Lecture 4
IR Modeling



Traditional IR Models

* Content Analysis

— Statistical Characteristics of Text
Collections
o Zipf distribution
« Statistical dependence

— Term Vector Representations
* Inverted Indexes
« Ranking



How IS ,
the query I
constructed? @ orocessed?




A Taxonomy of IR Models

* Boolean Model(Set Theory)
— Extended Boolean model
— Fuzzy model

* Vector Model(Algebraic Theory)
— Generalized vector model
— Latent semantic index
— Neural networks

* Probabilistic Model

— Inference network
— Belief network



Basic Concepts of Classic IR

index terms (usually nouns): index and summarize
weight of index terms

Definition
— K={k,, ..., k}: a set of all index terms
— w;;: a weight of an index term k; of a document d;

_»9
= =Wy, W -
document dj

., Wy;): an index term vector for the

_>
— gi(dj)z W; ] w;; associated with (k;,d;) tells us nothing
t- , about w;,, j associated with (ki ,d;)
assumption

— 1ndex term weights are mutually independent

The terms computer and network in the area of computer networks




Boolean Model

The index term weight variables are all
binary, 1.e., w;;€{0,1}

A query qisa Boolean €XPression (and, or, not)
Q. the disjunctive normal form for q

d... conjunctive components of q, -
sim(d;,q): similarity of d; to q

— I 1f Iee | (Qec eqdan(Vkp gl(d) 21(Qee)
— 0: otherwise

dj 1s relevant to q




B 00168.11 MOdel (Continued)

» advantage: simple

 disadvantage

— binary decision (relevant or non-relevant)
without grading scale

— exact match (no partial match)
* e.g., d=(0,1,0) 1s non-relevant to q=(k, A (k, v —k;)
— retrieve too few or too many documents



Basic Vector Space Model

Term vector representation of
documents D=(a;, ap, ..., a;)
queries Qj:(qj'la i2s > sz)
t distinct terms are used to characterize content.
Each term 1s 1dentified with a term vector 7.
t vectors are linearly independent.

Any vector 1s represented as a linear combination of the ¢
term vectors.

The rth document D, can be represented as a document
vector, written as

Dr — ian’]—;’
i=l1



Document Collection
* A collection of n documents can be represented in the

vector space model by a term-document matrix.

* An entry in the matrix corresponds to the “weight” of
a term 1n the document; zero means the term has no
significance in the document or it simply doesn’t
exist in the document.

q A
Tl T2 e o o0 Tt

D, w; Wy ... Wi

Dy, Wi Wy ... Wi

Dn Wln W2n th




Documents as vectors

So we have a |V|-dimensional vector space
Terms are axes of the space

Documents are points or vectors 1n this
space

Very high-dimensional: hundreds of
millions of dimensions when you apply this
to a web search engine

This 1s a very sparse vector - most entries
are Zero. d] — (sz, Wojs eees Wtj)



Queries as vectors

Key idea 1: Do the same for queries: represent
them as vectors 1n the space

Key idea 2: Rank documents according to their
proximity to the query 1n this space

proximity = similarity of vectors

proximity = inverse of distance

Recall: We do this because we want to get away
from the you’re-either-in-or-out Boolean model.

Instead: rank more relevant documents higher
than less relevant documents



Graphic Representation

Example:

D, = 2T, + 3T, + 5T; T T,
D,=3T, + 7T, + T,
O =0T, + 0T, + 2T; 5
D,=2T+3T,+5T; |

QZOTl +0T2+2T3

Tt
)
v

D2: 3T1 + 7T2 + T3



Rank Retrieval over Vector Space
» Retrieval based on similarity between query

and documents.

* Output documents are ranked according to
similarity to query.



Graphic Representation

Example:

D, = 2T, + 3T, + 5T; T T,

D,=3T, + 7T, + T,

O =0T, + 0T, + 2T; 5
D, =2T;+ 3T, + 5T;

QZOTl +0T2+2T3
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D,=3T,+7T,+ T e _
2 ! 2003 « Is D, or D, more similar to Q?

* How to measure the degree of
similarity? Distance? Angle?
Projection?



Similarity Measure
» A similarity measure 1s a function that

computes the degree of similarity between two
vectors.

» Using a similarity measure between the query
and each document:

— It 1s possible to rank the retrieved documents in the
order of presumed relevance.

— It 1s possible to enforce a certain threshold so that
the size of the retrieved set can be controlled.



Similarity Measure

* measure by product of two vectors
x * y=l|x||y| cosa
e document-query similarity

document vector: term vector:
t

t
Dr — Zan’]—; Os — quE
i=1

t j=1

i,j=1
* how to determine the vector components and term

correlations?



Slmllarlty Measure (Continued)
* vector components

I T T3 T
Dilain ann -+ aqu
Dalat a» -+ Qo

A=,

Dn Anl  dAn2 - dnt




S lmllarlty Measure (Continued)

* term correlations 7; ¢ T; are not available
assumption: term vectors are orthogonal
I« 1,=0G#) T, * I;=1 (i)

* Assume that terms are uncorrelated.

Sim(Dr, QS) — Zanqs/‘

i,j=1

« Similarity measurement between documents

t
sim(Dr, Ds) = Zamas]-

i,j=1



Simple query-document
similarity computation

« D=2T+3T,+5T; Dy=3T\+TT5+1T;
O=0T,+0T,+2T;

 similarity computations for uncorrelated terms
sim(D,0)=2¢0+3 «0+5 *2=10
sim(D,,0)=320+7 «0+1 «2=2

e D, 1s preferred



Simple query-document

similarity computation (continued)

* I i} 13
T, 1 0.5 0
7, 05 1 -0.2
; 0 -0.2 1
 similarity computations for correlated terms
sim(D,Q)=QT,+3T,+5T3) » (0T, +0T5+275 )
=4 T, T5+6T, *T5+10T; T
=-6*0.2+10*1=8.8
sim(D,,0)=Q3T,+7T,+1T3) « (0T, +07,+2T5 )
=6TT5+14T, T +2T; T;
=-14*0.2+2*1=-0.8
e D, is preferred



Vector Model

w; ;. a positive, non-binary weight tor (k;,d;)
Wi a positive, non-binary weight tor (k;,q)

q:(WLq, Wog -+ Wig): @ query vector,
where t 1s the total number of index terms 1n
the system

d=(wy;, W, ..., W;;): a document vector



Similarity ot document d; w.r.t. query g

* The correlation between vectors d. anda

d;

djeq S
dj|x|q| | c0s(d;:q)

4

T~ 2 > >
JZ#NQJXJZ}JWM q

sim(d ;,q) =

* | q'| does not affect the ranking

* | d; | provides a normalization



document ranking

* Similarity (i.e., sim(q, d;)) between 0 and 1.

* Retrieve the documents with a degree of
similarity above a predefined threshold
(allow partial matching)



Term weighting techniques

* IR problem vs Classification problem:

user query: a specification of a set A of objects

classification problem: determine which documents are
in the set A (relevant), which ones are not (non-
relevant)

intra-cluster similarity

« the features better describe the objects in the set A
» tf factor in vector model
the raw frequency of a term k; inside a document d;

inter-cluster similarity

« the features better distinguish the the objects in the set A from
the remaining objects in the collection C

o 1df factor (inverse document frequency) in vector model
the inverse of the frequency of a term k; among the documents
in the collection



Definition of #f

N: total number of documents in the system

n;: the number of documents 1n which the
index term k; appears

freq;;: the raw frequency of term k; in the
document d;

f; ;: the normalized frequency of term k; in

document d; freq; ; (0~1)

max; fr €l,i Term t; has maximum frequency
in the document d;

I,J



Definition of idf and
tf-idf scheme

* 1df.: inverse document frequency for k.

: N
ldfl. = log;

* w,;;: term-weighting by; tf-idf scheme

N

l,] l,] -

* query term weight (Salton and Buckley)

0.5 freq;
w; o =(0.5+ Jredig )xlogﬂ

max; freq; , n,

freq; ,: the raw frequency of the term k; in g




Analysis of vector model

» advantages

— 1ts term-weighting scheme 1improves retrieval
performance

— 1ts partial matching strategy allows retrieval of
documents that approximate the query conditions

— 1ts cosine ranking formula sorts the documents
according to their degree of similarity to the query
 disadvantages

— 1ndexed terms are assumed to be mutually
independently



Documents 1n 3D Space

system

“Docs 3 4Doc5 retrieval
oc

information

Assumption: Documents that are “close together”
1In space are similar in meaning.



Vector Space Model

* Documents are represented as vectors in
term space

— Terms are usually stems

— Documents represented by binary vectors of
terms

* Queries represented the same as documents

* Query and Document weights are based on
length and direction of their vector

* A vector distance measure between the
query and documents 1s used to rank
retrieved documents




Documents 1n Vector Space




Vector Space Documents
and Queries

docs tl 12 3  RSV=Q.Di
D1 1 0 1 4
D2 1 0 0 1
D3 0 1 1 5
D4 1 0 0 1
D5 1 1 1 6
D6 1 1 0 3
D7 0 1 0 2
D8 0 1 0 2
D9 0 0 1 3
D10 0 1 1 5
D11 0 0 1 3
AP
ql q2 q3




Similarity Measures

oND]
, lonp|

10
0

+| D]
D]

0

UD|

O D]

01" x|D)"
0ND]

min(| @ |,| D)

Simple matching (coordination level match)

Dice’s Coefficient

Jaccard’s Coefficient

Cosine Coetficient

Overlap Coefficient



Vector Space with Term Weights
and Cosine Matching

T Di:(di]’ Wdi]’.diZI WdiZ;---;dl‘p Wdit)
erm B B | e
Q _(Qi]’ qu]’ ql'Z) quZ; ---,ql't, WQit)
1.0 Q =(0.4,0.8) |
D1=(0.8,0.3) W,
0.8 D> ? D2=(0.2,0.7) sim(Q,D,) = t j=1 : q, th 2
0.6 \/Zj—l (Wq‘;) Zj:l (Wdij)
: 0.4-0.2)+(0.8-0.7
0.4 sim(Q, D2) = (2 )2 ( 2 ) 2
| b JI(0.4)% +(0.8)°1-[(0.2)* +(0.7)*]
0.2
- D0 _ .08
0.42

0 0.2 04 06 0.8 1.0
Term A sim(Q,D,) = ——— =0.74

WD
o)



Probabilistic Model

* (G1ven a query, there 1s an ideal answer set

— a set of documents which contains exactly the
relevant documents and no other

* query process

— a process of specifying the properties of an
1deal answer set

« problem: what are the properties?



Probabilistic Principle

* Given a user query q and a document d; in the
collection, the probabilistic model estimates the
probability that user will find d; relevant

 assumptions

— The probability of relevance depends on query and
document representations only

— There 1s a subset of all documents which the user
prefers as the answer set for the query q
* Given a query, the probabilistic model assigns to
each document dj a measure of its similarity to the
query P(d ; relevant —to q)

P(d ; nonrelevant —to q)



Probabilistic Principle

w;;€10,1}, w; ,€{0,1}: the index term weight variables
are all binary non-relevant

q: a query which 1s a subset of index terms
R: the set of documents known to be relevant

R : the set of documents known to be non-relevant

P(R|d.): the probability that the document d. is relevant
to the query q

P(ﬁﬁj’): the probability that d; 1s non-relevant to q



Similarity

* sim(d;,q): the similarity of the document d;
to the query q

P(R|d;)

sim(d ;,q) = P(R d_j.) (by definition)
sim(d ; q)=P(§ E)XP(E) (B > rule)
PP IR P(R) | yEs THE
CN B
sim(d j,q)zi g I_Qi (P(R) and P(R) are the
J

same for all documents)

P(d; | R) : the probability of randomly selecting the document
d; from the set of R of relevant documents

P(R): the probability that a document randomly selected from
the entire collection 1s relevant



P(d;|R) P(k{R): the probability that the index
P(d ;| R) term k; 1s present in a document
/ randomly selected from the set R.

sim(d ;,q) =

t (d _ o d
[TCPG | RS x (PR | Ry) 517

P(k;|R): the probability that the index

— log i=1 X :
D —_1-g;(d;) | term k; 18 not present in a document
Hl(P (ki | R)™ < (P(ki | R)) randomly selected from the set R.
1=
P LR < (P | R) Y
= Zlog — gd T iegi(d) independence assumption of
=1 (P(kl R)) / X(P(kl |R)) mndex terms
. oi(ds _
g (P | RYx Pk | R x (PR | R)
=L (P(k; | Ry P(ki | R)S ) x (P(ki | R))
= P(k; | R)xP(ki|R) L P(ki|R
Zzg,(d])XIOg ( l ) ( l| ) Z (_l|_)
i P(k; | Ryx P(ki | R) = P(ki|R)
L — P(k; |R)x(1-P(k; | R L P(ki|R
ZZg,(d])XIOg (l_) ( (l| )) Z (l| )
i=1 P(k; | R)x(1-P(k; | R)) 1P(kl | R)



s> P(aT,- ®)

D e
D oy T A
zi (dy)<loey Pg?/!ﬁe»” og Pfk(ﬁg»)

Problem: where 1s the set R?




Initial guess

* P(k;|R) 1s constant for all index terms k..
plk;[R)=0.5

* The distribution of index terms among the
non-relevant documents can be
approximated by the distribution of index
terms among all the documents 1n the

collection. o
P(k; | R) = Nl

(assume N>>[R|, N=[R|)



Initial ranking

V: a subset of the documents initially retrieved
and ranked by the probabilistic model (zop r
documents)

V.. subset of V composed of documents which
contain the index term k;

Approximate P(k;|R) by the distribution of the

index term k; among the documents retrieved so

far. P(k; | R) ="

: — AR
Approximate P(k;|R) by considering that all the
non-retrieved documents are not relevant.

Pk, | R) =20
N-V




Small values of V and V,

P(k; | R) =1
V a problem when V=1 and V;=0
. P(kz‘|§):ni_Vi
e alternative 1 N-V
V.+0.5
P(k; | R) =
(k; | R) -
P(ki|ﬁ):nl-—Vl-+O.5
N-V+1
e alternative 2
V.+ﬁ
P(k; | R)=—
: V+1
n.
n=Vi+

Pl R = =5



Analysis of Probabilistic Model

* advantage

— documents are ranked 1n decreasing order of
their probability of being relevant

 disadvantages

— the need to guess the 1nitial separation of
documents into relevant and non-relevant sets

— do not consider the frequency with which an
index terms occurs 1nside a document

— the independence assumption for index terms




Comparison of classic models

 Boolean model: the weakest classic model

* Vector model 1s expected to outperform the
probabilistic model with general collections
(Salton and Buckley)
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Alternative Set Theoretic Models

-Fuzzy Set Model
* Model

— a query term: a fuzzy set
— a document: degree of membership in this set

— membership function

« Associate membership function with the elements of
the class I

e 0: no membership 1n the set
e 1: fully membership documents
e 0~1: marginal elements of the set



Fuzzy Set Theory

a class

|

» A fuzzy subset A of a universe of discourse
U 1s characterized by a membership
function p,: U—[0,1] which associates with
each element u of U a number p,(u) in the
interval [0,1] la .

— complement: ;) =1-1,(u)
— union: 4 p () =max(u (u),1pu))
— Intersection: #~p ) =min(z(u), pp(u))



Examples

* Assume U= {kla k29 k39 k49 kSa k6}
 Let A and B be {k;, k,, k3} and {k,, ki, k,},
respectively.

« Assume p ={k,/0.8, k,/0.7, k/0.6, k,/0, k-/0, k/0} and
u=1{k,/0, k,/0.6, k3/0.8, k,/0.9, k</0, k/0}

o py(w)=1-p, (u)={k:0.2, k,:0.3, k;3:0.4, k1, ks:1, k¢:1}

o 1B (u) =max(u (u), upm))={k,:0.8, k,:0.7, k;:0.8, k,:9,
ks:0, k:0}

o tynp(u)=min(s,(u), upu))={k,:0, k,:0.6, k;:0.6, k,:0,
ks:0, k:0}



Fuzzy Information Retrieval

* basic idea

— Expand the set of index terms 1n the query with
related terms (from the thesaurus) such that
additional relevant documents can be retrieved

— A thesaurus can be constructed by defining a
term-term correlation matrix ¢ whose rows and
columns are associated to the index terms in the
document collectioﬁ‘“‘"*----r.‘..,x_%

keyword correlation matrix



Fuzzy Information Retrieval

(Continued)

* normalized correlation factor c;; between
two terms k. and k; (0~1)

n: n; 1s # of documents containing term k;
Ci] = T — . where < n, is # of documents containing term k,
A 1, is # of documents containing k; and k,
* In the fuzzy set associated to each index
term k;, a document d; has a degree of

membership ;;

pi j=1- 110-¢)
klea'j



Example

Query g=k, A (ky v = k)

disjunctive normal form q..~(1,1,1) v (1,1,0) v (1,0,0)

(1) the degree of membership 1n a disjunctive fuzzy set 1s computed
using an algebraic sum (instead of max function) more smoothly
(2) the degree of membership in a conjunctive fuzzy set is computed
using an algebraic product (instead of min function)

Mg, i = Heel+ec2+cce3,j
3
= I_H(l_zucci,j)
i=l1

= 1—(1—ﬂa,jﬂb,j,uc,j)x(1—ﬂa,jﬂb,j(l—ﬂc,j))x(l—ﬂa,j(l—ﬂb,j)(l—ﬂc,j))

Recall 44 (u)=1-p (u)




Fuzzy Set Model Summary

Matching degree (the matching of a “document” to the
“query”)
Membership #
OR: u,,=max (u, ,u,)

AND: ., =min ( &, 1)

NOT: # =1-4u
Binary decision—grade membership
term-term correlation
Fuzzy Set operators (min/max --> fuzzy operator )
“Index-term” set +——“related-term”

(query) T
“thesaurus™

5= =1 =1
RFFH

Ol



Extended Boolean Model

* (different from Boolean) Partial matching & terms
weighting

* Boolean query ., = K; A K,
D, oK, , D,oK, ,D;>K;, K, query results are the

Same
* Using “Similarity” to represent “matching degree’
= Sim(q,dj)

pJ

example: distance,algebraic mean,...



Alternative Algebraic Model:
Generalized Vector Space Model

* 1ndependence of index terms
— E a vector associated with the index term k;
— the set of vectors {k,, k,, ..., k} 1s linearly independent
 orthogonal: kjekj=0 {fori#]
— The index term vectors are assumed linearly

independent but are not pairwise orthogonal 1n
generalized vector space model

— The index term vectors, which are not seen as the basis
of the space, are composed of smaller components
derived from the particular collection.



Generalized Vector Space Model

 {k, k, ..., k}: 1ndex terms in a collection
* Ww;;: binary weights associated with the term-document pair
ki, di}

e The patterns of term co-occurrence (inside documents) can
be represented by a set of 2 minterms
m,;=(0, 0, ..., 0): point to documents containing none of index terms

m,=(1, 0, ..., 0): point to documents containing the index term k; only
m;=(0,1,...,0): point to documents containing the index term k, only
m,=(1,1,...,0): point to documents containing the index terms k; and k,

m,=(1, 1, ..., 1): point to documents containing all the index terms

* gi(my): return the weight {0,1} of the index term k; in the
minterm m; (1 <1<t)



Generalized Vector Space Model

(Continued)

—_

m1 = (1,0,...,0,0)
m2 = (0,1,...,0,0)

mjem;=0 fori#j

m_f = (0,0,...,0,1) (the set of H{l are pairwise orthogonal)
« m; (2%tuple vector) is associated with minterm m;
(t-tuple vector)
e e.g., my is associated with m, containing k, and k,,
and no others

e co-occurrence of index terms inside documents:
dependencies among index terms



Generalized Vector Space Model

(Continued)

* Determine the index vector E associated

with the index term k;

C; .m
7 ZW,gi(mr)=1 LI

;=
> st
Vr.gl(mp)=1l 1,r
iy Zwi,j

d;lg;(d j)=g (m,) forall ]

Collect all the vectors m, in
which the index term k; 1s in
state 1.

Sum up w; ; associated with

the index term k; and document

d; whose term occurrence

pattern coincides with minterm m,




Generalized Vector Space Model

N (Continued)
* k;ok; quantifies a degree of correlation

between k; and k;

l_éi‘l_éj — Zci,rxcj,r
Vrlgi (mp)=1Agi(mp)=1
 standard cosine similarity 1s adopted

dj=Q  wiki q=), w,k
C; .M
i — ZW,gi(mr)=1 b

;=
> c’
vr.gl1(mp)=l 1,r




Latent Semantic Indexing Model

 representation of documents and queries by
index terms

— problem 1: many unrelated documents might be
included in the answer set

— problem 2: relevant documents which are not
indexed by any of the query keywords are not
retrieved

 possible solution: concept matching instead
of index term matching

— application 1n cross-language information
retrieval



Basic 1dea

* Map each document and query vector into a
lower dimensional space which 1s
assoclated with concepts

« Retrieval 1n the reduced space may be
superior to retrieval in the space of index
terms



Definition

t: the number of index terms 1n the
collection

N: the total number of documents
M=(M;;): a term-document association
matrix with t rows and N columns

M;;: a weight w; ; associated with the term-
document pair [k;, d;] (e.g., using tt-1df)



Singular Value Decomposition

A ERI’ZXI’Z
(1) A4=A"
30 e R™" st QQT =1 {QTQ =]} orthogonal

sin gular value decomposition :

4=0D0" (4" =(epo" ="' D' =0oDQ" = 4

where D = . diagonal matrix




documents

rerms X - Ta Sy oy
mxm mxd
1zd txm
x - Ts Sy Dy

Snguier value decomposion of 1he term x document matnx, X, Where:

Ty has othogonal, unit dength columns [Ty T, = |}
D has onhogonal unit-length columns (Dg' Ug = 1)
Sy 15 the dagonal matrx of singuks values

1i8 the numbes of rows of X

o 15 the number of calumns of X

mis the rank of X (g min(,d})



documents

»
X - T s
tarms
wak
iz0 txk
’
x - T S

Reduced sngusar value cecomgpasiion of the term x document matnx, X Whese

T has orthogonal, untlangth columas (T T <« |)
D has onhagoeanal, urit-length columns (7 D = )
S 18 the dhagenal malnix of singular values

1= the number of rows of X

d s the numder of columne of X

m i5 the rank of X {< minjt.d})

K i5 the chasen number of aimensons in the reduced medel (% < m)

kxd




Technical Memo Example

Titles

el Humarn machine imterface for Lah ABC computer applscations
¢2: A survey of user opinion of computer system response time
oy The EPS uver imerface management system

o4 Syazem and fwnan sysrem engineenng testing of EPS

<5 Redaton of aier-perceived response time to emvor measurement
mi: The generabion of random, binary, unordered trees

m: The mtersechon graph of paths 10 Irees

m3.  Graph mmors IV Widths of treey and well-quasi-ordering
mad: Graph minors. A swrvey

Terms Documenlts

¢l 2 ¢ 4 &S ml m2 m3 md
hroman | 0 0 | 0 ) 0 0 0
interface | 0 | O 0 0 n 0 0
vampurer 1 | U 0 0 0 0 0 0
ey ] I | 0 I 0 L 0 0
$vrlem { I 1 2 ) 0 0 0 0
response ¢ | U 0 I 0 0 0 0
Timye L} | 0 0 | ) 1 0 0
EPS ] 0 1 I 0 0 0 0 0
wrvey 0 I 0 (} 0 0 0 0 |
frees ) 0 G ] 0 | | | O
graph 0 0 ) 0 0 0 | | |
miners 0 0 0 1 0 0 (0 I |




A c Rl’lXI’l

(2) A= A"
U,V eR™" stUuTu=1,vTy =1  orthogonal
sin gular value decomposition : (AB)T= BT AT
A=Upv?!
44" = wpvywpvhH! =wpvhwpu'y=ubp*u!
M
Ay 0

where D = . diagonal matrix

0 |

N\ )



4=0DQ"
40=0DQ" 0 =0D

whereQ=[q; q> ... q,], q;:acolumnvector

Ay
Algy 92 ...9,1=la1 g2 .--9;]

\_
[AQI AQ2 Agn] = [EIQI 12Q2 '“ﬂ‘nQn]
Agr =A4q1 Agy =4Aqy ... Agq, =A,4q,

A, Ay, ..., A, are eigenvalues of A -
Qy 18 A ’s corresponding eigenvector




Singular Value Decomposition

_—

M : a term — document matrix with t rows and N columns

_— —»—»—»!

M=KSD

_.t_.

M M :a N x N document —to — document matrix

_._.l- .
MM :atxtterm—to—term matrix

According to
M e Rth
S R, —f—
1K : the matrix of eigenvectors derived from M M "' K'K=1

_.t_.

_— _.t N
D : the matrix of eigenvectors derived fromM M D D=1

_._.—>t

M =KSD



—.t [ .
M M :document —to — document matrix

=(KSD ) (KSD")

ol =t et

¥ IR A=QDQT

=(DS K )KSD ) Q 1s matrix of eigenvectors of A
—a2~t D 1s diagonal matrix of singular values
=Ds D 53

B —

N D : the matrix of eigenvectors
MM :term—to—term matrix

_Z’-—

derived from M M

=(KSD YKSD') N | |
NP K :the matrix of eigenvectors

- (KSD')(DS'K") | I
o derived from M M
- KS°K'

_—

S :rxr diagonal matrix of sin gular

//values, where r = min(¢, N)

s <r (Concept space is reduced)



Consider only the s largest singular values of S

. N
» 0

o
\ _/
A== 2 A >0

The resultant M matrix is the matrix of rank s which 1s closest
to the original matrix M 1n the least square sense.

—_— - —f

Ms=K;S,D;

(s<<t, s<<N)



Ranking 1n LSI

* query: a pseudo-document in the original M
term-document

— query 1s modeled as the document with number
0

— _Mst_MS: the ranks of all documents w.r.t this
query



Research Issues

e Library systems
— Cognitive and behavioral 1ssues oriented particularly at
a better understanding of which criteria the users adopt
to judge relevance
* Specialized retrieval systems
— e.g., legal and business documents

— how to retrieve all relevant documents without
retrieving a large number of unrelated documents

e The Web

— User does not know what he wants or has great
difficulty in formulating his request

— How the paradigm adopted for the user interface affects
the ranking

— The indexes maintained by various Web search engine
are almost disjoint



