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SYSTEM AND METHOD FOR DI SCOVERI NG LATENT RELATIONSHI PS [N
DATA

TECHNI CAL FI ELD

This disclosure relates in general to searching of
data and nore particularly to a system and nethod for

di scovering latent relationships in data.

BACKGROUND

Lat ent Semanti c Anal ysi s ("LSA") is a nodern
algorithm that is used in many applications for
di scovering latent relationships in data. In one such

application, LSA is used in the analysis and searching of
t ext docunents. Gven a set of two or nobre documents,
LSA provides a way to mathematically determine which

docunents are related to each other, which terns in the

docunent s are related to each ot her, and how the
docunents and terns are rel ated to a query.
Addi tionally, LSA may also be used to determne

rel ati onships between the docunents and a term even if
the term does not appear in the docunent.

LSA utilizes Singular Value Deconposition ("SVD') to
determine relationships in the input data. G ven an
input matrix representative of the input data, SVD is
used to deconmpose the input matrix into three deconposed
matrices. LSA then creates conpressed nmatrices by
truncating vectors in the three deconposed matrices into
smal | er di mensi ons. Finally, LSA analyzes data in the
conpressed matrices to determine latent relationships in

the input data.
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SUMVARY OF THE DI SCLOSURE

According to one enbodinent, a conputerized nethod
of determining latent relationships in data includes
receiving a first mtrix, partitioning the first matrix
into a plurality of subset matrices, and processing each
subset matrix with a natural |anguage analysis process to
create a plurality of processed subset matrices. The
first matrix includes a first plurality of terns and
represents one or nore data objects to be queried, each
subset matrix includes simlar vectors from the first
matri x, and each processed subset matrix relates ternms in
each subset matrix to each other.

According to another enbodi nent , a conputerized
nmethod of determ ning | at ent rel ati onshi ps in data
i ncl udes receiving a plurality of  subset matrices,
receiving a plurality of processed subset matrices that
have been processed by a natural | anguage anal ysis
process, selecting a processed subset matrix relating to
a query, and processing the subset matrix corresponding
to the selected processed subset matrix and the query to
produce a result. Each subset matrix includes simlar
vectors from an array of vectors representing one or nore
data objects to be queried, each processed subset matrix
relates terns in each subset matrix to each other, and
the query includes one or nore query terns.

Techni cal advantages of certain enbodinents may
include discovering latent relationships in data w thout
sanpling or discarding portions of the data. Thi s
results in increased dependability and trustworthiness of
the determned relationships and thus a reduction in user
uncertainty. O her advantages may include requiring |ess
menory, time, and processing power to determne |atent
relationships in increasingly |large anobunts of data.

This results in the ability to analyze and process nmnuch
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| ar ger anount s of i nput dat a t hat is currently
conmputationally feasible.
O her technical advantages wll be readily apparent

to one skilled in the art from the following figures,

descri ptions, and cl ai ns. Mor eover , while specific
advant ages have been enuner at ed above, vari ous
enbodi nment s may include all, sone, or none of the

enuner ated advant ages .

BRI EF _DESCRI PTI ON OF THE DRAW NGS

For a nore conplete wunderstanding of the present
disclosure and its advantages, reference is now nade to
the following description, taken in conjunction wth the
acconmpanyi ng draw ngs, in which:

FFIGURE 1 is a chart illustrating a nethod to
determine latent relationships in data where particular
enbodi nents of this disclosure may be utilized;

FIGURE 2 is a chart illustrating a vector partition
method that may be utilized in step 130 of FIGURE 1 in
accor dance with a parti cul ar enbodi nment of t he
di scl osure;

FIGURE 3 is a chart illustrating a matrix selection
and query nethod that nmay be wutilized in step 160 of
FIGURE 1 in accordance wth a particular enbodinent of
t he discl osure;

FIGURE 4 is a graph showing vectors utilized by
matrix selector 330 in FIGURE 3 in accordance wth a
particul ar enbodi rent of the disclosure; and

FIGURE 5 is a system where particular enbodinents of

the disclosure may be inplenented.
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DETAI LED DESCRI PTI ON OF THE DI SCLOSURE

A typical Latent Semantic Analysis ("LSA') process
is capable of accepting and analyzing only a limted
anount of input data. This is due to the fact that as
the quantity of input data doubles, the size of the
conpressed matrices generated and wutilized by LSA to
determ ne latent relationships quadruples in size. Si nce
the entire conpressed nmatrices nust be stored in a
computer' s nmenory in order for an LSA algorithm to be
used to determine |latent relationships, the size of the
conpressed matrices is limted to the anount of available
menory and processing power. As a result, large amounts
of menmory and processing power are typically required to
perform LSA on even a relatively small quantity of input
dat a.

Most typical LSA processes attenpt to alleviate the
size constraints on input data by inplenmenting a sanpling
t echni que. For exanple, one technique is to sanple an
input data wmatrix by retaining every Nh vector and
di scarding the remaining vectors. If, for exanple, every
10th  vector is retained, vectors 1 through 9 are
discarded and the resulting reduced input matrix is 10%
of the size of the original input matrix.

Wile a sanpling technique may be effective at
reducing the size of an input matrix to make an LSA
process conputationally feasible, valuable data may be
di scarded from the input matrix. As a result, any |atent
rel ationshi ps det er m ned by an LSA process may be
i naccurate and m sl eadi ng.

The teachings of the disclosure recognize that it
would be desirable for LSA to be scalable to allow it to
handle any size of input data wthout sanpling and
without requiring increasingly large anmounts of nenory,

time, or processing power to perform the LSA algorithm
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The following describes a system and nmethod of addressing
probl ens associated with typical LSA processes.

FFIGURE 1 is schematic diagram depicting a nethod
100. Met hod 100 begins in step 110 where one or nore
data objects 105 to be analyzed are received. Dat a
objects 105 received in step 110 nay be any data object
that can be represented as a vector. Such objects
i ncl ude, but are not Ilimted to, document s, articles,
publi cati ons, and the Iike.

In step 120, received data objects 105 are analyzed
and vectors representing data objects 105 are created.
In one enbodi nent, for exanple, data objects 105 consi st
of one or nore docunents and the vectors created from
anal yzing each docunent are term vectors. The term
vectors contain all of the ternms and/or phrases found in
a docunent and the nunber of occasions the ternms and/or
phrases appear in the docunent. The term vectors created
from each input docunent are then conbined to create a
term docunent matrix ("TDM') 125 which is a matrix having
all of the docunments on one axis and the ternms found in
the docunents on the other axis. At the intersection of
each term and docunent in TDM 125 is each terms weight

multiplied by the nunber of tines the term appears in the

docunent . The term weights nay be, for exanple, standard
TFIDF term wei ghts. It should be noted, however, that in
addition to the input not being limted to docunents,

step 120 does not require a specific way of converting
data objects 105 into vectors. Any process to convert
i nput data objects 105 into vectors may be utilized if it
is used consistently.

In step 130, TDM 125 is received and partitioned
into two or nore partitioned matrices 135. The size of
TDM 125 is directly proportional to the amount of input

data objects 105. Consequent |y, for large anounts of
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i nput data objects 105, TDM 125 may be an unreasonable
size for typical LSA processes to acconmodate. By
partitioning TDM 125 into two or nore partitioned
matrices 135 and then selecting one of partitioned
matrices 135 to use for LSA, LSA becomes conputationally
feasible for any amount of input data objects 105 on even
noderately equi pped conputer systens.

Step 130 may utilize any technique to partition TDM
125 into two or nore partitioned matrices 135 that
mexi m zes the simlarity bet ween the data in each
partitioned nmatrix 135. In one particular enbodi nent,
for exanple, step 130 may utilize a clustering technique
to partition TDM 125 according to topics. FIGURE 2 and
its description below illustrate in nore detail another
particul ar enbodiment of a nethod to partition TDM 125.

In some enbodi nents, step 120 my additionally
divide large input data objects 105 into smaller objects.
For exanpl e, if i nput data objects 105 are text
docunents, step 120 may utilize a process to divide the
text docunents into "shingles" . Shingles are fixed-
Il ength segnents of text that have around 50% overlap wth
the next shingle. By dividing large text docunents into
shingles, step 120 creates fixed-length docunents which
aides LSA and allows vocabulary that is frequent in just
one docunent to be anal yzed.

In step 140, nethod 100 wutilizes Singular Value
Deconposition ("SsvD") to deconpose each partitioned
matrix 135 created in step 130 into three deconposed
matrices 145: a T, matrix 145 (a) , an Sy matrix 145 (b) , and
a Dy matrix 145 (c) . If data objects 105 received in step
110 are docunents, T, matrices 145 (a) give a mapping of
each term in the docunments into some higher dinensional
space, Sy matrices 145 (b) are diagonal matrices that scale

the term vectors in Ty matrices 145 (a) , and Dy matrices
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145 (¢) provide a mapping of each docunent into a simlar
hi gher di nensi onal space.

In step 150, nmet hod 100 conpresses deconposed
matrices 145 into conpressed matrices 155. Conpr essed
matrices 155 may include a T matrix 155(a) , an S matrix
155(b) , and a D matrix 155 (¢) t hat are created by

truncating vectors in each Ty matrix 145(a , S5 matrix

145 (pb) , and Dy matrix 145 (¢) , respectively, into K
di nmensi ons. Kis normally a small nunber such as 100 or
200. T matrix 155(¢(a) , S matrix 155 () , and D matrix

155 (¢) are well known in the LSA field.

In sone enbodinents, step 150 may be elinmnated and
T matrix 155(a) , S matrix 155 (b) , and D matrix 155 (c) may
be generated in step 140. In such enbodinments, step 140
zeroes out portions of Ty matrix 145 (a) , Sy matrix 145 (b) ,
and Dy matrix 145 (c) to create T matrix 155(a) , S matrix
155(h) , and D matrix 155 (c) , respectively. This is a
form of lossy conpression that is well-known in the art.

In step 160, T matrix 155 (a) and D matrix 155 (c) are
examned along wth a query 165 to determne |atent
relationships in input data objects 105 and generate a
results list 170 that includes a plurality of result
terme and a corresponding weight of each result term to
the query. For example, if input data objects 105 are
docunents, a particular T matrix 155(a) nay be exam ned
to determne how closely the terns in the docunents are
related to query 165. Additionally or alternatively, a
particular D matrix 155 (c) may be exanmned to determ ne
how closely the docunents are related to query 165.

Step 160, along wth step 130 above, address the
probl ens associated wth typical LSA processes discussed
above and nmay include the nethods described below in
reference to FIGQURES 2 through 5. FIGURE 2 and its

description below illustrate an enbodinent of a method
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that may be inplemented in step 130 to partition TDM 125,
and FIGURE 3 and its description below illustrate an
enbodi nent of a method to select an optiml conpressed
matrix 155 to use along with query 165 to produce results
list 170.

FIGURE 2 illustrates a matrix partition method 200
that nmay be utilized by nethod 100 as discussed above to
partition TDM 125. According to the teachings of the
di scl osure, mat ri x partition nmet hod 200 may be
implenented in step 130 of method 100 in order to
partition TDM 125 into partitioned matrices 135 and thus
nmake LSA conputationally feasible for any anount of input
data objects 105. Matrix partition nethod 200 includes a
cluster step 210 and a partition step 220.

Matrix partition nethod 200 begins in cluster step
210 where simlar vectors in TDM 125 are clustered
together and a binary tree of clusters ("BTC') 215 is
creat ed. Many techniques nay be used to create BTC 215
including, but not limted to, iterative k-neans++. Once
BTC 215 is created, partition step 220 wal ks through BTC
215 and creates partitioned matrices 135 so that each
vector of TDM 125 appears in exactly one partitioned
matrix 135, and each partitioned matrix 135 is of a
sufficient size to be usefully processed by LSA

In sonme enbodinments, <cluster step 210 may offer an
addi ti onal i mpr ovenent to typical LSA processes by
renoving near-duplicate vectors from TDM 125 prior to
partition step 220. Near -duplicate vectors in TDM 125

introduce a strong bias to an LSA analysis and nay

contribute to wong conclusions. By renoving near-
duplicate vectors, results are nore reliable and
confidence my be increased. To renove near -duplicate

vectors from TDM 125, cluster step 210 first finds

clusters of small groups of simlar vectors in TDM 125
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and then conpares the vectors in the small groups wth

each other to see if there are any near-duplicates that

may be di scarded. Possi ble clustering techniques include
canopy clustering, iterative binary Kk-means clustering,

or any technique to find small groups of N simlar
vectors, where N is a snmall nunmber such as 100-1000. In
one enbodi nent, for exanpl e, an iterative k- nreans++

process is used to create a binary tree of clusters wth
the root cluster containing the vectors of TDM 125, and
each leaf cluster containing around 100 vectors. Thi s
iterative Kk-means++ process wll stop splitting if the
process detects that a particular <cluster is nostly near
dupl i cat es. As a result, near-duplicate vectors are
elimnated from TDM 125 prior to partitioning of TDM 125
into partitioned matrices 135 by partition step 220, and
any subsequent results are nore reliable and accurate.

Sone enbodinments that wutilize a process to renove
near - duplicate vectors such as that described above my
also wutilize a word statistics process on TDM 125 to
regenerate term vectors after near-duplicate vectors are
removed from TDM 125 but before partition step 220.
Near - duplicate vectors may have a strong influence on the
vocabul ary of TDM 125. In particular, if phrases are
used as terns, a large nunber of near duplicates wl]l
produce a large nunber of frequent phrases that otherw se
would not be in the vocabulary of TDM 125. By utilizing
a word statistics process on TDM 125 to regenerate term
vectors after near-duplicate vectors are renoved, t he
negative influence of near-duplicate vectors in TDM 125
is renoved. As a result, subsequent results generated
from TDM 125 are further inproved.

By wutilizing ~cluster step 210 and partition step
220, matrix partition nethod 200 provides nethod 100 an

effective way to handle large quantities of input data
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without requiring large anmounts of conputing resources .
Wi | e typi cal LSA et hods at t enpt to make LSA
conputationally feasible by random sanpling and throw ng
away information from input data objects 105 nmethod 100
avoids this by utilizing matrix partition method 200 to
partition large vector sets into many smaller partitioned

matri ces 135. FIGURE 3 below illustrates an enbodi ment

to select one of the snmaller partitioned matrices 135
that has been processed by nethod 100 in order to perform
a query and produce results list 170.

FIGURE 3 illustrates a matrix selection and query
method 300 that may be utilized by nmethod 100 as
di scussed above to efficiently and effectively discover
|atent relationships in data. According to the teachings
of the disclosure, matrix partition method 200 my be
i npl emented, for exanple, in step 160 of nethod 100 in
order to classify and select an input matrix 310, perform
a query on the selected matrix, and output results |[ist
170. Matrix selection and query nethod 300 includes a
matrix classifier 320, a matrix selector 330, and a
results generator 340.

Matrix selection and query nethod 300 begins wth
matrix classifier 320 receiving two or nore input
matrices  310. Input matrices 310 nmay i nclude, for
exanple, T matrices 155 (a) and/or D matrices 155 (c) that
were generated from partitioned matrices 135 as described
above. Matrix classifier 320 classifies each input
matrix 310 by first creating a TFIDF weighted vector for
each vector in input matrix 310. For exanple, if input
matrix 310 is a T matrix 155 (a , matrix classifier 320
creates a TFIDF weighted term vector for each docunment in
T matrix 155 (a) . Matrix classifier 320 then averages all
of the weighted vectors in input matrix 310 together to

create an average weighted vector 325. Matrix classifier
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320 creates an average weighted vector 325 according to
this process for each input matrix 310 and transmts the
plurality of average weighted vectors 325 to matrix
sel ector 330.

Mat ri x sel ector 330 receives aver age wei ght ed
vectors 325 and query 165. Matrix selector 330 next

cal culates the cosine distance from each average weighted

vect or 325 to query 165. For exanpl e, FIGURE 4
graphically illustrates a first average weighted term
vector 410 and query 165. Matrix selector 330 calcul ates

the cosine distance between first average weighted term
vector 410 and query 165 by calculating the cosine of
angle 0O (cosine distance) according to equation (1)

bel ow

similarity = codg) = (vector 410)-(query 165)
(vector 410||query 165]

(1)

where the cosine distance between two vectors indicates
the simlarity between the two vectors, wth a higher
cosine distance indicating a greater simlarity. The
nunerator of equation (1) is the dot product of first
average weighted term vector 410 and query 165, and the
denom nator is the magnitudes of first average weighted
term vector 410 and query 165. Once matrix selector 330
computes the cosine distance from every average weighted
vector 325 to query 165 according to equation (1) above,
matrix selector 330 selects the average weighted vector
325 with the highest cosine distance to query 165 (i.e.,
the average weighted vector 325 that is nbst simlar to
query 165.)

Once the average weighted vector 325 that is nost
simlar to query 165 has been selected by matrix selector

330, the selection is transmtted to results generator



WO 2010/051404 -12- PCT/US2009/062680

340. Results generator 340 in turn selects input matrix
310 corresponding to the selected average weighted vector
325 and uses the selected input matrix 310 and query 165
to generate results list 170. If, for exanple, the
selected input matrix 310 is a T matrix 155 (a) , results
list 170 will contain ternms from T matrix 155 (a) and the
cosine distance of each term to query 165.

In some enbodinents, matrix selector 330 may utilize
an additional or alternative nethod of selecting an input
matrix 310 when query 165 contains nore than one query
word (i.e., a query phrase) . In these enbodinents,
matrix selector 330 first counts the nunber of query
words and phrases from query 165 that actually appear in
each input matrix 310. Matrix selector 330 then selects
the input matrix 310 that contains the highest count of
guery words and phrases. Additionally or alternatively,
if nmore than one input matrix 310 contains the same count
of query words and phrases, the cosine distance described

above in reference to Equation (1 my be used as a

secondary ranking criteria. Once a particular i nput
matrix 310 is selected, it is transmtted to results
generator 340 where results list 170 is generated.

Vector partition nmethod 210, matrix selection and
query nethod 300, and the various other nethods described
herein may be inplenmented in many ways including, but not
l[imted to, sof tware stored on a conputer- readable
medi um FIGURE 5 below illustrates an enbodi nent where
the nmethods described in FIGURES 1 through 4 may be
i mpl emented .

FIGURE 5 is block diagram illustrating a portion of
a system 510 that wmy be wused to discover | at ent
rel ati onshi ps in data according to one enbodi nent.

System 510 includes a processor 520, a storage device

530, an input devi ce 540, an out put devi ce 550,
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conmuni cati on interface 560, and a nenory device 570.
The components 520-570 of system 510 nmay be coupled to
each other in any suitable nmanner. In the illustrated
enmbodi nent, the conponents 520-570 of system 510 are
coupled to each other by a bus.

Processor 520 generally refers to any suitable
device capable of executing instructions and manipul ating
data to perform operations for system 510. For exanpl e,

processor 520 may include any type of central processing

unit (CPU) . Input device 540 may refer to any suitable
devi ce capabl e of i nputting, sel ecting, and/ or
mani pul ating various data and information. For exanpl e,

i nput device 540 may include a keyboard, nouse, graphics

t abl et j oysti ck, light pen, nm cr ophone, scanner, or
other suitable input device. Menory device 570 may refer
to any sui tabl e devi ce capabl e of storing and
facilitating retrieval of data. For exanpl e, nmenory

device 570 may include random access nenory (RAM , read
only nenory (ROM , a mgnetic disk, a disk drive, a
conpact disk (cD drive, a digital video disk (DVD)
drive, renovable nedia storage, or any other suitable
data storage nmedium including conbinations thereof.

Conmuni cat i on interface 560 may refer to any
suitable device capable of receiving input for system
510, sending output from system 510, performing suitable
processing of the input or output or both, comunicating

to other devices, or any conbination of the preceding.

For exanpl e, conmuni cati on interface 560 wmy include
appropriate har dwar e (e.g., nodem net wor k i nterface
card, etc.) and software, i ncluding protocol conversi on
and data processing capabilities, to comuni cate through

a LAN, WAN, or other conmmunication system that allows
system 510 to conmmuni cat e to ot her devi ces.

Comruni cat i on i nterface 560 may include one or nore



WO 2010/051404 -14 - PCT/US2009/062680

ports, conversion software, or both. Qut put device 550
may refer to any suitable device capable of displaying
information to a user. For exanple, output device 550
may include a video/graphical di spl ay, a printer, a
plotter, or other suitable output device.

Storage device 530 may refer to any suitable device

capabl e of storing comput er - readabl e data and
i nstructions. St or age devi ce 530 nmay include, for
exanpl e, logic in the form of software applications,

computer nenory (e.g., Random Access Menory (RAM or Read
Only Menory (ROM ), nmass storage nedia (e.g. , a magnetic
drive, a disk drive, or optical di sk), renovable storage

media (e.g., a Conpact Disk (CD), a Digital Video Disk

(DvD) , or flash nmenory) , a database and/ or net wor k
storage (e.g., a server), other conputer- readable nedium
or a conbination and/ or mul tiples of any  of t he
pr ecedi ng. In this exanple, vector partition nethod 210,
mat ri x sel ection and query net hod 300, and their

respective components enbodied as logic wthin storage
530 general ly provi de i nprovenents to typical LSA
processes as described above. However, wvector partition
method 210 and matrix selection and query nethod 300 may
alternatively reside within any of a variety of other
sui tabl e comput er - readabl e medi um i ncl udi ng, for
exanpl e, nMenory devi ce 570, renovabl e st orage nmedi a
(e.g., a Conpact Disk (CD, a Digital Video Disk (DvD)),
or flash nenory) , any conbination of the preceding, or
some other conputer- readable nedium

The conponents of system 510 nay be integrated or
separ at ed. In sone enbodinents, components 520-570 nmay
each be housed within a single chassis. The operations
of system 510 may be perforned by nore, fewer, or other
component s. Additionally, operations of system 510 may

be performed using any suitable logic that may conprise
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sof twar e, har dwar e, ot her | ogi c, or any suitable
conbi nati on of the preceding.

Al t hough the enbodinents in the disclosure have been

descri bed in detail, nunerous changes, substitutions,
vari ations, al terations, and nodi fications may be
ascertained by those skilled in the art. It is intended

that the present disclosure enconpass all such changes,
substitutions, vari ations, alterations and nodifications
as falling within the spirit and scope of the appended

clains .
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VWHAT 1S CLAIMED IS

1. A conputerized nethod of determning |atent
rel ationships in data conprising:

recei ving a first mat ri x conpri sing a first
plurality of terms, the first matrix representing one or
nore data objects to be queried,

partitioning the first matrix into a plurality of
subset matrices, each subset matrix conprising simlar
vectors from the first matrix; and

processi ng each  subset matrix with a natural
| anguage analysis process to create a plurality of
processed subset natrices, each processed subset natrix

relating terns in each subset matrix to each other.

2. The conputerized nethod of determning |atent
rel ati onshi ps in dat a of Caim 1, wher ei n t he
partitioning the first matrix into a plurality of subset
matrices conprises:

clustering simlar vectors in the first mtrix
t oget her; and

formng each of the subset matrices so that each
vector in the first matrix appears in exactly one subset
matrix, the size of each subset matrix being a size that
may be usefully processed by the natural | anguage

anal ysis process .

3. The computerized nethod of determning | atent
relationships in data of Claim 1, wherein vectors are not
di scarded from the first matrix prior to partitioning the

first matrix into a plurality of subset matrices .

4. The conmputerized nethod of determning |atent

relationships in data of Caim 1, wherein the natural
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| anguage analysis process conprises Latent Semanti c
Anal ysis and the processing each subset matrix to create
a plurality of processed subset matrices conprises
processing the plurality of subset matrices with Singular
Val ue Deconposition to produce the plurality of processed

subset nmatrices .

5. The conputerized mnmethod of determining |atent
relationships in data of Caim 1 further conprising
renoving near duplicate vectors from the first matrix
before partitioning the first matrix into a plurality of

subset nmatrices .

6. The conputerized nethod of determning |Iatent
relationships in data of Claim 1 further conprising:

anal yzing one or nore docunents and identifying the
first plurality of terms from the one or nore docunents;
and

creating the first matrix conprising the first
plurality of terns, the one or nore docunents, and a
product of the weight of each term and a count of

occurrences of each termin the one or nore docunents.

7. The conputerized nmethod of determning |[atent
relationships in data of Claim 1 further conprising:

selecting a processed subset matrix relating to a
query; and

processing the subset matrix corresponding to the
sel ected processed subset matrix and the query to produce

a result.

8. The conputerized method of determning |atent
rel ationships in data of Caim 7, wherein the selecting a

processed subset matrix relating to a query conprises:



10

15

20

25

30

WO 2010/051404 -18 - PCT/US2009/062680

creating a plurality of averaged weighted vectors
from the plurality of processed subset matrices;

cal cul ati ng a cosine distance from each average
wei ghted vector to the query;

selecting the averaged weighted vector with the
hi ghest cosine distance to the query; and

selecting the processed subset matrix corresponding

to the selected averaged weighted vector.

9. The conputerized nmethod of determining |atent
rel ati onshi ps in data of daim 7, wherein selection of
the processed subset matrix relating to a query conprises
sel ecting the processed subset mat ri x by a process
sel ect ed from the group consi sting of naive Bayes
classifiers, TFI DF, | at ent semanti c i ndexi ng, support
vect or machi nes, artificial neur al net wor ks, KNN,

decisions tress, and concept mning.

10. The conputerized nmethod of determning |atent
rel ati onshi ps in data of daim 6 further conpri sing
dividing the one or nore docunents into a plurality of

shingles prior to analyzing the one or nore docunents.

11. A conputerized met hod of determning | at ent
relationships in data conprising:

receiving a plurality of subset mat ri ces, each
subset nmatrix conprising simlar vectors from an array of
vectors representing one or nore data objects to be
queri ed;

receiving a plurality of processed subset nmatrices
that have been processed by a natural |anguage analysis
process, each processed subset matrix relating ternms in

each subset matrix to each other,-
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selecting a processed subset matrix relating to a
query, the query conprising one or nore query terns; and

processing the subset matrix corresponding to the
sel ected processed subset matrix and the query to produce

a result.

12. The conputerized nethod of determning |atent
relationships in data of Caim 11, wherein the selecting
a processed subset matrix relating to a query conprises:

creating a plurality of averaged weighted vectors
fromthe plurality of processed subset matrices;

calculating a cosine distance from each average
wei ghted vector to the query;

selecting the averaged weighted vector wth the
hi ghest cosine distance to the query; and

selecting the processed subset matrix corresponding

to the selected averaged weighted vector.

13. The conputerized nethod of determning |atent
relationships in data of Claim 11, wherein selection of
the processed subset matrix relating to a query conprises
selecting the processed subset matrix by a process
selected from the group consisting of naive Bayes
classifiers, TFI DF, latent semantic indexing, support
vect or machi nes, artificial neur al net wor ks, kNN,

decisions tress, and concept m ning.

14. The conputerized nethod of determining |atent
relationships in data of Caim 11, wherein the natural
| anguage analysis process conprises a Latent Semantic
Anal ysis process, the Latent Semantic Analysis process
further conprising processing the plurality of subset
matrices wth Singular Value Deconposition to produce the

plurality of processed subset matrices .
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15. The conputerized nethod of determning |atent
relationships in data of Claim 11 further conprising:

analyzing one or nore docunents and identifying a
first plurality of terns from the one or nore docunents;

creating the first wmatrix conprising the first
plurality of terns, the one or nore docunents, and a
product of the weight of each term and a count of
occurrences of each termin the one or nore docunents;

partitioning the first matrix into a plurality of
subset matrices; and

processing each subset matrix wth the natural
| anguage analysis process to create the plurality of

processed subset matrices.

16. The conputerized nethod of determning |atent
rel ati onshi ps in data of Cam 15, wher ei n t he
partitioning the first matrix into a plurality of subset
matrices conprises :

clustering simlar vectors in the first matrix
t oget her; and

formng each of the subset matrices so that each
vector in the first matrix appears in exactly one subset
matrix, the size of each subset matrix being a size that
may be usefully processed by the natural | anguage

anal ysi s process .

17. The conputerized nethod of determning |atent
relationships in data of Caim 15 wherein vectors are
not discarded from the first matrix prior to partitioning

the first matrix into a plurality of subset natrices.

18. The conputerized nethod of determning |atent

relationships in data of Cdaim 15 further conprising
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renmoving near duplicate vectors from the first matrix
before partitioning the first matrix into a plurality of

subset matrices .

19. The conputerized nethod of determning |atent
relationships in data of Claim 11, wherein the selecting
a processed subset matrix relating to a query conprises:

identifying the nunber of times the one or nore
gquery terns appear in each processed subset nmatrix; and

selecting the processed subset matrix that contains

the greatest nunmber of query terns.

20. The conputerized nethod of determning |atent
relationships in data of Claim 19 further conprising:

creating a plurality of averaged weighted vectors
fromthe plurality of processed subset nmatrices;

calculating a cosine distance from each average
wei ghted vector to the query; and

selecting the averaged weighted vector wth the
hi ghest cosine distance to the query when nore than one
processed subset matrix contains the greatest nunber of

query terns.

21. The conputerized nethod of determning |atent
relationships in data of Caim 15 further conprising
dividing the one or nore docunments into a plurality of

shingles prior to analyzing the one or nore docunents.

22. Conmputer- readable nmedia having logic stored
t her ein, the logic operable, when execut ed on a
processor, to:

receive a first matrix conprising a first plurality
of terns, the first matrix representing one or nore data

objects to be queried;
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partition the first matrix into a plurality of
subset matrices, each subset matrix conprising simlar
vectors fromthe first matrix; and

process each subset matrix with a natural |anguage
analysis process to create a plurality of processed
subset nmatrices, each processed subset matrix relating

terms in each subset matrix to each other.

23. The conputer -readable nedia  of Caim 22,
wherein the partition the first matrix into a plurality
of subset nmatrices conprises:

clustering simlar vectors in the first matrix
t oget her; and

formng each of the subset matrices so that each
vector in the first matrix appears in exactly one subset
matrix, the size of each subset matrix being a size that
may be usefully processed by the natural | anguage

anal ysi s process.

24, The conputer- readable nedia  of Caim 22,
wherein vectors are not discarded from the first matrix
prior to partitioning the first matrix into a plurality

of subset matrices .

25. The conputer- readable nedia  of Caim 22,
wherein the natural |anguage analysis process conprises
Latent Semantic Analysis and the process each subset
matrix to create a plurality of processed subset matrices
conprises processing the plurality of subset natrices
Wi th Si ngul ar Val ue Deconposi tion to produce t he

plurality of processed subset matrices.

26. The conputer- readable nedia of Cdaim 22, the

logic further operable to renmove near duplicate vectors
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from the first matrix before partitioning the first

matrix into a plurality of subset matrices.

27. The conputer -readable nedia of Cdaim 22, the
logic further operable to:

anal yze one or nore docunments and identify the first
plurality of ternms from the one or nore docunents; and

create the first mat ri x conpri sing the first
plurality of terns, the one or nore docunents, and a
product of the weight of each term and a count of

occurrences of each termin the one or nore docunents.

28. The conputer- readable nedia of Cam 22, the
logic further operable to:

select a processed subset matrix relating to a
query; and

process the subset matrix corresponding to the
sel ected processed subset matrix and the query to produce

a result .

29. The conputer -readabl e medi a of Caim 28,
wherein the select a processed subset matrix relating to
a query conprises:

creating a plurality of averaged weighted vectors
fromthe plurality of processed subset nmatrices;

calculating a cosine distance from each average
wei ghted vector to the query;

selecting the averaged weighted vector wth the
hi ghest cosine distance to the query; and

sel ecting the processed subset matrix corresponding

to the selected averaged weighted vector.

30. The conputer- readabl e medi a of Cam 28,

wherein selection of the processed subset matrix relating
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to a query conprises selecting the processed subset
matri x by a process selected from the group consisting of
nai ve Bayes classifiers, TFIDF, latent semantic indexing,
support vector machines, artificial neural networks, kNN,

decisions tress, and concept mning.

31. The conputer- readable nedia of Cdaim 27, the
logic further operable to divide the one or nore
docunents into a plurality of shingles prior to analyzing

the one or nore docunents.

32. Conmputer- readable nedia having logic stored
t herein, the logic operable, when execut ed on a
processor, to:

receive a plurality of subset matrices, each subset
matri x conpri sing simlar vectors from an array of
vectors representing one or nore data objects to be
gueri ed;

receive a plurality of processed subset matrices
that have been processed by a natural |anguage analysis
process, each processed subset matrix relating ternms in
each subset matrix to each other;

select a processed subset matrix relating to a
query, the query conprising one or nore query terns; and

process the subset nmatrix correspondi ng to the
sel ected processed subset matrix and the query to produce

a result .

33. The conputer- readabl e medi a of Caim 32,
wherein the select a processed subset matrix relating to
a query conprises :

creating a plurality of averaged weighted vectors

fromthe plurality of processed subset matrices;
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cal cul ating a cosine distance from each average
wei ghted vector to the query;

sel ecting the averaged weighted vector with the
hi ghest cosine distance to the query,- and

selecting the processed subset matrix corresponding

to the selected averaged weighted vector.

34. The conput er - readabl e nmedi a of Caim 32,
wherein selection of the processed subset matrix relating
to a query conprises sel ecting the processed subset
matrix by a process selected from the group consisting of
nai ve Bayes classifiers, TFIDF, latent semantic indexing,
support vector nmachines, artificial neural networks, kNN,

decisions tress, and concept mning.

35. The conput er - readabl e nedi a of Caim 32,
wherein the natural [|anguage analysis process conprises a
Lat ent Semantic Analysis process, the Latent Semantic
Anal ysi s process further conpri sing processi ng t he
plurality of subset matrices with Si ngul ar Val ue
Deconposi tion to produce the plurality of processed

subset matrices

36. The conputer -readable nedia of daim 32, the
logic further operable to:

analyze one or nore docunents and identify a first
plurality of terms from the one or nore docunents;

Create the first mat ri x conpri sing the first
plurality of ternms, the one or nore docunents, and a
pr oduct of the weight of each term and a count of
occurrences of each term in the one or nore docunents;

partition the first matrix into a plurality of

subset nmtrices; and



10

15

20

25

30

WO 2010/051404 - 26 - PCT/US2009/062680

process each subset matrix with the natural |anguage
analysis process to create the plurality of processed

subset matrices .

37. The conputer- readable nedia  of Caim 36,
wherein the partition the first matrix into a plurality
of subset matrices conprises:

clustering simlar vectors in the first matrix
t oget her; and

formng each of the subset matrices so that each
vector in the first matrix appears in exactly one subset
matrix, the size of each subset matrix being a size that
may be usefully processed by the natural | anguage

anal ysi s process.

38. The conputer- readable nedia  of Caim 36,
wherein vectors are not discarded from the first matrix
prior to partitioning the first matrix into a plurality

of subset nmatrices .

39. The conputer- readable nedia of Cdaim 36, the
logic further operable to renove near duplicate vectors
from the first mtrix before partitioning the first

matrix into a plurality of subset matrices.

40. The conputer- readable nedia of Caim 32,
wherein the select a processed subset matrix relating to
a query conprises:

identifying the nunmber of tinmes the one or nore
guery terns appear in each processed subset matrix; and

selecting the processed subset matrix that contains

the greatest nunber of query terns.
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41. The conputer- readable nedia of Caim 40 further
conpri si ng:

creating a plurality of averaged weighted vectors
fromthe plurality of processed subset matrices;

5 calculating a cosine distance from each average

wei ghted vector to the query; and

selecting the averaged weighted vector wth the
hi ghest cosine distance to the query when nore than one
processed subset nmatrix contains the greatest nunber of

10 query terms.

42, The conputer-readable nedia of Caim 36, the
logic further operable to divide the one or nore
docunents into a plurality of shingles prior to analyzing

15 the one or nore docunents .
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