R E 4 E BV I8 1P K v FH

Theory and Applications of Probabilistic Graphical Models
(Lesson 14)

BR A 12
FIE RS FTIRR

Addr: 1% 6-104
Tel: 62796193
Email: ozj@tsinghua.edu.cn



BT TS

« B—E 5T (1)
» B 5 EBRARPRREL (3)

s DGM-UGM
s Semantics

= HMM-CRF

« B EREAPEEER (6)
« FERIHERE: variable-elimination, cluster-tree, triangulate
» ESAE: Kalman
» KFEIEAL: sampling
s A5ME4L: variational

Vavan o w Y Un e 2, »

FIE EFEAFZEJHE (3)

s ZH(%¥ ). maxlikelihoodEstimate, BayesEstimate
» 2% 3. StructurelLearning

» BhE —PNEEHF (1)

L/
0’0




IRIEES




Summary
» MR, GEvh R >

O e S

s HLAREYHE

o AEFEANHE VR BERY— PP 2R

o AN[FJGIUE A VF 22 Y 0] R R A S5 0 MR R, Gev AR A )
A fhivhs JE. ERER
PR G IR SO BT, LD

« MR BB BRI AR A
o WEREBA RN (representation)
s LT REREFHERE (inference)
s WEREA %3] (learning)

PTR80S R B A TR
HAZ e e I g vt




Summary
» MR, GEvh R >

= HlasE g
o ALPEANEE MR R RE )P BRI

Uncertainty appears to be an inescapable aspect of most real-
world applications. Koller & Friedman, p.2

As far as the laws of mathematics refer to reality, they are not
certain; and as far as they are certain, they do not refer to
reality. —— Albert Einstein, 1956.
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Application

, ?‘5%*?% p (A4 | WL &)
1:N !

| Representation |—— >

TAMILE + L5

Human knowledge
+ Data




ElfRBIZER N E R

o AT B 22 3k oR — AN BRI R AT N (o
describe a particular distribution) , FHFZZHEFLL

UES

+« 15 X (Semantics)
s ENXTRIFAME ST KRR CHERE. cmEs B 8-, D)

4EK4) (Structure) e oo
o BNV R R CIDTH E A ) O] ¢ o

1

0.9 0.1

+ SZHL C(Implementation)
s R4 S8 ( discrete/continuous ) LA SRl 3R ER A AR TE R

RS 7%%1 (Parameter)
s ALK R EEF

S

PRI 2 Z 2 IUE




Representation (3R ET)
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KB BRE £ (Cluster-tree elimination) & A BX 3L
HEEARBHEEMBKETHPHNTE R BEIL 2 1EZLMRF

Linear-Gaussian Conditional Nonclinear
Gaussian (CG) :
: non- Ian
KalmanFilter Mixed discrete-Gaussian GEEaussIa
#(x1g,h,K) MmyEEoR: (g, h,Ki)  Exact inference is
S . usually not feasible !
=exp< g+ X h—=x Kx Exact inference
2 is feasible, when Two classes of
BSE oR R I AT W R AN B approximation:
Lmear-_Gauss!an CPD Y [ B A Stochastic
Entering evidence Deterministic
Product Weak marginalization
Marginalization Moment matching
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Learning (3i&AT)

SERAEERREERT—TEEBEB R 2% ( to describe a particular
distribution) , EEXETRHAER
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data
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LDA (Latent Dirichlet Allocation)

for text classification, thematic structure discovery, ...
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A (word): BUELE 1.V 1B EHLAS &
A% (document): AR AL TA d = wy .y

= ScienceZ & R SCEE
S 4E (corpus): MANICRIRIEES D=d, .,

= ScienceZwf4E

We describe latent Dirichler allocation (LDA), a generative probabilistic model for collections of
discrete data such as text corpora. LDA is a three-level hierarchical Bayesian model, in which each
item of a collection is modeled as a finite mixture over an underlying set of topics. Each topic is. in
turn, modeled as an infinite mixture over an underlying set of topic probabilities. In the context of
text modeling, the topic probabilities provide an explicit representation of a document. We present
efficient approximate inference techniques based on variational methods and an EM algorithm for
empirical Bayes parameter estimation. We report results in document modeling, text classification,
and collaborative filtering, comparing to a mixture of unigrams model and the probabilistic LSI

model.
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Document modeling
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Seeking Life’s Bare (Genetic) Necessities Z4
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COLD SPRING HARBOR, NEW YORK— “are not all thar far apart,” cspecially in
How many genes does an [Srganism mii o con 1] irison to the 73,000 genes in the hu
survive ! Last week ar the cenome meeting P 11T T, 10 TEs Sy .".mlk_aal:: (T
here, two genome researchers with radically L-:lix'clw'l[*. TR s - =T arrived ol .
different approaches presented complemen SO UL Comming up with acoree
tary views of the basic genes needed forf ife SUS ANSWET A be more than just a g ed
One research team, using computer analy numbers rricularly nore ard
ses to compare known genomes, concluded  more genomes are cre pped ; .
thart roday ' sfarganisms can be sustained with sequenced. "It may be a way of organizime
just 230 genes, and that the earliest Life forms any newly sequenced genome,” explains .
required a mere 128 genes. The g Arcady Mushegian, L computational mo
L - -
other researcher mapped wenes e ~, lecular biologist at the Natiggal Center .
i a sinple parasite and esti- % for Biotechnology Information ™
FEe : { Hasmephilus Vo . . 3 1‘;[‘
mated that for this organism, | genome vin Bethesda, Maryland., Comparing e
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Genome Mapping and Sequenc- ——
ing, Cold Spring Harbor, New York, Stripping down. Computer analysis yields an esti-
May 8 to 12. mate of the minimum maodern and ancient genomes,
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SCFEAILDARREZRY (Latent Dirichlet Allocation)
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. DA — Parameter estimation
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LDA — Inference
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n=

= The inference problem in LDA is to compute the posterior of the
hidden variables given a document and parameters « and /.

That is, compute p(6, z,y | Wy, o £), P(O| Wy, a f), P(Z, | Won, @, f)

= Unfortunately, exact inference is intractable, so ... 19



LDA — cluster-tree elimination
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LDA — Variational inference |

« (O~ D @&

N-Mword

o JEURERIEA A P62, W ) (ela)Hp(anH)p(wnlzmﬁ)
o /Eéj\ﬁ/fuéj\ﬁ q 9 Z]_N Hq

AR loga(x,)=E, | log p(x,, X )| %, |+const

——————————————

log q(6) =(log p(<9|a> | +2<Iogp z, |9)> | »rconst

~log p(0| ) +Z:'Z”:Z( Togp(ﬂ\b—Z(Z%kj'ogg
n =2 %1096 ’

“———___—_

21



LDA — Variational inference ||
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Experimental result

+» Data
= A subset of TREC AP corpus (Newswire articles)
= 16,333 documents (90% training, 10% held-out)
= 23,075 unique terms
= Removed 50 stop words, words appearing once

» Train a 100-topic LDA model

+ Perform Inference on a held-out document
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“Arts? “Children” “Edncation®

M4 B 11 2 kAT —topic k K

S 25 [fword FILM T WOMEN STUDENTS
I X SHOW PROGRAM PEQPLE SCHOOLS
(top-word) MUSIC BUDGET CHILD EDUCATION
o _ MOVIE BILLION YEARS TEACHERS
#Elt, = 3] 2 HYtopicER & PLAY FEDERAL FAMILIES HIGH
MUSICAL YEAR WORK PUBLIC
BEST SPENDING PARENTS TEACHER
ACTOR  NEW SAYS BENNETT
FIRST STATE FAMILY MANIGAT
YORK PLAN WELFARE NAMPHY
OPERA  MONEY MEN STATE
THEATER PROGRAMS PERCENT PRESIDENT
ACTRESS GOVERNMENT CARE ELEMENTARY
LOVE CONGRESS LIFE HAITI
Fnfword w FIETE Ak, 21 p(z,=k | wy.) = q(z,=k)>0.9
The William Randolph Hearst will give to Lincoln Ceuter,

Metropolitan Opera Co., New York Philharmonic and Juilliard School. #0Our
felt that we had a real opportnnity to make a mark on the future of the performing

arts with these an act every bit as important as onr traditional areas of
m health, medical education and the social Hearst
Randolph A._Hearst said Monday in the Lincoln Center’s
share will be for its new which will young artists and
new The Metropolitan Opera Co. and New York Philharmonic will
each. The Juilliard School, where music and the performing arts are
tanght, will get The Hearst a leading supporter of the Limeoln
Center Cousolidated Corporate will make its nsual donation,

too. 24



LDA for document classification

Seeking Life’s Bare (Genetic) Necessities
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here,” two geneme |'|.'~\.-.=«rrhwr~ with radically
difterenit approaches presented complemen

tary views of the basic genes needed for life.
Olne research team, using compurer analy

ses to compare known senomes, concluded
thiat today s oreanisms can be sustained with
just 230 senes, and that the carliest Life forms

senes. |he e

-

Fl.'l_ll.l'.l'l."‘l o Imer I-'L"

other researcher |‘;'|.I|"[‘-g._| TOTICE A i

it a siimple parasite and esti /
maated thar for this orcanism, |
SO0 eenes are :""1'I'I‘.'-. todorche )
jub—but thatanything shorr "-.‘
af 100 wouldn't be enough. hN

Although the numbers don'o \‘-?{“ﬂ“_il_f:&

match precisely, those predictions | Sheosiasms

" Genome Mapping and Segquenc- ——
ing, Cold Spring Harbor, Mew York,
May 81012,

SCIEMCE « WOL, 272 = 14 MAY 1996

“are nor all thar far apart,” especially in
comparison to the 73 the b
IILAN ZET0Ime, nores =iy .-"'.n.I-.-|-~n-.-.n"f._'-~|~~n| i
University in Sweden, who a i the
3':\.\\.\ I'|l.|l'|||‘-;.'|'. ]*.l‘. CoMTite LI W |I!|| A CAOMIEeT-

.'\-\I'n.-"n.-l AT LT
I'TLY Ll\.
SUS AnEWer may I-"L' T ||l.’l|‘| _|||"-'. HEAL R AN iL'
numbers game, particularly as moere and
more genomes are completely mapped and
“lr e
any newly sequenced genome,”
Avrcady Mushegian, a compurational mo
lecular biologist at the National Cenrer
tor Biotechnology Information (NCEID
1in Bethesda, Maryland, ©

—

SO LIL N ed. e aoway aof organizing

explains

amparing an

i a:ﬂa:ﬂes ,"

gnnﬂ

Stripping down. Computer analysis yields an esti-
miate of the minimum modern and ancient genomes
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