT LAFR B —ANFEXS B8 25 5 K 4345 q(z), B proposal

distribution.

Rejection sampling

L) single-varaible L5 & . 541 p(2) :Zi B(z) . HTt Z, J& pla) 5 2 ekt
P

MHRF
ZATVES B RS, RIAGEAE p2)F 5 z TR TRt E 44, MELLiHE. B
b*z**" exp(—bz) b*
n, Gam(z|a,b)= , o,
! (z]2.5) I'(a) i I'(a)
BRI RE A, A RMEIRAI A5 p2) FIANREFTE p(2)H5 z MRS : £ normalization
() Z AT — A AE LA R FLRES . BHIL, £ sampling 1, AR AT BURBIAMM S 2

52 K%, AMUMENZ, Rk, TR

KAR I RV T HEAT RAE MO SE, SUBETT TR R Z ) 1T

Rejection sampling 24 p(z)#&— proposal distribution q(z), 1M H. q(z) L FE AR 5 34T
sampling ). SRJEHEI— AR ATRE/NIE Bk, 875 ka(z) = P(2) MER 2 L.

Rejection sampling M1 fEsE: H M q(z)F sample ti— ¥z AJF M50 A
[0,kq(z,)] H' sample th 55 —AMHruy: BKIHE, P EEE (Z), Uy) A ka(z) F77 X
M504, kU, > p(z,) » WHELE S 2, FFEEATEAP IR, SN 2, AFFE 51 p(2)
AT

EREFREE LT k A BRATRE N KN, AR z, AR LRI AT BE AN, AT R

151 rejection sampling 20 .



Rejection sampling HIHR 5 A& 4R, TEZ40RE, REERCRER . Blanms4Efek, n]
TR AR R IE BRI R T ; 1M rejection sampling H, Uy > P(2,) M5 1E 2 w4 JLAT
ERIRE . X SRR miE4 %,

Importance sampling

BRiL: Xt p(2) KA NAER), AT 2, HAlE 5 TR p().
RBEIAEA XS AT p(2)RAE, MR ZTH AR B f2) e A MR . SRAFELAE

S R BT, B LA )RR, T4 E[f]z%Zf(z"))o A2
1=1

p(2) A5 K REH ME, FrLLIRATIE /21514 Rejection sampling R, FRF|— T2 5 REERI 70 A
a(z), FFHAREM q@)REET LAFEAR. A4

e111- [ p(o) 1 @z - [ 2O Doy —Z péz(.); 20

_p@")
e h = q(z") 1% 5N importance weights.

BE— R WA p) RN UETRTE p(2)HI5 z MISERIE% P(2) , H normalization
constant Zpiﬁﬂiﬁ]o EENREYN q(z)qjﬁ%du”jﬁ/l\ﬁiﬁzq’ A4
L
E[1=[ p) ()2 =2 jp(?”z) @z~ 22 Ly rt ")
a(z) Z, LG
p(z")
")’
FIREHL, wT LA
Z

: _ 9@ 9@ 5 aax = 1900 S
Z_p Z _[p(x)dx ~()Ip(x)dx_jq(z) p(x)dx -[q(x) P(X)dx (z B E# A A

ﬁ;qj’ f=

q(z) q(X)E.M
D Tae T

L

15

=1

1

-

|
TR A E:
1 &

E[f]=EzW|f(Z('))
I

Horp, 2O oA N ) REER LAVRERS, T



G P a@")
LRI

m=1

W =

HE, Ew iR, Se RFEES p)E 2 AR50 p(z) » ANfES] T H i,

Sampling-importance-resampling (SIR)

Rejection sampling B3k — > %5 k, Importance sampling RAEETSF] p(z) FIAEA 1T H A 1A,
Sampling-importance-resampling FLfii 7X@ . SIR [FIFE3ET—AN5 TR H proposal
distribution q(z), H AR5 P

g2, M a@) PR LAREA ZY 35 FLiT5E Importance sampling HBT 5E LT W 5

Hob, MEE{ZY (1 =1, L AU HRRE LASREAS, 2orh 2O Henbeh fO iR W,

FTDAIER], XFEAFHEORA) L AMEARIT LB A7 040 p(2); 2 LTRSS, K ek H bz

Gy o

McMC
ST

3. Monte Carlo EM algorithm
1E EM By, E B2 115 complete-log likelihood £ latent variables [1] )5 3% [,

i Q(8,6°") =2, p(Z|X,60")In p(X,Z6) . BAEH sampling 115 AT LLXA
z

KA CERRZ): ACYRTHS latent variables (/5 WA A 14045 p(Z | X,07) ke L
MEALZO 1 =1, L, TREF: Q(O,60™) z%Zm 0z, X [6) .
|

FEM B, R EM Bk ke, kil Q(6,0°") with respect to 8

4, Markov chain

(—) Markov chain #£#8 a series of random variables {z" :1=1,..., M}, &A1 2w F
gppmortt: p(z™ 29, 2") = p@™ | 2™) e m oL
Transiton probablisty: T_(z™,z™) = p(z™™ |z™).
Homogeneous: *fT-{F& m, Transiton probablisty T, #AH[Fl. HL7E X% & homogeneous

Markov chain.



Invariant distribution: P (z) = ZT (z',2)p"(z) » Markov chain [fJ invariant distribution 7
=

BEANIE—N. (T B M hr%BR, LLRiZ Markov chain /& homogeneous )
Detailed balance: 43Afi p(z)#& Markov chain \J—“ invariant distribution, 1552 -
P(2)T(2,2)=p(2)T(Z',2) « ER—ADRHALELME.

5. Metropolis-Hastings 5%

5 Rejection sampling Fll Importance sampling — ¥, 755 8 HEr 040 p2)k— 4% TR AN
proposal sampling q(z). ZIEMITREERFERE: BB YT E14 sampling HETREA 207, 718
LT ARG Q2] 27) R DR MAREAR 2, BATUR AL, 20) 8%
kA,

™ j
S _ z", if accpet
2 if reject

5(2a(2) 1 7
sk, A, 2) = ming, REINZ V) g i 50y oy ki
p(z7)az [z)

LR H S 5E LT ——B Markov chain {27 iz =1,..} . BEIFHMRE, 247 — o i,

2O AT B AR plz). 1T EABRIE p(2)i# /2 detailed balance 261, [FIILIE1% Markov
chain [ invariant distribution.

%TF continuous state space, —H%/ Gaussian centred on the current state {F> proposal
distribution. 1M 1% %347 [1J variance Bt /& — AMERERIME S T 2 variance X/, NI/ state space
18, REAR; variance XK, M SBEELR R, FIFHAERK,

6. Gibbs sampling
Metropolis-Hastings 5% 1) — MRl RE M40 p(z) = p(zy,..., Z,,) T RFF. Gibbs
sampling AL A2 :
Hoe, Mz 1 =1L .M} —WIEME, 1ER% © =11k sampling FI45 R
SRIG, M T % 7 + 1 sampling:
-sampling 2" ~ p(z,129,2{,...,2\"))

-sampling 2 ~ p(z, | 257, 2{7,...,2\")

-sampling 2\ ~ p(z; |27, 2\, 240, 2)

- sampling Z’(\;+1) ~ p(z,, |Zl(r+1),Z£H1),...,Z,(\;j)



LTE M Metropolis-Hastings B% M1 FEIAIR Gibbs sampling. B REXT 2, FIFHERAE, 7245
Bz R 2 iE N 7, WarEqz|z)= p(z, |z,), Hbz, RrnES{s i=1..M}Z%

fz, . MAFE 2z Mz 20, REz, RARFK, Bz, =z, . TRE Metropolis-Hastings

oy P@)AEIZ) _ P2 )pE)PEl2) g
TS0 1) P [2) ) PE |2)

UL, P Metropolis-Hastings AR #I & #:52 . 1X 1E & Gibbs sampling BT 2L

kR AL



Chapter 12 Continuous Latent Variables

1. Principal Component Analysis (PCA)

— M unsupervised learning, N H T dimentionality reduction, feature extraction, data

visualization LA % lossy data compression %5,

2 —: Maximum Variance Subspace

LA N A D 4EMY observation data {X,:n=1..N}, IEZELR]— M<D 4123 [H],
fHi#3 N /) data FE1Z =5 (A5 )5, variance of the projected data is maximize.

£ M>1 4EfZS B H, variance JoE o FTUART LLEANYERE LR ek B —ANgEfE U, , ff
FAEYERE Uy b projected data BARAKKITT 2 £ ZXEHK N5 U IEXZH4EE U, , fi
variance of the projected data it K. XM FEAMIHEAT, EBHKREI M N IESYERE, TR AL
—~ M 4E=E ]

Formulation: /L% EFH U . N /> observation data 7Ei%[F & /17 1] variance of

projected data 7&:
Lyt T2 T
_Z{Ul Xy = U i} =4 Sul
N =
H X = 1 =] . . _ 1 — AT .
Hr, X _Wz X, » S & sample covariance matrix: S —WZ(Xn -X)(X,—X) . B
n n

ERRIRE: Sk UTSU, with respect to Uy . N T REG|| U [|—> 00, T E AL IR,
SRR RO R AR, Buy, =1,

Fil Lagrange multiplier 152, TBAES): Su, = AU, . AL A JE S ORHEFE, #E—Bm
DI UTSU = A BT UTSU, & FRREREE TR A IR S HOSRHEEAE A 68 A AL
S 1 Uy R B ACREEAEL A, (0 B ) B

A S TR, U, BON S BI85 — KRR R MRS E B . T80 T M K
A (LR LR P

@22 —: Minimum Projection Error
5 EANRE R, ANdiehb s M2 X, 53 projection X, Z[AI % 7

Formulation: [} Maximum Variance Subspace —ff, ZEAHE. thanu, , N2HK/Mb

1 " X .
WZ” X, — (U XU P> WRELE WY =1, LS RILE M Maximum Variance
n



Subspace s& 2 [E] ] .

2. Probabilistic PCA (PPCA)

F latent variable z X} principle-component subspace; observed data x X3 T 5K [ data
point. J HARIX:

p(z) =N(z|0,1)

P(x|z) = N(X|Wz+ u,c°1)
W & —/M M principle-component subspace 1] Jii 2 [1] [ 2 14 A5 462 .

XA linear-Gaussian 17, fr LLAT DAAH .15 2]

p(x)=N(x|xC)

p(z|x)=N@EZ|M™ W' (x-p),0°M)
Hrf, C=WWT +6%l,, M=W'W +5°l,,.

ST p(X) s H— AR AERE latent space T 2, AFELIET rotation J5, 735
Rz, i R JE—4" orthogonal matrix: #SA7EFH p(X) £ALM. FA, &W =WR, #
LFIFT R BIEZE M, WWT =WRR'W T =WW T,

FEA33]—A observed data set 5, F LUK} PPCA IS W , u,0” BEAT Al TE. AlH 7 i
A PLs& B2 MLE CH closed-form solution), {24 | i 55 FFia 5, £ & B8R B r BL EM.
Fah, @R LLIAW ,,u,O'2 5]\ Prior, MIM733] Bayesian PPCA. X%V closed-form

solution, HAEELEM T,

3. Factor analysis
5 ppca FH1L:

p(z)=N(z[0, 1)
P(x|z) = N(X|Wz+p,¥)
Hrp, W j&— diagonal matrix. X7 & Factor analysis 5 PPCA HJME—AN[F] 2 4k (PPCA s&2—

/)N isotropic matrix) .

4. Kernel PCA

7E PCA 1, M\ JE 73] 3 principle-component subspace ] projection +& £ % i . 1fii Kernel PCA
B R — AN EHEL 1 projection.

H & —NEL LN feature map @(X) . TR KA data point WU &4k (&



N M 4 Hfeature space . 2R J5 7F feature space #E 1T PCA, 1X X} B T Jii 2= [B] [ JE £ 14 projection.
¥ feature space H'f#) data point (J34{Ey 0, Rl Z¢(Xn) =0 HALEXA M 4L ot

1 , s ;
f’] sample covariance f&: C :WZ¢(Xn)¢(Xn)T o 1ZME PCA DK, MNiZKRMF C KIRHIEE

FRAER R, Cv, = A4V, i=1,.,M. FRILA kernel 7775 —#E, TATAREEEAAZXN M 477
(] it eigenvector equation, 1M v 1% F-#k kernel trick.

Gt —se B, WA Ka =A4Na . Hif, K HKk(X,,X,)=@(X,) ¢(x,) Hmi
N-by-N R4 . IXRERRATHL AT LOERL SRR — A N N5 FEH] eigenvector equation, M4 T E
FEALE feature space R

VL EJ7 A3 3] K MREI &S, BRI LATE feature space HHXf{EE data point x #EAT

projection 5 FL[JEE i ML &V, HIFREE L
N
yi(x) :¢(X)Tvi :zaink(x’ Xn)
n=1
RS R T z¢(Xn)=Oo XF— RGO, AT LAXY data 34T centralize, R

Fx,) = $(x,) ~ - T B06) - T Koy =B06) B%,) 5 Ko =96, ) ) 2110

KR, EHERIZ Rk, ®IF RS X K, ## eigenvector equation T .

4. Nonlinear latent variable models

PPCA '] latent variable /R & & continuous(FH% GMM F1 HMM ] latent variable & discrete)
], {H observed variable % H KA, IH & 26 1), Bl linear-Gaussian; 1fij H. latent variable
A 515347 /& Gaussian.

Independent component analysis

1% : Observed variable X latent variable #&Zk IG5 (B MEHE), {HZ latent variable

M
AF/E Gaussian, A2 2R p(2) = H p(z;) R -
j-1

Autoassociative neural network
.1 auto-encoder, #& neural network F-T- unsupervised learning f—Fh /5%, iXFh NN )
W 2% 45k 2 D /N inputs, D /> outputs, M (< D)/ hidden units; #J% 3 2% . HALrH



2o B S AR R T B

B E(w) =§2n Y(X, W)~ X, |

4R hidden unit & linear activation function, A4 E(W)H 4 mME— MMM, XA
FHRLFREIX N AN D 4E I BHR 52 2 — > M 4E1) 723 8] . 7E neural network I, &4 hidden unit
H) D 2 NIAFIRUEE # i — ™ D 4E R &, N principle component. ANifIX S8 [n] &4 —E & 1ER
AEH—1

U5 hidden unit 2K nonlinear activation function, #:/Mb H br efE0 A AEAT) 1H A2 X6 B T4
HHa gt 3] M 4E principle-component space.

ZL# 4T nonlinear principle component analysis, S 823410 hidden layer.



Chapter 13 Sequential Data

1. Hidden Markov Model (HMM)
HMM 5 X
Xf T8> observation X, #A —MHRN discrete latant variable Z,, T HI4ERR AT

N[ ; T latent variable JE %— > Markov chain. [Kl It HMM 7] LK 7R B — ™ Bayesian Network.

%% latent Markov chain #& homogeneous, tHit/2 i, transition probability p(z, |z, ) %f

R n 2 — R BT Z, 2RO, R ATEL K AN F AR (K ASIRESD, B4 7T H 1-of-K

(Wit J57%387R 2, - IF H. transition probability p(z, |z, ;) 7 LARIRE— K-by-K [FAERE A

(A A entry & — MR, JEHSATHGZH—FD.

PILEL H HMM A -

K K

p(zn | Zn—l’ A) - HH AjZE_lijZk

=1 j=1

k=1 j

K
p)=[]=x ®#> 7 =10<7z <1
k=1 k

K
p(X, |2,,98) = H P(X, | ¢k)znk (emission probability, 1] Z5H A 4L)
k=1

HMM f¥] likelihood function
HZ AR ZHAAE, HMM 3431 observation {X, 1N =1..N} HA ML [F 54 1) o
[Al L likelihood function ANAERS 5 Jl the product over all data points of the probability evaluated

at each data point. HMM [1] likelihood T #% /& Bayesian Network [/ fi# 5 i :

P(X,Z16)= p(z | )] | p(2, 12,0, AT ] POy 12,9

Hrp, X ={x,:n=1.N},Z={z,:n=1.N},0={r, A ¢}. A HMM K4S H 2
0={r, A ¢}

HMM ] learning: Maximum Likelihood EM



FITiH learning, mie #R4% observation X ={X :n=1.N} k%> UMM 112500 ={z, A, ¢} -
K MLE #4725 . HT&4 latent variable, JrLA R RS observation (1] likelihood,

B p(X|0)=3 p(X,Z|6) . Jil EM BIER (% likelihood A fLIIZHLO .
Z

1E EM B35, B3 K B— HMM I inference 1@, 5l /& 115 local posterior

marginals for latent variables. {5 :
7(z,) = p(z,| X,0™)

é(zn{L! Zn) = p(znfl’ Zn | X 1 00|d)
Forward-backward &y 7] i+ H X P4~ marginal. BT HMM [ factor graph J&—Fid, Ar A
WA LA PGM 8 A1) sum-product 52k,

HMM [] inference: Viterbi 5%
fITil inference, At &1t marginal Zi# conditional (I NG IMEZR). HMM i 5 1Y)
inference 2115 : Z =argmax p(Z | X,0) . &R, W T4ER HMM (Bt 28
VA

@), LR X ={X, :n=L.N}HHEHL T, BAEEM latent states (sequence of states)
At 4. RIGHITTIEIEAE PGM JBEH ) max-sum 5%, £ HMM A IIXT RA Viterbi 5325,

2. Linear Dynamical System (LDS)
LDS H A A1 HMM 52— PGM, FLFT AR HIAE: LDS K latent variables ;& IE4EMT; I

H.H: transition probabilisty 5 emission probabilisty #{' /2 linear-Gaussion. FTLL LDS F 4k /&
p(z,|z,,)=N(z, | Az, ,,T)
p(Xn |Zn): N(Xn |Czn’2)

P(z,) = N(z, | 4,V,)

Kernelize

Probabilistize



Chapter 14 Combining Models

1. Model combination {1 Fh 75 2,

model averaging /I model selection.
Model averaging [ /& : Boost, mixture of linear regressioin, mixture of logtistic regression
PLR Z R GMM .

Model selection #Jf§F/&: Decision tree.

2. Bayesian model averaging V.S. Combined model

THEMIX N KT M ELRY) data set D, Bayesian model averaging I\ N'E K H a single
model, J&E UFTETCIEME BIEAW—>: 1 Combined model H, D )% AT HEK H AN
[¥) model, FFHENTREMRN. F&EKH T2 GMM, X1 —4> D, & B EHE T e Lk
H K MR Gaussian model.

3. Decision tree

Decision tree fi#%: CART (Classification And Regression Tree) }z H. 25 {b {4 1D3 fll C4.5.

YEN combined model f] decision tree

PRML It decision tree . A —#f' combined model: & /i # H- 5t /& — 4> model, §57 input space
A —™ region [¥] data point; X T 45 7€ — data point [¥] regression/classification, M decision
tree f¥J root 3| leaf FJIRFILHE, Hi&—1 model selection i #E, B EiX/ data point #f
FHHE—™ model (leaf) SRALEE,

Decision tree ] H AR i %

B D 4EmEdEsE X ={x, :n=1.N}, PLREATHHNE labelst ={t, :n=1..N} Ot}
regression JEE4{H, X classification A& BSHI{ED .

1R85 S IR A OB o leaf IUBE A To 58 7 A leaf fR3X T input space "'t region R,
i EHA N, data point.

XtF regression, X4k R (model R_) [¥] optimal prediction f&:

1
yr_N_Ztn

7 X, €R;

A% X 35k ) sum-of-squares error F&:



Qz’ (T) = Z {tn o yz-}2

Xn€R,
XF T classification, % P, /& region R_Hj&E T30 k FIFEAEL. A AR I R EORE &
WIZRHT E br:
Qf (T) = Z P« In P.x ——cross entropy
k

Q‘r (T)= Z Prx 1- pfk) ——Gini index

R Tk over-fitting (LLUWIREA™ leaf A H— data point, H4 training error BL/Z 0 T,
HIXFERANET), 75EXS decision tree #1715l model complexity. —F /5 k&%l Leaf
FI%H . XHHES 3] regression/classification Ff) H Fr ek %L :

Tl

C(M) =2 Q.M +2IT|

Decision tree Il ZRid FEmt /& i /ME C(T))ITFE o

Decision tree ]l 2k 72
HIGRIN HEA tree HL— root. SRJE IREHEAT TIRB IR, H 2L — € M5 LLAE .
IEFEYHT tree 11— leaf;
1EFE D /) feature (D-dimension data point 5 /& &> data point & D /™ feature) FH—4
feature;
ik H K feature % — threshold;
FR¥E 1% threshold, M 41T leaf 43%¢ H FIAN T4 141, leaf H T A 3L feature {f KT threshold
[t] data point 78 A —ANF 1555, % F 1 data point 48 A 53—/ 2
M43 21— RITE R, TR ) leaf BLIRR 22—

Deision tree LR A
. 45.: human interpretability 2

Bl si: tree struture X data set fREUE, X training data FHIFHIAS, AIREL SRR H —
A tree struture [R A —FERIHT .

4. AN[FZEAY ) Mixture Model

Unconditional Mixture Model: il , £ #[1)7E 5% Gaussian Mixture Model (GMM), &

K
P(X) =Y T N(X| 5, Z,) - EABAAUL B H 7, 1, Z Feil
k=1



Conditional Mixture Model: f5]#l1, Mixtures of linear regression models, Rl Z ™ linear
K

regression model JRE M — M. p(t]|0)= Zﬁk N(t|w, g B, HE0={W,r, S}
k=1

MDA T 250 ={W , 7z, f}, EWKHT input @, FTLLZ conditional mixture

model.

Mixture of Expert: 7t Mixtures of linear regression models #', mixing coefficients 7 A&

HT input s WERAEX LSRR, AT WARHS T input, JEARE43E] T mixture of expert
K

B p(t| x) = Z”k (X)p, (X X) « HrF—"53 p, (t] X) 21 expert.
k=1

Hierarchical Mixture of Expert: il mixture of expert IR —713C p, (t]| X) A& AH—14
mixture of expert, XFEHLA 1 JE IR .

PL % B 8 #77] Unconditional Mixture Model %141 GMM #77% 4 closed-form solution, it
HO T EM BV K AR

5. AdaBoost
J& T model combination #1 ] model averaging. & 1% |25 i M > model {y, (X):m=1.M},

M
4 BJF 1 model HIiX M A Model AR &35 Y (x) =sgn(Y @, Y (X)) > th ar, A8

m-1
Ry (X) BIBUE, BENZhsa . X ELEERE binary classification, FTELI4T S sgn H
Wi .

M > model Y, (X) BHHZIFAR N ZRAFE] . 1 H ANy, (X) I 20k R 9 mT — B
HIEOL Yy (X) BEAT . BARMEE

A data point T —MUE W™, FIHER (m=1) A 1/N (ZHD:

N
UGy, (X) M, 5 EMERECD, = S W (Y, (x,) #t,) A ER, S

n=1
t, e{-1+1} = FKHIFrid, 172 indicator function;

N

D W I(y,(%,) % t,)
R Y, (X) R g, = 22—
> i
n=1

, BRIy (X) FIRUE

a, = Inft=“n},
&

m

HRHE Y., (X) BIVIZRIG O E T B A data point MIAUE, LN T —AMERIIZRH :



W™ =w™ exp{a, 1 (y, (X,) =t )}-

M
[RJRE: AdaBoost %k (EIY (X) = Sgn(z a, Y, (X)) HIEb R B4

m=1

N
[F&: J&— exponential error function, E :Zexp{—tnf(xn)}, Ht e{-1L+1} 2

n=1

M
Fabrid, {X,, t}RIIgGE, f(X,)= %Zamym(x) /& combined model. AdaBoost #&

m=1

— A% H A7 BB B sequential optimization.
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