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National Chiao Tung University

Abstract

The rise of big datasprovides an-opportunity for the enterprises to use data analytics
to gain competitive advantage, but it also brings challenges.to process, manage and
analyze the large data sets. One typical challenge is' to process large volumes of
streaming data in real time. Online-machine learning allows the model to learn one
instance at a time, in which the model is updated according to the prediction result and
the true label of the instance. Compared with batch machine learning algorithms, online
machine learning is more appropriate.to process-streaming data, and it can adjust
learning model as receiving more new unknown data. Besides online processing,
parameter selection is an important task in machine learning in dealing with model
selection, but the task is generally achieved by heuristic rules or cross-validation
technique with a validation set. In big data process, parameter should be adapted as with
data rather than a fixed one. Nonparametric Bayesian model provides a means for the
model to adapt parameters with the data. This study proposes an online Chinese
Restaurant Process algorithm, which extended from Chinese Restaurant Process (CRP).
The proposed algorithm is an online and nonparametric parameter algorithm, so it can
process streaming data efficiently and the parameters are adapted with the data.
Compared with CRP, the proposed algorithm is an online algorithm, in which we use
regret theory to design a new prior knowledge and likelihood function based on the
consistence between the real label information and prediction result. In the
experiments, the proposed algorithm works well in large data set, and generally
outperform the other online machine learning algorithms.
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H4ei £E Y (Machine Learning) ~ T3 #P~ (Information Retrieval )~ B4

4| (Pattern Recognition) frp 23 % &J2 (Natural Language Processing)
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L3
'L i (Inference)indevk o &4 B2 F /A T F w3 e Lz B @ ¥
Be goif ABDZE TR A ZEEme $ g aiil? o L ig2ik
(Bayesian Non-parametric) > ;= ¥ % & % #ci% # (parameter selection)fr#$*:E i
Al (model selection)R* 4L > @ ¥ $#FREF A p T > ¥ "% M overfitting fo
underfitting “u# =2 £+ Dirichlet Process[8] #Dirichlet Process Mixture
Model T & - B 5L f < &2 #HHFT) - ¥ WA Kb (Chinese Restaurant
Process)[9, 10, 11 4 i 7 &~ B Dirichlet Process ® B~#k ! & i B 42 -
Y BB At k208 £ 03] (Mixture Model) = # m L & ¢ BIR P 428
& #-7] (Chinese Restaurant Process Mixture Model) -

Fart o 5 3L % Online # » & AP RAR~47158 71 FFR > L8 b
7o I oFgihtRie T (Label Data )0 bl4ed b R 2 BEE v & X ang i IER
streaming data ¥ 35 @ AHT AR R F > F A G ERIES AR FEER
FPEBEEFH A RILVRET N FURTEESI A BRI FEATIR TR

PR R @ h g Y HAIZEERBRTAERF DR P HIPRT
AL RS G o B M- eAEE K A e A PR ST AR R AL B
FZBFAY

(1) wEZTFE R AERDFTE F 7 ARG T FRIZAF R 2 o
4o 95 B 38w 5% 51~ MPI(Message Passing Interface)fr OpenMP # #24 - &
H_t§d NVIDIA #74& &) 2. CUDA(Compute Unified Device Architecture) > 14 %
Google #73% 1§ e Map-Reduce[ 12 |4t o

()BE it * WL > HH R TR - PR B2 BT

PlfcacifE it Pt > B D RIEAPTHR B LN g R A 2T RS- BFEE
|4 Stochastic Gradient Descent[13] °

(3) %% ¥ (online learning)[14]:- S R & - L TP KE Y 2K
#-7| %% > b4 online perceptron[15] o
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F-% MY
2.1 Online Learning

g ¥ (Online Learning) & - A EF Y > 2 » AP A+ n e84
TR T GEER AT AR EZETRI TG I FFRNE K ol FEE
ERRAICE S B
BATHEF Y 22 (Supervised Learning) 4+ =t (Batch) > 5% 3" 5 ¥ 2
Al > FAr AT T AN A (Model) » % R e B e IR AL R R URE
BRI A E R D - BHECE]S Bl g RGO BB AR kAR S { ATHCA P R
4G ARRARE o A ER R Y S R R A F - B Y RTE
RS S JERVER I F 8 B SRR B N SR cliE T
BAARFY 2 EF IR BRI A BRAE: L AR 2T R LT
PIRBCE] o2, AMF PE - S8 F R E PR Fl Bk - £ R R B
L den s A H AT REE R | Ykt .
diT & K 2 (Online) it g 2 cf o w Bt S35 AT p 3R g
S (Online) e & RIAFL2ZRZ S F B2 ¥ 2% Online R R A
A S B EFRF R AT g MO Re TR R SR L AT Blde
Online Latent Dirichlet Allocation [16] ~ Online Hierarchical Dirichlet
Process [17]% % ; @ 3 & = ;> ## & Generic Online Learning Process 4 >
EX - EFRTEGIER AN BREF I ROT S I FREE e T
Wk AR S ¥ bldow & 3% Pl 0nline Perceptron 2 2 Online SVM[ 18] ~
Online Logistic Regression[19] % % = ;* - Online Perceptron #_# 7 B ¢ &
ToFEMAFEFE LA EZ e E TR FETHEA S -1 B
HEMETFRREEFT E B - Online S 4724 p B2 SN 33574
v » K 2 support vector ek AEML > A * pE GER tOR-FE R S 2t
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fo-1 = %% ; Online Logistic regression #7# p Logistic Regression '’ %
G 2 s il Ml S Sl S b AN AGERRFEF BB AT R AENT

£ j@;ﬁ;gq—r -5

(33
R

B TR 0, 1) B o A iR S LA
Generic Online Learning Process /& B]™ 3k 370 Generic Online Learning »

B A e

Generic Online Learning Algorithm

l.for t =1,2,...

2. Get x, € R"

3. Learner predicts x; and attains prediction result p; € R
4, Receive correct answer y; € R

o. Update learning model base on p, and y,

6.end for

Linel & Ff~- £ 0w BlPoline2 BF T x, 0¥ 3> Lined 3
PR e 2 BEANE TR BAER] 0 2 ISR R p 0 Line 4 TR ET x,

S BFE¥% y, o Line 5 @ * ERE% p, frEAEE Ry, k L ATE Y A o



22 BN gmprp LRE

221 5 < gm

BkCy > Cpo oo CuA A3 ( sample space) © =& > * 5 - BLET|

i 2 A PI4R B X 232 (Bayes theorem) ;

P(CHP(AIC) _  P(C)P(AIC)

P(Ci|A) = P(A) = ST P(CHPEAIC) o< P(C;)P(A|C))
H e

A . L3l E # (- Evidence ) -

P(C) : % 5 4% % ( Prior Probability)

P(A|C) : ¥ st (Likelihood)

P(C;|A) : ¥ 16 % ( Posterior Probability)

-

FadF(Prion)rA fzesa sy HAZARABRBINAS T E2 0 ¥
# 5

(Posterior) Rl B A PRERI| R - FEAF 2L 24 5 - F 2 G ;v ald

St

B F 5 o (Prior Knowledge)# i weny: - £ 2 Corg 2 2 8% 5 F 4

[N

% 3" (Likelihood)* # % #& * 4 5 (Sample Probability) » & ** A £ i LR 5| e
FEOFMTUPFEFECGALASLFEOPES
BV BT o A E - BPAICG) o AP ¥ * i S Bic(likel ihood

function) L(A,C) %k 4 7 P(A|C) > & B 5% S e 2 F 1% Sy Sodiciie s £
i KD ot > E L TER S 7 a2 3 (Maximum Lilelihood Estimate
ALMLE) 5 % # % MLE 5 IP(A|C)2 1 » * {5 - T RG34 2853 i
Ak LR F (Prion) (s e w((PCL, ) AP R RE
DEEABFAETE2OE S5 (Posterior) o d MR AZF P K7

Ci» Cpo v CuBpEE T AP E T In B ((PGIA)L, > EREP I E < 2



¥t E o 2 fLivE ~ 25 (Maximum a Posterior - #f £ MAP) -

FAEET MAP> » 7 g peP-#(Sample) > /2 » & n B GJ|A T2 k- BE
BoP P 2AT AL bldcf R (Simple Random
Sampling )~ % %4 % (systematic sampling) ~ » & 4 #& (stratified sampling) -

¥ & % (cluster sampling) & % -

222 8 S pr

P % it (Bayesian network) » * # AL 4 it (belief network) & 7 w2t
5% B2, 8-3] (directed acyclic graphical model) B =< $e it £ - 84 5 Bl A
Al (Probability Graph Model)[20] ;rﬁd w 2L 95 % B2 (directed acyclic
graphs) ® ## 4% #% % #ic(random variable)® H 4p¥ i inif 2 48 5 & fe

(conditional probability distributions) °
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Bl 22-1 - BEFNRREHF - FFFRBEPN HFTH L - BUEd Rk
R EBRIBPnE R A - BRESEERd PRAPT uES gD

B E RIS A HE NS (2.1):

P(D, I,G, S,L) = P(D)PCIP(GID, DP(S|DP(LIG) 2.1

2.3 Dirichlet Process

2.3.1 Dirichlet Distribution

& By f% Dirichlet Process 2% » ~3# <% 2L 4 % Dirichlet Distribution °

H g 4o

e

= Z{-‘zlni=1 2T ni=L 2,k ca >0 o >00 F oy, ., myeD

B & 4% % B S#ic(joint probability density function) i :

F(Zl L ;)
p(nlr-"r k - F(a])l_[

)& — % Dirichlet Distribution » & % (my, ..., M, )~ Dir(ay, ..., ax) °

F(my, ..,

Y e o B ko

_ k
é‘: aO - Zi:lai ’



E[m;] = “_0
_ a;(ao — a;)
)

Dirichlet Distribution i & & 4c :
I e tt(Merge): Bk (Ay, ., A) £ (L )7 3l (g, ., me) -

Dir(ay, .., ar) * Pl(Xiea, Tis s Diea, T)  ~ Dir(Yiea, @iy ) Diea, @)

2. 7 aH(Split): BK(my,..,mx) ~ Dir(ay,..,ar) » &

(p1,02)~Dir(a By, a1f;2) » B+ B =10 » Bl (mypy, oDy, o, W) ~

Dir(a; B, a1B2, ) Ak )

3. Multinomial 4 fren% #= L% & % (Conjugate prior)

A

P E (e, my) o~ DirCay, e, @) 0 2z -~ Multinomial (7y, ..., Ty )

Plp(z| z ) ~ Dir(ay + 6;(2), vy +6,(2)) » B ¥ 5;(z) ™ % & z=1 PF »

6i(Z):1 & E'J6i(Z):O °

2.3.2 Dirichlet Process

2.3.2.1. % &

Let © be a measurable space, with a probability measure G, on the space. Let
a be a positive real number. A Dirichlet process DP(a, G,) is defined to be the
distribution of a random probability measure G over © such that, for any finite

9



measurable partition (44, 4,, ..., 4,) of ©, the random vector ( G(4,) , ... ,
G(4,,) ) isdistributed as a finite-dimensional Dirichlet distribution
with parameters ( @ Go(A1) , ... , aGy(4,) ):
( G(Ap , ..., G(Ap) ) ~ Dir( aGe(4y) , ... , aGy(4y) )

We write G ~ DP( a, G, ) if G isarandom probability measure with distribution given
by the Dirichlet process.

pE & 5 Ferguson*t 1973 & % 0> B A & §.% kgt Hans o 18 R 3
%‘?Jﬁ i % 5 7 e erplEk k5 DP > drSethuraman (1994)# * stick-breaking
construction[21] %4 - ®DP ; Blackwell and MacQueen 71973+# P4 !
Polya’surn scheme[22] % #7 i f€DP¥ B4k — B4 (7 S #ciiiz s 5 o H ¢ Polya’s
urn schemex ¥ 12 ¥} & = %E 48 16 42 (stochastic process) ® w7 W& FiEfL o T o

R R R SRR R i

2.3.2.2. stick-breaking construction

stick-breaking constructionz Sethuraman * 1994 & #& 41 » H = HDP= 2
4o
B Bdier o (Pdier = BB g il »
B oy » Gy ~Beta(l,ayp)

drlag * Gy ~ Gy

7R P‘gi&? 1 E_EGAeT

k—1
me=fe| [a-p0 22
=1
N 1,ifpr=k N\
G=an8¢k,whereﬁ¢k={ 0,0CZZ;" and an=1 2.3
k=1 k=1

83+ 2.2 .4 Griffiths, Engen, and McCloskey = B 4 #r3_& > Fpt d b

10


http://en.wikipedia.org/wiki/Stochastic_process

rEfgd ke v ERRBE 1~ GEM(ap) » GEM 5 Griffiths, Engen, and

McCloskey = 4 m?i’”}‘{ﬁ’ﬁ, o

2.3.2.3. Polya’s urn scheme

Polya’s urn scheme % Blackwell and MacQueen # 1973 # 4} - 3% G~DP(Gy, a) »
R HEH G AL A gy G PR - BEAR o H 3 lndy Ao T
B G-DP(Gg, a)>F By 8y 7 o v B;_q HAEG ¥ Bogi dy sk ek )b o e

Wl ALT0, 0 0y 0 . v 0, RERT RO, iR S

-1 1 a
0:101,02, ..., 81,0, Go ~ Zi_:“__asel Ml
=1
1,if 0, =1
where 891 = { 0 efl‘sel (24)

FFQRHT RS BRI B0 PR E 0, TR0 E
G pgEd o I B pEd ﬁﬂiﬂi’i‘ff'“jj‘ﬁi‘%i—— MR R IR PRS-

TS S - AT ki s g o

B3R P o

M
4y
\\9
=1
—=\
=}
G
:}y
o
=)
=
fm
—a
A
4
-8
&
G
WS
¥
[\
\
o
(]
<
=
s
N
|
=
S
W

FPE LR S AT

my a
6i| 91,62,...,6i_1,a,60 ~ Zl— 1 +a8¢k + i—1 +aGO
k=1
1,if 6, =
where 8y, = {0’ eisel P (2.5)

SRR RS T SR AN LIRS S
Bk 0@ Y X EH AT - P P o g A "\—*Ff'}i"‘ﬁ”’ﬁ'u@°$‘

+ 2.9% B0 A G EHDET G T E 2484597 BB REALT F
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2.3.3 Dirichlet Process Mixture Model

Dirichlet process mixture model (DPMM)¥ 1 # = ¥ _#Finite Mixture
model (FMM)#£ #® = Infinite Mixture Model o F]#* ~%~ L 4 SZFMM -

— BFMM* * graphical model %% 7+ » H & 724 B):

@ OO

@

Go

B 2.3-1: Finite Mixture Model

TR A SRR R kg BTGy, a 0 APFT AR

EAIrzievUuBfd- Bz BRBPERIGOzESj HEFAPFT UGB

o a a
T |a ~D1r(§,...,E)

zilm~m

12



9zi| Go ~ Gy

xi|z;, {0}5=1 ~F(6,,)

F AP ERKE A S R ’FMMJ*IA%‘dv‘ 7 DPMM > # graphical model4-T B :

a

o
®

Go

o0

B 2.3-2:Dirichlet Process Mixture Model-Infinite Mixture Model % - /%

DPMMe2 = i A2 feFMME % 2 $ e 7 5 BP0, i &~ 5 Kfa ™ v > A%
NE B AT oo Flt > ADPMMY s HEMMY 7 < Dirichlet prior > #xs PRAEC
stick-breaking construction ¥ 7 fuE{E>iE > » %*u%’&;i 7 ~ GEM(1,a) -

REP R L S EAET TG R

n ~GEM(1,a)
zZi|mt ~ T
Bkl Go ~ Go

Xil2i, {83} 1=1 ~F(0;,)

4o A & % indicator g #iz s 0 Pl BE P EORE - BEOSE

13



Ay o #- DPMM #4 = Polya’ s urn 0%k 7 0 40T B

RO
)

B 2.3-3:DPMM = Polya’ s urn % 77
LR F A ARASERR G B G 80 A PT PR - B
EPPeiG > #F3|G2 {5 o2V P M RIEGR B 0; > 30,18 5 d A At ARG R

' 2

i@i{fi Ft;:b’é’\ 1T 73

\\\Xr

Boo Flpt A A - SRR AL H LG F LT 0; (8o
X; #PREF(0;) o Bk A 2B ART LT NS (N K.

G ~ DP(Gy, @)

JLLL.
xi| 0; ~ F(8;)
FAPEED - F R X, Xy, Xy 0 F M i TR K R inference ¢ DP

Ei2E R ENRE2[23] %5 5 4dc; 1t Neal(2000)[ 2444 ~ fa -2
7 ® 4% 28 Gibbs Samling ~ GofoP~# ! % 6,3 4p £ #=(Conjugate) ~ ™ % 3
WA ERFEEEFA 8N~ Balgorithm 3w/ Z4ofe & * Gibbs Sampling
e 2 ok B3] Sl o (8 R F Michael Jordan(2004)[26]# ot i *

Variational = % % 23+ DP s3] %o o
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2.4 Chinese Restaurant Process

¥ M % BB 2 (CRP) 2~ #4847 (stochastic process) » i & &_* g % F| %
B BE L~ B E i1 - B3 o 2(partition) Ag Ay, ..., Ayt o

B AR G e g

241 P38 2 &

A EAPLTE-TREZHAFRAD > U T a 45T AR RER

(Chinese Restaurant Process) @ H #8440

% 1:CRP #5447k %

i+ 5L A

X; %1 BRE

Z; 1BHEESAESSL

my % k £ enA i

6; ¥ FiREd

a AR ATR G L S

Go base distribution

k Pad 35 4k ik

K Bk B BT oo

H(x;,0;) | % 1B %% jLFS DheaER

242 ¢ F& RiE

? B % FiE #2(Chinese Restaurant Process)& % ik p » 415 & Loeh? W& B
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http://en.wikipedia.org/wiki/Stochastic_process

PEEBEXEERES > AABL T > A FRBALS

FRUBRE T LR

It

$o BAFTER R GERE LS 2B E BT RE > 6L FF A
S H AL e r e EF AL G EES T UERD S RATE R EERS LT
Ao o2 g Dot dhe Rl A e(my) c AATE P L BATE GO g ¢

DL ifj<k
P(zi = j | zepp ) « (2.6)
e I =kt

| . . —

1 0 0 0
H
b tabled
L il 0 0
14 14+
] [ ]
: tabled
1 1 @
oy P ey 0
2+a 2+m 2+a

B 2.4-1:CRP ﬁ-ﬁ(l) N
34 - ER B L EA S tablel - table2 ~ ... o (a) ARBiTF X 2B RfE o

&%
=
She
|

e
g

R

La
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5 lo(b) (@2 BEEL S - &£ T - TAELER tablel o5 5 1/ (1+e) > ELFIL D
#WE L of(l+a) o(C) Bk (b)) % - AR EE & table2> T - AR L EH tablel 5 F L 1/(2+a) -
4% table2 eid 5 5 1/(2+0) - EH B AT B F 5 o/(2+0) ©

BRABEHIL X ~xpvxy e P HEREAFF (DL &P eni 3% -
#

BARZEHE N L Lo v BRF P 0 @ N B A SO LD @ § 5
FTAREEERPE > AT LA T A GRY B ER- BLT o

n*}
)/
4=
8
e
r=8
=
W
=
=
i
|
P
:
W}

PR BB AR T O - I eniEak o0 F AR
T RS PG P RAE — B AA G B e A L 5 i

F4 o0 pART KT PEBHE -

R (2) "

Y- BRLESRLBET L LT TR 2 i BAELTELE RIS €3
A A T r_gc;mg_rﬁ;ga%gﬁcg,iﬁgﬁgﬂsﬁg,ar%ﬁgﬁv
FEAELp e TR A AEES VILEREP S RATL o VMEEERE K A L

e
44

¥
i
(‘ 4

LE G R e g B (m)E i F 4 B A

=

WY R ek TS i ERR o

Eou]
\-\w

A

L

" (x,60,), ifj<k

i 1+a

2.7
“— [H(x;, 6;)dGo(8)), if j=k+1 @D

P(zi = j | z_;,%,0,G,, @)

i-14+a
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w

0
m
| . .
1
EH(J‘}' 1) ﬁfH(xpez)dGo(ez) 0 g
. . .
C
1
—= H(x.,6,) —H(xl 62) ~— [ H(x;,65)dGy(8;) ©
|
| .
1
mH(xi 0 1) _H(xz ;92,) _I H(x;,8;)dGy(8;) o
B 2.4-2. CRPH{-%’(Z) N
F A - P EEXBLER S tablel ~ table2 y Lo (@) BB A BB RPF o BEEBATL s
5 1o(b) @S AL LN E - LT - AL ER tablel s & :é(l/(1+a))* H(x,,01)° &
BEMLOEF L (of(M+a)* [H(xy, 6,)dGe(6,) = (C) B3k te(b) %= AF ZEH O table2

T - AE R tablel g S 5 (1/(2+a)) *  H(xs,6;) v i 3% table2 s % 5 (1/ (2+0)) *

Hxs, 6,) 328 B ATE i 5 5 (o (W+a)) * [ H(xs, 03)dGo(65) = (d) B3k &e(c) » % = AF 38
$#7 table2> ™ - =g % iE 4% tablel s % 3 (1/ (3+a) *  H(xy, 6,) % #% table2 s 5 4 (2/ (3+a))
* H(xy, 0;') B ATE e 5 5 (af B+a)* [ H(xy, 03)dGo(683) > 2 FF 16, L4, ~ 23776y
R S B R T R o

5
=
=
Ar
=
o
=
G
2
1.\+
my
—
3
hpan
3
)_

e ch o BT HE x
%

Fi
TS T

=
k3
da
e
We
==
P}
ol
[k
IR
Fe
=
e}
\a\
2
SN
N
A
ok
(]

B PR h G 4 AE - fenE o det - R RIS
FEE o QEPRE L BPRF LG Y SR P (prior) k4 g o pe 2t
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%gfgﬂ‘aﬂc}i "’fﬁ-mjeg mfifi *[,Z? FF'F‘F"‘ )J'}ﬂ'» Z:Zg;*s_ﬁ({/w\l/ﬁ’?g?i—

TR KGUAR R e ehs e A (likelihood) o
2.4.3 Graphical Model and Gibbs Sampling

CRP tti-# (2)ehiB4z > tded + ¥ 240 - B{rDirichlet process

mixture model ¥ i eha i - 2 i ft 5 CRP Mixture Model -

Z; :mixture indicator

&; :Mixture component

@ z,|a ~ Multinomial(CRP ()

Q x;|8,2;~ (F(82,)))

Go

Bl 2.4-3: Graphical Model: CRP Mixture Model

B 2. 4-3 ¥_CRP Mixture Model = graphical model # 7+ /% » H % #ciz -+ 12
# * Gibbs Sampling %% ¥ - Gibbs Sampling ¢ lm ) o™
BRRERA T 2~ 25 ~ 0 > ozy

stepl: For i =1 ,-, N :¥x; 1z, £ F 2555 x p 2o RIEF

e

SREBFER O, 0 BFE O L LTRSS LTz F bk TG o B



R Gy % ¥ B-fE - B 6,

step2: For i =1,k :£&R¥p prior G, fv % 1 &k T AL T KP4 -
B #7e0 0,

ML ~2 P& LT - w & Gibbs Sampling > & B~ T ¥ fi
R REETE AL EAAR L 20E - v fE ST 0 2t 7 Neal (2000)

e Algorithm 2[24] -

2.4.4 Collapsed Gibbs Sampling

d A G- B AP e F R B4 B e 5]
B3 S B Ik A G feBS S G ¢ B4R PRI 14§ 4% 12 (Conjugate)

g 0 AP F R 3 20T e likelthood FR A O RA A % S

iy

. i_1+afH(xi , GJ)dF(HJ)_l, lf] <k
Pz =] z_,%,0,60 ) « a  p
fH(xi - GJ)dGO(QJ), lf] =k +1

i—1+a

(2.8)

#3287 2 F(8)_ A EHBE Go 0 Yo ga=n@=n Xa BT AT
A2 0 F S o L Tip g 2t B 2. 4.3 ehgraphical model # Collapsed

Gibbs Sampling » /& % e graphical model i{ # 12 f§ i* = = [§]:

20



Go

B 2.4-4: Collapsed Gibbs Sampling on. CRP:mixture model

Collapsed Gibbs Sampling eveiim#) k- % #: 4o

ERAAL zy v Zy s e s 2y

stepl: For i = 1y, N Bz &0 52607 x p e o PSS
TREBFER O, > Bpde 0 E LA T 28F Wz F 45T F o PR
PGy % 7 PR di- B 6,

AL Tk L - w & Collapsed Gibbs Sampling » % & P~ F & ¥
FAOER R E A2 P EAHF L P - Ly S8E 17 02t T Neal(2000)

e Algorithm 3[24] -
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2.5 Distance Dependent Chinese Restaurant Process

& CRP 5 A#HF AT 05 2 WA 875 < §F cv%cde David Blei 2 2 5
4 Frazier #7% 4 #r1Distance Dependent Chinese Restaurant Process (DDCRP)[26] -
A KB CRP it > B ALnCRP 5 AE ZE L F o LR E X e vt b

=
ERY BN R G ATE R L £ R R LIE

7 7 DDCRP ¥ - A %
= prior > 2 F N4
dii), ifj<k
Pai=2 | 2.4) {f( 5): ) (2.9)
, if] =k+1

He f(d;) RAFE 1 e j St (decay function) » bil4ef(d;; ) =
exp( -( dj;/a) ) °

t¢ 3 Christopher. D. Manning # # & 2 Richard Socher # ! Spectral
Chinese Restaurant Process[27] > 2 #24 0 & 8 2 £ 7 Spectral clustering [ 28]

? ehlaplacian matrix & % 3L & % 4> & 12 DDCRP enp®4 7 i® gibbs sampling

A\

RS <A E R R P A i 2 4 Sanpling % L
BRI R - & o %90 D8 B Ui Training Data, 8 38 - Bk E o 2

Fr B L FApAE 2R AL R - S S TR o d

FHELERTH IR R AE R E R P2 DDORP 27 i £ AURE £ 7
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http://en.wikipedia.org/wiki/Laplacian_matrix

2.6 Topic Model

B EE Y o REZ ARIZFTAES Y > A 4R (Topic Model ) & - f&% %
BRI B G 2 A (VAT LIRS EF B - 2T
HOAPT Y - BB A AN A A AR E IR A R aE R R &K
Glde B F - P2 A X5 R % 0 78R hardware” ¥ et T tea” LFHE D
MAisihre @ o pme 58 ENF S i 4867 » 27 2 Latent Dirichlet
Allocation(LDA)[29]~hierarchical latent dirichlet allocation(hLDA)[ 30 ] & & i £ 44>

FARBERCA Y AGES BRI SRR T A% AT e BB SR B

B R ARG

2.6.1 Latent Dirichlet'/Allocation

LDA #-% - i» = 2 e Topic 4 WAL 5 — BPRE Dirichlet & fF Sng % ¥ > b
XA L LM H R R 2w ¥ ¥ Dirichlet » @ B di 2

*enTopic A i S8 T At A 8T >

d‘i—

AL 2 EP hE - B H

graphical model 4-7 :

B|<_\‘-
S~ /\4\,.
T T\
o () z W A
— M

Bl 2.6-1:2003 +# David Blei # ;< LDA 3] » ~ Bl#p5 3 h ¥ [29]
T EY a ADirichlet 4 fehisicr § H— B VKK et » V8 4 5 2%in
F o K& 238entopic F18 0 Bix %3 wy &% k B topic TerfiE »

23



P(w; [6x) > 6 RIE- BAZ ¥+ 0cnKaw g » 2847 KB topic i 5 o

FA G\ﬁ):";’]rf’li)ij\’?] v HoA4 g ARAeT

1. Choose 6 ~ Dir(a )

2. For each of the N words w;:

Choose aword w; from p(w;|0, B)

FAPRERI - & FTHEwy, wy, .. wy 0 22003 & Davad Blei < # » &%
Variational inference k G+ %8k > H i B8 MA I - B i * EMiwa 2 &k
B8 HA S8 3T pcA] 5 6 ok Griffiths fv Steyvers # 112 Gibbs Sampling

58k i 8 HCA) 28 (31]

B - HenE o VR R A 47 (PLSA)[32] F_LDA &

\\\?{r

#ea s 1P B
i F B FMAP)frd ~ 7 i B m P (MLE) ™ eh— B aF5][33] -

2.6.2 Hierarchical Latent Dirichlet Allocation

@3 DA ¢ > Topic eniB #c#icd F LS T 0 o FHART EM > ¥ 4ok
A w11 @ #ratans 5 3 overfitting & underfitting e0f* 48 o &7
Hierarchical topic models and the nested chinese restaurant process”— < # - 3% ) -
# Nested Chinese Restaurant Process =iz 4 » £ #- L 24 512 B 2L DA # » 2L 13

Topic B#cdce FAL TP @ FF BRI L EBE 7T BB ] & 2

e HE A

2.6.2.1. Nested Chinese Restaurant Process

Nested Chinese Restaurant Process (nested CRP)#t ® p CRP » H F§ 4 ;
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BRb-Bs e 3 8 BAA H7Y - BEERITAS roote & B4 4

4321|B

21B

43B3

[

1By 2| P

N

43| Pe

B 2.6-2: David Blei & % 4% di.:5 nested Chinese Restaurant Process ++ %, Bl

He 2B p 2- BRAE 5 BRILL - BMEE DRSS - AR R F([30]-

- BHEIEBHHS BB 5 - X0}t o @i root BRI ¥ H* CRP & i

ERELF o Foxmt o F- ARl b PRS2 B
EAT 4 BHELEHSD EEL XL BEDEEREET - B LI D
U -

2.6.2.2. Hierarchical latent dirichlet allocation

hLDA ¢ :#-nested CRP s 4 4 » ot 2 c7LDA # >4 * nested CRP 3§ 1% prior
ki topic siER o HE - BEEY o A fr B CRP k2 o R 2
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graphical model 4=~ B :

() ()
N v "
l |
I/l_ - -‘\'— I/_-\]_
\_/T > I/' g
N
—| — A
e, N
} \/®
N ]
ORNY
l |' /_.\II ] l/ ™
; N '
v 5
= @
— | < { ]
LN q \____/
NI M
oo

Bl 2.6-3: David Blei & % 3 ! = hLDA graphical model » +~ Bl#82~p /& #¥[30]
WYy LT NSO TR AT RURLE 6O F B RIS - B R

)y H
7~

-

LB Heepsroots m# BB ese— Be > nEp hisice BRAP

—=\

SR BLED - & F A wy, wy, .. Wy o T2 i€ * gibbs sampling 07 3¢k B HEEA 4

foo g A AR KRG 0 B d S iEfRACT
1. Let c¢; be the root restaurant
2. Foreachlevell €{2,..,L}
Draw a table from restaurant c;_, using CRP Equation. Set ¢; to the

restaurant referred to by that table

1. Draw an L-dimention topic proportion vector 6 from Dir(a )

2. Foreachwordn €({1,..,N}
(a) Drawz € {1, ...,L} from Mult(0)
(b) Draw w,, from the topic associated with restaurant c,
hLDA{! * nested CRP % 2= fftopicehiz & » #x L 7 topic i #c L 3% ey iw

Bedm N2 e F LB IRR o
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% = & Online Chinese Restaurant

Process

ARERAL AR N PANY ME READLRE Y 3 2 (Online
Chinese Restaurant Process) » ¢+ = ;2 & - B &% % ¥ (Online Learning) = /= - p "
REHe Gl L S EERAOBRER A GRTREEFE - B ooy i

PSS BEECA] 0 2k HN e e U B8 OO R L ATHCD] )
- BEEFL AR A PR DN T UHRIR TR E TR IE R 4 S
AT T AT AT

b A MY A RiEAES Y0 B MAREREZ BN AR K
(Non-Parametric) = 3\ :E 3k & B 2 A sF | i fodic - * 2 $ L 0 27w dic S ¥k o
-t #F 4 2 Online Learning & & > {3 @ T4l Ao H 2 2 27 U gp &
PEHCR] S 0 2 gE N S

A @ HEAeT DL A SRR G SendEdy 0 32 ¢ LA - L B33 5

aA Y R BRUEAADE RS Rt 4% > 345 £ 0% ¥ CRP Mixture Model 4+
4 7 0nline CRP Mixture Model - 3.5 ZRpi v 43|+ i * Collapsed Sampling - 3.6

#-4 %2 0OnlineCRP 27 5 ;% » 3.7 S5 2 ~dr8452¢ -
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31 AmEi

AF &9k Ao 0nline CRP &~ B &5 % ¥ )7 £ /% (Online learning
algorithm)  F]s* BB & sz T#ﬁ = 2.1 7 Generic Online Learning Algorithm °

R eI _&i’,_’ﬂig.ar—r Bl 4T o

Online
Training Data

prediction

PrPl:Iu tEEE

update table update table
parameter with parameter with

correct case

PR h o R - DY 5@ - ek ] kTR
LR F R BEHELREE S X R BRI R HE A A S5 8 AT

Bl kT 0 1T - £ e -
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32 PHRILA

B #FHwen /i % Online CRP 2% » AP L &0 T - LR 2 HH

2ZHPRE UL & o

% 2:0nlineCRP # 8 7 % B ¥k %

I, Y2 . J) % j £ 2 Relaxing function
Y172 Relaxing rate

e Fly, B F 0 B 5 & hik

fi Fly B8 m se x5 & et
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3.3 Online CRP
Online CRP #zt # 2.2 ] &3k % 2. ¢ WA REAFH (2 ) FodFF 4o
B AR > PEREF-FBE VM ERFAEAABLS A EBLS
FARABPET  BELLFEFTI DL LEREL -

F- BAZTERRZE PRI/ FRP L BrehEd BERFLR

BERE ez ok BATEEAREF Er REALERP L B hEd

FRATEF T FIAMB AR e x 50— g K 2 2

FEF o Fl R esen B LG OEE R RS AR p e d oo 1 gt A
R PAEERAP AR E o F A RE R B LR el BRI E
ForochEd o W g RBRERMAEE X B RARS Lengd g o
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b ' . . .
_H(’Lz ,61) 1+,1f H(x,,8,)dG,(8,) °
—H(h 01) H(kz 02) [ H(x,,8;)dGy(6;) 0
d ' b . .
(1471) 5 H(xl ,el) AV H(x 0)  5opd Hx,85)d6,(6:)
B 3.3-1:O0nlineCRP H ¥+ & Bl: * 2 - P EXEL EE 5 tablel - table2 > (a) LL’FKE\E?
A AR BT EIRBEERALOHS L 1o (D) @i BEELNE - Lo B
BIETRT - PR - LS (U (+0) * Hx, 0y) 0 FREFLAE S L (of (1+a)
* JH(xi, 0,)dGo(8;) © (c) Bk (D) » R AL AR S D RTINS £ 0 AR T - 2f

FRE- LSS (U (2+a)* H(xs, 0y) 3% = &85 5 (1 (2+0)) * H(xs, 0,) » BATH
#E A (a/(Q+a)* [H(xs, 05)dGe(05)  (d) Bk a(C)  HERFFFLE = LIS - & -
R EAEFRBEE S S LRS- L TR F RIS BARIR AT - RS - L

(L+y1) *(2/ (3+0)) *  H(xy, 0'1) » % £ 55 = £ enis 5 5 (Lyy) (U (B+a)) ¥ H(xy, 0'7) 0 B AT
A (ol B3+a)) * [ H(xs, 0,)dGo(6,) » 2t PFerfy R4 350, ~ by frGocn® 15 4 5 #7B~ 4% 18 3
15 0, 350, ~ —bxzfeGo e (S48 F PR B T e o



% & 2450 (probability relaxing) I % » Flpt A A pL 312 AT + g chk |51

w(regret theory)[34]# 4 ¥ % & @ e WE T IZLSR P

}k
\_
It
|
=
?:“‘"\
<
EA

‘a;

;' (relaxing function) g(yy, Yz, 4> #2538 3.1 %77 » kPR AL EHF L

FOE I E ISR sk o

9 v2i) = A +y) i1 —y)% (3. 1)
FFSITZAARSFTRHRERLFRING AHE - L her V- L B2
(STREEXPIIRL DR RR " v A HEREI B e » 78— LR ey, o B
BYELFZRERLFTOL R U AT F P -8 > @ S BE RG> A
WOE T 2w 2 e RS AT - AP 2 (v o R R R PR
CRHES L SRS Faad == NSt Rl et e R R
FA Bl B L Eqed kB RS E R ey R R b
d - kb ehhe L R R Zi& e r AT Ry £ 7 4 ehRkes
F3 gy Yo z) = ()’ WU —1)' = A=) 0 2 5y iR 35 g(yy,

Y2, Vi) = (L+y) (1 =p2)° = (Adyy) > Pt F el 2 g & L L didpk g
FHREBRF23TOFE DS P F B (Prior Knowledge) o Flpt » BT

RETRELE DB A APEATRARER LT PP I AT

IV )= H(x,6)  ifj<k

JH(x;, 6,)dGo(6)), if j=k+1 (3.2)

P(zi=jlz_iy, y_i ,xi,6,Gy, a )oc{

i-14+a

[0y S 6), if <k
B fH(xl,H)dGO(H) ifj=k+1

i-1+a

i—-1

where f}'zzl[(yazj Aza:'tj )]

a=1
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i-1

and ej=21[(za=j/\ya¢j] (3.3)
a=1

ek R AR SN N3 320 TR ENS 335 5 fooe ¥

=0
P Y RARTIL I B R RiER T 33 RERINS

2.7

FHOBER/EFL FLEFERFFIPREPEEL R - Lo FlUt B 135
B MR Fe Rt D R (B F L (G, @A AP RLAT - )&

—

3 L Fwmanip o
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3.4 Graphical Model and Sampling

Mg BRI TR S - BREI SR o v RERE PR P
THH SR ETP R S S A%k 7 % 2 Online CRP- 2 graphical model -

Yol E

a Z; :mixture indicator

8; :Mixture component

O z;|a ~ Multinomial(online CRP (a))
Z;

Qa x;16,2;~ (F(Gzi))
Vilzi~ z;

| 6,~ G,

B 3.4-1: Graphical Model: Online CRP Mixture Model

.

Hrid - L My o FAPERRRLE2E APTREHE - L TP
%8 0;(FE37 % ¢ ) - Online CRP £ i 427 CRP £+ ¢0% e 8- &%t Online CRP =
il ke TRy 0 Fw & % 3B (Sample) £ 7 FIRFCAIFE R0 7 (50
BAEDmaRis T oy Mt ie Fozi=y; 0 A FORGIERIEE B A Frih o B
FA R B bz h PR E Gofrxy E O, hE SR F AR 0, 5 By

~4 e 24

E Sy IR A TR TR R R R R L TR bt
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FIUUBEIR 7 % BB G xie— B AP P

___N
e
It
)
= »
[<ali'y
1+
a1
-k
-kl—
7—.;_
o <)
a1
_]

% (bE- B4 02 S Al ks

MEExE B2 F6 bz mR) > D% Btz d 1 nFRILE Gofex! 35 6,

P

-

PRSP F AR DR0, 0 FI o Bz ROV R REFRETE Y- 2 5
PO R Aty b IR SR 0 T A P S e s xy BBy & R
S L ] o Tt A i R AN PR ,_F‘hxi”:b* X; (bHE - X302 %8>

“~

AR AT RS B R B PITZRAR) ) DR Az kTR E

~

Gofrx 3580, PP F IR NAT 6, RE TP IR > FIt o x5 B3 yidoh

TG b o
R L 2 RAL - B O AARRRN TR A P RR A

L VPR EBETHRME Gt RODE S F A PR IR e d VB R 0k PR

—\
jul

EEF R &S - RS R Tl gt S IR A IR P R
TORLA G R A SRS oo

¥ ¢t & CRP eaprior £ W EEE A dlcy F 7z, = Yo R A g mant 57 3
BRiER R Bz 2y Adgmaut g Bl A s 330 & 35l
» 71 Ek3 33 (relaxing function) g(yy , Yo, ) RiE DS F RL5 » dopt i 7

R ey RS S R E R AT 8 5 (prior) - 1R ¥R 3.4-1>

¥ i E'JB"’}'}?\ZLE‘J/”Q\ ;7\“ 'lit";\“ F 3. 4 L I

P(Zi =]| Z_i,Y—i ,xi,9j,a, GO) o P(Zi =]| Z_j ,(Z)P(Xllgj) (34‘)

P(z; =jlz_;, @)™ 5 2 472 %2 Online CRP prior » P(x;|6;) % 5 ¥z 3
oo AR Hx, 041 0 38 F 34w it 503 3.2

T # 7 B 08 d 2yt graphical model ¢ X AT A R TR A EE B
Al el FIMVRFREOALEER T L LG R oAk CRP evv 2

(exchangeable) » * ¢+ graphical model #72& = & % ¢4 & fr Dirichlet process
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mixture model #7i& = i ks 5 A 4p e o
3.5 Collapsed Sampling

bele 2.2, 4 R B A P B A 2 A ehA £ $ 1 1295 Neal2000

shalgorithm 3 %3 Gy - 0,224+ 12 i¢ * Collapsed Sampling’ #-graphical

model & i =7 [@l:

Bl 3.5-1: Online CRP Mixture Model : collapsed sampling

I - S TR R G Rz Ao F 35

(U +y)IA = v)Y = [ H (%6 ) dF (6 if j < k

3.5
ll+fH@“9ﬁwd9) ifj=k+1 3.5

p(Zi=j|Z—ily—i'xiH9j'a'GO ) LS {

FF 35 F(G) ek e 3 4l Eri 2 - R0 F(6)_ AR AR A

I TR )T A PEX G AY AR RTANEG o A2 6
FRls o
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36 FE 2

3.3 s A#H AP uE d - B Online Chinese Restaurant Process

training algorithm 4= :

Algorithm 3.6.1 : Online CRP

Input: a~ Gy ~ vy~ v, Db
Initialize: k=0 ~for all s €N, mg= 0~ f=0~es=0~

1. fori=1towdo

2. Get a data x;
3. if k==0 then
4. 7 = 1;
5. else
m I
6. sample z;by P (z; =jlz_3,y i, x, 050G, ¥1,¥2 ) (RR 0 N 2 H(.9) ) '.lf] =k
——J H(x:, 6,)dGs(6)) . ifj=k+1
7. Receive a correct answer yj
8. if z==y; then
9, Put x; into table z; , sample a new G'Zi from the posterior of G’Zi , based on

given G, andall the real and pseudo data associated with the table z; , 6,:= 0",

10. m, =m, +1;
11. else
12. Assume a pseudo data -bx; join table z;, sample a new 8',, from the posterior of 8',, ,based on

given G, and all the real and pseudo data associated with the table z; , 6,:=6';,
13. Assume a pseudo data bx; join table y;, sample a new 6y, from the posterior of 8y, ,based on

given G, and all the real and pseudo data associated with the table y; , 6;,:= 'y,

14. my =my +1;
15. e, =e; t1;
16. £, =f, +1;
17. end if

18. end if

19. end for

LB 3.6.1¢% > AP A - BPEXE - LTy ek 58 A LA
MeehoLine 2B~ Tkl x; »Line 3-4 M2 F P w A L¥#i 0> M AEE - T € BAT
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Lo Tl BBz 5 1iLine6 LB ERBAEA 70 d 3t B4 kil BT a4
]t Line 6 2 Jf 3 8 P(z=1| z_{,y-1,%;,0,Gq, a) ' P(z=2|2_;,y_;,%X;,0,Gg,a )*
P(zi=k|z_;,y_1,X;,0,Gq, &) > P(z;=kt1|z_;,y_;,%;,0,Go, ) » 2R {5 /8 ¢ Bt —
F o Line T #F AP ¥ xent F2fE § y; 0 Line 8-10 FB~# I k ez o y;
g kA F - fhans o B line 9 § 5z KPR M- BATIO, 0 Line 10 3
2 Cdte Lo Line 1117 2 Bofe d kchzy fo yy UM B0 B4 5 % 3 ke cioff
A% » Line 12-13 & W4t z; & foy; & B4 41 - B 770, fr0y, » &% Line 14 % y; & «

Hcbe 10 % Line 15-16 4 )k &re, frfy, o

Algorithm 3.6.2 : Collapsed Online CRP

Input: a~ Gy ~ vy~ v, Db
Initialize: k=0 ~my= 0~ f=0 '¢=0 ~ for all j €N

1. fori=1towdo

2. Get a data x;
3. if k==0 then
4. 7 = 1;
5. else
4 oomy o
6. sample zby P (2 = 1 z_,y_is X8y @G, V1, Vs ) {(1+y1)f1(1—y2)e1 i_liafH(xi;ej)dfj(e.j)—i'lf] <k
oo H(xi, 6;)dGo(6)) , ifj=k+1
7. Receive a correct answer y;
8. if z==y; then
9. Update the sufficient statistic of table z; due to x; join table z;
10. m, =m, +1;
11. else
12. Update the sufficient statistic of table z; due to —bx; join table z
13. Update the sufficient statistic of table y; due to bx; join table y;
14, my =my +1;
15. e, =e; t1;
16. f,, = f, +1;
17. end if
18. end if
19. end for
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hEEE3.6.1°% AP A - BHBERE - LTy frL 5 E LA

& o Algorithm 3.6.2 #.04 3.4 -] & 5 JA# > Line 22 #F F# x; » Line 3-4 &
AFPOBE A 0 MAEE- LEEATL ) Pl E Ay 515 Line 61 &
HEEP 70 d 3 ziE G KHL A7 L > 2 Line 6 % 35 P(z = 1 |
Z_i,Y-i,Xi,0,Go, ) P(z=2|z_;,y_1,%x;,0,Go,a ) P(z=k[z_;,y_i,%;,0,Go, ) >
P(zi=kt1]z_;,y_i,%;,0,Go,00) » FREEJE P Bt i - B oLine 7 € 7 340 #7370 x;

Tﬁﬁ?’MMSJO%%ﬁﬂ%ﬁmfrmﬁ%ma¥$%ﬁﬁﬁ—ﬁﬁ%’

Line 9 € % L A7z & 4 » x5 (& 53t 2 (sufficient statistic) > Line 10

AE A At 1o Line 11-17 3 o dihinz oy ot B %6 X B2 F b
25 5 Line 12-13 & %)%t z; & foy; & { #7H Su a3zt 8 0 #£20 Line 14 # y; & 4
#cte 1070 Line 15-16 # Hl& &k e, fof,. -Algorithm3.6.2 £ {- Algorithm 3. 6. 1

BoA A A APAEE S TR e AL BRI L Rl B

e

F e

2o E B R RTH AR

3.7 wEELAH

% Algorithm 3. 6.1 = Algorithm 3.6.2 » » 3t & - LR FHL > AP R F
BRFELDGERTE - LRFTRBE - LR FFHE S XER D
WHEFRET SRSz 0§t TRy RIIF g HE TR X

BRESLATLT SO F - SFR ARG AL hRe gRE s L

LEBEAEY 03 FEEBIRT S PTG R SE TR LG
biddplom e TP APE GRS BAT hEET AR 0 X g
%ﬁh\ﬂtjﬁ’é—é-l'.z %_’E“} i‘]’-ﬁ- lﬁtk\ﬁg—ﬁ mﬁ& T"F" E,,&rtL?":’f > 'L%_’;ﬂq.Fm %I}’l""‘;ﬁ_‘

hek AP L3 g ML - BREAGOINEAPE LR Z G gk

=
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A i e 32 E (Mean)fr % £ #ic(Variance) > § 3 ATF R &2 kp > A PHY P F &
i%’- 2 o

@ A Algorithm 3. 6.1 % b (7 Bk A2 P » B3R P w0 5 3@ & 2057 kg »
FRAEAFFLTHE R e 0)FFER 2D - BaEw[35]-m 3.6.1 % 6
FR% 15 7L AR Sk 2 o R A F R 7 Fy hREE o AP R AT
TR R F ez fol Fethie iy B B 258 Ft L ATHRER AR SR 5 0(1) >
Fp o FRATALG n Lo B w2 MO FAERR S 0(nkk) o F oDk
kK ¥ AAR 5 % 8K Tt > 0(n¥k) = 0(n) 5 B3 Algorithm 3.6.2 ¥ & 4t o

¥ b e Algorithm 3. 6.1 = Algorithm 3.6.2 » #§ 7 @ iL¥® WE RiE" &
A g VAR THEEN . A AR g F R RRETRIRET RN B
RTEEBE s A3 2T RPN - BATL el SR RTAE S| 0 T g% R AR

7

“3
=

o RERe e

3.8 B~ hyperparameter o

B F TR 2Py S TR AT p R R LSRN AT (E Y i 2

FEREET R 2l BLRRMTFEER) &) SRENS BRBTA A

38IPHZFLWF AT 2k a

e i@ % CRP mixture — % » Vi ¥ 02 8- % B~k a (Antoniak 1974)[36] -

n»

CAA o FE SN F 3.6 1T

P(alz)ox P(z] a)P () (3.6)



_ o [ mg=0] ctimy=0] glyayaz) my
P(z | a) i=1 at 2 glyiva ) My

Where t represents the number of data points, g(yi, Y2 2;) denotes the current relaxing function
corresponding to the moment x; joining to table z; , m, denotes the number of data points in the

table z; corresponding to the moment X; joining to table z; , lis an indicator function .

(3.7
B3 3T RAwAF 367 ERNF 3.8
. I[mZi ]a+1[mzl¢o] (Y1 ¥22) My,
P(alz)x I, a+2k1g(y1y2g])ynf P(a) (3.8)

1

B AP a A BAPRE AT 2 F o BRSNS 3.8 Ak it Az B2

2 VRGN PRERZIOTR ARG o

3.82 1% Online Learning ##% v &2 %k a

d 2t alpha A0 0 A PRIERIF D B L5 R F L F0 AT S 2 TR B
p ¥ 4% Online Learning #1% > R AT 5§ 4 chddic @ o B3R 2 P HE 30 R)
FELFEAATEN  IRAE R L q iE R A F g Rl - B R

A PR X TR AR R R AT SRR R A g st ] F

WA - B MO ERLWE AT AN e RS PR
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>
yr® %
d 3T B 5 #-Online CRP * k(T 2 A fgend B » NP L~ 2 4%

20 RERPL A TR R 4T &

# 3:0nline CRP ¥~ 2 » g9 5%k 2 HE¥ R4

e i %
X Figv %

Zi B 20808 1 B2 £ B 5 8

Vi B bR JERBEERS S L

m; PR ] e F Kk

g & ] 75 feature & 2 e % o

H(x;,0,) SRS RS b R

K ® R MRS g ARIT o
k B i R B esg ] B
Go base distribution
a D E R AT R e B Sk

g(yr, Y2, 1) | % jAEeOi IR St

Y1 ,Y2 e ¥
ej FAFERI ALY A o fe gt XU A g o
f; BEAERI2 % j3 > bk Ly jaaSidke

FIEE AT R MR PG Ak LBEK 2 #5h F IR Multinonial

‘F_k

& Fl o & - gehMultinomial $-#cft 4%~ @ Dirichlet » & (5-#cB) ¥ B~
e @rlgriea A L% g h(Conjagate)  Flut 2 P4k * collapsed sampling

(Algoritm 3.6.2) » # # ~ (integrate) ¥ miE 424 :
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P(X|B) = JP(XIH)P(HIB)dH (4.1.1)

m ' 1 m _
= f (n QJ'IVJ(X))(@H 0].8’ Y do (4.1.2)
j=1 j=1

__1 T N (0+Bj-1
= mf( gej )d6 (4.1.3)
_CINX) +B)
=T @ (4.1.4)
#e c(B) = fﬁef"‘lde _ T
j=1 r (B] . )

: =h3ie

BRIAHSFEO afisrT NEDNF 41100 3260 - ¥ Multinomial
¥ @m a % - 2 Dirichlet $8 #H 2 Gz HE 2 F 4. 1.1 7
ERNF 4102 0 9 0% - e 2 A HReDA) 50 Bl dp Bt A L E JRAp

4e ?."1?5';?'];\3:* 4.1.3 > & 4%-C \Sr;\ﬁﬂi%ﬂv)s ’ ?;‘5—;\‘:1' it Fg‘:}‘ 4.1.4 -

Flpt g A ié * collapsed sampling B o fE 28 N gt 2 4T

A +y) 1A=y 2 [ H (x;,60 ;) dF(O)—if j < k

i—-1+

(4.2.1)
[H(xi,0,)dF(8), Jifj=k+1

P(Zi—j|Z—i;xi;a;ﬁ)°<{

i-14+a

Firn o omj C(N(x)+N,—j(x_D+B) ., .
_ (1 + Y1) ](1 VZ)e] i—1+a C(B"’Nz:j(x—i)) ) lf] < k (4 2 2)
@ C(NG&D+B) ifj=k+1 -
i-1ta_ C(B) ’ J=

PRt APF UEINT 4210 £ #5541 1-4. 1.4 BT
i T EDINF 4.2.2° 29 C(B)F * PlGamma function @ AT ezt E AR
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C(N(x)+N,—;j(x_)+B) .
CB+N(x=))

B3 EERRUnR T AP AR TR AR

CINGx)+B)
c®

Y TIE LTS ST PR LR EIECIE S SRS

4&
S
—

NN A2 FALFRLRLE G- B RAL - B

BT AP E BB

41 RHRFHEAE

Bl B AApR o T A B TR

1. 20newsgroup
20 NewsgroupsE_—vip# Ak * {2 =4 F 4 2 g TR > gt TR R
FrEwmE Ao 2 20 #a7200008 0 F 0 2 F 20 AR 0 2 7 R MR~ E R

CFAEE R AT 0 B E0005 R0 TE AR R g - A R

SFHREE TR 0 e A F SR H e B

2. RCV1
RCV1 &_Ruters f# i shit dataset » > F 41§ i David D. Lewis e4 #5[37] »
£7 10382 B0 F A F AFHRDOTHEELRTHEEL IR ABH TR

2.3 &2 F LR Lewis th ¢ chh it (category tree) ¥ B~H % = & & 2h(node)

=k
4

ﬁm
?

4

-F’b

Lo e SR EETS ERE T ES E VY T
T ¥ - K ehR Bh(parent node) 0 feizif A A R B % - Kenv 2z
Ew - kRS BER Y o

SE Rt £ 1T B3 HE 1 2 15564 K BIEET AL 518571 K TR AL
feature #c3 47236 # -
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3. Wikipedia
A * Wikipedia fexbdt Eendump T 23X Y2 FFH 2 F > APER

P FNRAE I DT FROFEE TR B RO I AERI DT FF 0 B

% 4:Wikipedia 7 # &

e a4 | TREE o 24 TR
Mathematics 9683 Applied_sciences | 15869
People 108175 Health 15060
Science 32113 Business 36167
Law 19304 Humanities 20897
Geography 442786 Belief 1679
History 79121 Chronology 820576
Cul ture 137074 Society 59006
Agriculture | 26746 Life 42265
Politics 59883 Computers 6949
Nature 14655 Environment 13341
Technology 58406 Arts 17907
Education 38675 Language 5346
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BT - SR AR EBYRERF GG RB PO RE - LG

EN O ML EREFEDEN BRI [RE S UT AR AL H2FE D

SR E G BEARART R AT AR RTEFA A

SH

- BFACR MRS A o § BlS SRR IR SETS A e nF o g A

(2) 2 ",$ Stop Words

TRV IR F o AR L AR MR R E TP
A& EW LR GRS L TRl o
(3) &7 Stemming fJ2

B2 F ey gl A R ERBEIREELED G A RfEZ 0
Lo PARRLLDT - TR R 2§ ¢ 27 Stemming ST 0 T

B e RE R LT S 2 RA

25 FHRPEFXL LR

CPU Intel(R) Core(TM) i7 CPU 3770
3.4GHz 3.4GHz

RAM 16GB

Language Matlab
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AR ATHEETHER LA FE T Pk D4R Sfold g sk ik o 2
Fi Lo LR PR TR RIDEA B FREA S5 B4 0T B fold

# — i fold # » = 80%2z Training Data {= 20%¢< Testing Data » # &, & 3t & -

s

[JE 3 A

=\

Ric 3 = & Testing Data s ¢ » M@ ¢ - =t F % ¥ 20%¢9 Testing Data ‘¥
& R ﬂ\ﬁﬁ:{&% 4 g+ 7R Data Point o

w o E RCVL B+ > 245 * 4 4.2.1 #7if 2 training data f- testing data -

TR EES § g Ea Wikipedia Tl f 0 g S R-F LA & 80%2
Training Data = 20%¢7 Testing Data 2. 1¥;% -

A R A2 3k 4 en 2 Online CRP «vt #2272 5 Online Perceptron -

Online Logical Regression ~Online SVM - Logical Regression ~ SVM -~ Naive Bayes -

D
w
Qb
H\
= »
ov
e
#
a1
J
g

4.3.1 F1 cluster evaluation

BRAR L B A s 2§ B o e d SR e frdg 120 2 2 Online CRP - » 3R]
PEESFIRRIE A AP R AL G G g 0 Bl E i FL class

evaluation’ ¢ 7 3+ & T &%

A2 R R o TP A - &8 * FI cluster
evaluation % izt RIE 491 - T 5 Fl cluster evaluation = f&+* gae= %
1. True Positives(TP):

e N

=t
Lt
ot
S
!
s
i
e
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_
(dn
F_L
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@
B
oy
L
g

2. False Positives(FP):
ARBA R RA AR -H REA K RIS L AR - BEEWE
3. True Negatives(TN):
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4. False Negatives(FN):

RIS I A AN S =

m F1 cluster evaluation measure 2z

Do TP
recision = TP n P
L TP
recal = TP ¥ FN

2 * precision * recall

F1 = —
precision + recall

4.3.2 Error rate

s v

Y o2l

S ot B AR e sl e R

4.3.3 Execution time

v

= B

PR L

g R E
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44 Bk
20newsgroup:
% 6:20newsgroup ¥ %% % (b-fold 2 TiaE + 2 2R %)
Error Rate Cluster F1 Value Execution time(s)
Online CRP 0.200980+-0.010022 0.679006+-0.022357 312.818196+-8.920450
Online Last Perceptron 0.516627+-0.039270 0.213904+-0.032936 1075.408193+-103.908960
Vote Perceptron 0.443566+-0.013335 0.252989+-0.022854 36970.677459+-2111.787157
Avg Perceptron 0.363954+-0.024588 0.433337+-0.031250 37482.347879+-3988.263142
kernel Last Perceptron 0.371754+-0.021299 0.422586+-0.030748 384.324955+-103.357849
kernel Vote Perceptron 0.352151+-0.045431 0.463472+-0.049069 14799.319818+-1688.544731
kernel avg Perceptron 0.375507+-0.023233 0.424742+-0.029058 13423.765702+-199.894576
Online LR 0.317697+-0.016178 0.500984+-0.019566 113526.530614+-2755.268273
RCV1:
2 T:RCV 7 5% &%
Error Rate Cluster F1 Value Execution time(s)
Online CRP 0.147713 0.851655 54958
Online Last Perceptron 0.117643 0:890532 259512
Wikipedia:
% 8:Wiki f % % %
Error Rate Execution time(s)
Online CRP 0.3602 112030
Online Last Perceptron 0.3888 2249000

45 RE%ERSE¥H%

1.2z d = Online Learning Algorithm 2_ +* $i2
¥ 20newsgroup B § B 2 F R sk o T LKA G EF Ak k2

E o PR ERERL L H 3R o # ¢ Online SVM {
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LR E (- B )N R %
% RCVA(# 7)r Wikipedia(# 8):% % ¥ » 2 v/ F 4L £ 4 w]id ¥] 50 § - 160

# > ¢ * kernel method [38] 2 = /% Z :* & kernel matrix » % if% & * 4% B2 e h4l

)
®
A

CEEEG P AEL Y b IR FTRE < 2R & gazt¥ Aok Online
CRP £ Online Last Perceptron # 12 %32 B (- & * )p g% > @ Online CRP =
v Online Last Perceptron -7 ¥ % - m ¥ Online Last Perceptron z_ =3« Jf & % 2_
75 B4 Online CRP B2 2 » 7 ¥ e Sk G RFTH R 4 eniiR ™ 2.4 7
bene Rk N a0nlineCRP» 7 W7 A Ll agnficddic: " e 4 27 §n
B Jp A T g W) B o Bcend @ Online Learning = -

$t#b > 20newsgroup €& Bag W 2 F #icy 5 1000 & 0 RCV1 {e Wikipedia =

BEMEEG > F BN R EIERI TG0 d T TF gl AR R

ppiu}

N~

dr 3
)

7
~

S AETH TR T iofed TSR T o DT A 48 il o

2. 22 3% ¢ superviesd # i 1t i
ENNAl BT dﬁm;‘%—?‘%"‘\ﬁﬂ"v}ék lﬁkvf{mﬁ’,%dﬁ,ﬁm@%b“@,’,ﬂfljlz‘f

' 2

B

Rt

20newsgroup

% 9:20newsgroup 7 & 7 supervised = ;& »zii bt 4k (5-fold 2 T30 + 2 BB 1)

20news Error Rate F1 value Execution time(s)
Online CRP 0.200980+-0.010022 0.679006+-0.022357 312.818196+-8.920450
SVM 0.203030+-0.009245 0.651600+-0.010391 5931.925530+-56.237568
LR 0.179275+-0.019520 0.692891+-0.028493 8576.386376+-315.337173
Naive Bayes 0.227584+-0.011982 0.613931+-0.021737 2909.171871+-30.390296
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RCV
% 10:RCV1 F 4L & 22 supervised = ;& { #7H3| v £

RCV Error Rate F1 value Execution time(s)
Online CRP 0.147713 0.851655 7023
SVM 0.0748 0.9318 346112
LR(lambda=30) 0.1409 0.8394 12367
Naive Bayes 0.18 0.7850 143831

Wikipedia
# 11 :Wikipedia 7 & £ supervised = ;= { #7#-3] &
Error Rate Execution time(s)
Online CRP 0.3602 7112
LR(lambda=30) 0.3488 40952
Naive Bayes 0.3887 389209
Ao 75 ek 2 Online CRP sy % i T E N Y 2 o

A 20newsgroup =9 %P (£ 9) » 1* © ST P AT 4 OnlineCRP v H s = 72 B0 37
5o A TGRS E YR R F R RIF 58k #l4e Logical Regression &
JE $%3% regularization %~#c A » SVM(linear)# & jf ¥¢:% penalty % # C > Nalve Bayes
® & JF PEiE smoothing %#ic Boizd S8y H.% R f 2 HE )8 = overfitting &
underfitting » ® FH4E{ L T dua PRI 0 FIPLFHREAY 0 P FHRRE A

AVRFORE BB - P H R BREPRETAE RS BORER Y > T P

& RCV F %7 (% 10) 0 £ Bk P 3 B0 5 7640 F 5 0BT R Y 1800 &

AL B PR T hATH L LV 0 AR A L AT R R Bt e

‘ -—
N
F_k

bl

SVM(linear) » e £ L ATPF R § 4 > @A FE A 5 HpF AT AP E Sl
BT o ANPR T L X HRIE IR svm 425N 0 T RE S 4258 grid.py A2

PR B 2 kP fdic o HRIRT B Sl TIoRE- B 48X Z 69000 F)) 5 @
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Online CRP 74 3 4 3t SVM £ Naive Bayes 2. & > 7z #_Online CRP { #7+ § £ §
FEF A 7000 £ 0 B ERSFY S (AT R g

& Wikipedia 2 % # (% 11) » 2 f 2% B % 03] % 4150 § %

-
x?
—t
=
&

Ak z B EUPET hATH L F L VRFR 0 s { Rrends 1T O IR
Online CRP t features #c5 § B cnfi-in ™ » ¥+ F £ Amsg e RF R T H3] { 31
¥ % % 7000 #; - Logical Regression R« 7 40952 #; ; ¢+ ¢t > SVM 1= Wikipedia
P L RZLEREPFTP BT % -

EESEY 2 Matlab s ¥ R ¥ fFEEL it A TEE 0 T

Al & F £ £ 3] 60000 & 2 15 » ﬁ} ¢ MM RM A L2 43 L > @ Online CRP
wr oz raEt ik kB E > e RS AR Bopgt o ¥ TR A0 Rlee d

2
AR FREEIFE R 2 i | g A AT RIS ED
SFRT o R EAE Y S g 6 TR Tl
-6 AR SERY c APFRTAFHELIE- BRI AHYRD
2 Online CRP &2t ic of a8 48 €0 WRCV AL 5 b & 36450 % gt 2 = 02
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y:testing data error rate
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1. Online CRP with Stochastic Gradient Descent trick

g 2.6t 0 AP FVATRRETIE BE 0 AP Re



&)
=T R

7 g5y £ I F]Pt A 43 0 Léon Bottou #7 % 32 11 Stochastic

Gradient Descent Tricks[39] 2. » & fp - -+ 8L = - 1B period » ®#ptE training

error » I 27 F — =t 3t E 2 training error Ap i 0 B M £ B E MY R - B ER] AT

EETE SR Ny
RCV1:
% 12:RCV F#L & : Online CRP £ i * SGD trick 2= Online CRP »i it 2_ 1t fi
Error Rate F1 value Execution time(s)
Online CRP 0.147713 0.851655 54958
Online CRP with SGD trick 0.1775 0.8118 1312

Wikipedia:
% 13:Wikipedia ¥ # % ¢ Online CRP £ & * SGD trick = Online CRP #x it 2+ $i2
Error Rate Execution time(s)
Online CRP 0.3602 112030
Online CRP with SGD trick 0.3807 594
05 T T T I
| .
g 044 -
(V]
[@)]
£ 03 .
£
]
= 02F <
5.0
01 | | | | |
0 1 2 3 4 5 B
x:training data & x10°
B 4.5-22RCV1 F#1 % : Online CRP & ff - + & F3#l % 4~ =t training error °
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x:training data 87 & x10°
® 4.5-3:Wikipedia 4% & : Online CRP & 1g - + & FF#l2e4k- =t training error °

0.36
0

d §] 4.5-2 {vB] 4.5-3 ¥ 5 4! > Online CRP 2z training error &3 4 & | -

‘m\

BRE S R E AR NA L edmd 2 R2fA 13 ¢ Foug d s AP R D2
= ;% > % 4 » Stochastic Algorithm s~ # trick > B2 SRaeie 1t -2 FR L k!

RAET 2%~3% > & AFAIRFFL RALS FA LR .

2. REiR
Ak 4y en Online CRP AL # #ic 2 o Flut 03] £ 5 8 TIATHE W chpr iz » o

€ BAsEHE v S B BOo fed 5 A5 2 48 2 20 Online Learning = 2 28 % %
LK W e S B2 #1045 1 9 B8 A Online CRP e 477 v+ H # Online
Learning = iz hZ > ® Online CRP 2 »zic ¥ W FIfrE A5V B Y 22 £73 § ok

B HEEERL L H B SRS 337 ik - 4 eh3l i Stochastic iw B 2 F
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