PE NS REELS

MANFRT W

BLE 5]

HLRi 2013

KKk BB R

EERPHRE



FETENFSFREELS
FIRBZERF

EEKF AR
b5t



nEE T

PLAFEI R AHA LA TP EEN - DHROE ., AR R, HL3F¥ I RAUE T EHL
FHEMRZTRTRE G F ERH — LN ¥R OEELRFER, B8 E N IELTARNE K
30, LR IE R HI N RO ¥ IR X BAAXRGB st R. B0 8 &, HEN NP K
WHIE RN ¥ T RS R ¥ T T BRME CEEERERAFHEER, AREES
PP AR 5 RO B P AR AR5 R LA B ot 25 40 P A ) oK AR 0 B8 2 T o 9 O T 1 R A R
BB A BT BT

AR B AT AL A S R AR T B A R TAEE MM XM TEEARA
REES%

R E, SR5HR, SMNEMREBIE: 010-62782989 13701121993

BB &M% B (CIP) ¥ i8

HLES 2~ BRI . 2013/ 3K KK, B3R 4. b . W4 K i Alat 2013
CPET AN ESERFEAD. AP ERSD
ISBN 978-7-302-33619-8

1. Ol 1. Ok @ . OHEE%T N. OTPI181
rh [ iR A< B B4 CIP 388 85 (2013) 58 203926 5

RERE: B X
HERIT: FEY
BERXM: XIEE
HAEENH . K

A& 1T %K% Rt
| #ik . http://www. tup. com. cn, http://www. wgbook. com
b HE: L EER R ETRE A B H 4% . 100084
# A #l. 010-62770175 BB 4. 010-62786544
HRS5IEERS: 010-62776969, c-service@ tup. tsinghua. edu. cn
R B K f&: 010-62772015, zhiliang@ tup. tsinghua. edu. cn
s b EEERI A PR A #
AT H B B SR AT
: ZEFEBE
: 185mmX230mm E} 3. 13.5 #{ T: 1 F #. 261 T
: 2013 4F 10 A% 1 /R Ep W 2013 4F 10 A %51 WER R
. 1~2200
: 43.00 JG

=

o=
& S M oI B ok

o &FHB K3

%
En
Eoid
Rl

: 054999-01



PR EIBN TRREBRBGERE R SHER". EHEIRE D, “2R"EN
Je LABSCHE B9 TR A A 1 o B2 ) P 22 560 30 T 5 4 ot 2 Xk 40 AT 4 B, B, BLER 22 T B
R T RALERE T B R R R Z — . B AR R B0 B 0 0 AR BT L
Bt S wlaE 5 68 7 ) 6o R R L ) T S AL R 2 A B0 Y SR Bk BRI L Bk a1
MM ERPLASEI W EERBRREE. IIREIAANEATHEENZOHRARZ
—» BHTE SO AR R G B R 2 R E R TR Z — .

2002 4F, fi g BBt L ER B R EH G EA IR ERBEANA T “FaEEL R
FIBFT &7, IR “HLAR S RN A9 Y R PHT &2 —. 2002 48 11 A, #F i
LBINEAT I E T 2 UVORMESC AWK RS AN AR EF BT, AL FARE B HAMMN
f7E IR E . 2004 45 11 A ER B REEAT T8 R “Ylae I REN A T &,
PREW W —EA 100 RAF ., 2005 F&, P h R REREFEARERER
LHFEHIp, 2005 4F 11 ARDEE =ROHT2%R5] TRASEIE 10 M1 H 250 &
AZEWT 52006 48 11 A .2007 4F 11 A 205 s AL = ALK K22 (5 B A2 SR8t B
UV K2 B2 5 T L2 B U 0 38 D i A SR LR Bt &, R R S| Tk A2 E 10 KA
B Y 300 AFFWr;2008 4F 11 H 24T IS AR HTIY &, B E R R R¥F T B LA RS
50 JAAE, W5 Tk A4 E 10 &8 T 380 & A ZHWT; S #E 2009 4 11 H F 2010 4F
11 AEE R KF 4T THE L a2, 8H A 400 AU, 2011 4 11 A 1
2012 4F 11 AWEERZANUMR FRMYE5SREEXELLRE HERERELRE
HEARBERLRE E2E USRS BT XKW A 500 LAFNT.

AR AL E R R BRSO BF R — A R KA. &
“OF R HLAR 2 ] BB B & 24T A K2 AL RS S H R O Rt & %
[T AR T SCHE S B 2006 4F A HLAR 24 3 BRI AT) . 2005 4R35 = Jm B it & J 18] » th ARAL AN
5ot R E, LU B R TS & 0304 N AR IC g 45 48, LLCHLAS 2 >3 RO A + R



_@ MEFIAKEM 2013

FEINMEREL . F=2/NETHTSHTE SN AT TECHLEE % I T HR A 2007) (HLE ¥
> B R 2009 ) LA Bed WLR% 2 > B FLRE A 2011 ) v i Rl i 1 .

A A5 R 4 K2 B EOE 5 LR RS R CLAR 2 S RN AP &V E R
BMENBELEMERKXE. BhERXEITE—AFHEE RS, DLgGRE RN HX
M HEHPAR T . BFEBCHAR T ABURH SR XE, B—(EEHBATK
B A a B AR 1 AR AR T — SRk e LBk IR HE R A R B . ARt
FAS B T RS B L EFR R IT A L REIEE T R 19 B0 4R K2 O T L 3 A
& W BT B, 78— JF 1m0 1R

W&
2013 4F 8 A



R

ceceEece

FAfi 1 3T Co-training £ AR #9 F 5 & M 45 5

12.0 I FPUEME P (A% HETF 288, I ID: 163659975)

— fUENF

0.0 — FAF

6.0

His it /4

3.0

0.0
) \Q‘b \Q‘) N

© DA AT A A ® o
W W o o oS oS 00 St B D (o
o 'L“\ AR NG NEINENN 0\1 DAV AV >

I fi]

AT P P AR (R TR ] (Gh% - HETE 228K, JHF ID: 163659975)

100
90LLE (J51E R 95) O 1 (] 1)

90
80
70
60
50
40 34
o 23 9 23
20 | |015 14]7 15 18 13

9
i all L] il is
b S SIRG) 0 RS => A\ 9
'19\\ ’)9\\ AN 'LQ\\Q’LQ\\\”I«“\\\%“\\\ KON Q\m Q\@@\'Lﬁ Q\'LQ,LQ\%“\"L“,LQ\'L“ ’19 \m\
I i)
FAl 2 A& A8 ek 1a] ) b 4 A 1
Z P AT E AL P Sy X A R R i (RS S0 P G v g € T TR O e O i A KD
VR 35 00 B LR 77 B g AR 2 0 P A 35 A2 AT o i D) AR CORG J) H Ok X R A JS 2 A 4R R 6 T B4 I )
[i] 0 43 A T G e 4 1 Rl R 0 {2 () B ) ) % S {3 D ) R ) e ] B A/

TF i) ] s /d




AR AR S BER TR (hh% . HECF =88, HIF ID: 163659975 )

27 KU L

16~ 18 Xk

4~6 K

13~15 &
-6k
-7 50
- 621 J
10~12k - 2227 )
mm 27 KL

A 3 AN AT P A i Bl B AR TR
i Aol 21 s 4 ARl i B A L 20 AR R R T A T 1 ~6 R S AR RIGMA T 7~15 Kl
AR R T 16~21 K EORERMYA T 22~27 X HERERMEMRY AT 27 X

R /\‘:}/\‘1'.“‘./\‘“;--,.'\‘\":
A—(IT A AN, 4 % AD={T® A% BH NP}
| e } ) PR
EmE—— : e

i i

e 1% = W)U 3 A1 110

(IR I GREiDAA \B, B .lif,: .

VI | s 4, | BLEsBALE 4,

v REGRSHIRE 4, | I 52 HE A B

N I ”’ﬁ

. [11) =

: 7‘\. ')m BJ,A‘]: :b([l\ b( ()’);

i (514

3 | amRan |

Al 4 i A SRR SRR R R

244

.

(a) Ground truth (b) Laplacian (3.65) (¢) Hessian (1.35) (d) PFR (1.14)

WA 5 A BRI U G WA 3 141 50



Learning Sparse Topical Representations - --- Jun Zhu Aonan Zhang Eric P. Xing 1
1 Introduction
5 Related Works scessrvanss sumss sysens smeses s
2.1 Probabilistic LDA
2.2 Non-negative Matrix Factorization
3 Sparse Topical Coding
3.1 A Probabilistic Generative Process
3.2 STC for MAP Estimation
3.3 Optimization with Coordinate Descent =+« eesevesseesunsismmenneennin 12

© 00 N O U1 o~

4 Extensions seses wusss sesces soess sasessoussassassisss sisiors vevees siness sospanesssavassnsosss 1d
4.1 Collapsed STC  ++eveevererenrenemeumiiiiiiiii it 14
4.2 Supervised Sparse Topical Coding «+=s-sseseeeresusessmmiireeiiianiiienen 15

5 EXPEIiMENts «++eesereersesresuntuuuniininmiittiiessiieiieit e seeans s sesseesesses 16
5.1 Sparse Word Code ««+-s-sesseersumemmmmummiiimiiumiiin e nseeaeenns 17
5.2 Prediction ACCUIACY ««+ssssesssssesseeuussesmmtmisiemntomnereusnesessinseesneen 19
5.3 Time Efficiency --ttseeeeeeeeenserermmeiiouirmn s 2]

B COBCIAGIOR, s swesiasnmiodius s 50608 6 50563 Soaiths SHiios SFHASAITHETRITS AFaNEs Siawas swsman vwmiens om0

REfCLENEES reoerersacrsecsneensessnassoonsessoesvesnsossonsosssonnonasensssassassosssssassonsseses 23

S RBERAASTERIEL T ROHA oo B0 G 27
2 zm&&*mgﬁawm&m e nee 20



4@ MBEFIRAELREM 2013

6

OISR E IR e

6

Bty BT o sauesmn i WMIBR BH00 8 AR NN 5o i SRR B SN SIS YU RN NS SN A5
B TTRE. wonvunoss erwss xawans SHEEss ERSAL E0FEASH STEHF SEAEHs REEAEE ST AT SIS SRS RS

EXgr BitF mAA RME BH®E R

515

3.1 BHRIEIR voorscossvnsor ovmoss sames

3.3 \BXITHE -
3.4 SLIRER -

Yy i Dl = ¥ voF T R
4.1 BARHER -

39
40

47

Bl I S s i s b o SN VR ER R GRS AN SR AR BN SRS
R TR LV JE B v s s wcwams sonmont 56wwes BoRmas $51.60 600 ATE 578 SETRIS RSTAVE RENTR RROH

49
51

3.2 HIPIN T covveeerereeomsosensisennsnsoncastossossitosisssssosssnssnncsssessassesssssns

54

4.2 B PEAE session 43 #l seeee

4.3 B AP BE R ER/IZHR
ilak= 2. S

3.5 ZTEEAERERE EERTRE cvon vmme wonss somore conupusysasnssenyons
cee . . - 61

- 61

- 62

60

-+ 63

5.2 FIPTICEREREE -ooveereererenresonnssonnonesnnannanessscas sossnssnen

5.4 ZHRBERPITAMSHEY -

ZEiE -

S 30K -
RRABREGKRER -

1
2

3

55

2.1 BETFREETFEEZEINITE -

g-ﬂ:[j]\ ﬂ—i—%*&ﬂm%ﬁiﬁ&.......................................
3.1 BEFBARBDREIFRBERIGITEE o oveeeereemnmenens
3.2 BEFOREIRBEILIGEITLE e vevrererererees

5.5  F P OCHRME T Y M ARAE SEHE AR e eeeeeeeeeeeees .

BT P a2 W RS RO % . Wt

5.1 FHPUBHERRAL «oovvvrreeermnsrmeemennnoinntt ittt e s e s e e

veee 73
- 76
- 76

64

68

e RHTE ERE

... 80

2.2 BT PTUEE ST BYFTLE vevvevvevvereenmn s snssossnsn e e e e e

82

.. 82

.. 82
seeveivs 85



BT sosvmscnn s saamEn SEeeS § SR SRR AV £AREE SSRGS A e hasieos sesnan snens sxvene D

W R4 S REBIE LRSS - e BRBSLT BREAAL 95
1.2 WERENEXSHE - cine asa o s 5 a5 s avaes v vaaons [

2 E?ﬁ%ﬁﬁ%%%ﬁ&ﬁﬁ%mm@5ﬂ&ﬁ$MMmmmmmmmmm99
2.2 E*K[‘]ﬂ.mjg@ﬁﬁ%m;@ cemians snemee saswes srsmes swpwes swwasaman: 101

2.3 ﬂﬁﬁmﬁ% 4 £SO SR TN PR ¥ YN DYESVY sneney nemave weswersey O]

3.1 PR D EBHIIE AP e coevrrorrorrsnenenreesansusnsussssnssnsostsnssensenssses 103

3.2 QB AREIXG T SUATIEAP M eeoereeeonmrersmensreranirssnneniesisienneseeessns 110

g;n!%mmy*jmmg 44 RawTaRS wanR 8 FETR RS Sas R ans wRueRs suaass ssenee ves (AR 133
2 ¥ﬁﬁ§%ﬂ%ﬁ$ﬁ SRR SRETPS SRR PIS e P, | 7
PIREIR % A 3 o - 1 R P K- U

2.2 WFTHIBIGFIRAE BB v veemmeeeemeseseersnneii e s ees 135

3.1 WIS AR GBS BAL - veeee oo rmrmmeeee e see s e 37

3.3 :‘Fﬁﬁl—]ﬁ%ﬂ'ﬁ 138

4 HFFPATFEBRIFENALAIHERE e 141



j@i MBFTALEM 2013

5

A1 TBEIGIE T AL v eeeve oo eme e oo et s ree et cee et et eee et eeaee e eeeaee seneans
4.2 Ry FIR, BUBSHAL - veeveeeeeveeieecneee e e

4.3 EARRBUBEBAL - eeereereereeeeenns
4.4 EERERBURAL - eereeereereenmennes

Bip/ME B HESNEA-

1

2
3
4

6

55

ML -

R I

4.3 A RE B
RLA -

B8 5 -

(J'lU'ICJ'lU‘lCﬂU‘l
D U s W N =

%%iﬁ

1
2

515

2.1 YIp/HmEE-

BYH KEF H B

LEZ L RAEHRANR -

- 142
-+ 143
-+ 143

weeee 144
«++ 145

146
146

149

SRS »nuns s ovinns swen nies ETABAL §95595 SO RARANS AR A s barinns samann sesans namens svn

151

-+ 152

4.2 K%ﬁﬁ&&ﬁ%ﬁ% '

154

-+ 157

-+ 159

— . 166

160
160
161
163

164

ceeee 166

171

e 171
- 172

2.3 T Hessian J [ s« eeeeeeeeereneessesnnnent ot iinint ittt et e e
0. SPERIRJTER i swos sesint vwsins sossns nweass saons FHsNs SURRRSEESHERESS $0S0R NHSHES HURESS

175
175
176



2.5 BB TR MBI neiwas onnimne »aiman wuscons walcnon cunmws yuwpry sevads pessss gevsxenon ves LHO
J T U PR | |
3 WIRERAREERETYI worovsromeosonansnonen srsssn sunans vusans swsans svumes consgwussres | B
3.3 (ﬁﬁ)ﬂﬁg&gﬁﬁg{[fgj 187
4 V@ﬁ%ﬁﬁkﬁﬁﬁ*% O 11
4.1 B4R - R K1
TR A L 3 R T 1Y
G L 13 |



Learning Sparse Topical Representations

Jun Zhu" Aonan Zhang' Eric P. Xing!
"Dept. of CS & T, TNList Lab, State Key Lab of ITS, Tsinghua University,
Beijing 100084, China
{dcszj, zan12} @mail. tsinghua. edu. cn
*School of Computer Science, Carnegie Mellon University, Pittsburgh, PA 15213, USA

epxing@cs. cmu. edu

1 Introduction

Learning a representation that captures the latent semantics of a large collection of
data is an important problem in many scientific and engineering applications.
Probabilistic topic models such as LDA (latent Dirichlet allocation) [ Blet ez al. 2003 ]
posits that each document is an admixture of latent topics where each topic is a unigram
distribution over the terms in a vocabulary. The document-specific admixture proportion
vector can be regarded as a representation of the document in the latent topic space,
which can be used for classification [ Zhu et al. 2009], retrieval [ Hofmann 1999 ] or
visualizing the otherwise unstructured collection; and the inferred word-level topic
assignment distributions can be useful for word sense induction [ Brody and Lapata
20097 or disambiguation [ Boyd-Graber et al. 2007].

However, such a probabilistic topic model is largely limited in two aspects. First,
it lacks a mechanism to explicitly control the sparsity of the inferred representations.
Sparsity of the representations in a semantic space is a desirable property in text
modeling[ Shashanka et al. 2007 ; Wang and Blei 2009 ] and human vision [ Olshausen and
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Field 1996 ]. For example, very often it makes intuitive sense to assume that each
document or each word has a few salient topical meanings or senses [ Shashanka et al.
2007;Wang and Blei 20097, rather than letting every topic or sense make a non-zero
contribution; this is especially important in practice for large scale text mining endeavors such
as those undertaken in Google or Yahoo, where it is not uncommon to learn hundreds if
not thousands of topics for hundreds of millions of documents—without an explicit
sparcification procedure, it would be extremely challenging, if not impossible, to nail
down the semantic meanings of a document or word. Second, the probabilistic nature of
such topic models could make it computationally difficult to incorporate supervised side
information [ Wang et al. 2009] or a rich set of features [ Zhu and Xing 2010]. This is
because each component in such a probabilistic model needs to be a normalized
distribution, in which the normalization factor or log-partition function could make the
inference extremely hard.

To achieve sparsity in a probabilistic topic model is non-trivial. Existing attempts,
such as imposing posterior regularization (e. g. , using entropic priors[ Shashanka ez al.
2007] or moment constraints [ Ganchev et al. 2010]), introducing auxiliary variables
[Wang and Blei 20097, or using a sparse exponential prior in LDA [ Yang et al. 20107,
can in principle introduce a bias toward a posterior distribution that is concentrated on a
small number of components (e. g. , topics). However, due to the smoothness of the
regularizer (e. g. , entropic regularizer) or uncertainty of auxiliary variables, such
methods often do not yield truly sparse results in practice. Moreover, the
aforementioned methods aim either at achieving sparse document-level representations
[Shashanka et al. 2007; Yang et al. 2010] or sparse topic vectors [ Wang and Blei
2009]. To the best of our knowledge, no systematical study exists on discovering sparse
word-level representations. For the second limitation, the non-probabilistic latent
variable/factor models, such as non-negative matrix factorization (NMF) [Lee and
Seung 1999 ] and sparse coding (SPC) methods, provide inspiring ideas to relax the
strict normalization condition in probabilistic models.

As we have stated, the reason for the second limitation is that probabilistic models
require to define normalized distributional components. Similarly, a technical reason for
the difficulty in achieving sparsity in a probabilistic topic model is also that the admixing

proportions or topics take the form as a normalized vector that defines a distribution.
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Therefore, it is unhelpful to directly use a sparsity inducing ¢,-regularizer as in Lasso
[ Tibshirani 1996 ; Meinshausen and Yu, 20097]. In contrast, the non-probabilistic sparse
coding [Olshausen and Field 1996 ] provides an elegant framework to achieve sparsity on
the usually un-normalized code vector or dictionary (i. e., a basis set) by using the
theoretically sound ¢,-regularizer or other composite regularizers [ Kim and Xing 2010;
Jenatton et al. 2010;Jacob et al. 2009;Bengio et al. 2009]. Although much work has
been done on learning a structured dictionary [ Jenatton et al. 2010;Bengio et al. 2009 ],
existing sparse coding methods typically discover flat representations, such as the
single-layer sparse codes of small image patches or word terms [ Jenatton et al. 2010;
Bengio et al. 2009]. In order to achieve a representation of an entire image or document
from the sparse codes of its components, a post-processing such as average or max
pooling [ Yang et al. 2009] is needed. This two-step procedure can be rather sub-
optimal because it lacks a channel to provide direct correlations between individual
component representations [ Hyviarinen and Hoyer 20017, or to leverage the possibly
available high-level weak supervision (e. g. , document categories) to discover predictive
representations [ Zhu et al. 2009] or learn a supervised dictionary [ Mairal et al. 2008].

To address the above limitations, we present sparse topical coding (STC), a novel
statistical method for learning sparse hierarchical representations of input samples, such
as text documents. In STC, each noisy individual input feature (e. g. , a word count) is
reconstructed from a sparse linear combination of a set of bases, and the representation
of an entire document is derived via an aggregation strategy (e. g., averaging or
truncated averaging) from the sparse codes of all its individual word features. By using a
log-loss under the broad exponential family of distributions, STC can model both
discrete and continuous data. When applied to text, we use the log-Poisson loss to
model discrete word counts and learn the bases that are unigram distributions over the
terms in a vocabulary, also known as topics. We present an efficient coordinate descent
algorithm to solve the hierarchical sparse coding problem, and the dictionary learning is
efficiently done with projected gradient descent. Our algorithm provides a systematic
(both algorithmic and empirical) comparison between STC and probabilistic LDA
models [Blet et al. 2003].

In addition, we also describe a supervised STC (MedSTC) to show how to

incorporate supervising side-information when it is available into the STC to discover
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more predictive representations and learn a more accurate document classifier. Finally,
we provide some empirical studies on text modeling and classification. Our results show
that STC can learn meaningful topical bases, infer sparse topical representations of
documents, and identify sparse topical senses of words which would be useful for word
sense induction [ Pantel and Lin 2002 ;Brody and Lapata 20097 or disambiguation [ Boyd-
Graber et al. 2007 ]. We report that both the unsupervised STC and supervised
MedSTC outperform several competing methods on document classification and are
significantly more efficient (an order of magnitude speed up) on training and testing.
This chapter is structured as follows. Section 2 introduces related work. Section 3
presents STC and an efficient coordinate descent algorithm. Section 4 describes a collapsed
version of STC and MedSTC. Section 5 presents empirical studies, and Section 6 concludes

with future directions discussed.

2 Related Work

Sparse coding is a powerful technique that can learn a generic dictionary from an
unlabeled corpus. The learned dictionary can be further used to encode a data sample
and find a new representation, which is wuseful for visualization, clustering,
classification, or self-taught learning[ Raina et al. 2007 ]. However, by treating the
inputs as independent samples and using the flat ¢,-norm regularizer, the standard
sparse coding has limitations because of its incapacity to learn structured dictionary and
structured representations of the input samples. Much work has been done focusing on
addressing the first problem to learn structured dictionary, such as [ Jenatton et al.
20107 by using a structured sparsity regularizer (e. g. , group-wise Lasso [Jacob et al.
20097 or tree-guided Lasso [ Kim and Xing 2010]), [ Varshney ez al. 2008] by designing
a structure among dictionary elements, or [Jost et al. 2006] by using a clustering
algorithm to construct a tree structure. However, much less work has been done on
learning structured sparse representations of input samples. Sparse topical coding is a
hierarchical sparse coding technique, and it has close relationships with latent Dirichlet
allocation (LDA) [Blet ez al. 2003] and non-negative matrix factorization (NMF) [Lee
and Seung 19997, as detailed below.
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q

2.1 Probabilistic LDA

STC is a hierarchical sparse coding method that shares the similar goal as the probabilistic
LDA [Blet et al. 2003] for inferring latent representations of text documents. Before formally
introducing STC, we discuss potential drawbacks of LDA on the model aspect.

First, LDA does not have an explicit definition of word code. In LDA, a document
is represented as a sequence of words @ = (w, ,w,,***,wy) »where M denotes document
length and w ,, is an N-dimensional indicator vector, that is, w,., =1 if word n appears
in the mth position of the document; otherwise 0. LDA associates each position m with
a topic assignment indicator variable Z,, and assumes that the topics of all the words in a
document are sampled from the same document-level topic mixing proportion, which
will be denoted by §. By assuming a Dirichlet prior over the topic mixing proportion @ ,
LDA defines a joint distribution for a document

M
p@ 2% | s = p@ | O[] 2z | ) p(wn | 2,5 (D

m=1

where both the topic assignment model p (z, | §) and the word generating model
p(w,, |2, ,0 are normalized multinomial distributions and « are Dirichlet parameters.
For comparison, an equivalence to word code can be defined as the empirical word-topic
assignment distribution p(z(n) =k)C > w,mq (zw =1|% ), where z(n) is the topic of
word n. The distribution p (2(n)) can be regarded as a representation of word n in the
topic space, and it can be inferred using sampling [ Brody and Lapata 2009] or variational
methods [ Blet ez al. 20037.

Second, LDA lacks an explicit sparcification procedure on the inferred representations.
Although we can adjust « to make @ concentrate much of its mass on a small number of
topics a priori, it only indirectly influences the sparsity of inferred posterior representations
[Ganchev et al. 2010]. In practice, using a Dirichlet prior is ineffective in controlling
the posterior sparsity of LDA. Fig. 1 shows the sparsity ratio of word code (i. e. ,
number of zeros in the code divided by topic number K) and classification accuracy with

different pre-specified Dirichlet parameter @ of LDA using variational inference®. We

@® In theory, variational methods don’t produce zero code elements because of the exponential update rule. But
in practice, it is safe to truncate very small values to be zero. Similarly, sampling methods don’t have a direct control

on the posterior sparisty either.



