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Probabilistic Graphical Models / Topic Model
- 4 & Graphical Model
- X 7l
Representation\ Inference. Learning
- LSA (Latent Semantic Analysis), 1990
- pLSA (probabilistic Latent Semantic Analysis), 1999

- LDA(Latent Dirichlet Allocation), 2003
- Hierarchical Bayesian model
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- Probabilistic Graphical Models (Principles and Applications)
- Luis Enrique Sucar, 2015

- Probabilistic Graphical Models (Principles and Techniques)

- Daphne Koller & Nir Friedman, 2009

JIR

- Pattern Recognition and Machine Learning
- Christopher M.Bishop, 2006
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Probabilistic Graphical Models / Topic Model
- 4 /&Graphical Model
- X 7l
Representation\ Inference. Learning
- LSA (Latent Semantic Analysis), 1990
- pLSA (probabilistic Latent Semantic Analysis), 1999

- LDA(Latent Dirichlet Allocation), 2003
- Hierarchical Bayesian model
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Graphical Model (HLZEFEHY)
Probabilistic Graphical Models (PGMs)

- R AR AL 2 — 2R “ﬁ@ﬁ%ﬁﬁ?ﬁﬁﬁ%%
AP RATR . R IR 25 A MR 1 5 TR
FiR, FA %eﬁr%mﬂﬁ%MEgm%AMK
I IEL08EE O RN 2 VR R [ T 92 4
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IINVASENTIB
- LR BB 3L N = E o
- Representation: MEZ F Y RN F 8
- Inference: ML KB HE L B i
- Learning: MEZ A 5 2] 3R
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- A data set of N points generated from a Gaussian:

N
) = p(p)p(o) [ planlp. o)

n=1

0'\

# Ak

Lei Zhang/Lead Researcher, Microsoft Research Asia, 2012-04-17, USTC
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Na've Bayes model (ZIigi%)

BIZA )5 I
p(cld) s KIS HdE

OT® || su

N p(c),i=1,2,.. .,%’é%'lJ ST
p(wyc), j=1,2,..., 8 T 2L

N
c' =argmax p(c|w)ocp(c)p(w|c) =p(©)]]pw,c)
Object class Prior prob. of Image likelihood
decision the object classes  given the class
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Graphical Model (R EFA)
7R H BRI 3 T WE A OCO% 28 B A [ SR 6
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BEREHRRI A RR 4H: G(VIE)
i Z41: CPTs
Representation

A Bayesian network (BN) represents the joint distribution of a set of n (discrete)
variables, X1, X2, ..., Xn, as a directed acyclic graph (DAG) and a set of conditional
probability tables (CPTs). Each node, that corresponds to a variable, has an
associated CPT that contains the probability of each state of the variable given its
parents in the graph. The structure of the network implies a set of conditional
Independence assertions, which give power to this representation.

A PGM is specified by two aspects: (i) a graph, G(V, E), that defines the structure of
the model; and (i) a set of local functions, f (Yi), that define the parameters, where
Yiis a subset of X. The joint probability is obtained by the product of the local

M

functions:
P(X1, X2, ..., Xn) = K[ F(¥)

i=1
where K is a normalization constant. This representation
in terms of a graph and a set of local functions (called
potentials) is the basis for inference and learning in

PGMs.

Advances in Computer Vision and Pattern Recognition
Luis Enrique Sucar, Probabilistic Graphical Models (Principles and Applications), 2015
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Inference

& 5 AR B ) DU k) 2 1 FLR s B R & 70 A

e P(A,B,C,D,E)=P(A)P(B|A)P(C|B)P(D|B)P(E|C,D)

IR B2 EE=e, €455 uF#E(Evidence)
MEH R AR | C=clI &2 P(cle), €747 (inference)
i
1
P(c|e) = —Zﬂ P(a.b.c.d.e).
Z = KT TE

T {ULHETE
z=Y, .Plab.cd.e) =



EERZRESHIEIZE 2019/4/29

R EERIN )

Learning

- MRS CR, BUAZERIES] (T

- HHREE AR ARG (MLED « DU, |

FMESHON e, FEEMILABI AL &,
- MLEZER R 24 ML T, T%%ﬁ%j@ﬂ%%ﬁﬁA%ﬁim

15

fr%@mﬂ? lgéﬁﬁf%&%ﬁﬁfa%F KHEMEFZE, HERGEP

Bﬁ P(X
e RE g g

W= VA T t

]%XIUHO?ND;’:HW%ZJ‘SKE’JI%EZL ﬁﬁ‘ﬁl'ﬂm_ﬂ ?’éﬁl] i EIEYN
K HAR 73 DU 7 VA UK A

- MER E S5 1 R A
- BAETE AN, BRI AR R AL, TP A SR B
VLACREIE, AR i R T . SChRel i S A 4R B il )
S5, T UL S M O B0 M T i 4 KA
i (P TREZA —NLTHRD , W R A 2 TN [R] N 58 5

75 ] & NP- hardl?%ﬁ
- BIEA eSS, FFEJEstructural EME L,

Cmap = arg max P(c|d) = arg max ﬁ’(c)
cell cel’C 1<k<

Rk
—
o
==
™y
f —

Ny



EERZRESHIEIZE 2019/4/29 16

INGE: FRTR. IR F 3
Representation, Inference, Learning

- Representation

-agraph €« %ify: G(V,E)

- a set of local functions (called potentials) €<Z=#: CPTs
- Inference

- answering different probabilistic queries based on the model
and some evidence.

- obtain the marginal or conditional probabilities of any subset
of variables Z given any other subset .

- Learning

- given a set of data values for X (that can be incomplete)
estimate the structure (graph) and parameters (local functions)
of the model.



BRI R SRR 2019/4/29 17

WE 2= [F| 1R B g Dl 288 Directed Acyclic Graph
Undirected Graph

Table 1.3 Main types of probabilistic graphical models

Type Directed/Undirected | Static/Dynamic Prob./Decisional
Bayesian classifiers D/U S P

Markov chains D D P

Hidden Markov D D P

models

Markov random fields

Bayesian networks D S P
Dynamic bayesian D D r
networks

Influence diagrams D S D
Markov decision D D D
processes (MDPs)

Partially observable D D D

MDPs

Advances in Computer Vision and Pattern Recognition
Luis Enrique Sucar, Probabilistic Graphical Models (Principles and Applications), 2015
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Hidden Markov Models Markov Random Fields

Bayesian Networks

N

L Decision Graphs Markov Decision Processes

Relational Probabilistic Graphical Models Graphical Causal Models
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INgE: {2 2Graphical Model

- Graphical Model (3 FE#E)
- Probabilistic Graphical Models (PGMSs)

RIF e i
- Representation. Inference. Learning

- B AR [ LR T

- DUm-Hr X 285 % F A [m] Jo 24 K (Directed Acyclic Graph)
- LR ] R EEHLIZ % FH 76 7] ] (Undirected Graph)

- BER EER L N =
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Probabilistic Graphical Models / Topic Model
- 4 & Graphical Model
- X 7l
- Representation. Inference. Learning
e YIRS
- LSA (Latent Semantic Analysis), 1990
- pLSA (probabilistic Latent Semantic Analysis), 1999

- LDA(Latent Dirichlet Allocation), 2003
- Hierarchical Bayesian model

- FEE ARG T SEIL R
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Topic proportions and

Topics Documents :
assignments
gene 0.04
amtic 061 Seeking Life’s Bare (Genetic) Necessities

’ e COLD SPRING HARBOR, NEW YORK— are not all I]l o far apart,” especially in
] ]\l\.\ lll\lll)' enes \Il!l."‘ Al C'Tgilnjf\"l” negd Lo O [ TS0 ¢ h Ij.'. L-‘\' oenes 1n [h\' .:1“
J survive! Last week ar the genome mecling qoine, notes Siv Andersso T
here, ™ two senome researchers with radically [ Iniversity in Sooabs ---
different || sproaches |[ sented complemen- 800 b DUt coming up with i comse

1life 2 rary views of the hasic genes needed for life € sus answermay be more l| an just |
evolve 8.81 One A, s analy numbers R r
. ses 1o ¢ e known senomes -m:&.luici more zeno It .
QEsEnLEn 0.01 that n-.|.1 ganisms can be sustained with squenced. ]r may be a way of o
just 230 genes, an |l] it h arliest life forms any newly sequences

require i amere 12 The e Arcady \1'.|~'h !
\_/ ather researcher m: pped genes ._\.\ ceular biol

ina "II]]]"l\' par 15ite

mate: |lh for this vrganism, l"' e
) 800 genesare p |Ln[\ odothe | 5

brain 0.04 job—hu l|].l iy thing short "\\

neuron ©.02 of 100 wouldn't be enough. N

nerve 6.81 Althoug! J1l]l 1u|1u| ers don't -

— match precisely, thos cl

f * Genome Mapping and Sequenc-
ing, Cold Spring Harbor, New York, Strlpplng down. Compu sis yields an esti-
May 8 to 12, mate of the minimum modcrn and ancnent gencmes.

data 0.02

SCIENCE » VOL. 272 » 24 MAY 1996
number  0.02 ' LY

computer 0.61

R—

We assume that some number of \topics," which are distributions over words, exist for the whole
collection (far left). Each document is assumed to be generated as follows. First choose a distribution
over the topics (the histogram at right); then, for each word, choose a topic assignment (the colored
coins) and choose the word from the corresponding topic. The topics and topic assignments in this
gure are illustrative - they are not fit from real data.

Probabilistic topic models, DM Blei, Communications of the ACM, 2012 Retrieved: 2017.04.06 Google cited: 1622
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Topics

TomEBEREE? flF

“Genetics” “Evolution”
human evolution
genome evolutionary

dna species
genetic organisms
genes life
sequence origin
gene biology
molecular groups
sequencing  phylogenetic
map living
information diversity
genetics group
mapping new
project two
sequences common

2019/4/29 22

“Disease”
disease
host
bacteria
diseases
resistance
bacterial
new
strains
control
infectious
malaria
parasite
parasites
united
tuberculosis

“Computers”
computer
models
information
data
computers
system
network
systems
model
parallel
methods
networks
software
new
simulations

We fit a 100-topic LDA model to 17,000 articles from the journal Science. At left is the
inferred topic proportions for the example article ( - TTE PR CE) . At right are the
top 15 most frequent words from the most frequent topics found in this article.

Probabilistic topic models, DM Blei, Communications of the ACM, 2012

Retrieved: 2017.04.06 Google cited: 1622
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Probabilistic Graphical Models / Topic Model
Fr 2, 72 Graphical Model
o A 5 42K
- LSA (Latent Semantic Analysis), 1990
- pLSA (probabilistic Latent Semantic Analysis), 1999

- LDA(Latent Dirichlet Allocation), 2003
- Hierarchical Bayesian model

- FEE ARG T SEIL R
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LSA(Latent Semantic Analysis)
ﬂlﬁ SASFEFERISVD ST AR, & INAHIS TS

¢l Human machine interface for Lab ABC computer applications

c2: A survey of user opinion of computer system response time

cd: The EPS user interface management system

c4d: System and human system engineering testing of EPS

¢S Relation of user-perceived response time to crror measurement

ml: The generation of random, binary, unordered trees

m2: The intersection graph of paths in trees

m3: Graph minors 1V: Widths of rrees and well-quasi-ordering

m4; Graph minors: A survey Eﬁzﬁ El’\JTerm-Document%E Igi

2 \ /4 ,%

X *él A~ Terms Documents
cl c2 c3 ¢4 5 ml m2 m3 m4

human 1 0 0 1 0 0 0 0 0
interface 1 0 | 0 0 0 0 0 0
computer 11 0 0 0 0 0 0 0
user 0 1 1 0 1 0 0 0 0
system a | | 2 0 0 0 0 0
response 0 1 0 0 ! 0 0 0 0
time o & 0 0 1 0 0 0 0
EPS 0o 0 1 [ 0 0 0 0 0
survey o L 0 0 0 0 0 9 1
trees 0O 0 0 o0 o0 1 L 1 0
graph 0 0o o o o0 0 L ! 1
MIROTS 0 0 0 0 0 0 0 l I

Deerwester, S., Dumais, S. T., Furnas, G. W., Landauer, T. K., & Harshman, R.(1990).
Indexing By Latent Semantic Analysis. Journal of the American Society For Information Science, 41, 391-407. 10
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LSA(Latent Semantic Analysis)
1RI- A RERERISVD iR, & INAE R 3CHS

022 —0.11 0290 —0.41 —0.11 ~0.34 0.52 —0.06 —0.41
0.20 -0.07 0.14 =055 0.28 0.50 —0.07 ~0.01 —0 11 3.34 TR BH Sl I KA1 7-1E
024 0.04 —0.16 —0.59 —0.11 ~0.25 —0.30 0.06 0.49 2.54

0.40 006 —034 0.0 033 038 000 000 0.0l
0.64 —0.17 036 033 —0.16 —0.21 ~0.17 0.03 0.27
027 0.1 —043 007 008 —0.17 028 ~0.02 —0.05
0.27 011 —043 007 0.08 —0.17 028 —0.02 —0.05
030 ~0.14 033 019 0.1 027 003 —0.02 —0.17
0.21 027 —0.18 ~0.03 —0.54 0.08 —0.47 —0.04 —0.58
0.01 049 023 0.03 059 —039 —029 025 —0.23
0.04 0.62 022 000 007 011 0.16 —0.68 0.23
003 045 0.4 001 —030 028 034 068 018

2.35
1.64
1.50
1.31
0.85
0.56
0.36

. T 0.20 —0.06 0.11 —0.95 0.05 —0.08 0.18 —0.01 —0.06
C —UZV 0.61 0.17 —0.50 —0.03 —-0.21 —0.26 —0.43 0.05 0.24
0.46 —0.03 021 0.04 038 072 —-024 0.01 0.02
0.54 -0.23 0.57 0.27 -0.21 -0.37 0.26 —0.02 —~0.08
X:TOSODO 0.28 0.11 -0.51 0.5 033 0.03 0.67 —0.06 —0.26

0.00 0.19 0.10 0.02 039 —0.30 -0.3¢4 0.45 —0.62
001 044 019 002 035 -0.21 —-0.15 -0.76 0.02
0.02 062 025 001 015 000 025 045 052
0.08 0.53 0.08 —0.03 ~0.60 0.36 —0.04 —0.07 —0.45

Deerwester, S., Dumais, S. T., Furnas, G. W., Landauer, T. K., & Harshman, R.(1990).
Indexing By Latent Semantic Analysis. Journal of the American Society For Information Science, 41, 391-407. 10
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LSA(Latent Semantic Analysis)
1RI- A RERERISVD iR, & INAE R 3CHS

r— Y — X human-C21E N0, FNC2H H A% human
d 2 A o 5 oml om w3 mal A, (HZXHhuman-C2740.40, 3K B humani

human I @ o 1 0 0 0 0 0 C2H— MR ZR, NHAaWe? K AC2: A survey

interface i ; é 8 g g g g g of user opinion of computer system response time

1 - Y ) =

Z;?:trpu “ 0 1 1 0 1 0 0 0 0 EP@%USGI’%T«@ ’ %l]humanx'?: JEM‘@ ’ Ei&human-

system o 1 1 2 0o o0 0 0 0O C2I M E L

response 0 1 0 0 ! 0 0 0 0 - : e 1 f =

time 0 1 0 0 1 0 0 0 0 (7 %SOH{] i NS R HE A X

EPS 0 0 1 l 0 0 0 0 n

survey 0 1 0 0 0 0 0 0 f _

trees 0 0 0 0 O I 1 1

graph 0 0 0 0 0 0 I 1 0.16 0.38 0.47 0.18 —0.05 —0.12 —-0.16 —0.09

minors 0 0 0 0 0 0 0 l

0.14 037 033 040 0.16 —0.03 —0.07 —-0.10 —0.04
JE 46 ) Term-Document A5 4 X 0.15 051 036 041 024 002 006 009 0.12
0.26 0.8 0.61 070 039 003 008 0.12 0.19
045 1.23 1.05 127 0.56 -0.07 -0.15 -0.21 —0.05
¢.16 0.58 038 042 0.28 006 0.13 0.19 022
0.16 0.58 038 042 028 006 0.13 019 022
0.22 055 051 063 024 -0.07 -0.14 -0.20 —0.11
0.10 053 023 0.21 027 014 031 044 042
-0.06 0.23 —0.14 -0.27 0.14 024 055 077 0.66
—0.06 034 -0.15 =030 020 031 69 098 0.85
Deerwester, S., Dumais, S. T., Furnas, G. W., Landauver, T. K., & Harshmar), R.(19900y g4 (.25 —=0.10 =0.21 015 0.22 0.50 0.71 0.62

Indexing By Latent Semantic Analysis. Journal of the American Society Fot Information Science, 41, 391-407. 10
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INGG: BRIBX AR
1990: Latent Semantic Analysis (LSA)

D ={di,...,dn} N documents
— {Wl,. : .,WM} M words

« Nij = #(di,Wj) NXxM co-occurrence term-document matrix

Singular Value Decomposition

words topics topics Words

top ICS

top|cs

documents
1]
documents
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BERE R F R
Probabilistic Graphical Models / Topic Model

/f+ 7\5 G rap h I Cal M Od e I Probabilistic Latent Semantic Analysis, 1999

Thomas Hofmann, University of California, Berkeley, CA

° I )ﬁj\‘% %'J % /4 \7K‘ 2016.04 google cited: 1873

- LSA (Latent Semantic Analysis), 1990
- pLSA (probabilistic Latent Semantic Analysis), 1999
- LDA(Latent Dirichlet Allocation), 2003
- Hierarchical Bayesian model
- T A AY FRTE & SR 1)

Thomas Hofmann = -

Professor of Computer Science, ETH Zurich
IMachine Learning, Machine Intelligence, Natural Language Understanding

£ inf.ethz.ch FIEEFHMEEITEIIE - BT

https://scholar.google.com/citations?user=T3hAyLKAAAAIJ&hl=zh-CN Retrieved: 20170407

freg  1-20 SIFREL EEF

Probab|l|st|c latent semantic indexing
T H nnnnnn 4673 1999

Proceedings of the 22nd annual international ACM SIGIR conference on -
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F R Al

- PLSAFILDAZR & F @i 1Y

- In machine learning and natural language processing, a topic
model is a type of statistical model for discovering the
abstract "topics" that occur in a collection of documents.

TOPIC 1

TOPIC 2

gz"(ll_.\u_.\ (1 ) j mggﬁ: Ei?g -;:E:Eé
n O ream 0.286
FERHE A e
1;-J:-l\ gl :F L/—Eg/\tbl: =/ Nz > e
AR (2) ﬂ I 3- NS b

L d -y - -

BE v B

money  bank sl 1 . 2 2

7 \ loan' bank ' mnnd.}: hun1k river 1hzmk1

\ ELI S 1 bank” river stream” bank”
money

money' bank' loan' stream” river” river
& ELT | | ) . ,
bank money stream” bank

DOC] DOC?2 DOC3
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PLSA (probabilistic Latent Semantic Analysis)

N
M M

M: SCEEH Z,, ..., zy are variables. z;[1,K].

N SCEd A R i A H K is the number of latent topics.

Lei Zhang/Lead Researcher, Microsoft Research Asia, 2012-04-17, USTC
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PLSA n(d,w)FE 77 3OS d rw BRI VK
probabilistic Latent Semantic Analysis

p(w|z=1), p(w|z=2), p(w | z=N,,) are shared for all documents.

n(d,w)
Likelihood: £ = HH(ZP(Z | d)p(w | Z)>
d w z

Lei Zhang/Lead Researcher, Microsoft Research Asia, 2012-04-17, USTC
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] o ] ] n(d,w)Z& 7~ SRS dHw i B TR
Joint Probability vs Likelihood

- Joint probability
n(d,w)
p(d, z,w) Hp H( )p(Z|d)>
- Likelithood (only for observed variables)

n(d,w)
T H(Z p(w | 2)p(z | d))
d w z

p(d) 1s assumed to be uniform

st = [T (ot 1w 1)
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PLSA — Objective Function

- pLSA tries to maximize the log likelihood:
p(zId).pu]2) Zd: Zw:”(d’ w)log (Z P(Zld)p(w\Z))

s.t. p(z|d) > 0,p(w|z) >0, forany w, z and d
Zp(w\z) =1, foranyz

w

Zp(z\d) =1, foranyd

z

- Due to the summation over z inside log, we have to
resort to EM.
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Expectation—Maximization (EM) algorithm

- The EM algorithm is a method for ML learning of
parameters in latent variable models.
- E-Step

- IR b TS EOT E R AR B 1 e R (RIAR 5
ZETE AR R A I EE D

- M-Step

zg}t)iaééﬁﬁﬂﬁii%i‘%iﬁiﬁﬁ%ﬁ (PSR B
)
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PLSA - EM Steps

pluid =TT TT (Xt |-

)n(d,w)

- The E-Step: sz 240 - ilsk i Ko s

p(z|d, w) = p(w|z)p(z|d)p(d)

p(d, w)

- The M-Step: kS HE SR AL

o p(w|z)p(z|d)
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PLSA VS LSA

Each document can be decomposed as:

P(wjld;) = =1 P(wj|zi) P (2kl|dy) j=1,2,..., N,

This is similar to the matrix decomposition.
p(w|d) = Zy x p(z|d)

z* = arg max p(z | d)

d z d
- = » —
d T
= A3
> .
P(zld)
P(wld) P(wlz)
dimensions documents
PLSA D v
2 welghts 1 document sp
© _ = U
formed word
e LSA 1
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PLSAVS LSA

- LSA and pLSA perform dimensionality reduction
- In LSA, by keeping only K singular values
- In pLSA, by having K aspects

. ghe main difference is the way the approximation is
one

- pPLSA generates a model (aspect model) and
maximizes its predictive power

- Selecting the proper value of K is heuristic in LSA

- Model selection in statistics can determine optimal K
In pLSA
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PLSAM A : Scene Classification

Faatiiis Visual Vocabulary
Extraction Wy, Wo, oo Wy, We, W, o Wy
Training Test
Training Images =y, / Test Image
W We- W | [Wi W, W, WoWp.... Wy
Bagofwords | (| | == | . Bag of words
WWg - W | | WyWs ... Wp e ¥
test  —Y »  test \
( training, training, C
PLSA wl zl Wlﬂ " l ZlD PLSA (fixed P(w|2)) | O
= “—
2 z
= N Pwld.)  Pwlz)  Pzld.) =
= < P(Wldtraining) P(WIZ) P(Zldtraininq) > wn
; :
Similarity & —_
1 KNN @)

classification

P(z|d P(z|d Pizld
\ (zId,) (zld,) (zld,) v K most similar images J

Bosch, A., Zisserman, A. and Munoz, X.
Scene Classification via pLSA, ECCV 2006, 2016.04 google cited: 742
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Classification Result

4 ....
000000 o0
B ‘POOOOOIOOOOOOQ.A .

Fig. 5. Topics segmentation. Four topics (clouds — top left, sky — top right, vegetation —
lower left, and snow /rocks in mountains — lower right) are shown. Only circular regions
with a topic posterior P(z|w.d) greater than 0.8 are shown.

# img. (nt)|2000 1600 1024 512 256 128 32

Perf. P(z|d)|86.9 86.7 84.6 79.5 75.3 68.2 58.7

Pert. BOW |83.1 82.6 80.4 72.8 60.2 52.0 47.3
Table 2. Comparison of P(z|d) and BOW performance as the number of training

images used in KNN is decreased. The classification task is into 8 categories from the
OT dataset.

Bosch, A., Zisserman, A. and Munoz, X.
Scene Classification via pLSA, ECCV 2006, 2016.04 google cited: 742
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1IN PLSA

- topic model: (1) XXH&&ETEHMANRE A6 (2) B4

B GE AR T Ba] R AT

=

n(d,w)
@ p(d.w) = [To@) [] (s | 22 | )
d w

n(d,w)
£ =puld) = TTTT (S otw |20 )
d w z
PLSA
d | z, d,
Wl Wl Zl
N = »
> Y
M P(wld) P(wlz) P
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INGG AT AU MR B & NN ERIRIBI S
MRS AR (a)unigram (b)mixture of unigrams (C) pLSA

N
p(w) = I p(wn)
() n—1 AR A R
v W L N
M p(w) = p(2) [] p(wn|2)
(a) unigram z n—=1

e

R

z w N
d Z W N M
M (b) mixture of unigrams
(c) pLSI/aspect model
p(d,wy) = zp wy |z)p(z|d)
R DAL 2 32
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BERE R F R
Probabilistic Graphical Models / Topic Model
- 4 & Graphical Model
- X 7l
- Representation. Inference. Learning
. = )ﬁ)[ijlzéﬂ?ﬂ 2K
- LSA (Latent Semantic Analysis), 1990
- pLSA (probabilistic Latent Semantic Analysis), 1999
- LDA(Latent Dirichlet Allocation), 2003
- Hierarchical Bayesian model

- F R A FIR1E = sSEEL =17

Latent dirichlet allocation

David M. Blei, Andrew Y. Ng, Michael I. Jordan
Journal of Machine Learning Research, 2003
2016.04 google cited: 14167
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RBEGE (1976-, TX4: AndrewNg) , #EBFEEA
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=
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@
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Latent dirichlet allocation

David M. Blei, Andrew Y. Ng, Michael I. Jordan
Journal of Machine Learning Research, 2003
2016.04 google cited: 14167
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Problems in pLSA

- pPLSA provides no probabilistic model at the document
level. Each doc has its own topic mixture proportion.

- The number of parameters in the model grows linearly
with M (the number of documents in the training set).

Wl Wl Zl

= »
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Problems in pLSA

- There Is no constraint for distributions p(z|d;).
p(z|d,) p(z|d,) p(zld,)

N\ N\ N\
' o o

- Easy to lead to serious problems with over-fitting.
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The LDA Model

* For each document,
* Choose 6~Dirichlet(a)
 For each of the N words w,;:
— Choose a topic z,~ Multinomial(0)

— Choose a word w,, from p(w,|z,,8), a multinomial
probability conditioned on the topic z,.
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The LDA Model .
CHE AT B A ? (L
NN AN
A, { /s'
o 0 z Wy
N

p0,z,wlo,B) = p(0]a) Hp(Zn 10)p(W |20, B)

n=1

For each document,
Choose 6~p(0), Dirichlet(a)
For each of the N words w,;:
— Choose a topic z,~p(z|6), Multinomial(6)
— Choose a word w, ~p(w|z), from p(w,|z,,8), a multinomial
probability conditioned on the topic z,.
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LDARISHE S Rl iR EY

1. corpus-level (Z1.t1): ofBIERII AN SE, X T /A SCRHAD

&—FER), it 7Egenerateid & p R 75 Esample— K.

2. : 02 PN ZE, EHEA SRR

ZHRAFEN], Wl WS SR = A topic zHIE 2 AN [F] 1Y
, Fr DO/ SO AR Esample— k0 .

3. word-level (Zt0): & JazAMwER & X 1R =, zEHZ 400

reE, 2 EHEHZNBEEE M Aw,  — Wi N — Nz,

w0 @ [1 [ 0] [ptr, ]2, p
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JURIZ R %%

The mixture of unigrams places each document
at one of the corners of the topic simplex. The
pLSI model induces an empirical distribution
on the topic simplex denoted by x. LDA places
a smooth distribution on the topic simplex
denoted by the contour lines.

Latent dirichlet allocation
David M. Blei, Andrew Y. Ng, Michael I. Jordan
Journal of Machine Learning Research, 2003
2016.04 google cited: 14167

word 2 word 3
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Joint Probability
O
N ™ ™ 3.
\IHC/%{/
o 0 z wooN
M

- Glven parameter o and 3

N
pO.z,wlo,pB) = p(6|o) Hp(Zn 10)p(Wy |24, B).

n=1

o —1 oy—1
Ql ...ek
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Likelihood

- Joint Probability

N
p(0.z,w|0.B) = p(6la) [ [ p(z:|0)p(wy 2. B).

n=1

- Marginal distribution of a document

N
p(wlo,B) = /p(elot) (H 2.0(zn]0)p(wy |Zml3)> do

n—=1 z,

- Likelihood over all the documents

M Ny
p(Dlo.B) = GH /P(ed\a) (H Y. P(zan|8a) P(Way Zwﬁ)) dBq
=1

n=I1 z;,



CVPR 2015 papers
(in nicer format than this)
maintained by @karpathy

@ hitp:/fww

tp:/ fueww-cs-faculty. stanfor... O ~ & (=2 CVPR 2015 Accepted Pa...
e v g

CVPR201589LDAS #

MEW: This year | also embedded the (1, 2-gram) tfidf vectors of all papers with t-sne and placed them in an interface
where you can navigate them visually. I'm not sure if it's useful but it's really cool.

Below every paper are TOP 100 most-occuring words in that paper and their color is based on LDA topic model with k= 7.
(It locks like 0 = dataseis?, 1 = deep leaming, 2 = videos , 3 = 3D Computer Vision , 4 = oplimization?, 5 = low-level Computer Vision?, & = descriptors?)

Toggle LDA topics to sort by: (TOPIC0) (ToPIc1) (ToPic2) (ToPics) ( ) (Torics) (Torics)

Going Deeper With Convolutions
Szegedy, Christian, Liu, Wei, Jia, ¥Yangqging, Sermanet, Pierre, Reed, Scoft, Anguelov, Dragomir, Erhan, Dumifru, Vanhoucke, Vincent, Rabinovich, Andrew

[pdf] [rank by tf-idf similarity to this]

.

[learning, work, vision, visual] [conv, inception, network, deep, convolutional, layer, architecture, neural, googlenet, maxpool, increase, ilsvrc, imagenet, size,
performance, table, pooling, output, depthconcat, larger, suggests, challenge, fraining, higher, increasing, ensemble, max, top, pool, trained, accuracy, connected,
improved, compared, previous, increased, stage, expensive, dropout, auxiliary, validation, design, highly] [detection, object, bounding, box, based, average] [model,
approach, current, single, localization, error, inference, structure, depth, allows] |

1 [computer, figure, quality, result] [image, large, well, dense, external, rate, re

Propagated Image Filtering [pdf] [rank by tf-idf similarity to this]
Rick Chang, Jen-Hao, Frank Wang, Yu-Chiang

http://ww_w-cs-facuIty.stanford.edu/peopIe/karpathy/cvprZO@g
' S35

6 s s
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INGS: LDA

N
p©,z,w|o,p) = p(0|a) Hp(Zn 10)p(Wn |2, B):

n=1

- latent Dirichlet allocation (LDA)
- A generative probabilistic

- LDA Is a three-level hierarchical Bayesian model.
0~p(0), Dirichlet(o)
topic z,~p(z|6), Multinomial(6)

word w, ~p(w|z), from p(w,|z,,), multinomial

@hiENgh T iV
_

\_/ \_/

word 2 word 3
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LDARY EPR 4

- “ bag of words” HE &

o % RO TR T AT A2 AN BE IS TR] AR AR
- FRAEL H A2 CEN I E

» R FE A 2 [R] RAH DS

\I
\/

AN \g.
T ”(_/

 For each document, o 0 z Wy
* Choose 6~p(0), Dirichlet(a)

* For each of the N words w.:
— Choose a topic z,~p(z|0), Multinomial(6)
— Choose a word w, ~p(w/|z), from p(w,|z,,B), @ multinomial probability
conditioned on the topic z,.

Probabilistic topic models, DM Blei, Communications of the ACM, 2012 Retrieved: 2017.04.06 Google cited: 1622
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David Blei

Professor of Statistics and Computer Science, Columbia University
IMachine Learning, Statistics, Probabilistic topic models, Bayesian nonparametrics,
Approximate posterior inference

1E columbia.edu BIEE FHRMHEDISF - BT

LDA 3

http://www.cs.columbia.edu/~Dblei/
T 1-20 SIRREL BEFG

Latent dirichlet allocation
DM Blei, AY Ng. Ml Jordan 18062 2003
Journal of machine Leaming research 3 (Jan), 993-1022

Sharing Clusters among Related Groups: Hierarchical Dirichlet

Processes. 2847 2004
YW Teh, Ml Jordan, M.J Beal, DM Blei
NIPS, 1385-1392

Supervised topic models
JD Mcauliffe, DM Blei 1722 2008
Advances in neural information processing systems, 121-128

Probabilistic topic models
DM Blei 1713 2012

Communications of the ACM 55 (4), 77-84

Matching words and pictures
K Bamard, P Duygulu, D Forsyth, N Freitas, DM Blei, MI Jordan 1660 2003
Journal of machine learning research 3 (Feb), 1107-1135

Dynamic topic madets AR P A B A5
DM Blei, JD Lafferty 41
Proceedings of the 23rd international conference on Machine learning, 113-120

Correlated topic models é;%}l:g EiEE{E I‘E‘[J E{J ;[;Ha‘%‘ri’ Dirichlet . log-noggal

D Blei, J Lafferty
Advances in neural information processing systems 18, 147

https://scholar.google.com.hk/citations?user=80YEGIEAAAAI&NI=zh-CN  Retrieved:2017-04-06
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Models / Topic Model

- 4 & Graphical Model

- 8 X sl

° Representation\ Inference. Learning

- LSA (Latent Semantic Analysis), 1990

- pLSA (probabilistic Latent Semantic Analysis), 1999
- LDA(Latent Dirichlet Allocation), 2003

- Hierarchical Bayesian model

- F R A FIR1E = sSEEL =17

A bayesian hierarchical model for learning natural scene categories
Li Fei-Fei, Pietro Perona, CVPR 2005, 2016.04 google cited: 2942
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Li Fei-Fei
Professor of Computer Science, Stanford University
Artificial Intelligence, Machine Learning, Computer Vision,

1£ cs.stanford.edu BYEE FRMAEIDIGIE - BT

https://scholar.google.com/citations?user=rDfyQnlAAAAJ&hI=zh-CN retrieved: 20170407

w8 120 20165E11H, AMEMZE CKIMAKEZFIRA =1 R » e

Imagenet A large-scale hierarchical image database
J Deng, W Dong, R Socher, LJ Li, K Li, L Fei-Feai 3793 2009
Computer Vision and Pattern Recognition, 2009. CVPR 2009. IEEE Conference on ...

A bayesian hierarchical model for learning natural scene categories
L Fei-Fei, P Perona 3361 2005
Computer Vision and Pattern Recognition, 2005. CVPR 2005. IEEE Computer ...

Learning generative visual models from few training example_s:%jt“g', KZEAI, 165 BERXEBREXE.
Lngs;r;ate;lgE;i;f.eggenmigpmach tested on 101 object Categ‘:’”eiﬂ'jqwfiﬂﬁjc%‘éﬂﬂim,%ﬁ@ﬁﬁﬁ, AIE‘B‘E
Computer vision and Image understanding 106 (1), 59-70 %%%;?;@;%%g%g; i}%ﬁﬁ%gg
; " wAIa J]. F> 'I* II- LT\ ! 'I*
O oty et 1 s & S s vang B3, MUTAKIBSAT RS 19994 TR BT
International Jounal of Computer Vision 115 (3), 211-252 iﬁﬁ*%ﬁ*ﬂﬁqﬁﬁ\i, 2005$&MMEI$B%EE%
Unsupervised learning of human action categories using spatialidgisia F{\ . 2009<EMb N N B1B{E A F (TR
Tcorzj?esues H Wang, L Fei-Fei BA, HT20EBERNBE (RE30R)
Internatinnél Jc-nilrngl-of Compc:uter Vision 79 (3), 299-318 y ﬁﬁﬁﬁ%ﬂ&ﬂ?%ﬁ%ﬁ*%ﬁ (2007_2009)
Large-scale video classification with convolutional neural netw 2 ﬁﬁl%ﬁik%ﬁﬁﬁ& (2005-2006) . $—%
A Karpathy, G Toderici, 5 Shetty, T Leung, R Sukthankar, L Fei-Fei %%ﬁﬁTED 201@*4%55-&5;&“““

Proceedings of the IEEE conference on Computer Vision and Pattern ...
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Hierarchical Bayesian text models

“beach’”

L&tent Dirichyget Allocation (LDA)

@

D
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A codebook obtained from 650 training examples from all 13 categories (50 images from each
category). Image patches are detected by a sliding grid and random sampling of scales. The
codewords are sorted in descending order according to the size of its membership. Interestingly
most of the codewords appear to represent simple orientations and illumination patterns, similar
to the ones that the early human visual system responds to.

Codebook
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Theme Model for scene categorization

e

IS

O~
3

5
®

(a)

K

%
3
@

c ~p(clny) , multinomial(z)
n ~ p(z|c, @), Dir (0)

Z» ~ multinomial ()

Xn ~ P(X|Zo, ),

oo ©

C:-:K®

(b)

©

C

A bayesian hierarchical model for learning natural scene categories
Li Fei-Fei, Pietro Perona, CVPR 2005, 2016.04 google cited: 1942

(c)

(a) Theme Model 1 for scene categorization that shares both the intermediate level themes
as well as feature level codewords. (b) ThemeModel 2 for scene categorization that shares
only the feature level codewords; (c) Traditional texton model
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Topic Distribution in Different Categories

0.1

| e e ™ Internal structure of the models
005F
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Topic Hierarchical Clustering

o

{a]

Distance Measure between Models

Dendrogram of the relationship of the 13 category models based on theme
distribution. y-axis is the pseudo-Euclidean distance measure between models.
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More Topic Models

- Hierarchical Dirichlet Process, Journal of the American Statistical
Assoclation 2003

- Correlated Topic Model, NIPS 2005

- Dynamic topic models, ICML 2006

- Nonparametric Bayes pachinko allocation, UAI 2007

- Supervised LDA, NIPS 2007

- MedLDA — Maximum Margin Discrimant LDA, ICML 2009

- Online learning for latent dirichlet allocation, NIPS 2010

- Hierarchically supervised latent Dirichlet allocation, NIPS 2011
- A spectral algorithm for latent dirichlet allocation, NIPS 2012

- TopicRNN: Combine RNN and Topic Model, ICLR 2017,
- Autoencoding Variational Inference For Topic Models, ICLR 2017

- Neural Relational Topic Models for Scientific Article Analysis, CIKM
2018
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NG FRIEBI S 4

- LSA (Latent Semantic Analysis), 1990

- pLSA (probabilistic Latent Semantic Analysis), 1999
- LDA(Latent Dirichlet Allocation), 2003

- Hierarchical Bayesian model, 2009
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Probabilistic Graphical Models / Topic Model
- 4 & Graphical Model
- X 7l
Representation\ Inference. Learning
- LSA (Latent Semantic Analysis), 1990
- pLSA (probabilistic Latent Semantic Analysis), 1999

- LDA(Latent Dirichlet Allocation), 2003
- Hierarchical Bayesian model

» F ARG T SEIL R
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FREREHIRIE S KI5

-FERIEE T, AWM (package) Rt T LDAERY
|daf1topicmodels.

- ldafig fit 1 2T Gibbs> KA £ HLLDA. MMSB (the

mixed-membership stochastic blockmodel ). RTM (

Relational Topic Model) F1%:T-VEM (variational

expectation-maximization) HJsLDA (supervised LDA).

RTM..

- topicmodelsZE T &tm, JELLDA_VEM. LDA_Gibbs.
CTM_VEM C(correlated topics model) =FfEizy,

- I Ak . ——LDAvist,

http://blog.csdn.net/sinat_26917383/arficle/details/51547298 retrieved: 2017.04.06
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http://chengjunwang.com/cn/2013/09/topic-modeling-of-song-peom/
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RRBTBAE TR = X ARAFHEAT T8 A H4R
http://chengjunwang.com/cn/2013/09/topic-modeling-of-song-peom/
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Probabilistic Graphical Models / Topic Model

- 4 & Graphical Model e
- B XL

- Representation. Inference. Learning
» F IR 542K 9

- LSA (Latent Semantic Analysis), 1990

- pLSA (probabilistic Latent Semantic Analysis), 1999
- LDA(Latent Dirichlet Allocation), 2003

- Hierarchical Bayesian model

- FEE ARG T SEIL R
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