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Abstract

Latent Semantic Indexing (LSI), a vector space-

based approach to information retrieval , has been

proven to be an e�ective tool in correlating and retriev-

ing relevant documents. While much work has been

published on LSI, most of it addresses the algorithmic

or theoretical basis of the model. Little, if any, presents

implementation issues in practice. In this paper, we de-

scribe a production-level implementation of LSI. The

system integrates components including document col-

lection and preprocessing, singular value decomposition

(SVD), multilingual processing, and a tree-based access

method for similarity querying. We discuss implemen-

tation issues encountered during the development of the

system. In particular, we address scalability issues in

the query engine and various components of the system,

and present lessons learned.

1. Introduction

Latent Semantic Indexing (LSI) 1 is a vector space-

based technique to create associations between con-

ceptually related documents. Since the original pa-

per [3], much work has been published on LSI. Ex-

amples of recent work include [10, 4, 7, 2, 1, 8] (also

see http://lsi.research.telcordia.com for a list of

early work). These papers cover various aspects in-

cluding theoretical properties, semantic interpretation,

optimization, extensions and applications of the LSI

model. Few papers discuss implementation issues in

practice.

In this paper, we report a production-level imple-

mentation of LSI at Telcordia. We call it Telcordia

1Latent Semantic Indexing (LSI) is a patent of Bellcore (now

Telcordia Technologies), under U. S. Patent No. 4,839,853, June

13, 1989.

c
 Telcordia Technologies, Inc. 2000. All rights reserved

LSI Engine (in this paper we will simply refer to it

as the LSI engine). We will describe the functional

components of the product, and discuss the issues and

considerations encountered during the implementation

of the LSI engine. In particular, we will address scal-

ability issues in various components of the system, in-

cluding document pre-processing, term-document ma-

trix generation, Singular Value Decomposition (SVD),

document folding, and querying. Where appropriate,

we will provide scaling rules-of-thumb derived empiri-

cally. We pay special attention to query performance,

presenting practical implementation techniques to re-

duce search overhead, as well as a cluster tree-based ac-

cess method used to prune the multidimensional search

space. Preliminary results show substantial improve-

ment in the query response time, with minimal loss in

relevance recall.

We note here that while recent advances in Web

Information Retrieval techniques have been quite suc-

cessful in �nding relevant Web pages, there exist other

IR applications for which these techniques are not ad-

equate. The majority of the Web IR methods rely

on two basic techniques: inverted �les (for keyword

search) and connectivity analysis (ranking Web pages

according to their hyper-link structure) [6]. Inverted

�les have limited utility for �nding related documents

that contain synonyms of the keywords. Connectivity

analysis is useful only for Web pages. A good IR exam-

ple for which these techniques are of little use is patent

processing. When a new patent application is received,

the US patent oÆce needs to �nd out if there are simi-

lar patents that already exist. More than often, related

patent documents may use di�erent terms to describe

similar subjects/ideas and they usually have no hyper-

links. LSI is ideal for such applications.

The rest of the paper is organized as follows: Sec-

tion 2 reviews the LSI technique. Section 3 gives an

overview of the Telcordia LSI Engine. In Section 4, we

address the problem of similarity search in LSI vector

spaces and describe implementation techniques and a



tree-based access method to improve search speed. Sec-

tion 5 presents scaling behaviors and considerations in

LSI vector space generation. Finally, we discuss future

research.

2. Latent Semantic Indexing

We will only give a very brief description of LSI (the

details can be found in [3]). Given a collection of d doc-

uments and a set of t terms (words) appearing in the

documents, we construct a t� d matrix X (i.e., t rows

and d columns), where X(i; j) is the number of occur-

rences of the i'th term in the j'th document. We call

X the term-document matrix. It is imperative to com-

press X as t and d may be large (tens of thousands).

Let m be the rank of matrix X , we may decompose X

as :

X = T0 � S0 �D0
0;

where T0 (size t � m) and D0 (size d � m) have or-

thonormal columns and S0 (size m � m) is diagonal.

Note D0
0 denotes the transpose of D0. This is called

Singular Value Decomposition (SVD). Without loss of

generality, we assume the values in the diagonal of S0,

called the singular values, are ordered by size. By keep-

ing only the k largest singular values we reduce S0 to

a k � k diagonal matrix S. Also, let T (D) be the re-

sulting matrix by keeping only the �rst k columns of

T0 (D0). Then the product

X̂ = T � S �D0

is a rank k approximation to X . We call k the number

of factors of the reduced vector space.

We may view the i'th row in the matrix D = D�S

as the representation of the i'th document (see [3] for

more details). Thus, each document is represented by

a k-dimensional (k-dim for short) vector. We will use

\factor" and \dimension" interchangely in the rest of

the paper. Typically, the value of k is chosen to be

much smaller than t, so D (instead of the original X)

can be eÆciently stored and manipulated. For single-

language document collections, a value between 100

and 300 for k is usually required to obtain good query

results.

The SVD is a computationally-intensive process.

Thus, when a document collection is very large, only

a limited subset of the document collection, called the

training set, is used in the SVD process to compute

the matrices T , D and S. This training set is chosen

to be representative of the full collection. Once these

matrices are obtained, a new document y, represented

in its raw term frequency vector y = (y1; : : : ; yt), can
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Figure 1. Telcordia LSI Engine Functional
Components

be \folded" into the LSI vector space and represented

by a k-dim vector

vy = y � T � S�1:

Similarly, by treating a query as a \pseudo document",

it can be transformed into a k-dim vector using the

same expression above.

Given a query q (in its k-dim vector representation),

the similarity between the query and any document v

(in its k-dim vector representation) is measured as the

cosine between the vectors: q�v

jqjjvj
. If we pre-normalize

all vectors to unit length, the similarity score between

two vectors can be computed simply as their inner-

product. In the following, we assume all vectors are

pre-normalized.

One major advantage of LSI over other methods

(e.g. inverted �les) is its capability of �nding docu-

ments that contain synonyms of the searched terms.

This capability is embedded in the SVD process (which

extracts latent semantic concepts) and the elimination

of the non-signi�cant singular values (which removes

unwanted semantic \noise") [3].

3. Telcordia LSI Engine: Putting the

Pieces Together

Figure 1 shows the system architecture of Telcordia

LSI Engine, which includes six major functional pro-

cesses:

Document Collection generates metadata for

raw documents and stores them in RDBMS tables.

Our current implementation supports ORACLE and

MySQL (a public domain RDBMS). The raw docu-

ments, however, are placed in a document repository

under the UNIX �le system in which each document

is a separate �le. The metadata contain information

such as where to locate the document in the repos-

itory (access-descriptive metadata), how to regulate

the processing of the document (process-descriptive



metadata), and what the document contains (content-

descriptive metadata).

Document Preprocessing is a daemon process

that periodically checks the LSI catalog for new unpro-

cessed documents. Once unprocessed documents are

identi�ed, the daemon retrieves the documents from

the repository, extracts terms, tabulates the term fre-

quencies, and populates the database tables. The core

of the pre-processor is a general text parsing module

that separates data streams into tokens based on the

language of the documents. The term frequencies are

recorded in three relational tables: document, term,

and frequency. Each row of the document (term) ta-

ble represents a document (term). The frequency ta-

ble contains foreign keys to the document and term ta-

bles, and an attribute count that records how many

times the term appears in the document. This re-

lational representation avoids the space problem of

sparse matrices (most entries in the document-term

matrix are zero).

LSI Generation takes a subset of the document

collection as the training documents and produces the

LSI vector space. First, it reconstructs the correspond-

ing term-document matrix from the LSI catalog. The

set of terms may be reduced by eliminating common

words (e.g. articles and prepositions) from a \stop-

word" list or by using global or document frequency

thresholds. The thresholds determine how often a term

must appear in a document in order to be considered an

indexable term. The selection of stop-words and term

thresholds may a�ect the resulting LSI space and thus

the search results. Unfortunately, there are no simple

rules guiding how these factors should be optimized.

After the term reduction, we further applies global

log entropy weighting [11] to the term frequencies. The

resultant term-document matrix is stored in a �le in

the sparse Harwell-Boeing format [5]. Finally, the SVD

process is invoked against the matrix. The output of

the SVD process includes the term matrix T , the docu-

ment matrixD, and the singular value matrix S. These

matrices are saved in �les on the disk.

For multilingual applications, we require parallel

corpora for the training set, where each document has

a correspondent in each of the languages of interest.

The corresponding document in a di�erent language is

called a mate of the original document. Term frequen-

cies are then collected for each mate (the terms are

in their corresponding native language). We then con-

catenate these term vectors into a single vector. This

vector occupies a column of the term-document ma-

trix and allows the SVD process to extract semantic

relationships between terms and concepts in di�erent

languages. Once the LSI matrices are computed and

all the documents (in any of the languages) are folded

in, we may search the multilingual collection by com-

posing a query with terms in any of the language. For

example, one will be able to express a query in English

and receive a related document in Chinese.

Document Folding maps each document in the

collection to the corresponding vector representation in

the LSI vector space. The matrices T and S generated

from the training phase are used for this purpose. The

mathematics for the folding procedure is described in

Section 2.

The Query Engine allows users to �nd relevant

documents by specifying a list of terms. Documents

in the collection can also be used as part of a query.

The user can specify the number of documents to be

returned. The query terms and documents are used

to compose a query vector in the LSI space (see Sec-

tion 2). Once the query vector is formed, the most

relevant documents are those with the largest cosine

values from the query vector. The implementation of

the query engine is discussed further below.

The Document Filtering utility enables automat-

ically classi�cation of incoming documents into a num-

ber of pre-determined subjects/categories. It works as

follows: First, a collection F of n \�lter documents"

are created, each representing one of the n categories.

Let D be the document collection to be classi�ed (�l-

tered). We �rst draw a small sample S 2 D from the

document source. We then take F [ S as the training

set and create the LSI vector space. As a result, for

each �lter document in F we have its vector represen-

tation well-positioned in the LSI space created jointly

with the sample documents. Finally, for each docu-

ment d 2 D, we fold it into the LSI space and let vd
be the resultant vector. The document then belongs to

the category represented by the �lter document whose

vector representation is closest to vd (based on cosine

distance).

4. Query Engine Implementation and

Performance

We will not address the precision and recall of LSI,

as previous work has demonstrated LSI's e�ectiveness

in these metrics. Instead, we focus on query response

time|the time it takes to answer a query. Query re-

sponse time is crucial to user satisfaction as the doc-

ument collection and the number of users grow larger.

The LSI engine o�ers two query options: exact query

and approximate query. Exact query returns the actual

top-k documents that are closest to the query vector;

approximate query returns k documents that are close

to the query vector but gives no guarantee that they



are the actual top-k matches. Results include the co-

sine values and are sorted by these values.

We implemented two search options: linear scan and

cluster search. Linear scan computes the distance be-

tween the query vector and every document vector, and

returns the top-k closest documents. Linear scan is

used solely for exact queries. Cluster search utilizes a

pre-built tree-based indexing structure that partitions

the vectors into a hierarchy of clusters/buckets. Clus-

ter search can be used for both exact and approximate

queries.

In the following subsections, we will describe in

greater detail the two search options, along with some

useful implementation techniques that help to reduce

the computational overhead.

4.1. Linear Search

The query response time of linear search grows lin-

early with the number of factors (dimensions) and the

number of documents. For relatively small collections

and factors that �t into the physical memory, the query

response time is satisfactory and obeys the linear rule.

However, as the size increases beyond the available

memory size, the response time degrades drastically

and scales worse than linear, due to virtual memory

paging/swapping overhead.

We ran an experiment observing the response time

as a function of collection size. Figure 2 shows the

results. The numbers are measured for top-20 query

with a 646-dimensional vector space. The experiment

was run on a SunSparc Station with 500MB RAM. The

vectors were pre-loaded into virtual memory at start-

up time. The query time reported is in user CPU time.

It also shows the size of (virtual) memory allocated to

the process. It can be seen that the query time in-

creases almost linearly with collection size. The query

time, however, grows faster for larger collections (when

number of documents � 80K ), as their space require-

ment approaches the physical memory size.

We also observed that for smaller collections, the

user CPU time is virtually equal to the real elapsed

time (wall-clock time). For larger collections, the CPU

utilization drops quickly (due to swapping). For ex-

ample, for the 180K collection, the real time is about

100,000 msec (compared to the 160msec CPU time).

Using the UNIX `ps' command, we get 0:34% CPU us-

age for the 180K collection, versus 99% for the small

collections.
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4.2. Vector Compression and Fast Distance Com-
putation

8-bit Vector Compression The numbers from

above indicate that to get eÆcient query response time,

we should try to load as many vectors into the memory

as possible. One trick to achieve this is to compress the

representation of the vectors. Instead of using the stan-

dard \float" type which takes 4 bytes, we represent

each vector component as a 8-bit number (in \char"

type). Since the (pre-normalized) vectors fall on the

surface of the m-dimensional sphere with unit radius,

the value of each vector component is between -1 and 1.

We map each 
oating number x in [�1; 1] to an integer

between 2 and 254 using the following linear encoding:

int (x * 126.0) + 128.

In the above, we scale x by 126:0 instead of 128:0 to

avoid problems with 
oating point error in C++. The

encoded integer is then stored as an 8-bit \char" �eld.

As we will describe later, the data precision loss due

to the compression has little impact on the quality of

the query results for moderate numbers of factors (di-

mensions). However, the cumulative error becomes no-

ticeable for larger dimensions (this also depends on the

distribution of the vector space).

Quick Look-up Table Using 8-bit vector represen-

tation e�ectively compresses the vector space to one

fourth of its original size. But how do we compute

the cosine distance using 8-bit representation? Recall

that since all vectors are normalized to unit length, the

cosine distance can be computed as the inner-product

between the two vectors. To facilitate this computa-

tion, we use a 256� 256 look-up table.

Using the look-up table, no multiplication opera-

tions are needed when computing the inner products.

Compared to the standard 
oating point multiplica-

tion operations, which consume lots of CPU cycles, the



look-up table is much more eÆcient in practice.

Truncated Cosine Computation We have also

implemented a technique that signi�cantly reduces the

number of look-ups needed when computing the inner-

products (cosine distances). The idea is as follows:

Consider, in a m-dim LSI space, the search of top-k

matches of a given query vector q. Let � be the co-

sine distance between q and the k'th nearest vector

currently found. Then, considering an unvisited vec-

tor v = (v1; : : : ; vm), we need to compute the inner-

product v � q: if it is larger than � then we need to

update the current top-k list (and thus �) by includ-

ing v. A direct computation of v � q will require m

table look-ups using the 8-bit vector implementation

(if standard implementation is adopted instead, then

m 
oating point multiplications are required). Fortu-

nately, we often can stop the table look-ups earlier, as

soon as we know the possibly maximum value of v � q

can not exceed �. This is elaborated below.

Given vector v = (v1; : : : ; vm), de�ne subvector

v(i) = (vi; vi+1; : : : ; vm), where 1 � i � m. Consider a

query vector q = (q1; : : : ; qm). Assume for a moment

that we have a list UB = (�1; : : : ; �m), where �i is an

upperbound of the partial inner-product q(i) � v(i), for

all vector v. That is, �i � maxall v q(i) � v(i). Then,

given � (cosine distance between q and the current k'th

nearest vector) and an unvisited vector v, the table

look-ups for v � q can be stopped as soon as we knowPl

i=1
viqi + �l+1 < � for some l. The following code

fragment shows the details:

bogey = �;

for (i=0; i<m; i++) f
bogey = bogey - product[((int v)<<8) | q];

// if v can not beat the current k'th

// nearest vector, return a cosine lowerbound

if (bogey > UB[i])

return (-2.0);

g
return (� - bogey); // this is equal to v � q

To compute the list UB, we resort to the following

lemma:

Lemma 1 Fixing q, we compute �i =
qPm

j=i
q2j , for

1 � i � m. Then �i � maxall v q(i) � v(i).

The proof (omitted) is based on the Cauchy-Schwarz

Inequality and the fact that jv(i)j � 1, for all vec-

tor v. To make earliest stop of the look up, we have

also reordered the components of the query vector ac-

cording to their absolute magnitude (in descending or-

der). This results in quicker drop of �i in the UB list,

32-bit representation:

DocID=19127, cos=0.3918

DocID=19139, cos=0.3257

DocID=19131, cos=0.3013

DocID=19129, cos=0.2501

DocID=19136, cos=0.2214

DocID=19126, cos=0.2029

DocID=19141, cos=0.2012

DocID=19142, cos=0.2012

DocID=19128, cos=0.1928

8-bit representation:

DocID=19127, cos=0.3910

DocID=19139, cos=0.3273

DocID=19131, cos=0.2989

DocID=19129, cos=0.2472

DocID=19136, cos=0.2206

DocID=19126, cos=0.2019

DocID=19142, cos=0.2007

DocID=19141, cos=0.2007

DocID=19128, cos=0.1929

Figure 3. Query result comparison of 32-bit
and 8-bit vector representation

and thus earlier stop of table look-ups for each vec-

tor. In general, we have found that, when the fac-

tors(dimensions) are more than 100, more than half of

the table look-ups can be saved using this technique.

Given 1 million (document) vectors and 100 factors,

that translates into saving more than 1M � 100=2 =

50M table look-ups per query. The only overhead is the

computation of UB, which is insigni�cant as it needs

to be computed only once per query.

Collectively, the above techniques have improved the

response time by at least a factor of 3. For larger collec-

tions, the improvement is even more impressive when

all compressed vectors can �t into the physical mem-

ory. For example, the query response (in real time) for

the 180K collection in Section 4.1 was reduced from

100,000 msec to less than 100 msec.

The data loss in the compression, however, does

not have a signi�cant impact on the recall of the top

matches. Indeed, the process of calculating the cosines

averages out a lot of the relatively large errors in the

8-bit numbers. The absolute RMS error in the cosines

is much less than 0.01, which is good enough to get

most documents ordered correctly in the like-document

search. Our own experiences show that the e�ect of

the compression on recall becomes noticeable when the

number of dimensions reaches 250. In this occasion, the

8-bit and 32-bit representations begin to di�er on the

second decimal digit after the 
oating point. We note,

however, that the maximum dimension after which the

result quality becomes noticeable also depends on the

distribution of the vector space.

Figure 3 compares the document sets returned by

a top-9 query, using the 8-bit and the standard 32-bit


oat representation. The documents in each set are

ordered according to their cosine distance to the query.

In the 8-bit result set, the documents 19142 and 19141

are miss-ordered (w.r.t. the standard result set), but

that is excusable because their cosines are the same up

to 4 signi�cant �gures.
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4.3. Cluster Search

While the above techniques help to reduce the vector

space size and improve the query speed, they do not

change the complexity of linear search, which needs to

compute the distance between each document vector

and the query vector. The cluster search option avoids

this problem by employing a search tree. Note that

the techniques described in the previous subsection are

adopted as well in the cluster search option.

The search tree we implemented is a variation of R-

tree. Like other R-tree variations (e.g., [12, 9]), our

tree partitions the vectors into a hierarchy of clusters

(buckets), where vectors in each bucket are enclosed

by a geometric object. The search tree supports both

exact query and approximate query search. For exact

query, the tree must be searched until the exact top-k

matches are found. For approximate queries, only a

small number of branches are searched, based on some

stopping heuristics. Due to space limitation, we will

not provide details about the construction of the search
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tree.

The search tree allows the user to specify the fan-out

factors of the internal/leaf nodes. This is unlike other

R-tree variations where the size of a disk block dictates

the fan-out factor. Our purpose is to allow users to

con�gure these parameters for di�erent physical mem-

ory capacities. For example, when physical memory is

abundant, we can construct a two- or three-level tree

and preload the entire tree into memory. This usu-

ally gives a better performance (typically sub-15 msec

per query) than the disk-based R-tree variations (even

when they are cached).

Figures 4 and 5 compare the query performance

between the tree-based and linear scan options. The

statistics are obtained by averaging among 100 ran-

domly generated top-20 queries, against a collection of

20,382 documents (vectors) with 104 factors (dimen-

sions). The experiment is conducted on a Sun Ultra-

Enterprise workstation with fourteen 168MHz CPUs

(though the query engine uses only one CPU) and

1.5GB RAM.

Figure 4 (a) and (b) show query response time (in

real elapsed time) and percentage of vectors visited, re-

spectively, for k varying from 10, 20, 50 to 100. The

linear scan option retrieves all vectors (100%) regard-

less of k. Its response time, however, increases slightly

as k increases, due to the house-keeping overhead of the

top-k list. For the cluster search option, both response

time and percentage of vectors visited increase as k

increases. Overall, the cluster search option achieves

an order of magnitude speed-up over the linear search

option. The speed-up can be further improved with

more sophisticated code optimization. For example,

we may avoid computation of Euclidean distance and

thus the expensive square root operations. Currently,

the implementations of both exact and approximate

query options involve Euclidean distance computation,

though it is not necessary for the latter.



Figure 5 shows the accuracy of the cluster search

option, which is measured in terms of the di�erence

between its returned top-k list and the one returned

by the linear scan option. Let C and L be the ranked

top-k list returned by the cluster search and linear scan

options, respectively. We de�ne two accuracy metrics

for the cluster search option as follows: Treating C and

L as sets (both of size k), we de�ne set accuracy to be

the percentage of C that also appears in L. That is,

set accuracy =
jC \ Lj

jCj
� 100 =

jC \ Lj

k
� 100:

Treating C and L as ordered lists, we de�ne pre�x

match to be the length of the longest common pre�x of

C and L. Formally, let C(i) denote the pre�x of C of

length i, then

pre�x match = maxfijC(i) = L(i)g:

Figure 5 shows that the set accuracy is above 80%

and remains roughly stable for all k. The pre�x match

grows as k increases (note that it actually declines if

measured in terms of percentage). When k = 100, the

pre�x match is 33, which means that, in average, the

top 33 matches returned by the cluster search are the

actual top 33 matches. This suggests that to �nd the

exact top-k matches, we can perform a top-k0 approx-

imate search, for some suÆciently large k0 > k. For

example, to �nd the exact top-20 matches, we may is-

sue a top-50 query using the cluster tree (instead of

issuing a top-20 query using linear scan). According to

�gure 5, there is a good chance that the top 20 entries

in the returned ranked list (which contains 50 entries)

will be the actual top 20 matches.

5. LSI Space Generation: Scaling Behav-

ior and Considerations

We discuss the scaling behaviors in various phases of
the LSI generation process and provide (rough) scaling
rules. We use the following notations:

T : number of documents in a training set or collection

W : average document length (in number of words)

L: number of languages used in the training set

F : number of factors (dimensions)

5.1. Document Collection and Preprocessing

Document collection is application dependent: it is

up to the users to determine which documents are to be

included to create the LSI space. Once the documents

are collected, text preprocessing/parsing is straight-

forward: it breaks each document into a sequence of

tokens and records the frequency for each distinctive

term.

Based on recent experiments for TREC (Annual

Text-Retrieval Conference sponsored by NIST), we

have collected some measurements on the rate of the

preprocessor. For one set of English documents used

for �ltering experiments, the rate was approximately

400 documents per minute. For another set of Chinese

language documents from a multilingual collection, we

achieved a processing rate of just over 100 documents

per minutes. Di�erences in processing time can be due

to a number of factors including the average length

of documents in the collection and the granularity of

\term" (e.g., English word vs. Chinese character). A

portion of the processing time is spent updating the

database tables. In order to make this stage more ef-

�cient, batch updating of these tables has been imple-

mented.

We have observed that the preprocessing time per

document is sub-linear in the average document length.

The database update cost is in proportion to the num-

ber of distinct terms in a document. As a rough guide,

this number grows logarithmically with the length of

the document. Thus, the preprocessing time scaling

rule of thumb is

T � logW:

5.2. Term-Document Matrix Generation

The time required to generate the term-document

matrix depends on the number of documents and the

number of unique terms in the training set. The num-

ber of unique terms depends, in turn, on the term

thresholds, and the length and content of the training

documents. In general, the number of unique terms in

a document collection scales logarithmically with the

number of documents in the collection. In our experi-

ences, this logarithmic growth saturates for very large

collections when there are few words that have not al-

ready be seen. In a multilingual training set, the num-

ber of unique terms also scales linearly with the number

of languages. As a general rule, the time required to

generate the term-document matrix scales in

L� T � logT:

Note the cost includes both the database access cost

and the cost internal to the C++ programs.

5.3. SVD Process

The SVD process runs in a time proportional to

the number of training documents and the number of

terms. It is also a strong function of the number of



factors to be extracted from the LSI space. The SVD

times are roughly quadratic in the number of factors to

be extracted for reasonable size of training set. Thus,

the following rule guides the SVD time:

T � logT � F � F:

If we assume F scales as square root of the number of

languages (which is the case in our multilingual exper-

iments), then the rule becomes

T � logT � L:

Our experiences show that, for training sets of the

order of 10,000 documents, standard workstations of

1999 vintage (150-200 MHz processor and 0.5-2GB

RAM) will not be able to handle more than 1000 fac-

tors. This assumes all the data are virtual memory-

resident.

5.4. Document Folding

The folding process is simply a matrixmultiplication

procedure. Thus, it consumes very small memory and

is generally not CPU bound. The time to fold in a

document depends on the number of index terms in the

document, which, according to our experiences, scales

as the log of the number of words in the document. The

time also depends on the number of factors extracted.

Thus, the time spent in folding a single document is

dictated by the rule

logW � F:

6. Future Research and Development Is-

sues

The latency of certain LSI processes can be re-

duced by multithreading the processes and running

the threads on multiple processors on a multi-processor

server. We have explored this approach for the SVD

process. Some tasks, particularly the text preprocess-

ing, are amenable to distributing to multiple hosts.

We have already achieved substantial reductions in

the number of CPU cycles consumed by the LSI query

processing. This is achieved by a mixture of vector

compression, fast table look-ups, short-cut cosine dis-

tance computation, and the adoption of a similarity

search tree. In some phases of LSI processing, the req-

uisite CPU cycles were reduced by a factor of 100 or

more.

Another important issue is the construction of the

search tree for the cluster search option. Currently,

the tree takes hours to construct. For some extremely

large collections (e.g. 600K documents with 400 di-

mensions), it takes more than 24 hours to build the

tree. We plan to explore parallel techniques to speed

up the process, which is heavily CPU-bound. In addi-

tion, we are exploring self-con�guring techniques that

will automatically determine the optimal parameters

such as the cluster (bucket) size, minimum and maxi-

mum fan-out factor, and re-insertion rate (needed when

a node is �rst split). This is of great importance as the

traditional trial-and-error approach to determine the

parameters will worsen the already slow tree construc-

tion process. These parameters should be determined

in a manner that balances the time to build the tree

and the query performance derived from the resultant

tree.
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