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Probabilistic Information Retrieval Method Based on
Differential Latent Semantic Index Space
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SUMMARY  Toimprove the unstable performance of the tra-
ditional keyword-based search engine due to ambiguities of a nat-
ural language such as synonymy and /or polysemy, we have de-
veloped a new advanced DLSI (differential latent semantic index)
space based probabilistic information retrieval system. The new
method exploits a most likelihood posteriori function providing
a measure of reliability in retrieving a document in the database
having a closest match with another document of a query. Our
simple experiment gives a supporting evidence for the validity of
the theory, which is capable of capturing the intricate variability
in word usage contributing to a more robust context contingent
search engine.
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1. Introduction

With the explosive usage of the Internet, an informa-
tion retrieval system of higher performance level plays
an increasingly more important role in processing the
ever increasing amount of digital textual objects such
as web pages and documents [7],[11],[12]. Many tradi-
tional query-based search engines are subjected to lia-
bility of an inherent ambiguity of the natural language
resulting in an unstable retrieval performance because
the choice of keywords as well as the method of summa-
rization itself is ambiguous. As we all know, a consid-
erable number of different words could be used to de-
scribe the same meaning (synonymy), and more often
than not the same word could be associated with differ-
ent meanings (polysemy) so that traditional keywords-
based retrieval systems often miss important related
materials to recall and/or recalling many unrelated doc-
uments. In image recognition applications [13], the di-
mension reducing capability is closely related to the fea-
tures extraction capability as in PCA (principal compo-
nent analysis). Sharing the same capability, the latent
semantic structure with truncated singular vector de-
composition (SVD) [1]-[3] is found to have a distinct
effect in constructing a unified semantic space for re-
trieval, capturing not only most of the important un-
derlying semantic structure in associating terms with
documents, but also removing the noise or possible vari-
ability in word usage which consistently plagues the
traditional keyword-based retrieval system.

The purpose of this paper is to verify the basic pos-
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tulate of the features extraction function of the DLSI
space by exploiting the differences of the document vec-
tors on the primary reduced document space and its an-
other secondary orthogonal space to the reduced docu-
ment space.

It is worthwhile to demonstrate the difference be-
tween our new approach and the traditional LSI ap-
proach. To measure a similarity of the two documents,
the traditional LSI method exploits the cosine measure-
ment between the projections of a pair of normalized
document vectors in the LSI space. The cosine mea-
surement of projections of the two vectors actually has
the same geometric meaning as the length of the pro-
jection of the differential document vector of the two
documents in our differential latent semantic space. As
pointed out by Hinrich Schutze and Craig Silverstein
[6], an LSI is indeed a global dimensionality reduction
approach and like all the global dimension reduction
approaches the present method also encounters a dif-
ficulty in adapting to the unique particular character-
istics of each document. In addition to the projection
of the differential document vector, our new differen-
tial LSI-based method introduced can now make better
use of the distance from the differential document vec-
tor to the differential LSI space by taking the “unique”
characteristics of the difference between the pair of doc-
uments into account definitely capturing much richer
information than the standard LSI based approach. Af-
ter giving a brief introduction to the DLSI-space-based
search algorithm in section 2, we give a simple example
demonstrating how our method works effectively.

2. The DLSI Space Based IR Method
2.1 Differential term-document matrix

A term is defined as a word or a phrase that appears
at least in two documents. The restriction of at least
two documents here is added partially to remove some
terms that are used very seldom, but most importantly
it is capable of removing the words of somewhat er-
ratic spelling errors. To reduce the possible number
of candidates, the two documents can be increased to
the three or more documents. It is a tradeoff problem
between the computing time and computing resources
and the number can be chosen accordingly depending
on the applications sought. In the very special situa-



tions when the database is very small like our present
case of our case of section 3, the restriction may be re-
moved by allowing a word or a phrase to be a term even
if it appears only once in the database. We exclude the
so-called stop words which are most frequently used in
any topic, say “a”, “the” in English. To effectively deal
with morphological term variants of natural language, a
stemming process is essential not only to reduce the size
of indexing files but also to improve the efficiency of IR.
A stemming algorithm needs be implemented before we
set up the term index. Many stemming algorithms are
available currently; But as noted by Lennon et al. [?,
], there seems relatively little difference as far as the
final retrieval performance is concerned. We have used
an Affix Removal Stemmer by Porter, named Porter al-
gorithm [8]. Suppose we select and list the terms that

appear in the documents as tq,ts, -+, tm.
Each document in collection will be assigned with a
document vector as (a1, as, - -, am), where a; = fi x g;,

where f; denotes a local weight for the number of times
the term ¢; appears in an expression of the document,
and g; denotes a global weight representing the impor-
tance of the term ¢; applicable throughout the doc-
uments, which is a parameter to denote the impor-
tance of the term in representing the documents. Local
weights could be either raw occurrence counts, boolean,
or logarithm of occurrence count. Global counts may
be given uniform weighting (uniform), domain specific,
or entropy weighting. For example,

fi =log(1+ 0y)

and

N
1

121——5 ijlog(pij),

g logN j—1p] o9 (Pis)

where p;; = %, O; is the number of times that the

term ¢; appears in the document, d; is the total num-
ber of times that term ¢ appears in the collection, O;;
the number of times that the term ¢; appears in the doc-
ument 7, N the number of documents in the collection.
Notice that, we define p;;log(pi;) to be 0 if p;; = 0.
The document vector is normalized as (b1, b2, -, bm)
by the following formula:

Because a summary of a document is obtained
by any of various summarization techniques or a pre-
assigned summary, we always associate the document
with several other document vectors with a query to be
regarded as a document.

We now define a differential document vector,
which is used throughout the paper. An interior dif-
ferential document vector is the differential document
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vector defined as I = Iy — I, where I; and I, are
two different normalized document vectors of the same
document. The different document vectors of the same
documents may be taken from parts of documents, or
may be produced by different schemes of summaries, or
from the queries. Similarly an exterior differential doc-
ument vector is defined as the Differential Document
Vector I = I; — I, where I1 and I5 are two normalized
document vectors of any two different documents. The
interior differential term-document matrix and the ex-
terior differential term-document matrix is defined as a
matrix each of whose column 1s set to be an interior and
an exterior differential document vector respectively.

2.2 Details of a General Model

Any differential term-document matrix, say, m-by-n
matrix D of rank » < ¢ = min(m,n), can be decom-
posed into a product of three matrices: D = USVT,
such that U and V are an m-by-q and g-by-n uni-
tary matrices respectively, and the first r columns of
U and V are the eigenvectors of DDT and DT D re-
spectively. S = diag(dy,ds,---,d,), where §; are non-
negative square roots of eigen values of DDT | §; > 0
for ¢ <r and §; = 0 for i > r.

By convention, the diagonal elements of S are
sorted in a decreasing order of magnitude. To obtain
a new reduced matrix S, we simply keep the k-by-k
leftmost-upper corner matrix (k < r) of S with the
other terms deleted; we similarly obtain the two new
matrices Uy and Vi by keeping the leftmost & columns
of U and V. The product of Uy, Si and VkT provides a
matrix Dy which is approximately equal to D.

An appropriate value of k& to be selected depends
on the type of applications. Generally & > 100 will be
selected for 1000 < n < 3000, and the corresponding
k 1s normally smaller for the interior differential term-
document matrix than that for the exterior differential
term-document matrix.

Each of the differential document vector ¢ could
find a projection on the k dimensional fact space also
called a differential latent semantic index space, as
spanned by the k columns of Ug. The projection can
easily be obtained by UkTq.

Note that, the mean Z of the exterior-(interior-
)differential document vectors are approximately 0.
Thus, ¥ = %DDT, where Y is the covariance of the
distribution computed from the training set. Assuming
that the differential document vectors formed follow a
high-dimensional Gaussian distribution, the likelihood
of any differential document vector z will be given by

exp [—1d(z)]

PEIRY= Gner s

where d(z) = 27X~ !z. Since §? are eigenvalues of
DDT | we have S? = UTDDTU, and thus
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d(z) = nzT(DDT) "'z = ny? S~ 2y,
Where Yy = UT:E = (yla Ya, - ':yn)T~

Because S is a diagonal matrix,
WY 12 62

It is convenient to estimate the quantity by

dz) =

r

k
o) =n( 67+ Y )

i=k+1

where p = - > k4107 In practice, &; (i > k) could
be estimated by fitting a function (say, 1/7) to the avail-
able §; (1 < k), or we could let p = 67, /2 since we only
need to compare the relative probability.

Because the columns of U are orthonormal vec-
tors, Y i_, 41 Ui could be estimated by ||J:||2—Z:f:1 yi2.
Thus, the likelihood function P(z|D) could be esti-
mated by
P(z|D) =

n k f ne’(z
n'/? exp (—5 2i=1 i;—z) - exp (—%pl) o)
@m0 e B

k
where y = Ulz, &(z) = |lz|° = X 9 p =
ﬁ Z;:k-}-l 82, r is the rank of matrix D. In practical
cases, p may be chosen as (5,3_}_1/2, and r be n.

Note that, in equation (2), the term Zle 6—2 de-
scribes the projection x onto the differential latent se-
mantic index space, while e(z) approximates the pro-
jection of z on the orthogonal space of the differential

latent semantic index space.
2.3 Details of Algorithm
2.3.1 Setting Up Retrieval System
1. Identify words and noun phrases from stop words

2. Set up the term list as well as the global weights.

3. Set up the document vectors of all the collected
documents in terms of normalized vectors.

4. Set up an interior differential term-document ma-
trix DT*™ such that each of its columns is an
interior differential document vector.

5. Decompose DT**"* by an SVD algorithm such that
D; = USVT, then approximate D; by Dryg, =
UkISkIV,g; with a proper choice of k1, We now de-
fine the likelihood function by P(z|Dj) =

1/2 k 2 2
”1/ €Xp (‘% 2im 15_2) ‘EXp (_m;ffx))
(@mpm/2 I, 6 - TR

— 77 2 — 2 ki 9 —
where y = Uyp z, e(z) = |[z]|" - 2L 4 ;=
ﬁ Z;;kl_l_l 82, r1 is the rank of matrix Dy. In
practical cases, p; may be chosen as 6£1+1/2, and
r1 be ny.

6. Construct an exterior differential term-document
matrix D", such that each of its column is an
exterior differential document vector.

7. Decompose Dg by SVD algorithm, such that
Dg = USVT, then with a proper value of ko, de-
fine the Dp g, = Uk25k2VkT2 to approximate Dpg.
After that, we define the likelihood function
P(z|Dg) =

1/2 n ka oyl nae?(z
M2 XP <_722i=15_2 rexp (=g,

where y = Ug;:e, e2(z) = ||=]]? - Ef;l Y2, pa =
ﬁ Y itk,41 07, rais the rank of matrix Dp. In
practical cases, ps may be chosen as (5132_}_1/2, and
r9 be no.
8. Define the posteriori function
P(Drlz) =
P(llD[)P(D[)

where P(Dy) is set to be an average number of
recalls divided by the number of documents in the
data base and P(Dg) is set to be 1 — P(Dy).

2.3.2 Online Document Search

1. A query is treated as a document; a document vec-
tor is set up by generating the terms as well as
their frequency of occurrence, and thus a normal-
ized document vector is obtained for the query.
For each document in the data base, the proce-
dures in item 2-5 are processed.

2. Construct a differential document vector z using
the query,.

3. Calculate the interior document likelihood func-
tion P(z|Dr), and calculate the exterior document
likelihood function P(z|Dg) for the document.

4. Calculate the Bayesian posteriori probability func-
tion P(Dy|z).

5. Select the documents such that P(Dy|z) exceeds
a given threshold (say, 0.5), or choose the best N
documents with largest P(Dy|z), those values of
P(Dy|z) are shown as the scores to rank the match.

3. An Example

We demonstrate the power of the current method by
some small example below. Suppose we have 4 docu-
ments named A, B, C, D at hand. And Ay, A, are the
abstracts of A obtained by different methods; similarly,
By, By, C1, Cs and Dy, Dy are the abstracts of B, C
and D as obtained by different methods respectively.
Suppose that A1, Ay, By, By, C1, C3 and Dy, Dy are
given as follows



Ai: We were successful in our research on the new al-
loys.

As: In studying the novel alloy, they attained success.
B;: Galileo’s research influenced the physical sciences
in a big way.

Bs: The physical research was impacted enormously by
Galileo’s theories.

Ci: Performance was raised as a result of many im-
provements.

C5: By making a large number of improvements, its
performance was enhanced.

Dy: The objective of this project is to improve perfor-
mance.

Dy: To improve performance is this project’s target.

Since we have only 4 documents in the database
in this example representing the documents A, B, C, D
respectively, let us arbitrarily save A;, By, C7 and Ds
in the database. As it is mentioned in section 2, the
use of different stemming algorithms differs very little
for TR performance. After removing the stop words,
Porter’s stemming algorithm gives the following stems
here: attain, alloi, enhanc, enorm, Galileo, impact, 1m-
prov, nfluenc, novel, object, perform, physic, project,
rais,, research, result, science, studi, success, target,
theoru.

Each document 1is associated with two document
vectors and we could further normalize each document
vector (column) according to equation (1).

We then construct differential term-document ma-
trix D7"*"* as table 1 (here m = 21, ny = 4)

Table 1  Interior Differential term-document matrix
A] — As B, — B> C1—Cy Dy — Dy

attain -0.447213595 0 0 0
alloi 0.130136674 0 0 0
enhanc 0 0 -0.577350269 0
enorm 0 -0.40824829 0 0
Galileo 0 0.038965305 0 0
impact 0 -0.40824829 0 0
improv 0 0 -0.077350269 0
influenc 0 0.447213595 0 0
novel -0.447213595 0 0 0
object 0 0 0 0.5
perform 0 0 -0.077350269 0
physic 0 0.038965305 0 0
project 0 0 0 0
rais 0 0 0.5 0
research | 0.577350269 0.038965305 0 0
result 0 0 0.5 0
science 0 0.447213595 0 0
studi -0.447213595 0 0 0
success | 0.130136674 0 0 0
target 0 0 0 -0.5
theori 0 -0.40824829 0 0

By decomposing this Dr by an SVD algorithm, and
choosing k1 = 3, estimating that 1 = ny = 4, we have
the function P(z|Dr):

P(z|Dr) = 0.083335295 x exp(—2 * (yi /0.9744453796
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+y3 /0.897312874756 + y? /0.845300037604)
X exp(—4e2 (z)), (3)

where y = Uz, ¢(x) = [|z]] = (] + v3 + 13).

We then construct the exterior differential term-
document matrix D, *"?; by choosing ny = 4, we have
the matrix of table 2 which of course depends on ns.

Table 2  Exterior Differential term-document matrix
Al — B By —Cy Cy—Dy Dy — Ay |
attain 0 0 0 -0.447213595
alloi 0.577350269 0 0 -0.447213595
enhanc 0 -0.577350269 0 0
enorm 0 0.40824829 0 0
Galileo [-0.447213595 0.40824829 0 0
impact 0 0.40824829 0 0
improv 0 -0.577350269 0 0.5
influenc [-0.447213595 0 0 0
novel 0 0 0 -0.447213595
object 0 0 0 0.5
perform 0 -0.577350269 0 0.5
physic [-0.447213595 0.40824829 0 0
project 0 0 -0.5 0.5
rais 0 0 0.5 0
research|0.130136674 0.40824829 0 0
result 0 0 0.5 0
science [-0.447213595 0 0 0
studi 0 0 0 -0.447213595
success | 0.577350269 0 0 -0.447213595
target 0 0 -0.5 0
theori 0 0.40824829 0 0

Decomposing this Dg by SVD algorithm, and
choosing ks = 2, estimating that ro = ny = 4, we
have P(z|Dg):

P(z|Dg) = 0.023984708 x exp(—2(y?/2.6247888144

+y3/2.0277475201))
x exp(—2.18448113581¢” (1)), (4)
where y = Usza:, (z) = ||2|)? — (v} + v3).

Suppose the average number of recalls be 1. Then
P(Drgl, z) becomes

~ 0.25P (x| Dy)
PP = G55 ptipy + 015PGIDR) )

To select the most likely final candidates to a query
q, we may retain all the documents ¢ whose threshold
P(Dr|t — q) exceed a certain threshold value or choose
the best N documents ¢ having the N largest P(Dy|t —
q) as the candidate group to the query. In this small
example, we will choose the document ¢ with largest
P(Dz|t—q) as the best document to an arbitrary query
q.

Now, suppose we want to search a closest docu-
ment (documents) to the query:

The result 1s influenced by the study of science
The normalized document vector of this query is:
q=(0,0,0,0,0,0,0,0.5,0,0,0,0,0,0,0,0.5,0.5,0.5,0,0,0)" .
For all the documents A, By, C1 and Dy, we can ob-
tain the differential document vectors with the query:
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A1 —q, Ba —q,C1 —qand Dy —q.

We calculate the D(z|Dy), P(z|Dg) and P(Drlz)
for each of vectors Ay — ¢, By — ¢q, C1 — q and
Dy — ¢, obtaining final results of P(Dj|A; — q) =
0.075476859, P(Dr|Bs — q) = 0.155099594, P(D;|Cy —
q) = 0.076703526 and P(Dy|D2 — q) = 0.029596402

Choosing the largest one, we see that the docu-
ment: “The physical research was impacted enormously
by Galileo’s theories.” is the closest to the query. It is
most interesting to note that the query ”The result is
influenced by the study of science” does not share even
one common keywords between the query and the doc-
ument.

4. Conclusion

We have developed a new information retrieval scheme
by setting up a most likelihood posteriori function pro-
viding a measure of reliability in retrieving a document
in the database by a query. Our simple experiment
gives a supporting evidence for the validity of the the-
ory, which is capable of capturing the intricate vari-
ability in word usage thus improving the instability
of traditional keyword-based query search. Since the
SVD packages for very large sparse matrixes [3] are
now available, and the system set-up step is actually
an off-line process, the extension of the computational
method to a larger scale TR system should not be diffi-
cult.

Because of semantic invariance characteristics of
the LSI vector space, we believe that the system can
also be used for cross language retrieval. The system
should be practical when there is a large set of cross
language documents as well as a set of summaries as
the training set. As mentioned in the introduction sec-
tion already, we require each document to be repre-
sented by two or more document vectors. The doc-
uments vectors can be constructed off line, of course,
as long as their summaries are available. Otherwise,
we should use some summarization method/software
to obtain summaries for each document. We want to
emphasis here that while the quality of the summariza-
tion 1s important for our IR system, the summarization
document constructed need not be grammatically cor-
rect.
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