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Two Perspectives for IR Models

« Matching Strategy

— Literal term matching

» Vector Space Model (VSM), Hidden Markov Model (HMM),
Language Model (LM)

— Concept matching

» Latent Semantic Indexing (LSI), Probabilistic Latent Semantic
Indexing (PLSI), Topical Mixture Model (TMM)

» Learning Capability
— Term weight, query expansion, document expansion, etc
» Vector Space Model, Latent Semantic Indexing
— Solid statistical foundations

 Hidden Markov Model, Probabilistic Latent Semantic
Indexing (PLSI), Topical Mixture Model (TMM)
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Two Perspectives for IR Models (cont.)

 Literal Term Matching vs. Concept Matching
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N-gram Language Model

Given a word sequence, W, oflength N

= W=ww,.w.w,

— How to estimate its corresponding probability ?

g

(W) chain rule is applied

e S

w,
w (w2 )(w3‘w1w2) ..... P (WN‘Wlwz....wN_l)

-
A

Too complicate to estimate all the necessary
probability items |
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N-gram Language Model (cont.)

« N-gram approximation (Language Model, LM)

— Unigram

P(w)=P(w, )P(w,)P(w,)... P(w,)
— Bigram

P(W): P(WI)P(wz‘wl)P(w3‘w2).... P(WN‘WN_I)
— Trigram

POV )= P(w )P, oo )P o fwow, Lo Py )

« A variety of smoothing or interpolation techniques for N-
gram LM have been proposed in the past several years
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HMM/N-gram-based Model

* Model the query © as a sequence of input observations
(index terms), O=q19>-9,-9N

 Model the doc D as a discrete HMM composed of
distributions of N-gram parameters

- The relevance measure, P(o|pis r), can be estimated by
the N-gram probabilities of the index term sequence for

the query, 0=q9,..9,.9y , predicted by the doc D

- A generative model for IR
D" = arg max P(D is R|Q)
~ arg max P(Q|D is R )P(Di&R )

~ arg max P (Q |D is R ) with the GSSUH’\PﬂOﬂ that ......
D

IR — Berlin Chen 7



HMM/N-gram-based Model (cont.)

* A discrete HMM composed of distributions of N-gram
parameters (viewed as a language model source)

PlO|Dis R)= Pla)|D)11 P(g, g, 1.D)

n=2

ﬂ smoothing/interpolation

, but reasons for what: avoiding zero prob., and ...?

P(Q‘D 18 R) = [mlP(ql ‘D) + mzP(ql ‘Corpus)]

bigram modeling

: IZ‘V[ [ml P(qn ‘ D)+ n, P(qn ‘Corpus) + m3P(qn ‘qn_l ,D)+ my P (qn ‘Qn—l ; CO’”P”S)]

n=2

O=9192-9,-9n

m

(5]

my

P(q,]D)

P (q n |Corpus )

>

P(qn |qn—15D)

my +my +mg +my =1

P(g,|, 1, Corpus)

A mixture of N
probability distributions
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HMM/N-gram-based Model (cont.)

* Variants: E.g., Three Types of HMM Structures
— Type I: Unigram-Based (Uni)

)

P(o|Dis R)= H[m P(g,|D)+m,P(q,
— Type ll: Unlgram/Blgram -Based (Uni+Bi)

(Q‘D 1S R) = [mlP(q1 ‘D)-i- m, P (c]1 ‘Corpus )]
ﬁ [mlP( D)+ mzP(qn Corpus )+ m3P(qn
n=2

— Type lll: Unigram/Bigram/Corpus-Based (Uni+Bi*)

4,..D)]

n

P(QD 18 R) = [mlp(ql ‘D) + mzP(ql ‘Corpus)]

| nfi [ P{q, |D)+myPlg, |Corpus) +myPl,|g, . D)+ myPlg,|q,, 1. Corpus)

=[m, P(J‘ai J\ ID)+m2 P(l‘ai kA IC)] X [m P( % ID)+m2P( R IC)+ maP(R S| M-k =, D)+m PO S MK &, C)

22

— Berlin Chen 9



HMM/N-gram-based Model (cont.)

« Why Called "HMM"”

— The corresponding mixture sequence of N-gram components that
generates the given observation sequence (the query) cannot be
explicitly observed (or is non-deterministic)

— E_g_, P(Q‘D 1s R): ﬁ[l[mlP(qn‘Dﬁ mzP(qn‘Corpus )] and 0O = 419293

* The possible mixture sequences MI/X generate 0 would be

MIX | = mix p,mix p,mix p
MIX 5 = mix coppys > MIX p, MIX

MIX 3 = mix p, miX coppys > MIX p

MIX g = mix Corpus > mix Corpus » mix Corpus

« “Hidden”: The corresponding mixture sequence that generates
the query can not be explicitly observed
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HMM/N-gram-based Model (cont.)

 The role of the corpus N-gram probabilities ~ Aa.|corpus

— Model the general distribution of the index terms Ag ... Corpus
- Help to solve zero-frequency problem P(qn\D): 0!

* Help to differentiate the contributions of different missing
terms in a doc (global information like IDF?)

E.g., P(Q|D 1s R): ]]_v[ [mlP(qn|D)+ mzP(qn|C0rpus )]

— The corpus N-gram probgbilities were estimated using an
outside corpus

P(q,|D)=0.4
P(q. |D)=0.2
% %o q, b P(q,|D)=0.1

da q 9
0 e dq P(q, |D)=0.0
e P(7.|D)=0.0
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HMM/N-gram-based Model (cont.)

« Estimation of N-grams (Language Models)

- Maximum likelihood estimation (MLE)
for doc A-grams

« Unigram
Counts of term ¢g;in the doc O
Ja) ¢l /

P(%|D)= Z(fc ( )= |D|i Length of the doc O
A i Or number of terms in the doc O
* Bigram
c, (g . qi) Counts of term pair (¢,,¢;) in the doc D
P(q,- q,-,D)= c. @)

- Similar formulas for corpus N-grams
Counts of term g;in the Corpus

C o qj,qi)

Ceo @) p(qi|q_,-,D): C (¢ )
coms \4

‘Corpus ‘

P(qi‘Corpus ):

Cor‘Eus: ah outside corpus or just the doc collection IR — Berlin Chen 12



HMM/N-gram-based Model (cont.)

« Basically, m,, m,, m;, m,, can be estimated by using the
Expectation-Maximization (EM) algorithm

because of the insufficiency of
_ training data
— All docs share the same weights m, here

— The N-gram probability distributions also can be estimated using
the EM algorithm instead of the maximum likelihood (ML)
estimation

« Unsupervised: using doc itself, ML
» Supervised: using query exemplars, EM

* For those docs with training queries, m,, m,, m;, m,, can
be estimated by using the Minimum Classification Error
(MCE) training algorithm
— The docs can have different weights
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HMM/N-gram-based Model (cont.)

» Expectation-Maximization Training

— The weights are tied among the documents

— E.g. m, of Type | HMM can be trained using the following

equation:
the old weight
819 queries = =2265 docs — \ —
the new weight Z Z Z mIP( n D)
\ A Qe[TminSet]Q De[Doc]RtOQ q,€0 _mlp( n D)+ mzp(qn COVPT/IS )_

e Z Q"‘[DOC]RtoQ

Qe[TminSet ]Q

 Where [TminSet]Q is the set of training query exemplars,

Docr1 0 s the set of docs that are relevant to a specific
training query exemplar O, |0 |is the length of the query ,
and |[D0c lrw o] I8 the total number of docs relevant to the

query Q IR — Berlin Chen 14




HMM/N-gram-based Model (cont.)

» Expectation-Maximization Training
— Step 1: Expectation ;. odel

Pj'Q,Kv\H{)CP(K|Q,15)P(Q|13) 0= 44: 4yt

K = klkz kN—lkN

query word sequence mixture sequence

» Log-likelihood expression and take expectation over K

I:l:l i’éiif&fmn log P(Q K | D) log P(K |0, 15)+10g P(Q | 15)

mixture sequences K

(conditioned @ = log P Q|D logP(Q K | D) 10gP(K | 0, b)
on@Qb)
:>E[logP Q|D ]K‘QD —E[logP(Q K | D) logP(K | 0, D) 0.0

= ZP(K\Q D)logP(Q | [)): ZP k|0, D)(logP(Q K| D)—logP(K 0, f)))

:>1ogP(Q | D) ZP(K\Q D)logP(Q K| D) ZP(K\Q D)logP(K| 0, D)

IR — Berlin Che
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HMM/N-gram-based Model (cont.)

° EXP'GHO'HOH M mixtures of distributions

Aol D)=T T3 m, Pla, 1K, D)

n=l k,=1

Et&:;q _(mlp(% |k19f))+' ' °+mMP(Q1 |kM9D))x(mlP(% |k19[))+' ' '+mMP(q2 |kM’[)»
:%‘EZ ;L)(ﬁf bt )y x(mlP(qN|k b)+ +mMP(qN|k D))

Sum-product — product-sum MM M
:Zy : I{Hmkp(q %, D)} where m, —P( ‘15)
= P(Q |DA):i ﬁ ﬁ |:ﬁ (kn|D)P(qn|kn9D)i| 0=99, " 4y.9x

ky=1k,=1 ky=1 1 KLk, kK, k,
M M M [ N .
-¥ 3 ST Pk 15)
ky=1k,=1 ky =1L
R D
) ;Zlkzzl.” k%l:l-P (ql’kl’ququ,kN |D)] Independence
. 0.K |D Assumption
S lrlxis) o)
K

How many kinds of K ?(M "kinds ) IR — Berlin Chen 16



HMM/N-gram-based Model (cont.)

« Expectation-Maximization Training

— Step 1: Expectation (cont.)
« EXxpress logP(Q | [)) using two auxiliary functions

logHQ) b):%P(IqQ, DllogHo K| b)—%I’(I('Q, DllogAK| 0. )

where
lo gP(Q | [)) = cD(D, [))— H(D, f))
(~ complete data

vV o(p,D)- E[Lé]: S P(K|Q,D)log P(Q. K | D)

1(p,5)=Y P(k|0, D )log (K |0.5)

K
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HMM/N-gram-based Model (cont.)

« Expectation-Maximization Training

— Step 1: Expectation (cont.)

« We want f unknown model setting

log P(Q | 15)2 log P(Q | D)

logP(@| D)-log P(Q| D)
= [cD(D, [))— H(D, [))]— (®(D, D)-H(D, D)]

————————————————————————————————

- o(p, b)-o(D, D)~ (D, D)+ H(D, D)

IR — Berlin Chen 18



HMM/N-gram-based Model (cont.)

» Expectation-Maximization Training
— Step 1: Expectation (cont.)

. —H(D,f))+ H(D,D) has the following property

~H(D,D)+H(D,D)

:{Z P(K|@., D )log P(K 0. )}{ > P( \Q,D)logP(K\Q,D)}

__________________________________________________________ P x)
. 2 [r e ]
. Kullbuack-Leibler (KL) distance

B P(KQ,E)} “ (o logx < x—1)
)

Jensen’s inequality

=§[(QD rikle.n]

=( IR — Berlin Chen 19



HMM/N-gram-based Model (cont.)

« Expectation-Maximization Training
— Step 1: Expectation (cont.)

 Therefore, for maximizing log P(Q | 15) , we only need to
maximize the @-function (auxiliary function)

o(D,D)= > P(K|@.D)log P(Q. K | D)

« If unigram was used, the @ -function can be further expressed
as

@(D,b)zzP(K|Q,D log P(Q,Kui) ?
K

Ty ZP(kqn,D)logP(Qn7k|b)
4,€Q k

IR — Berlin Chen 20



HMM/N-gram-based Model (cont.)

« Expectation-Maximization Training

— Step 1: Expectation (cont.)

n\zlheiepz(km)
S empirical distribution  themodel s _p(us)
(D(D D)= > > P(klg, D )log P (qn k| D ) .
_____________________ 0aCQ ko
Auxiliary (p k,D )P (k|D A A
function = Z Z< (qn| ) ( | )log [P(qn|k,D)P(k|D)]}
o7 | P(glD)

_ P(q kD )m, ) o
PPN A ol AL

L J

'

IR — Berlin Chen 21



HMM/N-gram-based Model (cont.)

« Expectation-Maximization Training
— Step 1: Expectation (cont.)
» the ®-function (auxiliary function) can be treated in two parts

P,
RPN AT T

—————————————————————————————————————————————————————————————————————————————————————

The reestimation of probabilities
P (¢ 15,0 ) will not be discussed here !

IR — Berlin Chen 22



HMM/N-gram-based Model (cont.)

« Expectation-Maximization Training
— Step 2: Maximization
* Apply Lagrange Multiplier

By applying Lagrange Multiplier /¢
N N
Suppose that F = Zw, log y, = W, log y.

W . '
= -9 - Constraint
@/j yj yj
N N -
ggzyj = —]Ele =il _JEJWJ
W, Note
= oo |

IR — Berlin Chen 23



HMM/N-gram-based Model (cont.)

« Expectation-Maximization Training
— Step 2: Maximization (cont.)

Note :
* Apply Lagrange Multiplier olog m, 1
om. n,

—————————————————————

D P(q kD )mk A . ( . j
O = ) —— log m, r+1 m, -1/
Q;sz: Z P(an’D )mj ol i i

L J J
- normalization constraints

oo, B 1 Z P(qnlk,D )mk e L(I)Sing Lagrange multipliers
5rf1k m qneQZ P(qnlj,D )mj
_ J

P(q kD )mk_ G, _G, G,
Assume G, = ! = ...
‘ anGQZ P(qnlj’D )mj n, n, m
J

IR — Berlin Chen 24



HMM/N-gram-based Model (cont.)

» Expectation-Maximization Training
— Step 2: Maximization (cont.)

l=-> G, -

'y L kD Jm, 5 PAg, kD Jm,
iqneQZ P(in]’D )mj i qneQZ P(an]’D )mj

: P g, kD Jm 0]
izs: q;e:Q 4 P(q I]’D )m]l_
v _____ gl T

— Extension:

« Multiple training queries for a doc
« Weights are tied among docs

Plg,|k.D In,
Qe[Tra%Set ]Q DE[DE ]RtoQ aneQ Z P(Qn|j’D)nj

2 |Q|"[DOCj ]RtoQ‘

0 e [T rainSet ]Q
IR — Berlin Chen 25



HMM/N-gram-based Model (cont.)

« Experimental results with EM training
— HMM/N-gram-based approach

Average Precision Word-level Syllable-level
Uni | Uni+Bi |Uni+Bi*| Uni Uni+Bi | Uni+Bi*
TQ/TD |0.6327| 0.6069 | 0.5427 | 0.4698 | 0.5220 | 0.5718
TDT2 | TQ/SD |0.5658| 0.5702 | 0.4803 | 0.4411 | 0.5011 | 0.5307
TQ/TD [0.6569| 0.6542 | 0.6141 | 0.5343 | 0.5970 | 0.6560
TDT3 | TQ/SD |0.6308| 0.6361 |0.5808|0.5177 | 0.5678 | 0.6433

— Vector space model

Average Precision Word-level Syllable-level
S(N), N=1 S(N), S(N), N=1 |S(N), N=1~2
N=1~2
TQ/TD || 0.5548 | 0.5623 0.3412 0.5254
TDT2| TaQ/sp | 05122 | 0.5225 0.3306 0.5077
TQ/TD 0.6505 0.6531 0.3963 0.6502
TDT3| TQ/SD 0.6216 0.6233 0.3708 0.6353

— HMM/N-gram-based approach is consistently better than vector
space model

IR — Berlin Chen 26



HMM/N-gram-based Model (cont.)

* Mixture Observation Probabilities also can be optimized
by EM training

| Plnm

> S _
O e [TrainSet ]Q st. D e[Doc ]RtOQ q€0.,9=9q, )3 P(Q|J:D)mj

I (q k. D )n i

- o | TPl

O € [TrainSet ]Q st. D € [Doc ]RmQ L qeQ

Ig(qn|k,D)=

@)
@)
Documents in the collection

Training queries
O

do 0O

IR — Berlin Chen 27



Review: The EM Algorithm

* Introduction of EM (Expectation Maximization):
— Why EM?

« Simple optimization algorithms for likelihood function relies
on the intermediate variables, called latent ([Z=s[*)data
In our case here, the state sequence is the latent data

 Direct access to the data necessary to estimate the
parameters is impossible or difficult

— Two Major Steps :

« E : expectation with respect to the latent data conditioned on
the current estimate of the parameters and the observations

« M: provides a new estimation of the parameters according to
ML (or MAP)

Jeff A. Bilmes "A Gentle Tutorial of the EM Algorithm and its Application to Parameter

Estimation for Gaussian Mixture and Hidden Markov Models," U.C. Berkeley TR-97-021
IR — Berlin Chen 28




Review: The EM Algorithm (cont.)

* The EM Algorithm is important to HMMs and other
learning techniques

— Discover new model parameters to maximize the log-likelihood

of incomplete data log P(0|1) by iteratively maximizing the

expectation of log-likelihood from complete data logP(O,Sl)

 Example
— The observable training data O
« We want to maximize P (0 K ) A is a parameter vector
— The hidden (unobservable) data ,§

- E.g. the component densities of observable data O, or the
underlying state (or mixture) sequence in HMMs

(I)(/l,/f): Z E[log P(O,S ﬂj)]soj

IR — Berlin Chen 29




HMM/N-gram-based Model (cont.)

* Minimum Classification Error (MCE) Training
— Givenaquery O and a desired relevantdoc D* , define the

classification error function as:

1

E(Q,D")=—|-log P(Q‘D* 1S R)+iﬁrﬂth>“i‘;log P(Q‘D' is not R)]

9]

\ Also can take all irrelevant doc

in the answer set into consideration

“>0”: means misclassified; “<=0": means a correct decision

— Transform the error function to the loss function

1

LoD =17 exp(—aE(Q, D)+ f3)

, L(0.D")

* In the range between 0 and 1
— « :controls the slope
— [ :controls the offset

IR — Berlin Chen 30



HMM/N-gram-based Model (cont.)

* Minimum Classification Error (MCE) Training

— Apply the loss function to the MCE procedure for iteratively

updating the weighting parameters s 1

e Constraints:
@ m, 20, YXm, =1 /
k

« Parameter Transformation, (e.g.,Type | HMM) 6 76) modeT

~ 7 .

emi €2 setting

m, = and . i i
e”ﬁl +enf7112 e 1 +e 2

— lteratively update m (egTypeIHMM) Gradient descent

i e )= i, (1) e () 22 D)

Py L) =D"* (i)

« Where, / ———————————————————————
: aL(Q,D) ! ;
N 0L(Q,D ot ) o
Vs = e() (aan ) N @Byl 10 D]
()8L(QD) 0E(Q.D")
OE(Q.,D") on ,

IR — Berlin Chen 31



HMM/N-gram-based Model (cont.)

* Minimum Classification Error (MCE) Training
— lteratively update m , (e.g., Type | HMM)

Note :

flog 7 (x)] =#x)f’(x)

e
aE(Q,D*) B 1 {%ZG:Q Og|:e,ﬁ1 + et (qn‘ )+ e 4 e (qn‘ orpus ) [f(x)g('xﬂ .
om, ol o, [£6)]  £CX ) 1k )
ot G reny PGP e Hanloma e el

0] v Neml - P(an* )+ e P(qn Corpus)
Um0 e TR
. .
- e - : > — em + e P(qj‘D ) >
e™m +em ‘Q‘ q,€0 ; e™ ; P( n‘D*)-i- ; e ; P(qn Corpus )
Lem + e e + e
=—|—m +LZ mlP(qn‘D*)
1 ‘Q“’HEQ m1P(qn‘D*)+ mzP(qn‘Corpus ) ’

IR — Berlin Chen 32



HMM/N-gram-based Model (cont.)

* Minimum Classification Error (MCE) Training
— lteratively update m  (e.g., Type | HMM)

Voo () =—¢(i)a- L(Q D*)-[1-L(Q.D")]
(s L m, (i)P(q,|D")

the new weight ‘ ‘q €0 ml(l)P( " )+ mz(i)P( )

Corpus )} ’

. em1(1+1)
ml(l + 1): o MG | o Grl)

1) = m, (=Y )

eﬁl(i)e—VD*,m“)

-V p* i (i)

€ﬁ1(i)€ + eﬁz(i)eivD*ﬁz(i)

eﬁl(i)e_VD*,n?l(i)/(eﬁl(i)+ eﬁz(z‘))

[e,ﬁl(,')e—vwﬁl<t)/(enql(i)+ erﬁz(i)):| N [eﬁz(i)e—vl,*m(i)/(e"71(,-)+ er?iz(i)):|
the old weight

\>

m (l)e ot ()

- —
m, (@) e " e , (@ )e 7 IR — Berlin Chen 33




HMM/N-gram-based Model (cont.)

* Minimum Classification Error (MCE) Training
— Final Equations
* lteratively update m |

vV, ()=-¢()a-L(Q,D)[1-L(,D)]

[ s n (Plg.|0)
1 ‘Q‘ 4n<0 ml(i)P(qn‘D*)Jr mz(i)P(qn‘Corpus )

. _VD*,rﬁl(i)
m (i)-e

: Voot : "oty
m@)e ”™ +m,(i)e "

ml(i+1):

« m, can be updated in the similar way

IR — Berlin Chen 34



HMM/N-gram-based Model (cont.)

« Experimental results with MCE training

Average Precisior] Word-level Syllable-level Fusion
Uni Uni+Bi*
TQ/TD 0.6459 0.6858 0.7329 : —
WCE Training | TDT2 [Tq/SD| 0.5810 0.6300 0.6914
(0.5658) (0.5307)
TQ/TD
c 064 g
9 [
_9 062} '6
S . TQISD £
a 9
g 058;7// ****************************** g
E 055 B
g 0541 é
MCE Iterations (Word-based) MCE Iterations (syllable-based)

— The results for the syllable-level indexing features were
significantly improved
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HMM/N-gram-based Model (cont.)

* Advantages
— A formal mathematic framework
— Use collection statistics but not heuristics
— The retrieval system can be gradually improved through usage

« Disadvantages
— Only literal term matching (or word overlap measure)

 The issue of relevance or aboutness is not taken into
consideration

— The implementation relevance feedback or query expansion is
not straightforward

IR — Berlin Chen 36



Topical Mixture Model (TMM)

« Perform Concept Matching in the Likelihood Space
(under the likelihood criterion)
— Latent topical distributions are shared (tied) among docs
« Like HMM, Various Theoretically Attractive Model

Training Algorithms can be applied

— Maximum likelihood (e.g. EM) or discriminative (e.g. MCE or
MMI) training

A document model

7, )P(1;|D,)

P(Q|Dl-)z INI §P( n

n=lk=1

- P(g,|r,) are tied among docs
- Each doc has its own P(7;|D;)

Query

0=99,-9,-9y

IR — Berlin Chen 37



Topical Mixture Model (cont.)

 EM Training (supervision)

— Given a training set of query exemplars with the corresponding
query-document relevance information

Z Z I’l(qn,Q)P(Tk QnaDi)
n _ Qe[TmmSet ]Q Die[Doc ]R 0 0
P(qn Tk)_

Z Z Z n(qsaQ)P(Tk QnaDi)
Qe[Traanet ]Q Die[Doc ]RtOQ q,€0
b3 > n(g,.0)P(T,]a,.D;)
Qe[TramSet ]Q q,€0

P\(Tk|Di): st. Dl.e[DOC ]RtOQ

> o]
Qe[TminSet ]Q
st. D, €[DOC |z o

lo|= Znlg,.0)
gae)

P(Tk|Di)P(qn|Tk)

K

EIP(T1|D1')P(%|T1)

, where P(Tk|qn,Dl.):
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Topical Mixture Model (cont.)

 EM Training ( without supervision)

— Use each document itself as a a query exemplar to train its own
document mixture model

z n(wnﬂDi)P(Tk‘WnaDi)
D;e[D]

2, 2 ”(WsaDi)P(Tk‘Wn’Di)
D-E[D] we,eD;

1

p(wn‘Tk):

Z n(wsﬂDi)P(Tk wsﬂDi)

P(r,|p,)= 2=t

|Dz‘| 1D = WséDni(ws,Di)

P(Tk|Di)P(Wn|Tk)

2P|, )P (e, I1))

, where P(Tk|qn,Dl.):
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Topical Mixture Model (cont.)

* Probability Smoothing
— With corpus unigram probability 7, (qn|C0rpus)

Plolp)~ ﬁl{a(kglp(qnpk)p(@pi )+ 0= o feors )}

— Additionally with doc unigram probability PML(qn|Dl~)

Hoin,)~ ﬁ{/{o{kg Pl 1) - o) |0l )}

n=I

O=q197---9,---9N

IR — Berlin Chen 40



Latent Semantic Indexing (LSI)

« Also called Latent Semantic Analysis (LSA), Latent
Semantic Mapping (LSM)

« LSI: a technique that projects queries and docs into a
space with “latent” semantic dimensions

- Co-occurring terms are projected onto the same dimensions

— In the latent semantic space (with fewer dimensions), a query

and doc can have high cosine similarity even if they do not share
any terms

— Dimensions of the reduced space correspond to the axes of
greatest variation

« Closely related to Principal Component Analysis (PCA)
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Latent Semantic Indexing (cont.)

 Dimension Reduction and Feature Extraction

- PCA feature space
T Y - n
X+’yi:¢iX \\ P —> Zyi¢i +’X
n i=1 n
— —
¢1 ¢1 ¢k

- SVD (in LSI) minHX' — XH for a given k

latent semantic
k space

- 5 A'

mxn . mxr r <min(m,n) mxn

latent semantic

. 2 .
space min ”A’ - A”F for a given k

IR — Berlin Chen 42




Latent Semantic Indexing (cont.)

— Singular Value Decomposition (SVD) used for the word-
document matrix

* A least-squares method for dimension reduction

Term1 Term ?2 Term3 Term4
Query user interface
Document 1 | user interface HCI interaction
Document 2 HCI Interaction
Projection of a Vector x : ?

P\

P x .
= (0 x
1 [llo. |

yi = |x[lcos 6, = x|

, where ||gol|| =1

IR — Berlin Chen 43



Latent Semantic Indexing (cont.)

 Frameworks to circumvent vocabulary mismatch

Doc > terms —> structure model
U
doc expansion ﬂ
| .
: : latent semantic
iteral Ter'mﬁma’rchlng structure retrieval
query eﬁxpansion ﬁ

Query —> terms —> structure model

IR — Berlin Chen 44



Latent Semantic Indexing (cont.)

Titles
el
c2:
c3:
cd:
S
ml:
m2:
mai:
el :

Terms

frurman
interface
Cormpuler
HEer
SVstent
FESDONSe
frrre
EPS
SUIVEy
frees
grapi

M EROrs

Hurnan machine inferface for Lab ABC compurer applications
A survev af user opinion of computer svstem response time
The EPS user inrerface management sysrem

Svstermn and human systrem engineering testing of EPS

Relation of wuser-perceived respornse rime (O error measursment
The generation of random, binary, unordered rrees

The intersection graph of paths in trees

Crraph minors 1|V Widths of rrees and well-guasi-ordering
Graph minors: A surmey

Documents
cl c2 ca ot cS ml m2 m3 ml
1 0 O 1 o 0 0 0 4]
I 0 | 0 O O 1) 0 [§]
1 i O (] O Q0 0 G 0
0 1 1 0 1 0 L) 0 0
) 1 1 2 L L] 0 o (4]
Ch I 0 0 1 o 0 L] (i)
r I (8] 0 1 0 0 0 4
0 { 1 1 Q 0 Q 0 0
0 1 0 0 0 0 0 0 1
O 0 O O 0 1 1 § 0
0 0 O 0 O O 1 1 1
L#] 0 C O (] ) LB I |

rlin Chen 45



Latent Semantic Indexing (cont.)

2-D Plot of Terms and Docs from Example

T3 . . 9
Query: “human computer inferaction
11 h
c-ma[%rnﬂ,% 12
(o, ma(9,11,12)
* 192 mino
" iz minor An OOV word
ﬁ *= 3 survey -
X! .-
= h m1(10) -
o e = o ¢2(3,4,5.6,7.9)
(=] _ e %Eﬁ;:ff;
e 6 repsonse
_= 77 =3 computa 4 user
LI
g 11,23 I o
N 2 MR
“ «8 EPs D c3(2458)
" T e B ogystem
" =
N o ed(1,5,8)
k.
M
e
,
S
u
,

Dimension 1™

FIG. 1. A two-dimensional plot of 12 Terms and 9 Documnents from the sampe T set. Terms are represented by filled circles. Documents are shown
as open squares, and component terms are indicated parenthetically. The query (“human computer interaction”) is represented as a pseudo-document at
paint g, Axes are scaled for Document-Document or Term-Term comparisons. The dotted cone represents the region whose points are within a cosine of
9 from the query g . All documents about human-computer (cl—cS) are “near” the query (i.e.. within this cone), but none of the graph theory documents

(ml=mé) arc ncarby. In this reduced space, even dosuments ©3 and ¢ which share no terms with the query are near ir. 146




Latent Semantic Indexing (cont.)

. . Row A € R"
« Singular Value Decomposition (SVD) .
compositi ColA €R
positions
d, d, d, d: d

Both U and V has orthonormal
column vectors

rxr rxn Y'Y o
VTV=T
r < min(m,n)
Ksr [Allg2 = [[A']] ¢2

d, d, d,

kxk kxn
Docs and queries are represented in a
k-dimensional space. The quantities of
the axes can be properly weighted

mxn mxk according to the associated diagonal

values of %, IR — Berlin Chen 47



Latent Semantic Indexing (cont.)

« “term-document” matrix A has to do with the co-occurrences
between terms (or units) and documents (or compositions)
— Contextual information for words in documents is discarded
« “bag-of-words” modeling

* Feature extraction for the entities 4;; of matrix A
1. Conventional tf-idf statistics

2. Or, a; ; :occurrence frequency weighted by negative entropy

occurrence count ——
B ffl.,j ( ) d B m
4G =71\ gh |dj|= 2/
d . ¥ i=1
J N A
negative normalized entropy ~ document length

normalized entropy of term j occurrence count of term

~—, 1 n fi,j fi,j n «  inthe collection
g =— ZE log , =2 fig
=1

logn ;=1\ 7 T; j=

Oe=p, = | |
IR — Berlin Chen 48



Latent Semantic Indexing (cont.)

« Singular Value Decomposition (SVD)
— ATA is symmetric nxn matrix
* All eigenvalues [ ;are nonnegative real numbers

A 2A, 2.2 >0 ¥ zdiag(ﬂi,l,,...,ﬁ,n)

» All eigenvectors v; are orthonormal ( €R")

S RS RS U

J

- Define singular values: sigma o, =4, j=1..n

J

— As the square roots of the eigenvalues of A’A
— As the lengths of the vectors Av,, Av,, ...., Av

n

or 4; » =150 o, = ”Avl ” ||Avl.||2 =v'A"Av, =v' Av = A
{Av,, Av,, ...., Av. }is an o, =|4v,| = |4v|=0,
_orthogonal basis of Col A

ooooo
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Latent Semantic Indexing (cont.)

{Av,, Av,, ...., Av.} is an orthogonal basis of Col A
1> AV, r 9

Av, e Ay, = (Avl. )T Av, =viA"Av, =Av'v, =0
— Suppose that A (or ATA) hasrank r <n

/1122422....2ﬂ,r>0, ﬂ“r+1:ﬂ’r+2:"":inzo
— Define an orthonormal basis {u,, u,,...., u,} for Col A
1 1
Av ——Av =>ou, =Avy
u. also an HAV H N ——y orthonormal matrix
orthonormal matrix — u :A'v V.V .
(mxr) [ “ F]Zr :--1---2----1]-- - Known in advance

« Extend to an orthonormal baS|s {u,, u,,..., u.} of Rm

[u1 Usy...U ]Z A[v1 Voo VoV ] |A| _ ZZ

= US = AV :>U2VT=AVV, o

Er Orx(n—r)
X,0=
O(m—r)Xr 0(/n—r)><(n—r

= A=UzV" { ]Inxn ? |A|F—a +o, +..+0, ?
)
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Latent Semantic Indexing (cont.)

. u. spans the
v, spans the Multiplication ks
rowspace of A — byA row space of A’
mxn
Col A = Row AT
U v’

Nul A X 0\
=1 uzv'=(U, U,) ! :
AX 0 ( 1 2{ 0 o)LVZTJ
. : = U121V1T
FIGURE4 The four fundamental subspaces and the action r
- = AV, U =AV
of A.
=A
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Latent Semantic Indexing (cont.)

« Additional Explanations

— Eachrow of U is related to the projection of a corresponding
row of A4 onto the basis formed by columns of V

A=Uxpv?!
=S AV =USVIV =UL = US=AV

 the i-th entry of arow of U is related to the projection of a
corresponding row of 4 onto the i-th column of

— Each row of V' is related to the projection of a corresponding
row of 47 onto the basis formed by U
A=Uzv"
= AU =(Usr"f U =vsuTU =1z
=>V=A4"U

 the j-th entry of arow of V' s related to the projection of a
corresponding row of 4’ onto the i-th column of U

IR — Berlin Chen 52



Latent Semantic Indexing (cont.)

 Fundamental comparisons based on SVD
— The original word-document matrix (A)

d, d d « compare two terms — dot product of two rows of A
— or anentry in AAT

« compare two docs — dot product of two columns of A
— oranentryin ATA

« compare a term and a doc — each individual entry of A

mxn

— The new word-document matrix (A’)
UsU s o« ~Amanara bos tarme e T

mxk

2'=3 At M R R it |
V=V, — dot product of two rows of U’ X R ™ For stretching

Fo A or shrinking

« compare two docs - A=(U' S VTT(U S VT 2V ST
— dot product of two rows of V'Y’
e compare a query word and a doc — each individual entry

’
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Latent Semantic Indexing (cont.)

+ Fold-in: find representations for pesudo-docs q

— For objects (new queries or docs) that did not appear in the
original analysis

« Fold-in a new mx1 query (or doc) vector
See Figure A in next page

A _ ( T )‘ U Y- 1 The separate dimensions
Qixk = \4 xm ~ mxk = kxk are differentially weighted

Just like a row of V Query represented by the weighted
sum of it constituent term vectors

— Cosine measure between the query and doc vectors in
the latent semantic space

Gx3d’
5> ciz‘

sim (qA,a?)z coine (qAZ,a?Z) =

\/

row vectors
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Latent Semantic Indexing (cont.)

 Fold-in a new 1 xn term vector
~ 1 See Figure B below
ik = LixaVousxe 2 kxk

Ak Uk pyS A
mxn _ m x k kxk kxn
P
<Figure A>
P
m x (n+p) m x k kxk k x (n+p)
Mathematical representation of folding-in p documents.
A Uk Tk v
m xn _ m x k kxk kxn
<Figure B>
B B
(m+q) x n (m+q) < k k xk kxn
Mathematical representation of folding-in q terms.
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Latent Semantic Indexing (cont.)

« Experimental results

— HMM is consistently better than VSM at all recall levels
— LSl is better than VSM at higher recall levels

---><--- \fSM
0.9 — --% - HMM
—ah— | S|
b A
K‘\\:ﬁ\
0.8 N
0.7 :\\
5 0.6 é\\
(72 g -1 N
T *\
(a8 ~\A/\
0.5 - e
9
XN
s
0.4 4 \
r A
%
0.3 I I I | I ! |
0.0 0.2 0.4 0.6 0.8 1.0
Recall

Recall-Precision curve at 11 standard recall levels evaluated on
TDT-3 SD collection. (Using word-level indexing terms)
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Latent Semantic Indexing (LSI)

* Advantages

— A clean formal framework and a clearly defined optimization
criterion (least-squares)

« Conceptual simplicity and clarity

— Handle synonymy problems (“heterogeneous vocabulary”)
— Good results for high-recall search

 Take term co-occurrence into account
« Disadvantages
— High computational complexity

— LSI offers only a partial solution to polysemy
« E.g. bank, bass,...
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Probabilistic Latent Semantic Analysis (PLSA)

Thomas Hofmann 1999

« Also called The Aspect Model, Probabilistic Latent
Semantic Indexing (PLSI)

— Graphical Model Representation (a kind of Bayesian Networks)

P(Di) P(Wn|Di)

< D > @ =>The unobservable class variables T,
P(Di) P(TkDi) P(WnTk

' . ‘ sim(0.D,)=P(0[D,)=T] Plw,|D,)

. = y P(wj,Tk|Dl_) ?
SiW(Q,Q)=P(Q|Q)=P(§’QI))")zP(QaQ)=P(QQ)P(DQfP(QQ) j} H {Z } ?

K

—sinlo.0)=H) T1| Pl eto)
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Probabilistic Latent Semantic Analysis (cont.)

* Definition
— P(D,) : the prob. when selecting a doc D,

-p(r, |Di): the prob. when pick a latent class 7, for the doc D,

—P(w, |Tk) the prob. when generating a word w , from the class T,
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Probabilistic Latent Semantic Analysis (cont.

* Assumptions

— Bag-of-words: treat docs as memoryless source, words are
generated independently

Slm(QD) PQ‘D HP

— Conditional independent: the doc D, and word W are
independent conditioned on the state of the associated latent

variable T,

P(w,,D,|T. )~ P(w |, )P(D,|T,)

)

:>P(W |D) ZP(W.T|D) ZKP(W Sad T) ZK:P(W/’;)(J)Tk))P(Tk)

-------------------- =

: Z P I )P (.17, )P (1) Z P(w_,|T )

P(D,) = P(D,)

_ Z p (w b7, )P (T D, ) Can be viewed as the topics are
tied among HMMs R Borl

h Chen 60




Probabilistic Latent Semantic Analysis (cont.)

* Probability estimation using EM (expectation-
maximization) algorithm  Unsupervised Training

- E (expectation) step
» Define the auxiliary funct|on _______________ ¥ C.“f‘?.‘?f‘f‘??f_“i'f’_”_ _________

0 =[] 2 5 a0 Jeloe 2w, 70 )],

complete data

__________________________________________

kelinood 5 Z Z[P( ________________ )IOgP(‘D')]

empiri cal dsTr bu‘r on the model
D, w;, .. .

D, )= Pw, [T, )P (T,
© =3 3 0l 0.5 (Pl 0 og 2w 1,00 (7, |, )

i w

« With the property: p(w i D.)

without the introduction of query exemplars for training

IR — Berlin Chen 61



Probabilistic Latent Semantic Analysis (cont.)

* Probability estimation using EM (expectation-
maximization) algorithm
- E (expectation) step

« The expression P (Tk |w ;> D l.) can be further decomposed
as

ﬁ(Tk’Wj|Di)_ IS(WJ|T/«)}3(T/«|D1')

};(Wj|Di) ) Z p(wj|Tk)ﬁ(Tk|Di)

Ty

Is(Tk|wj,Dl.):

« The auxiliary function

B Kullback-Leibler divergence

N | stemtrn)
ZZ( )Z ZP(W‘T) (T‘D)lg ( ‘ )( ‘ )

Ty

IR — Berlin Chen 62



Probabilistic Latent Semantic Analysis (cont.)

* Probability estimation using EM
- M (maximization) step

6=E[LC]+TZ}{T,{I—WZJP(WJ.‘T,C)]-I-;P{l—%P(Tk‘Dz‘)]

A | |
RS ) 3 A LA R A B 2 )

normalization constraints using Lagrange multipliers

J

e | |
1)~ b DJE o D)oeitr]o ) 1)

R — Berlin Chen 63



Probabilistic Latent Semantic Analysis (cont.)

* Probability estimation using EM
- M (maximization) step

« Take differentiation .
The training formula

_______________________________________________________

Pl 1) > Z ”(WjﬂDz)P (Tk‘w D
Zn(wD Vet w,.0,) X alw,.0,)P(r|w,.0,)

1
1
n (D i ) | IR — Berlin Chen 64



Probabilistic Latent Semantic Analysis (cont.)

« Latent Probability Space

Dimensionality k=128 (latent classes)

Aspect 1 Aspect 2 Aspect 3 Aspect 4
{ embedding imag video region speaker
___________________________________________ 5  lplex SEGMENT | sequenc contour speech
spsmmed textur niotion boundgri rgcogni
convex region #+ P(w, Id)) color frame deserip signal
‘{*{;\5 . ML tissu scene imag train
. brain SEGMENT | SEGMENT hmm
N e slice shot precis sourc
\ o e < cluster imag estim speakerindepend
P(w1z,) -t mri cluster pixel SEGMENT
1o - algorithm visual aramet sound
P(w; lz)\ / P Piwlr) ; _ _ .g 14
o ! 5 medical imaging image sequence .
. e s e context of contour phoneﬂc

Sketch of the probability simplex and a convex region spanned by class-conditional probabilities in

,Tk,Dl.):Z P(w.‘Tk,Dl.)P T,.D,)
/

the aspect model.

P(w,,D,)=Y P(w

analysis

boundary detection segmentation

P (w \

/|

2
o/
(Pl i),

P(wW ,D)

T.)P(T, )P(D

]

)

\

Z : diag (P(Tk ))k

v (p(pr,)),

ien 65




Probabilistic Latent Semantic Analysis (cont.)

* Probabilistic Latent Semantic Space

D, D,

mxk

mxn
P Umxk

P(w,,p,)=> P(w,|r.)P(1,)P(D,|T,)

Ty
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 One more example on TDT1 dataset

aviation space missions  family love Hollywood love
Aspect 1 | Aspect 2 || Aspect 3 Aspect 4
plane space home film
airport shuttle family movie
crash mission like music
fight astronauts love new
safety launch kids best
aircraft station mother hollywood
air crew life love
passenger nasa happy actor
board satellite friends | entertainiment
airline earth cnn star

Probabilistic Latent Semantic Analysis (cont.)

The 2 aspects to most likely generate the word “flight” (left) and “love’ (right), derived froma K = 128

aspect model of the TDT1 document collection. The displayed terms are the most probable words in the class-
conditional distribution P(w; | z), from top to bottom in descending order.
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Probabilistic Latent Semantic Analysis (cont.)

« Comparison with LSI
— Decomposition/Approximation

« LSI: least-squares criterion measured on the L2- or Frobenius
norms of the word-doc matrices

 PLSA: maximization of the likelihoods functions based on the
cross entropy or Kullback-Leibler divergence between the
empirical distribution and the model

— Computational complexity
« LSIl: SVD decomposition
* PLSA: EM training, is time-consuming for iterations ?
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Probabilistic Latent Semantic Analysis (cont.)

« Experimental Results
— Two ways to smoothen empirical distribution with PLSI

« Combine the cosine score with that of the vector space
model (so does LSI)

PLSI-U* (See next slide)

« Combine the multinomials individually Py (w,|D,)= 3" Plw,|T, )P(T,|D,)
PLSI-U* S | e
Iy PLSI-O* (a)j | D,)=AF, Empirical(a)j | Di)i_l_ (1-A)F, PLS](a)j | D))
" Empirical wcieeat!
n(w,,D,)

PEmp[r[cal (a)j |D1): I’I(D)

Pog 0(Q1D) = [[B, e @, | D)+ (1= )P,y (@, | D))
;€0

Both provide almost identical performance
- It's not known if PLSA was used alone
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Probabilistic Latent Semantic Analysis (cont.)

« Experimental Results
PLSI-Q*

 Use the low-dimensional representation P(7, |Q) and P, |D,)
(be viewed in a A-dimensional latent space) to evaluate
relevance by means of cosine measure

« Combine the cosine score with that of the vector space
model

» Use the ad hoc approach to re-weight the different model
components (dimensions) by

2 P10 )P(T ;) 3 nlg,,0) P13 g,,0)
RpLsi —0* (Q,D;) = \/ - ,where P(Z%‘Q):qneQ 9

s P(T 2\/ZPT D)
\(kQ) k (k‘ ) online folded-in

EPLSI—Q* (0,D;)=4-Rpr(0,D;) + (1 ~ /1)‘ Ry (Qa[ji)
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Probabilistic Latent Semantic AnaIyS|s (cont.)

> P(1y|Q)P(7,|D;)
* Wh PLSI —0*\» i) = L 9
Y R 0x(0,D;) \/%P(Tk|Q)2 \/%P(Tk|Di)2

— Reminder that in LSI, the relations between any two docs can
be formulated as ol =

ATA=(U'ZVOT' (U ZVT) =VETUTU Z'VT=(VEYV' X )T
sim (Dl,Ds)zcoine (ﬁiZ,ﬁsZ):

DE2D!
[o.p.]
— PLAS mimics LSI in similarity measure 5, and b, are row vectors

> P(D,|1, )P(1; )P(7;, )P (D, Ty, )
Jz[P e )F 5[0 e )F

> P(T|D; )P,(Dl )P(1;|D, )P(B, )

Rl P F Sl 0, e, T

%P(Tk|Di)P(Tk|Ds)

Rprs ok (D;,Dy) =

P(Di‘Tk)P(Tk):P(Tk‘Di)P(Di)

i \/% P(Ty|D; f \/% P(T,|D, )
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Probabilistic Latent Semantic Analysis (cont.)

« Experimental Results

precision [%]

precision [%]

100
MED, tf
20 F
6o
40
201
— PFls-u
0
O 50 100
recall [%]
100
MED, tfidf
80
G0
40
20 N
cos—1fidf -
- = LSl
— PLSI-LI*
0
[ 50 100
recall [%]

80

7o

g0
70

60

30
20

10

= Fisi-ao e

50 100
recall [%]

CRAM, tfidf

cos—ifidf
- = L=l
— PLSI-L*

50 100
recall [%]

30F

20}

10F

CACM, tf

ClIsl, tf

50 100 50 100
recall [%] recall [%:]
6o
CACM, thidf 50 Cl3l, tfidf
_— Iﬁ%!c_n—o' B _— Iﬁfls.l—l_r e I
50 100 - 50 100
recall [%] recall [%]
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Comparisons

« TDT-3 Voice of American Spoken Document Collection
— Measured in mean Average Precision (mAP)

256 Topics 256 Topics
Retrieval TMM HMM PLSA VSM LSI
Model
D 0.7870 0.7174 0.6513 0.6505 0.6440
SD 0.7852 0.7156 0.5989 0.6216 0.6390

Using both word- and syllable-level indexing features
& MCE Training

IR — Berlin Chen 73




LSA: SVDLIBC

* Doug Rohde's SVD C Library version 1.3 is based
on the SVDPACKC library

 Download it at http://tedlab.mit.edu/~dr/
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HW: Latent Semantic Analysis (LSA)

Row Col. Nonzero

« Given a sparse term-document matrix #rem #Doc entries

— E.g., 4 terms and 3 docs 43 6 o entries
Doc 2+ at Col 0
A 0273 Col 0, Row 0
N h 7 38 Col 0, Row 2
23 00 42 1 1 nonzero entry
) at Col 1
Term 0.0 13 22 > 113 Col 1, Row 1
138 0.0 05 3 < 3 nonzero entry
at Col 2
0.0 0.0 0.0 0 42  Col2,Row0
" 1 22 Col 2, Row 1
— Each entry can be weighted by TFxIDF score 2 0.5 Col 2, Row 2

* Perform SVD to obtain term and document vectors
represented in the latent semantic space

« Evaluate the information retrieval capability of the LSA
approach by using varying sizes (e.g., 100, 200, ..,600
etc.) of LSA dimensionality
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HW: Latent Semantic Analysis (cont.)

« Example: term-document matrix

Indexing Nonzero
Term no. “°¢ "% antries
51253 2265 218852

77

508 7.725771
596 16.213399
612 13.080868
709 7.725771
713 7.725771
744 7.725771
1190 7.725771
1200 16.213399
1259 7.725771

------ tout LSA100-Ut
« SVD command (IR_svd.bat) oS

svd -r st -o LSA100 -d 10»0 Term-Doc-Matrix
7 1 O\ LSA100-Vt

) ‘ \ \
sparse matrix input fix of t‘ il No. of reserved name of sparse
prefix ot output ties eigenvectors matrix input IR - Berlin Chen 76
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HW: Latent Semantic Analysis (cont.)

 LSA100-Ut

100 5

51253 words

1253 A

10.003!
0.002

word vector (uT): 1x100

 LSA100-S

100

2686.18
829.941
282 5%

100 eigenvalues

 LSA100-Vt

2265 docs
100 2265 AL

0.021]0.035 ........
0.012|0.022 .......

doc vector (vT): 1x100
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HW: Latent Semantic Analysis (cont.)

* Fold-in a new mx1 query vector

A . ( T )[ U > 1 The separate dimensions
9ixk = \4 xm ~ mxk = kxk are differentially weighted

Just like a row of V Query represented by the weighted
sum of it constituent term vectors

« Cosine measure between the query and doc vectors in
the latent semantic space

Gz3d’
5 a?z‘

sim (qA,a?): coine (qAZ,a?Z) =
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