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LSA vs. LSI

e LSA & LSI
— LSA: Latent Semantic Analysis
— LSI: Latent Semantic Indexing
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Anthony Julus  The Hamlet _ Othello  Macbeth
and GCaesar | Tempest
Cleopatra
ANTHONY i T 0 0 0 i
BRUTUS 1 1 0 1 0 0
CAESAR 1 1 0 1 1 1
CALPURNIA 0 i 0 0 0 0
CLEOPATRA 1 0 0 0 0 0
MERCY 1 0 1 1 1 1
WORSER 1 0 1 i 1 o
Ft=0F
ANTHONY BRUTUS _GAESAR _ GALPURNI CLEOPATFMERGY _ WORSER
Anthony and Cleopatral i 1 0 1 1 i
Julius Caesar i 1 1 1 0 0 0
The Tempest| 0 0 0 0 0 1 1
Hamlet 0 1 1 0 0 1 1
Othello 0 0 1 0 0 1 i
Macbeth 1 0 1 0 0 1 0

| Y]

)
d <- read.csv("08LSI-Shakespeare.csv", header=T, row.names=1)
d.svd < svd(d)
d < d.svd[[2]] %*% diag(d.svd[[1]1) %% t(d.svd[[3]])

plot(d.svd[[2]][,1:2]) GAESAR  CALPURNI GLEOPATI MERGY _ VIORSER
text(d.svd[[2]1[,1:2],1abels=rownames (d) ,pos=3) | Athervsnd Cicomatra 1 ! d Y ] 4 ]
The Tempest o o o 3 o ' i
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ANTHONY BRUTUS CAESAR CALPURNIA CLEOPATRA MERCY WORSER
1 1 1 1

>d

Anthony and Cleopatra 0

Julius caesar 1 1 1 1 0 0 0
The Tempest 0 0 0 0 0 1 1
Hamlet 0 1 1 0 0 1 1
othello 0 0 1 0 0 1 1
macbeth 1 0 1 0 0 1 0

> d.svd[[2]1[,1:2] %% diag(d.svd[[11][1:2]) %% t(d.svd[[3]][,1:2])

[,1 [,2] [,3 [,4] [,5 n [,7]
[1,] 0.8327142 0.87075536 1.2819192 0.258569439 0.3538872 1.12392852 0.9036710
[2,] 1.1568480 0.92786465 1.0082634 0.665723465 0.2585694 0.06248386 -0.1700712
[3,] -0.1699857 0.03122636 0.3112280 -0.280056074 0.1005788 0.88202181 0.8725302
[4,] 0.3948208 0.52230162 0.9078465 0.003571743 0.2582987 1.11497839 0.9820280
[5,] 0.1137595 0.29134444 0.6477284 -0.152156330 0.1909063 1.07039479 0.9953852
[6,] 0.6006586 0.58576299 0.8086186 0.232555085 0.2202575 0.58555509 0.4377091
> d.svd[[2]1[,1:4] %% diag(d.svd[[1]][1:4]) %% t(d.svd[[3]][,1:4])

4 5

. L . . . [,6] [,71
[1,] 1.02285340 1.02912701 0.9457880 0.009006517 0.965970538 1.0385090 0.99063266
[2,] 0.92900279 1.06869323 1.1062884 0.840727430 0.009006517 -0.0134736 -0.09274244
[3,] -0.17268628 0.03570139 0.3098034 -0.279034563 0.101727564 0.8796082 0.87498743
[4,] 0.06021168 0.84004232 0.9495523 0.218959286 0.054149957 0.9436014 1.15649897
[5,] 0.05649234 0.14951847 0.8357352 -0.041673681 -0.131215398 1.1468902 0.91750879
[6,] 1.00590863 -0.08575238 1.0223925 0.079268842 0.047876347 0.9477444 0.06898092
> d.svd[[2]1[,1:6] %*% diag(d.svd[[11]1[1:6]) %% t(d.svd[[3]][,1:6])

0,1 .21 (3] ,4] [.61 [71
1] 1. 1. 1. -2.949030e-16 1. 1. 1.
[2,] 1.000000e+00 1.000000e+00 1.000000e+00 1.000000e+00 -1.491862e-16 -8.222589e-16 -6.002143e-16
[3,] -1.734723e-17 -1.089406e-15 -6.591949e-16 2.151057e-16 -6.245005e-17 1.000000e+00 1.000000e+00
[4,] -3.851086e-16 1.000000e+00 1.000000e+00 -4.857226e-17 -4.857226e-16 1.000000e+00 1.000000e+00
[5,] -3.261280e-16 -8.049117e-16 1.000000e+00 1.665335e-16 -9.71445le-17 1.000000e+00 1.000000e+00
[6,] 1.000000e+00 -9.020562e-16 1.000000e+00 -5.412337e-16 -1.318390e-16 1.000000e+00 -9.228729e-16

Christopher D. Manning, Prabhakar Raghavan and Hinrich Schiitze, Introduction to Information Retrieval, Cambridge University Press. 2008,




i@ (DD KRER) T34

library(slam)
library(iriba)
library(topicmodels)
data(AssociatedPress)

AP < ,
AP:svd <- irlba(AP, nv = 5)
for (iin 1:5) pi P.svd3v i, T, index.return=T)Six{1:10])])
zovernment [bush t
gorbachev |german
last i
million people fficials
ew police poll
peopl president  [soviet t
percent soviet twe
president  [state [union
[t told ited
two west

F—2DHH
* Blei BLDAZIRET WX TR D LEE
BILF=3 D UM RIR)
* Associated Press data: the First Text Retrieval

Conference (TREC-1) 1992.

<<DocumentTermMatrix (documents: 2246, terms: 10473)>>
Non-/sparse entries: 302031/23220327 &t 23,522,358

Sparsity o 99%
Maximal term length: 18
Weighting : term frequency (tf)

D. Harman (1992) Overview of the first text retrieval conference (TREC-1). In Proceedings of the
First Text Retrieval Conference (TREC-1), 1-20.
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« Perplexity — Log-averaged inverse probability (xfsR&1T—%4)
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Figure 6. Perplexity results as a function of the latent space dimensionality for (a) the MED data (rank 1033) and
(b the LOB data (rank 1674). Plotted results are for LSA (dashed-dotted curve) and PLSA (trained by TEM =

solid curve, trained by early stopping EM = dotted curve). The upper baseline is the unigram model corresponding
to marginal independence. The star at the right end of the PLSA denotes the perplexity of the largest trained aspect

models (K = 2048).

(Hofmann 2001)
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T. Hofmann, Unsupervised Learning by Probabilistic Latent Semantic
Analysis, Machine Learning, 42, 177-196, 2001
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implement

Thomas Hofmann. Probabilistic Latent Semantic Analysis. In Proceedings
of the Fifteenth Conference on Uncertainty in Artificial Intelligence (UAI'99)

Bl: Z2&:E

o ZONELBXARIZHIRT B “segment” &
BHLTWLS

Document 1, P{z|d;,w; = ‘segment‘} = (0.951,0.0001, ...)

P{w; = ‘segment‘|d(} = 0.06

SEGMENT medic imag challeng problem field imag analysi diagnost base proper SEGMENT digif
applic involv estim boundari object classif tissu abnorm shape analysi contour detec textur SEGMEN
specif medic imag remain crucial problem [...]

Document 2, P{z|dy,w; = ‘segment‘} = (0.025,0.867,...)

P{w; = ‘segment‘|d;} = 0.010

consid signal origin sequenc sourc specif problem SEGMENT signal relat SEGMENT sourc addre:
resolu method ergod hidden markov model hmm hmm state correspond signal sourc signal sourc seq;
algorithm forward algorithm observ sequenc baumwelch train estim hmm paramet train materi applif
experi perform unknown speaker identif [...]

Thomas Hofmann. Probabilistic Latent Semantic Analysis. In Proceedings

i@ (MO KREL) T34

librar

)
data(AssociatedPress)

#for

set.seed(2015)
res <- plsa(AssociatedPress, K=5, eps=0.995, max_itr=30 )

for (iin 1:5) print(

Press data

of the Fifteenth Conference on Uncertainty in Artificial Intelligence (UAI'99)

ing=T,index.return=T)$ix[1:10]] )

1ames$ t(resSpw_z[i]
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FHYTT
# R-code for pLSA/pLSI

# Reference: http://wg-stein.blogspot.jp/2009/11/
# probabilistic-latent-semantic-analysis.html

for(t in 1:max_itr){

cat("lteration: "t," Beta: ",B," ")

library(gtools) # for rdirichlet

#E-step
library(slam) 2l <0
- = = itr= cd_z[]<-0
plsa <- function(x, K=10, eps=0.995, max_itr=100 ){ ow 2] <0

if ( "simple_triplet_matrix" %in% class(x) ) { }
else x <- as.simple_triplet_matrix(x) for(dw in 1:length(x$i) {

d <- xSi[dw]
D <- x$nrow
W <- x$ncol w <- x$j[dw]
B<1  #Beta xdw <- x$v{dw]
lihprev <- 0

- pz_dw <- (10*100 * pz * pd_z[,d] * pw_z[,w])"B
total_occurrences <- sum(x$v) e < on. st )
pz_dw <- rep(0,K) .
pz <- rep(1/K, length=K) tmp <- xdw * pz_dw
pd_z <- matrix(0, K, D) cz <-cz + tmp
pw_z <- matrix(0, K, W) cd_z[,d] <- cd_z[,d] + tmp
N o ow_z[,w] <- cw_z[,w] + tmp

for(k in 1:K){

pd_z[k,] <- rdirichlet(1,rep(1, length=D))

pw_z[k,] <- rdirichlet(1,rep(1, length=W)) step

pz <-cz/sum(cz)
D) pd_z <- cd_z / rowSums(cd_z) # sum per k
w) pw_z <- cw_z / rowSums(cw_z) # sum per k

}

cz <-rep(0, length=K)
cd_z <- matrix(0, K,
cw_z <- matrix(0, K

#converged? (very costly)
# for perplexity, see Hofmann, Unsupervised Learning by Probabilistic
# Latent Semantic Analysis, Machine Learning, 42, 177-196, 2001
lh<-0
Ipp <-0

for(dw in 1:length(x$i)) {
d <- x$i[dw]
w <- x§j[dw]
xdw <- x$v[dw]

tmp <- sum( pz[] * pd_z[.d] * pw_z[,w] )
lh <- lIh + xdw * log( tmp )
Ipp <-Ipp + xdw * log( tmp /sum( pz[] * pd_z[,d] ) ) }

cat(" log-likelihood : "llh, " Perplexity : ", exp(-1/total_occurrences * Ipp),"¥n")

if(t > 1)(
if( abs((lh - llhprev) / llh) < 1e-5 || lihprev > Ilh ){
cat("Converged.¥n")
break
}
}

lihprev <- llh
B<-eps*B
}

return(list("pz_dw"=pz_dw, "pz"=pz, "pd_z"=pd_z, "pw_z"=pw_z))

Latent Dirichlet Allocation

pLSA DX =

s pLSA [THWLTIL, BRITIRELE$ d £HBF
BT—42THWARSIBETHD, - T,
REXEFRS BARBAEDLRL.
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* Latent Dirichlet Allocation

— PLSA DFSREZfZIR
s (ERETIVELOBEEBDIVF LXENERTES
. PHRXEBICHIETED

— INTA—REE:
« %4> EM (Variational EM)

* Gibbs 2T
— #EHIASSaL—2ay
— BRIZAALT RIFALN
— HrEEteIRER

Dirichlet 93 %1

ot ")

Hkr(a_)H,-k_l o [T, 00
i=1 4
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Dirichlet 93 %1

Sk REBEAEEDZRRIZ. —DDEBEHFITHET S:
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Bayesian Network D&RIRA %

Platesz %

® )

= p(AB)=p(BIA)P(A)

FEVIBDEEDS B

Latent Dirichlet Allocation
(Blei, Ng, & Jordan, 2001)

a

Dirichlet EaTH %

/ T XEEOINE v LS

@ _—— 0@ ~ Dirichlet(a)

EEONEVIEIST
// z; ~ Discrete(0 @)

~
L TONZFEYINSE

&)
| — HEEhi-EEE

// w; ~ Discrete(¢))
Ny\m
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Smoothed Latent Dirichlet Allocation
(Blei, Ng, & Jordan 2003)

a

XEBOIE VI LD
0@ ~ Dirichlet( )

Dirichlet ZE#i

S

HEEDOM YIEIST
" z,~ Discrete(0@)

™~ el
K 9 BILTHRIRE Y iDL

| — BiEhi-BE
@ — | w,~ Discrete(4)
Ny |\ M

#V) ~ Dirichlet(f)

a6z, N

—

LDA ET /)L (L. ZDF=8)

¢, T, pEALT
BT HIEMNBL ¢Z
V4

, 2 OB ),

i i

ﬂ(%’z ¢z

smoothed LDA LDA
£ XEIZDE 0 ~ Dirichlet(a) + KXEIZDZE, 0~ Dirichlet(a)
&REYIIZDE ¢ ~ Dirichlet(B) ¢« NEEw,OZhZThIZDE:
2N BEw, OZNTIIZDE: - REw% z,~ Multinomial(6)

- BB w,"pw,lz,9), 7=7ZL.
pIFZESH, ie.,

W ~Multinomial(¢,, ).

— FEW% z, ~ Multinomial(€)
— HEEw,~pw,lz,0), =FL.p
IXBER, e,

wy~Multinomial(¢y,,).

O
g

smoothed —_
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Eote]
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(@i MERT.ED§ IR
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oB BIZRED

£ XEIZDE 0 ~ Dirichlet(a)
s &HREWIIZDE ¢ ~ Dirichlet(p)
. ENEEOZTNZTHN (Dindex n where n=1,..,N) [IZDE:
— FEWY z, ~ Multinomial(0)

LDA ETILELE

*ForXZEd-= 1,--,\M

Q

« 5k 0, ~ Dir( - | o)
s For (X&) & n=1,-, Ny
* Rz, ~ Mult( - | 8,)

« &£ RK w, ~ Mult( - | 0z)

M
HP(WI’-v-aW,V(, la.d,....0¢)
d=1

L _2O0RC

n=l
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-T1 [ v, \a){ﬁ[ O, j}de,,
d=1"" k

n=l

&
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1
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* LDA

Ny

[Tp0smy 1) =T 1], P01 a){]‘[(; Out, ]}ded

n=l

¢ smoothed LDA

Ny

1‘[ POV, | ) = gjﬂ,ﬁp(a, |)p(@ ﬂ){g[;eﬂqzﬁm j}d@dqﬁ

GibbsH> T 5

+ Gibbs $2 Ty
— BEEDTOFEITHLLA, T TEHERLLB SR
- TIILOTEHEERTILIBYUTILDIIEES
- COEHOTEESMN. RODBEERN IS

=

0 omi
2. fori=0toN-1
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BTN Brxl D pap Y, 1, 2 P)
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Collapsed Gibbs 4> 7124
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library(topicmodels)
data(AssociatedPress)

AP.daGibbs <- LDA(AssociatedPress, 5, method="Gibbs")

terms(AP.IdaGibbs,10)
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