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CONSTRUCTION OF TRAINABLE
SEMANTIC VECTORS AND CLUSTERING,
CLASSIFICATION, AND SEARCHING USING
TRAINABLE SEMANTIC VECTORS

RELATED APPLICATIONS

This application is a divisional of U.S. patent application
Ser. No. 09/562,916 filed May 2, 2000 now U.S. Pat. No.
6,751,621 and entitled Construction of Trainable Semanic
Vectors and Clustering, Classification, and Searching Using
Trainable-Semanic Vectors, which claims priority from U.S.
Provisional Patent Application No. 60/177,654, filed Jan. 27,
2000, which is incoporated herein by reference.

BACKGROUND OF THE INVENTION

1. Technical Field

The present invention relates to information analysis and,
more particularly, to a semantic representation of informa-
tion and analysis of the information based on its semantic
representation.

2. Description of the Related Art

The ever-increasing demands for accurate and predictive
analysis of data has resulted in complicated processes that
requires massive storage capacity and computational power.
The amount and type of information required for different
types of analysis can further vary based on the required
results. Oftentimes, it is necessary to filter the required
information from a storage system in order to perform the
desired analysis. One method of storing information is
through the use of relational database tables. A specific
location is designed for high capacity storage and used to
maintain the information. Currently, the location can be
local or off-site. Regardless of the location, various types of
network and inter networking connections (i.e., LAN, WAN,
Internet) can be used to access the information.

The most common method of accessing and filtering
information is through the use of a query. A query is an
instruction or process for searching and extracting informa-
tion from a database. The query can also be used to dictate
the manner in which the extracted information is presented.
There are various types of queries, and each can be pre-
sented in different ways, depending on the specific database
system being used. One popular query type is a Boolean
query. Such a query in presented in the form of terms and
operators. A term corresponds to required information, while
the operators indicate a logical relationship between, for
example, different terms. There are certain query types that
can be presented only in the form of terms. The system
receiving the query is then responsible for performing
advanced analysis to determine the most appropriate rela-
tionships for the terms.

There are various systems that exist for analyzing infor-
mation. Such analysis can include searching, clustering, and
classification. For example, there are a number of systems
that allow a query for a search to be received as input in
order to retrieve a set of documents from a database. There
are other systems that will take a set of documents and
cluster them together based on prescribed criteria. There are
systems that, given a set of topics or categories, will receive
and assign new documents to one of those categories.

As used herein, clustering can be defined as a process of
grouping items into different unspecified categories based on
certain features of the items. In the case of document
clustering, this can be considered as the grouping of docu-
ments into different categories based on topic (i.e., literature,
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2

physics, chemistry, etc.). Alternatively, the collection of
items can be provided in conjunction with some fixed
number of predefined categories or bins. The items would
then be classified or assigned to the respective bins, and the
process is referred to as classification.

Most current systems perform search, clustering, and
classification based on key words or other syntactic (i.e.,
word-based) level of analysis of the documents. These
systems have the disadvantage that their performance is
restricted by their ability to match only on the level of
individual words. For example, such systems are unable to
decipher whether a particular word is used in a different
context within different documents. Further, such systems
are unable to recognize when two different words have
substantially identical meanings (i.e., mean the same thing).
Consequently, the results of a search will often contain
irrelevant documents. Such systems are also highly depen-
dent on a user’s knowledge of a subject area for selecting
terms that most accurately represent the desired results.
Another disadvantage of current systems is the inability to
accurately cluster and classify documents. This inability is
due, in part, because of the restriction to matching on the
level of individual words.

Consequently, such systems are unable to accurately
perform high level searching, clustering, and classification.
Such systems are also often unable to perform these tasks
with a high degree of efficiency, especially when documents
can be hundreds or thousands of pages long and when
vocabularies can cover millions of words.

Accordingly, there exists a need for representing infor-
mation at a level that does not restrict searching to the level
of individual words. There also exists a need for automati-
cally training this semantic representation to allow custom-
ized representations in different domains. There also exists
aneed for an ability to cluster and classify information based
on a higher level than individual words.

SUMMARY OF THE INVENTION

An advantage of the present invention is the ability to
represent information on a semantic level. Another advan-
tage of the present advantage is the ability to automatically
customize the semantic level based on user-defined topics.
Another advantage is the ability to automatically train new
semantic representations based solely on sample assign-
ments to categories. A further advantage of this invention is
the ability to automatically create a semantic lexicon, rather
than requiring that a pre-constructed lexicon be supplied. A
further advantage is the ability to construct semantic repre-
sentations without the need to perform difficult and expen-
sive linguistic tasks such as deep parsing and fill word-sense
disambiguation. A still further advantage is the ability to
scale to real-world problems involving hundreds of thou-
sands of terms, millions of documents, and thousands of
categories. A still further advantage of the present invention
is the ability to search, clusters, and classify information
based on its semantic representation.

These and other advantages are achieved by the present
invention wherein a trainable semantic vector (TSV) is used
to provide a semantic representation of information or items,
such as documents, in order facilitate operations such as
searching, clustering, and classification on a semantic level.

According to one aspect of the invention, a method of
constructing a TSV representative of a data point in a
semantic space comprises the steps: constructing a table for
storing information indicative of a relationship between
predetermined data points and predetermined categories
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corresponding to dimensions in a multi-dimensional seman-
tic space; determining the significance of a selected data
point with respect to each of the predetermined categories;
constructing a trainable semantic vector for the selected data
point, wherein the trainable semantic vector has dimensions
equal to the number of predetermined categories and repre-
sents the strength of the data point with respect to the
predetermined categories. The data point can correspond to
various types of information such as, for example, words,
phrases, sentences, colors, typography, punctuation, pic-
tures, arbitrary character strings, etc. The TSV results in a
representation of the data point at a higher (i.e., semantic)
level.

According to another aspect of the invention, a method of
producing a semantic representation of a dataset in a seman-
tic space comprises the steps: constructing a table for storing
information indicative of a relationship between predeter-
mined data points within the dataset and predetermined
categories corresponding to dimensions in a multi-dimen-
sional semantic space; determining the significance of each
data point with respect to the predetermined categories;
constructing a trainable semantic vector for each data point,
wherein each trainable semantic vector has dimensions
equal to the number of predetermined categories and repre-
sents the relative strength of its corresponding data point
with respect to each of the predetermined categories; and
combining the trainable semantic vectors for the data points
in the dataset to form the semantic representation of the
dataset. Such a method advantageously allows both datasets
and the data points contained therein to be represented in
substantially similar manners using a TSV. So although it is
sometimes useful to distinguish between data points,
datasets, and collections of datasets, for example to describe
the TSV of a dataset in terms of the TSVs of its included data
points, the three terms can also be used interchangeably. For
example, a document can be a dataset composed of word
data points, or a document can be a data point within a
cluster dataset. In particular, words, documents, and collec-
tions of documents can be represented using TSVs in the
same semantic space and thus can be compared directly.
Accordingly, improved relationships between any combina-
tion of data points, datasets, and collections of datasets can
be determined on a semantic level. Furthermore, datasets
need not be examined based on exact matching of the data
points, but rather on the semantic similarities between
datasets and/or data points.

According to another aspect of the invention, a method of
clustering datasets comprises the steps: constructing a train-
able semantic vector for each dataset in a multi-dimensional
semantic space; and applying a clustering process to the
constructed trainable semantic vectors to identify similari-
ties between groups of dataset. Such a method results in
improved and efficient clustering because the datasets are
semantically represented to provide the ability to determine
higher level relationships for grouping. More particularly, in
the case of documents, for example, the relationships are
based on more than word level matching, and can be
context-based.

According to another aspect of the invention, a method of
classifying new datasets within a predetermined number of
categories, based on assignment of a plurality of sample
datasets to each category, comprises the steps: constructing
a trainable semantic vector for each sample dataset relative
to the predetermined categories in a multi-dimensional
semantic space; constructing a trainable semantic vector for
each category based on the trainable semantic vectors for the
sample datasets; receiving a new dataset; constructing a
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4

trainable semantic vector for the new dataset; determining a
distance between the trainable semantic vector for the new
dataset and the trainable semantic vector of each category;
and classifying the new dataset within the category whose
trainable semantic vector has the shortest distance to the
trainable semantic vector of the new dataset. One benefit of
such a method is the ability to classify datasets, such as
documents, based on relationships that would normally not
be determined without performing a context-based analysis
of the entire documents.

According to another aspect of the invention, a method of
searching for datasets within a collection of datasets com-
prises the steps: constructing a trainable semantic vector for
each dataset; receiving a query containing information
indicative of desired datasets; constructing a trainable
semantic vector for the query; comparing the trainable
semantic vector for the query to the trainable semantic
vector of each dataset; and selecting datasets whose train-
able semantic vectors are closest to the trainable semantic
vector for the query.

According to additional aspects of the invention, the
methodologies previously described are embodied in the
form of a computer-readable medium carrying one or more
sequences of instructions. The instructions are executable by
one or more processors causes the one or more processors to
construct a TSV representative of information in a semantic
space and/or perform operations such as searching, cluster-
ing, and classification based on the constructed TSV. The
present invention can also be embodied in the form of a
system that incorporates a computer or server to perform
operations such as TSV construction, searching, clustering,
and classification.

Additional advantages and novel features of the present
invention will be set forth in part in the description which
follows, and in part will become apparent to those skilled in
the art upon examination of the following, or may be learned
by practice of the present invention. The embodiments
shown and described provide an illustration of the best mode
contemplated for carrying out the present invention. The
invention is capable of modifications in various obvious
respects, all without departing from the spirit and scope
thereof. Accordingly, the drawings and description are to be
regarded as illustrative in nature, and not as restrictive. The
advantages of the present invention may be realized and
attained by means of the instrumentalities and combinations
particularly pointed out in the appended claims.

BRIEF DESCRIPTION OF THE DRAWINGS

Reference is made to the attached drawings, wherein
elements having the same reference numeral designations
represent like elements throughout and wherein:

FIG. 1 is a block diagram illustrating a computer system
that may be used to implement the present invention;

FIG. 2 is a flow chart illustrating construction of a
trainable semantic vector according to the present invention;

FIG. 3 is a flow chart illustrating minimization of dimen-
sions contained in a trainable semantic vector;

FIG. 4 is a flow chart illustrating clustering of items
according to an embodiment of the present invention;

FIG. 5 is a flow chart illustrating classification of items
according to an embodiment of the present invention;

FIG. 6 is a flow chart illustrating classification of items
according to an alternative embodiment of the present
invention;

FIG. 7 is a flow chart illustrating query processing accord-
ing to an embodiment of the present invention;
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FIG. 8 is a table illustrating relationships between words
and categories;

FIG. 9 is a table illustrating values corresponding to the
significance of the words from FIG. 8;

FIG. 10 is a table illustrating a representation of the words
from FIG. 8 in a semantic space;

FIG. 11 is a graph illustrating the manner in which a
plurality of words are clustered according to an embodiment
of the present invention;

FIG. 12 is a table indicating the X and Y coordinates of
each word plotted in the graph shown in FIG. 11;

FIG. 13 is a table indicating the coordinates of the center
of each cluster shown in FIG. 11;

FIG. 14 is a table indicating the distance between each
word and cluster center;

FIG. 15 is a table indicating the content of each cluster
after redistribution of the words; and

FIG. 16 is a graph illustrating the redistributed words
among the clusters.

DETAILED DESCRIPTION OF THE
ILLUSTRATED EMBODIMENTS

A method and apparatus are described for creating a
semantic representation of information. The semantic rep-
resentation is achieved using a trainable semantic vector
(TSV). The TSV provides semantic capabilities for repre-
senting, reasoning about, searching, classifying, and clus-
tering information. In the following description, for the
purposes of explanation, numerous specific details are set
forth in order to provide a thorough understanding of the
present invention. It will be apparent to one skilled in the art,
however, that the present invention may be practiced with-
out these specific details. In other instances, well-known
structures and devices are shown in block diagram form in
order to avoid unnecessarily obscuring the present inven-
tion.

The present system provides semantic capabilities for
representing, reasoning about, searching, classifying, and
clustering documents. One focus of the present system is for
use in conjunction with U.S. Patents as the documents to be
clustered, classified, and/or searched. However, applications
of the present system extend beyond patents. The present
system can be trained using any text, and provides the ability
to automatically extract a semantic representation of the
document and use that representation for clustering, classi-
fying, and searching.

Hardware Overview

FIG. 1 is a block diagram that illustrates a computer
system 100 upon which an embodiment of the invention
may be implemented. Computer system 100 includes a bus
102 or other communication mechanism for communicating
information, and a processor 104 coupled with bus 102 for
processing information. Computer system 100 also includes
a main memory 106, such as a random access memory
(RAM) or other dynamic storage device, coupled to bus 102
for storing information and instructions to be executed by
processor 104. Main memory 106 also may be used for
storing temporary variables or other intermediate informa-
tion during execution of instructions to be executed by
processor 104. Computer system 100 further includes a read
only memory (ROM) 108 or other static storage device
coupled to bus 102 for storing static information and instruc-
tions for processor 104. A storage device 110, such as a
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6

magnetic disk or optical disk, is provided and coupled to bus
102 for storing information and instructions.

Computer system 100 may be coupled via bus 102 to a
display 112, such as a cathode ray tube (CRT), for displaying
information to a computer user. An input device 114, includ-
ing alphanumeric and other keys, is coupled to bus 102 for
communicating information and command selections to
processor 104. Another type of user input device is cursor
control 116, such as a mouse, a trackball, or cursor direction
keys for communicating direction information and com-
mand selections to processor 104 and for controlling cursor
movement on display 112. This input device typically has
two degrees of freedom in two axes, a first axis (e.g., X) and
a second axis (e.g., y), that allows the device to specify
positions in a plane.

The invention is related to the use of computer system 100
for constructing TSVs representative of various types of
information. Computer system 100 can also be used to
perform various operations, such as clustering, classifica-
tion, and searching, on the information using its semantic
representation. According to one embodiment of the inven-
tion, construction of TSVs and semantic operations are is
provided by computer system 100 in response to processor
104 executing one or more sequences of one or more
instructions contained in main memory 106. Such instruc-
tions may be read into main memory 106 from another
computer-readable medium, such as storage device 110.
Execution of the sequences of instructions contained in main
memory 106 causes processor 104 to perform the process
steps described herein. One or more processors in a multi-
processing arrangement may also be employed to execute
the sequences of instructions contained in main memory
106. In alternative embodiments, hard-wired circuitry may
be used in place of or in combination with software instruc-
tions to implement the invention. Thus, embodiments of the
invention are not limited to any specific combination of
hardware circuitry and software.

The term “computer-readable medium” as used herein
refers to any medium that participates in providing instruc-
tions to processor 104 for execution. Such a medium may
take many forms, including but not limited to, non-volatile
media, volatile media, and transmission media Non-volatile
media include, for example, optical or magnetic disks, such
as storage device 110. Volatile media include dynamic
memory, such as main memory 106. Transmission media
include coaxial cables, copper wire and fiber optics, includ-
ing the wires that comprise bus 102. Transmission media can
also take the form of acoustic or light waves, such as those
generated during radio frequency (RF) and infrared (IR) data
communications. Common forms of computer-readable
media include, for example, a floppy disk, a flexible disk,
hard disk, magnetic tape, any other magnetic medium, a
CD-ROM, DVD, any other optical medium, punch cards,
paper tape, any other physical medium with patterns of
holes, a RAM, a PROM, and EPROM, a FLASH-EPROM,
any other memory chip or cartridge, a carrier wave as
described hereinafter, or any other medium from which a
computer can read.

Various forms of computer readable media may be
involved in carrying one or more sequences of one or more
instructions to processor 104 for execution. For example, the
instructions may initially be borne on a magnetic disk of a
remote computer. The remote computer can load the instruc-
tions into its dynamic memory and send the instructions over
a telephone line using a modem. A modem local to computer
system 100 can receive the data on the telephone line and
use an infrared transmitter to convert the data to an infrared
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signal. An infrared detector coupled to bus 102 can receive
the data carried in the infrared signal and place the data on
bus 102. Bus 102 carries the data to main memory 106, from
which processor 104 retrieves and executes the instructions.
The instructions received by main memory 106 may option-
ally be stored on storage device 110 either before or after
execution by processor 104.

Computer system 100 also includes a communication
interface 118 coupled to bus 102. Communication interface
118 provides a two-way data communication coupling to a
network link 120 that is connected to a local network 122.
For example, communication interface 118 may be an inte-
grated services digital network (ISDN) card or a modem to
provide a data communication connection to a correspond-
ing type of telephone line. As another example, communi-
cation interface 118 may be a local area network (LAN) card
to provide a data communication connection to a compatible
LAN. Wireless links may also be implemented. In any such
implementation, communication interface 118 sends and
receives electrical, electromagnetic or optical signals that
carry digital data streams representing various types of
information.

Network link 120 typically provides data communication
through one or more networks to other data devices. For
example, network link 120 may provide a connection
through local network 122 to a host computer 124 or to data
equipment operated by an Internet Service Provider (ISP)
126. ISP 126 in turn provides data communication services
through the worldwide packet data communication network,
now commonly referred to as the “Internet” 128. Local
network 122 and Internet 128 both use electrical, electro-
magnetic or optical signals that carry digital data streams.
The signals through the various networks and the signals on
network link 120 and through communication interface 118,
which carry the digital data to and from computer system
100, are exemplary forms of carrier waves transporting the
information.

Computer system 100 can send messages and receive
data, including program code, through the network(s), net-
work link 120, and communication interface 118. In the
Internet example, a server 130 might transmit a requested
code for an application program through Internet 128, ISP
126, local network 122 and communication interface 118. In
accordance with the invention, one such downloaded appli-
cation provides for constructing TSVs and performing vari-
ous semantic operations as described herein. The received
code may be executed by processor 104 as it is received,
and/or stored in storage device 110, or other non-volatile
storage for later execution. In this manner, computer system
100 may obtain application code in the form of a carrier
wave.

Constructing Trainable Semantic Vectors

FIG. 2 is a flow chart illustrating the steps performed in
constructing a semantic representation of a dataset within a
semantic space (i.e., a TSV). At step S210, a data table is
constructed. The data table stores information that is indica-
tive of a relationship between data points and predetermined
categories. This data table contains training data from
sample datasets that facilitate training for a new semantic
space. It is necessary to construct a new data table only when
moving to a new semantic space. According to the disclosed
embodiment of the invention, each entry in the data table
establishes a relationship between a data point and a cat-
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egory. For example, an entry in the data table can correspond
to the number of sample datasets, within a category, that
contain a particular data point. The data points correspond to
the contents of the sample datasets, while the predetermined
categories correspond to dimensions of the semantic space.

It may be the case that there is no initial mapping between
sample datasets and categories, or that there are no initial
categories to form the TSV dimensions that define the
semantic space. In such a case, it is possible to bootstrap the
construction of new TSV dimensions by running any tradi-
tional clustering algorithm, for example a keyword-cluster-
ing algorithm, to assign the sample datasets to initial clus-
ters. Bach of the resulting clusters can then be considered a
new separate TSV dimension, and each sample dataset can
be assigned to the dimension corresponding to the cluster to
which the dataset belongs. The data table is then constructed
as described previously.

As used in the description which follows, the term
“dataset” refers to any type of information that can be
classified, searched, clustered, etc. For example, a dataset
can be representative of a document, book, fruit, painting,
etc. The term “data point” refers to information that can be
related to the dataset.

Although it is sometimes useful to distinguish between
data points, datasets, and collections of datasets, for
example, to describe the TSV of a dataset in terms of the
TSVs of its included data points, the three terms can also be
used interchangeably. For example, a document can be a
dataset composed of word data points, or a document can be
a data point within a cluster of datasets. In particular, words,
documents, and collections of documents can be represented
using TSVs in the same semantic space and thus can be
compared directly.

For example, if the dataset is representative of document,
then a data point could be representative of words, phrases,
and/or sentences contained in the document. According to
the disclosed embodiment of the invention, data points are
derivationally stemmed words and phrases. It should be
noted, however, that the data point can also be representative
of any type of information that can be related back to the
original dataset. In the case of documents, for example, a
data point can be representative of information such as
bibliographic information (e.g. author), full words, sen-
tences, typography, punctuation, pictures, or arbitrary char-
acter strings. In a mathematical sense, a dataset can be
considered a collection of entries. Each entry in the collec-
tion would then correspond to a data point.

At step S212, the significance of the entries (i.e. the data
points) in the data table is determined. The significance of
the entries can, under certain situations, be considered the
relative strength with which an entry occurs in a particular
category, or its relevance to a particular category. Such a
relationship, however, should not be considered limiting.
The significance of each entry is only restricted to the actual
dataset and categories (i.c. features, that are considered
significant for representing and describing the category).
According to one embodiment of the invention, the signifi-
cance of each entry is determined based on the statistical
behavior of the entries across all categories. This can be
accomplished by first calculating the percentage of data
points occurring in each category according to the following
formula:

u=Prob(entrylcategory)=(entry,,, category,,)/
Categorymitotal
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Next, the probability distribution of a data point’s occur-
rence across all categories is calculated according to the
following formula:

v=Prob(categorylentry)=(entry, category,,)/entry, ..z

Both u and v represent the strength with which an entry
is associated with a particular category. For example, if an
entry occurs in only a small number of datasets from a
category but doesn’t appear in any other categories, it would
have a high v value and a low u value for that category. If
the entry appears in most datasets from a category but also
appears in several other categories, then-it would have a
high u value and a low v value for that category.

Depending on the quantity and type of information being
represented, additional data manipulation can be performed
to improve the determined significance of the entry. For
example, the value of u for each category can be normalized
(i.e., divided) by the sum of all values for a data point, thus
allowing an interpretation as a probability distribution.

A weighted average of a and v can also be used to
determine the significance of data points, according to the
following formula:

a(v)+{1-o)(u)

The variable o is a weighting factor that can be deter-
mined based on the information being represented and
analyzed. According to one embodiment of the present
invention, the weighting factor has a value of about 0.75.
Other values can be selected depending on various factors
such as the type and quantity of information, or the level of
detail necessary to represent the information. Through
empirical evidence gathered from experimentation, the
inventors have determined that the weighted average of the
u and v vectors can produce superior results than achievable
without the use of a weighting factor.

At step S214, a first TSV is constructed. The first TSV
corresponds to a semantic representation for each entry, or
data point, across the semantic space (i.e., the predetermined
categories). According to the disclosed embodiment of the
invention, the first TSV stores values corresponding to the
determined significance of a data point for each category, as
previously described. Accordingly, a first TSV must be
constructed for each data point in the data table. Further-
more, each of the first TSVs has dimensions equal to the
number of predetermined categories. The values stored in
the first TSV indicate a data point’s relative strength within
the data table with respect to each of the predetermined
categories.

At step S216, all the first TSVs are combined. The manner
in which the first TSVs are combined depends upon the
specific implementation of the invention. For example,
according to one embodiment of the invention, the first
TSVs are combined using a vector addition operation. It
should be appreciated, however, that the TSVs can also be
combined using different operations such as, for example,
taking a vector average of all the first TSVs. Step S218
indicates the result of the combination of the first TSVs.
Specifically, step S218 results in the construction of a second
TSV. The second TSV is a semantic representation of the
dataset within the same semantic space as that used for the
first TSVs.

At step S220, the second TSV is scaled. As suggested by
the phantom lines, step S220 is not necessary to represent
the dataset within the semantic space. Depending on the
actual information being represented by the dataset and its
entries, however, step S220 can improve the robustness of
the dataset’s representation within the semantic space.
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According to one embodiment of the present invention, the
second TSV is scaled using a vote vector. The vote vector is
used to determine, for each category, the number of entries
from the dataset that make at least a minimum contribution
to that category. If a particular entry does not hit a minimum
number of categories with a certain strength, then that entry
can be restricted from representing that dataset. Each entry
within the vote vector (i.e., the vote value) is a value that
indicates the number of positive entries present in the first
TSV’s corresponding dimensions for the dataset. Various
restrictions can also be placed on the vote vector in order to
improve results for certain types of information. For
example, the vote vector can be constructed such that each
entry (i.e., vote value) is at least 10. Furthermore, a prede-
termined minimum value, such as about 0.5, can be required
for each category of the second TSV in order to count as a
vote value.

At step S222, which is also optional, the second TSV can
be minimized in order to reduce the amount of storage space
required to maintain and perform operations on the dataset.
Such a procedure has an advantage of keeping the size of the
second TSV to a reasonable level, without sacrificing the
accuracy with which it represents the dataset.

FIG. 3 is a flow chart illustrating the steps performed in
minimizing the second TSV’s dimensions, according to an
exemplary embodiment of the present invention. At step
S310, the entries within the second TSV are sorted. Accord-
ing to the disclosed embodiment of the invention, the entries
are sorted in descending order. The entries can, however, be
sorted in increasing order or any desired relationship. At step
S312, the derivatives of the entries from the second TSV are
calculated. Specifically, the first and second derivatives are
calculated at prescribed dimensions of the second TSV.
Various techniques can be employed for numerically calcu-
lating the first and second derivatives. For example, the first
and second derivatives can be approximated using the
following two formulas:

d1())=TSV(i+step)-TSV(i) and
d2(D)=TSV(i+step)-2 *TSV(@)+TSV(i-step),

where d1 represents the first derivative, d2 represents the
second derivative, and step corresponds to a constant that
defines an interval around the index i.

At step S314, the first and second derivatives are com-
pared to first and second pruning thresholds, respectively.
The first and second pruning thresholds correspond to values
beyond which the effect of the first and second derivatives
will be immaterial for minimizing the number of dimensions
of the second TSV. According to one embodiment of the
present invention, the first pruning threshold is assigned a
value of about 0.05, while the second pruning threshold is
assigned a value of about 0.005. The pruning thresholds are
selected based on the information being represented by the
dataset and the entries, and can be automatically determined
based on various criteria or input by a user.

If the first and second derivatives are less than the pruning
thresholds, then control passes to step S316. If the first and
second derivatives, however, are greater than the pruning
thresholds, then control passes to step S318 where a counter
is incremented. Based on the new counter, the derivatives
are again calculated at step S312. The counter represents the
step size at which the first and second derivatives are
calculated. Any appropriate integer value such as, for
example, 10, can be used as a counter. The only requirement
is that counter be selected so as to facilitate meaningful
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calculations of the derivatives. At step S316, the current
value of the dimension at which the derivatives were last
calculated is doubled. The doubled value is then compared
to a predetermined limit at step S320. The predetermined
limit is the maximum number of dimensions acceptable for
the minimized second TSV. The maximum number of
dimensions can be automatically selected, or input by the
user. If the doubled value is less than the predetermined
limit, then control passes to step S322. At step S322, a stop
point is determined based on the doubled value. If the
doubled value is greater than the predetermined limit, how-
ever, control passes to step S324. At step S324, the stop
point is determined based on the predetermined limit.
Regardless of whether or not the doubled value is less than
the predetermined limit, control will subsequently pass the
step S326. At this point, all dimensions below the stop point
are discarded in order to reduce the size of the second TSV.

Data Point-TSV Analysis

It can be beneficial to perform a TSV analysis with respect
to the data points, or entries, in order to properly build the
second TSV. The analysis helps reduce noise at the first TSV
level and simplifies the computational complexity of build-
ing second TSVs. As previously stated, a first TSV is a
multi-dimensional semantic vector for the data point. The
number of non-zero value dimensions of the first TSV
reflects how general or how specific the semantic meaning
of the data point is. When the number of non-zero value
dimensions of a first TSV is close to the dimension of the
entire semantic space, its semantic meaning is very broad,
and the data point contributes very little semantic informa-
tion in building the second TSV. When the number of
non-zero value dimensions of a first TSV is close to 1, its
semantic meaning is very specific. Using such data points do
not necessarily improve the semantic contribution for build-
ing the second TSV and can sometimes introduce noise into
the second TSV if the system does not have sufficient
statistics to trust the definition of the word.

There are several ways to eliminate, or minimize, these
two types of data points. The simplest way is to eliminate a
data point that is contained in more than a predetermined
number of datasets or contained in less than a predetermined
number of datasets. In the case of documents and words, for
example, such a method is based on the assumption that if
a word is contained in a large number of documents, then its
semantic meaning may be overly broad. Likewise, if a data
point is contained in a small number of datasets, then its
semantic meaning may be too narrow.

Another way to minimize such first TSVs is to analyze the
distribution of the semantic vector itself (i.e., the TSV). For
a given first TSV, its semantic dimensions are first sorted in
descending order. Next, a cutting point is calculated such
that 90% of the total mass of the first TSV is above the
cutting point, where mass is the sum of the values of all the
dimensions of the TSV. Any dimensions that fall below the
cutting point are discarded, and the TSV is renormalized. By
cutting a semantic vector in this way, the dimensionality of
a first TSV can be greatly reduced. This can advantageously
reduce the amount of space required to keep the first TSVs
in memory, hence allowing more efficient construction of the
second TSVs. Accordingly, overall processing time can be
greatly reduced.

Clustering Information Using Trainable Semantic
Vectors

The present invention provides an ability to cluster docu-
ments in an improved and efficient manner. As previously
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stated, clustering is a process of grouping information based
on certain relationships. In the case of document clustering,
this can be considered as the grouping of documents into
different unspecified categories based on topic (i.e., litera-
ture, physics. chemistry, etc.). For example, an unorganized
collection of items can be taken and organized into new
categories (clusters) based on semantic relationships.

Referring to FIG. 4, a flow chart is shown for illustrating
the steps performed in clustering a number of items based on
their semantic representation. At step S410, a TSV is con-
structed for each item. Construction of the TSV is performed
consistent with the previous description provided with ref-
erence to FIG. 2. According to the embodiment of the
invention illustrated in FIG. 2, the items can further corre-
spond to entries within a dataset, or the actual dataset itself.
It should noted, however, that the TSVs can be clustered
regardless of the physical representations of the item since
the nature of the TSV remains consistent.

At step S412, the items are randomly distributed among
a plurality of clusters. The number of clusters can be
predetermined and entered by the user, or it may be deter-
mined during the clustering process based on the number of
items to be clustered. According to one embodiment of the
present invention, the same number of items are initially
distributed to each cluster. For example, although there is no
specific relationship between the items within a cluster when
initially distributed, each cluster will contain the same
number of items.

At step S414, a cluster center is determined. According to
the disclosed embodiment of the invention, the cluster center
is determined by taking an average of the TSVs within each
cluster. The result is an average TSV whose entries are
representative of all items within the cluster and across all
dimensions of the semantic space. The average TSV can be
determined, for example, by calculating the average values
of respective dimensions from the TSVs for items within a
cluster. At step S416, the distance from each item to all
cluster centers is calculated. For example, the distance
between the first item to each cluster center would first be
calculated. Next, the distance between the second item to
each cluster center is calculated. This process continues until
all items have been examined. Distance is preferably mea-
sured by Euclidean distance in multi-dimensional space, but
any typical distance measure, such as Hamming distance,
Minkowski distance, or Mahalanobis distance, can be used.

At step S418, the items are redistributed based on their
distance to the cluster centers. Specifically, each item is
reassigned to the cluster whose center is closest to that item.
For example consider an item A whose distance from cluster
centers C°, C°,, and C%; is [10, 5, 18]. Regardless of the
cluster where the item was initially assigned. it would be
reassigned to cluster C, because it has the shortest distance.

At step S420, the change in clusters is measured Accord-
ing to one embodiment of the present invention, this change
is measured by the change in the energy function of the
summation of the distance from each data point to its
assigned cluster center. Alternate calculations can also be
performed, for example, to determine a single value that
corresponds to an overall change in the clusters. At step
S422, the change in clusters is compared to a predetermined
convergence factor. If the change in clusters is less than the
convergence factor, then control passes to step S424. If,
however, the change in clusters is not less than the conver-
gence factor, then control returns to step S414 where the
cluster centers are recalculated and the items are redistrib-
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uted. According to the disclosed embodiment of the inven-
tion, the predetermined convergence factor is assigned a
value of 0.0001.

Depending on the manner in which the change in cluster
centers is calculated, step S422 can be performed in different
ways. For example, if a single value is determined for the
change in cluster centers, then only that value is compared
to the convergence factor. On the other hand, if the change
in each cluster center is individually determined, then the
change in each cluster can be compared to the convergence
factor until each cluster reaches a point of stability. At step
S424, the items are clustered and no further changes need to
be made.

After clustering is finished, data points are reassigned to
clusters. However, the clusters may have very different
densities in terms of data point distributions within clusters.
Reassignment achieves two goals. First, it enables an ability
to identify data points that should be assigned to multiple
clusters and data points that should not be assigned to any
clusters. Second, data points can be assigned different
degrees to which they belong to their clusters, providing
valuable information about the goodness of a cluster. There
are many ways to determine membership degrees of points
belonging to clusters. According to one embodiment of the
present invention, a data point’s membership in a cluster is
inversely proportional to the ratio of its distance to the
cluster over the sum of its distances to other clusters.

By examining values of membership degrees of a data
point to clusters, it is possible to decide how to assign the
data point. According to one embodiment of the present
invention, the data point membership is examined to identify
top values that are almost the same. If there are a few top
values that are almost the same and are significantly larger
than the next smaller value, the data point is simultaneously
assigned to all clusters corresponding to the top values. On
the other hand, if there are many top values that are almost
the same, the data point is not assigned to any cluster.

In an alternate embodiment of the present invention,
clustering of items as illustrated in FIG. 4 is modified to
accommodate fuzzy clustering. At step S412, instead of
randomly distributing the items, each item (or data point) is
assigned a random fuzzy membership function. As is well
known, the fuzzy membership function attempts to distrib-
ute the items to different categories based on appropriateness
(or relevance). For example, a particular item’s occurrence
might be distributed 60% in a first category, 10% in a second
category, 3% in a third category, etc. At step S418, instead
of redistributing items, the fuzzy membership functions are
recalculated for each item. At step S420, the change in
clusters is measured by the change in energy of the sum-
mation of the distance from each item to each cluster center,
scaled by the corresponding membership function value for
that item/cluster center pair.

Classification Using Trainable Semantic Vectors

FIG. 5 is a flowchart illustrating the steps performed in
classifying items according to an embodiment of the present
invention. The present method advantageously allows a
plurality of items to be classified in various categories based
on similarities determined from the semantic representation
of'the items. Importantly, the categories need not necessarily
correspond to the semantic dimensions of the trained TSV,
as is often required by other methods. Further, it is not even
necessary to predefine the categories. Rather, the bootstrap-
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ping method described above can optionally create new
semantic category definitions based solely on a collection of
unlabeled items.

Traditionally, classification of items such as documents
has required significant user interaction. For example, in
order to assign a new document to a proper class or category,
a user must be available to substantively review the docu-
ment and assign it to a category. Moreover, the user must be
an expert who understands both the classification system and
the document contents. Such a procedure is extremely time
consuming. Additionally, the classification process is prone
to potential human errors and inconsistencies, particularly if
performed by multiple users. The aforementioned errors and
inconsistencies can be minimized through the use of an
automatic classification system, as disclosed by the present
invention.

Referring to FIG. 5, the disclosed classification method-
ology begins with construction of a TSV for each sample
item that is originally present. This is indicated at step S510.
The sample items can be used to initially define and repre-
sent the classification categories. Alternatively, the classifi-
cation categories can be predefined, and the sample items
would be used to represent the categories. Regardless of the
initial use of the sample items, the TSV is constructed in
accordance with the procedures previously described.

At step S512, a TSV is constructed for each category. This
process is similar to the construction of a dataset TSV from
several data point TSVs, in the sense that the TSVs from
each sample item are combined into a TSV for the category.
In the case of category TSVs, one embodiment of the present
invention provides for determining the centroid of the cat-
egory by calculating the mean value for each dimension
across all samples assigned to that category. It should be
appreciated, however, that the sample TSVs could also be
combined using different operations. Importantly, construct-
ing an explicit TSV for each category allows for the case that
a classification category might not correspond directly to a
single TSV dimension. In the special case that a category
does correspond to a single dimension, the corresponding
TSV is a unit vector with 1 in that dimension and 0 in all
other dimensions.

According to one embodiment of the invention, a clus-
tering process such as the one previously described with
respect to FIG. 4 can also be used to identify a requisite
number of categories. and automatically classify the samples
therein. Once all the samples have been classified, each
category would be representative of certain conditions or
similarities that are common to all samples contained
therein.

Consider, for example, a situation where additional items
are received and must be classified within the previously
defined categories. At step S514, the new item is received.
The manner in which the new item is received can vary from
system to system. For example, the new item can be received
by directly accessing a local storage device, or it can be
received from a remote location via a network connection.
At step S516, a TSV is constructed for the new item. The
distance between the TSV and each category is then deter-
mined at step S518. According to one embodiment of the
invention, this can correspond to the Euclidean distance
between the TSV of the new item and each category TSV. At
step S520, the new item is classified. More particularly, the
new item is assigned to the category whose category TSV
has the shortest distance to the new item TSV.

As suggested by the phantom line in FIG. 5, control can
optionally pass directly to step S526 after the new item has
been classified. Alternatively, control passes to step S522. A



US 7,299,247 B2

15

step S522, the number of new items classified is compared
to a prescribed value. The prescribed value can be selected
based on the number of items being classified and the
number of categories. Step S522 is performed for several
reasons, for example, as new items are added to the catego-
ries the nature of the similarities between all items can often
change. Hence, the first item added to a category may be
quite different in similarity from the last item added to the
category. This does not necessarily change the fact that each
item may be closest in similarity to the original samples that
were in the category. Rather than continuing to classify
newly received items based on the original categories, step
S522 initiates a process wherein the nature of each category
is reevaluated. This iterative approach enables the classifi-
cation algorithm to adapt to changes in data and definition
over time. If the number of new items classified is greater
than the prescribed value, then control passes to step S524.
If the number of new items classified is not greater than the
prescribed value, then control passes directly to step S526.

At step S524, the category TSVs are optionally recon-
structed. More particularly, the reconstructed category TSVs
are recalculated according to the method described earlier to
represent the semantic dimension across the space of the
original sample items within that category as well as the
newly added items within that category. Consider an
example where fifty sample items are assigned to five
categories. If an additional thirty items are added, then the
centroid of each category TSV will be recalculated based on
both the original sample items and the newly added items.
Further, all items (the original sample items as well as the
newly added items) can be optionally reclassified such that
they are more accurately represented by the revised category
definitions.

At step S526, it is determined if more new items require
classifying. If additional new items must be classified, then
control returns to step S514, where a new item is received
and classified within one of the categories. Alternatively, if
no additional items require classification, then control passes
to step S528 where the classification process terminates.

According to an alternative embodiment of the present
invention, classification of items exploits the special case
where the desired classification categories are identical to
the TSV dimensions. In this case, it is not necessary to
calculate category TSVs, and it is not necessary to calculate
distances between items and categories. Rather, each new
item is classified based solely on the TSV of that item. For
example, the item can be assigned to the category that
corresponds to the dimension with largest value in the item’s
TSV. Alternatively, the item can be assigned based on the
distribution of top values of its TSV. An advantage of this
alternative embodiment is the significant speed and effi-
ciency with which new items can be classified.

FIG. 6 is a flow chart illustrating classification of items
according to an alternative embodiment of the present
invention. At step S610. a TSV is constructed for each
sample item. Rather than constructing a separate category
TSV, as in the previous embodiment, the samples are merely
assigned to the relevant categories. At step S612, a new item
is received. At step S614, a TSV is constructed for the new
item.

At step S616, the closest samples to the new item are
identified. This can be done in many ways. According to one
embodiment of the invention, the TSV for each sample item
and each previously classified item is examined to identify
which sample item is closest to the new item (i.e. it’s TSV).
As the number of items (i.e., new items) that are categorized
increases, the requirements for storing and examining the
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TSV for each sample and new item can render such a process
inefficient. If, however, the storage requirements are avail-
able and the computational power required to perform the
date manipulations are present, then the new items can still
be efficiently classified.

According to the embodiment of the invention illustrated
in FIG. 6, a predetermined number of sample items from
each category are examined. The TSVs for the selected
samples item are then compared to the TSV of the new item
in order to identify the closest sample item. Such an embodi-
ment has an advantage of minimizing the storage and
computational requirements necessary to classify the items.

At step S618, the new item is classified. This is accom-
plished by assigning the new item to the category which
contains the closest sample. Although the previous descrip-
tion indicates that the closest sample to the new item is
identified and used in the classification of the new item, it
should be noted that certain variations are permissible. For
example, the closest two or three (or various) samples can be
used in determining which category to classify the new item
in. At step S620, the number of new items classified is
compared to a prescribed value. If the number of new items
classified is greater than the prescribed value, then the new
item is labeled as a sample item at S622. Accordingly, the
new item will now be available for use in classifying
subsequent new items. This step allows for adaptation to
changes in data and definitions over time. If the number of
new items is less than the prescribed value, then control
passes to step S624.

At step S624, it is determined whether any additional new
items require classification. If so, then control returns to step
S612 where the additional items are received and classified.
Alternatively, if no additional items require classification,
then control passes to step S626 where the classification
process terminates. As with the previous embodiment of the
invention, control can optionally pass from step S618
directly to S624 as indicated by the phantom line. Such a
step would again correspond to the classification of new
items based on the original nature of the categories, and
without any regard to changes or variations that occur as a
result of new items being classified.

Searching Using Trainable Semantic Vectors

As previously discussed, typical search systems are key-
word or word/term based. Such systems take a query con-
sisting of keywords as input; locate documents containing
some or all the keywords; and return these documents.
Various formulas and statistical manipulations can be per-
formed to identify important words so that they can be
weighed more heavily than others. These techniques can be
difficult to implement with consistency and do not always
provide accurate results.

FIG. 7 is a flow chart illustrating the steps performed to
process a query according to an embodiment of the present
invention. As previously indicated, the present invention
provides semantic representations of items and descriptors
for the items. Moreover, the semantic representation of the
items and their descriptors are substantially similar in for-
mat. Additionally, the relevance of one item to another (or
one descriptor to another) can be determined based on the
distance between the semantic vectors. Such an ability
allows implementation of search and retrieval techmques
using a semantic representation for the search query.

Consider a large collection of items that are desired to be
retrieved based on a user query. FIG. 7 illustrates a meth-
odology for presenting queries and retrieving items from the
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collection based on semantic information contained in the
query. At step S710, the collection of items is initialized for
searching by constructing a TSV for each item. At step S712,
a query is received. The query can be in the form of one or
more descriptors that provide information about items in the
collection. For example, if the items in the collection are a
set of documents, then the query can be in the form of a
plurality of terms and/or phrases that should be present in a
relevant document. Alternatively, the query can be a body of
text (i.e., a natural language query) entered by the user that
describes the desired features of relevant documents.

At step S714, a TSV is constructed for the query. The
query TSV corresponds to the semantic representation of the
descriptors input by the user across the semantic space
within which the items are classified. In other words, the
query TSV will have the same number of dimensions as the
TSV for each item. At step S716, the items that are closest
to the query are selected. This corresponds to the selection
of items whose TSVs are closest to the TSV of the query.
Depending on how broad or specific the query is, the number
of items selected can vary. According to one embodiment of
the present invention, a maximum number of items can be
provided. This can be done either manually by the user, or
automatically depending on the number of items selected.

At step S718, the selected items are returned as the query
result. It should be noted that there is no requirement that the
actual items be returned. Rather, only a significant portion of
the item need be returned to provide the user an opportunity
to consider whether the item is actually relevant and requires
further examination. At step S720, it is determined whether
additional queries must be processed. If so, then control
returns to step S712 where the query is received. If there are
no additional queries that require processing, then control
passes to step S726 where the procedure ends. According to
one embodiment of the present invention, the query results
can be clustered at step S722. This provides an added benefit
of grouping the documents together based on particular
similarities. At step S724, the clustered items are returned to
the user. Control then passes again to step 720 where the
search procedure is terminated.

The present system advantageously provides an ability to
search information such as documents. This is accomplished
by representing information such as words, phrases, sen-
tences, documents, and document collections in the same
way within the system (i.e., using a TSV). Moreover, any
similar information (i.e., text, single word, phrase, sentence,
or entire document) can be used for input as a query to the
search system. The query is translated to a TSV, and matched
against the TSVs of all the documents in the search system.
The results obtained are more robust and often more accu-
rate than standard keyword searches.

The present system can be used in a variety of areas, as
long as predefined categories are available. The present
system can also be used to add semantic searching to
keyword-based systems. The results of the two searches are
then combined. More particularly, word-based searches are
often too specific and depend greatly on the selection of
keywords. Hence, when the keywords are poorly selected,
the results obtained are very bad. By using both systems, the
results can be better than either system alone. Alternatively,
semantic searching capabilities of the present system can be
used as a filter, and keyword search can be performed on the
filtered results of the semantic search or vise-versa.

The search methodology of the present invention enjoys
applicability in a wide range of media such as, for example,
patents, scientific journals, newspapers, etc. The subject
matter of the new domain is not relevant as long as there is
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sufficient training information to define categorical relation-
ships. Furthermore, the methodology is equally applicable to
other forms of data such as numeric, categorical, pictorial, or
mixed data.

Another advantage of the present system is an automati-
cally generated, customized thesaurus and query expansion
capability. The system can automatically train a word-TSV
table on sample documents from a particular subject area.
The word-TSV table is a table containing entries from one
or more datasets. The system can then take an input word,
find the corresponding TSV, and compare that TSV to all
other TSVs in the dictionary. The dictionary can be defined
by the number of rows in the word-TSV table. Accordingly,
the contents of the dictionary will vary depending on the
information being represented. For example, if a word-TSV
table is constructed, then the dictionary will contain each
word that occurs in a category. Further, if words and phrases
are both examined with respect to the categories, then the
dictionary will contain both words and phrases. If two TSVs
are substantially close as measured by their distance, then
the corresponding words or phrases are similar within the
context of the subject area. Again, distance is preferably
measured by Euclidean distance in multi-dimensional space.
although any typical distance measure can be used such as
Hamming distance, Minkowski distance, or Mahalanobis
distance.

For example, the TSV for the word “marker” might be
represented as follows:

[0.00 0.10 0.01 0.59 0.20 0.06 0.05 . ..]

The TSV is strong in certain categories and weak in others.
Now, the semantic dictionary is searched for words and
phrases that have similar patterns. This will provide an
indication of which words/phrases are used in the same
context as “marker”. Importantly the retrieved words/
phrases do not have to be synonymous with “marker”.
Rather, if these words are put into the query, it should
reinforce the right categories and improve results. In other
words, the present system provides an ability to automati-
cally expand either a keyword or natural-language query.
This expansion can be used to improve results of a search
engine.

EXAMPLE 1

FIG. 8 illustrates an exemplary representation of words
within a semantic space according to an embodiment of the
present invention. For simplicity and ease of understanding,
the number of words represented in the semantic space and
the number of dimensions of the semantic space have been
reduced to five. As illustrated in FIG. 8, the table 200
contains rows 210 that correspond to the dimensions of the
semantic space, and columns 212 representative of the
category corresponding to the semantic dimensions. The
actual words represented in the semantic space can be
referred to as W,, W,, W5, W,, and W,. Similarity, the
categories can be referred to as Cat,, Cat,, Cat,, Cat,, and
Cats. Each entry 214 within table 200 corresponds to a
number of documents that have a particular word occurring
in the corresponding category.

Summation of the total number of columns 212 across
each row 210 provides the total number of documents that
contain the word represented by the row 210. These values
are represented at column 216. Referring to FIG. 8 word W,
appears twenty times in category Cat, and eight times in
category Cats. Word W, does not appear in categories Cat,,
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Cat,, and Cat,. Referring to column 216, word W, appears
a total of 28 times across all categories. In other words,
twenty-eight of the documents classified contain word W,.
Examination of an exemplary column 212, such as Cat,,
reveals that word W, appears once in category Cat,, word
W, appears eight times in category Cat,, and or W appears
twice in category Cat,. Word W, does not appear at all in
category Cat,. As previously stated word W, does not appear
in category 1. Referring to row 218, the entry corresponding
to category Cat, indicates that there are eleven documents
classified in category Cat;.

With continued reference to FIG. 8, FIG. 9 illustrates a
table 230 that stores the values that indicate the relative
strength of each word with respect to the categories. Spe-
cifically, the percentage of data points occurring in each
category (i.e., 1) is presented in the form of a vector for each
word. The value for each entry in the u vector is calculated
according to the following formula:

u=Prob (categorylentry)=(entry,,, category,,)/
catEgorymftotal

Table 230 also presents the probability distribution of a data
point’s occurrence across all categories (i.e., v) in the form
of a vector for each word. The value for each entry in the v
vector is calculated according to the following formula:

v=Prob (category lentry)=(entry,,, category,,)/
entry"ftoml

Turning now to FIG. 10, a table 250 is shown for
illustrating the semantic representation of the words from
FIG. 8. Table 250 is a combination of five TSVs that
correspond to the semantic representation of each word
across the semantic space. For example, the first row cor-
responds to the TSV of word W,. Each TSV has dimensions
that correspond to the categories of the semantic space.
Additionally, the TSVs are calculated according to an
embodiment of the invention wherein the entries are scaled
to optimize the significance of the word with respect to that
particular category. More particularly, the following formula
is used to calculate the values.

a)+(1-a)()

The entries for each TSV are calculated based on the actual
values stored in table 230. Accordingly, the TSVs shown in
table 250 correspond to the actual representation of the
exemplary words represented in FIG. 8.

EXAMPLE 2

Turning now to FIG. 11, a graph is shown for illustrating
the manner in which a plurality of words (W, to W,) can
be clustered according to the present invention. For sim-
plicity, the semantic space is defined using only two dimen-
sions, and only twelve words are used. In other words, there
are only two categories and each word has a value for that
category. The result is a two-dimensional coordinate for
each word. Note that documents would be clustered in the
same manner as words.

Referring additionally to FIG. 12, a Table is shown that
shown that stores the X and Y coordinates of each word
plotted in the graph shown in FIG. 11. During the clustering
process, the twelve words are initially distributed among a
plurality of clusters. As shown in FIG. 11, four clusters have
been defined (C, to C,). Each cluster contains three words.
Since the words were randomly assigned to the clusters, the
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three words in any of the clusters may not necessarily be
similar. Next, centers are calculated for each of the four
clusters.

Referring additionally to FIG. 13, the coordinates of the
cluster centers are shown. The distance between each word
and the calculated cluster centers is then determined. The
result of this operation is indicated by table 280 illustrated
in FIG. 14. The entries in table 280 indicate the actual
distance between a particular word and a calculated cluster
center. For example, the distance between word W, and
cluster center C°, is 1.20. Likewise the distance from word
W, to cluster center C°; is 4.77. This calculation is per-
formed for each of the twelve words. The closest cluster
center is then identified for each word. For example, the
closest cluster center to word W, is cluster center C°,. The
words are then redistributed to the cluster having the shortest
distance. The redistribution of words is shown in FIG. 15.
Specifically, cluster C,; will now contain W, and W, while
cluster C, will now contain Wy, W, Wy and W |, etc. Word
W, is equally spaced between cluster C, and C,. Accord-
ingly, W, can be redistributed to either cluster C, or cluster
C, or both.

FIG. 16 is a graph illustrating the redistributed words and
cluster centers within the semantic space. As shown in FIG.
16, the nature of the clusters has changed. Additionally, brief
examination of the graph shows that the words are now
closer to the center of the new clusters than before. As
previously stated, the closer the semantic representation of
two words are, the greater the similarities therebetween.
Once the words have been redistributed to the clusters, as
shown in FIG. 16, the cluster centers will again be calculated
and the distance between each word to the cluster centers
determined. Based on the second recalculation, one or more
words may be redistributed to different clusters that more
accurately indicate the information represented by the word.
As previously stated, this process can continue until a
convergence factor is reached.

EXAMPLE 3

The methodologies of the present invention have been
used to semantically represent U.S. Patents issued between
1974-1997 (i.e., approximately 1.5 million documents). The
text of the “Summary” and “Background of the Invention”,
and US classification was used as the raw data. Any infor-
mation in the patent could have been used. For example:
abstract, detailed description, international class, cross-ref-
erence, field of search, etc. The selected sections, however,
provided sufficient descriptions of the patent to support
accurate classification. The result is approximately 50
gigabytes of text.

A set of categories, called the Manual of Classification
(MOCQ), already exists for U.S. patents. The problem with
the MOC, however, is that it is not very useful for automa-
tion purposes. There are about 400 classes at the top level
and over 130,000 subclasses at the lowest level. The top-
level classes do not provide sufficient detail, while the
subclasses provide too much detail. Additionally, some
classes are over 13 levels deep. This is unreasonably
detailed.

The present invention addresses these problems by rede-
fining a set of categories that can be used efficiently for
automated processing and analysis. A category selection
routine was applied to the MOC in order to achieve about
3,000 categories. The routine begins by examining the top
level of the MOC (i.e., 400 classes). Any classes that contain
less than a minimum number (e.g., 100) of patents are



US 7,299,247 B2

21

discarded. The reasoning is that such classes will not contain
enough statistical information to reliably identify them. The
routine then continues examining and (possibly) discarding
subclasses and sub-subclasses through the MOC. If at any
point more than 10% of the patents under a (sub)class would
be discarded, that (sub)class is retained without expansion
and all lower subclasses are collapsed together. If any of the
remaining (sub)classes are larger than a predetermined
maximum amount (e.g., 300), then that (sub)class is reduced
by randomly selecting no more than the maximum number
of sample patents from that (sub)class. Preferably, all of the
classes are manipulated so that they contain 4 levels of
subclasses or less. If a class includes more than 4 levels, then
it is assumed that the distinctions being made are so fine that
it’s not possible to automate reliably. For example, chemical
patents tend to be deep in subclass levels, while mechanical
patents tend to be shallow. However, the details in the
chemical patents that necessitate further subclassification
are typically too specific to be distinguished by automated
text analysis.

The result of this routine is a collection of about 3,000
categories, each containing between 100 and 300 sample
patents. Some manual filtering and examination is also
performed in order to insure that the categories are repre-
sentative of the classes from the MOC.

The ultimate goal is to provide semantic searching, clas-
sification, clustering, and data manipulations. In order to
accomplish this goal, there is a lower level goal to have
semantic representations for words, documents, and catego-
ries. Additionally, the system must be able to process large
amounts of data without human intervention. A semantic
representation of the data was achieved using the 3,000
categories. This is in contrast to current systems that use
complex semantic networks to link data; such semantic
networks typically require substantial manual effort to con-
struct, manipulate, and extend.

Each of the training patents is now reclassified using a
straightforward mapping from the original full MOC clas-
sification to the corresponding TSV category. Using this
mapping along with the text of the patents, statistics are
collected for word usage. All the textual information stored
for each patent (i.e., summary and background) is examined.
Each word or phrase that occurs in the stored text of a patent
is assigned to (or used to increment the count for) the
category to which the patent belongs. Words that occur
multiple times in a patent are only counted once. For
example, if a particular word occurs in 10 patents belonging
to category 15, then the word will have a count of 10 within
category 15, while a word that occurs 10 times in a single
patent belonging to category 15 will only have a count of 1.
Similarly, a particular word can appear in different catego-
ries with different respective counts. This is repeated for
each of the training patents. These counts are preferably
stored in tabular form such that each row represents a word
and each column represents a category. Finally, a total count
representing the number of times a word is used in each of
the 3,000 categories is tabulated into a separate column (i.e.,
column 3,001). An additional row can be provided that sums
the values contained in each column. Such a row would
indicate the number of patents that occur in each category.
The result is a word-class table.

Additional data manipulation is performed, both manually
and automatically, in order to fine tune the list of recognized
words. For example, a preliminary filtering is performed in
order to eliminate certain common words called stopwords.
The list of stopword includes standard stopwords such as
“a”, “for”, etc, as well as patent specific stopwords such as
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“claim”. A standard list of stopwords can be used alone,
however, the results would not be as accurate or robust as
can be achieved when the list is populated with patent
specific stopwords. Stemming is also performed on words;
either inflectional or derivational stemming can be used, but
for patent text derivational stemming is preferred. In addi-
tion, the present invention was configured to identify certain
phrases such as “tracking system” appearing in the patent
when constructing the word-class table. More particularly,
the table (i.e., the semantic dictionary) contains both words
and phrases. Other filtering criteria include removing words
that occur too frequently (say, more than 35% of the training
patents) or too rarely (say, less than 5% of the training
patents). After this fine-tuning, the result is a word-class
table with approximately 3,000 columns of categories and
approximately 650,000 rows of words and phrases. Next, the
values for u and v were determined in accordance with the
previously described methodology.

Next, each patent is examined individually and the TSVs
(i.e., vectors) associated with all the words in the patent are
retrieved. The vectors are combined to produce an overall
semantic representation of the patent. Specifically, the
respective columns in the vectors for all the words (and
phrases) in a particular document are added together, and
scaled by a “vote” vector. The vote calculates, for each
category, the number of words from the patent that make at
least a minimum contribution to that category. If a word does
not hit a minimum number of categories with a certain
strength, that word is removed from the document. The
result of this step is a patent-TSV table consisting of one
semantic vector for each patent.

One advantage of the present system is that it is auto-
matically trainable. Given sufficient training data (sample
documents and corresponding categories), the system can
automatically create new semantic dictionaries (word-TSV
tables) and semantic representations of documents (doc-
TSV tables). The system can also automatically use that new
representation to perform clustering, classification, and
other tasks as described herein.

Another advantage of the present system is that every-
thing is represented the same way (i.e., using a TSV).
Individual words from the semantic dictionary are repre-
sented the same way as documents within the present
system. This allows one to take, for example, a one or
two-word query; look it up in the semantic dictionary; and
get something that looks like a document. The result is then
compared to actual document TSVs to obtain the closest
match.

Another advantage of the present invention is the ability
to perform unsupervised processes such as clustering. In the
case of clustering, for example, the only information
required by the clustering algorithm is the dataset itself. The
number of groups to be constructed can, optionally, be
provided to the clustering algorithm, although this is not
necessary to complete the task. The system would then
generate these groups and assign data points (i.e., docu-
ments) to each group.

The disclosed system is not restricted to just the sample
applications and subject areas described here; it can be used
in any situation where search, clustering, or classification is
needed. For example, another application is automatic clas-
sification documents on the World Wide Web. Another
sample application is automatically answering natural-lan-
guage questions by classifying those questions against sets
of “Frequently Asked Questions” (FAQs) and their corre-
sponding answers or responses.
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In the previous descriptions, numerous specific details are
set forth, such as specific materials, structures, processes,
etc., in order to provide a thorough understanding of the
present invention. However, as one having ordinary skill in
the art would recognize, the present invention can be prac-
ticed without resorting to the details specifically set forth. In
other instances, well known processing structures have not
been described in detail in order not to unnecessarily
obscure the present invention.

Only the preferred embodiment of the invention and an
example of its versatility are shown and described in the
present disclosure. It is to be understood that the invention
is capable of use in various other combinations and envi-
ronments and is capable of changes or modifications within
the scope of the inventive concept as expressed herein.

What is claimed is:

1. A method for a data processing system to efficiently
cluster data points from a dataset, the method comprising the
machine-executed steps of:

constructing a trainable semantic vector for each data

point from the dataset in a multi-dimensional semantic
space;

applying a clustering process to the constructed trainable

semantic vectors to identify similarities between
groups of data points within the dataset; and
providing access to a result of the clustering process;
wherein the trainable semantic vector for each data point
from the dataset is constructed by the machine-ex-
ecuted steps of:
for each data point, identifying a relationship between
each data point and predetermined categories corre-
sponding to dimensions in the semantic space;
determining the significance of each data point with
respect to the predetermined categories; and
constructing a semantic vector for each data point,
wherein each semantic vector has dimensions equal
to the number of predetermined categories and rep-
resents the relative strength of its corresponding data
point with respect to each of the predetermined
categories.

2. The method of claim 1, wherein the data points
correspond to documents.

3. The method of claim 1, wherein the step of applying a
clustering process comprises the steps:

randomly distributing the data points among a predeter-

mined number of clusters;

determining a cluster center for each cluster;

re-distributing the data points based on the determined

cluster centers;

measuring an amount of change in each cluster; and

repeating the steps of determining, re-distributing, and

measuring until a predetermined convergence factor
has been reached.

4. The method of claim 3, wherein:

the step of randomly distributing comprises a step of

randomly assigning a fuzzy membership function to
each data point; and

the step of re-distributing comprises the step of recalcu-

lating the fuzzy membership function for each data
point.

5. The method of claim 4, further comprising the step of
making final cluster assignments based on the fuzzy mem-
bership functions.

6. The method of claim 5, wherein each data point is
assigned to zero or more clusters.

7. The method of claim 3, wherein the step of randomly
distributing comprises a step of randomly distributing an
equal number of data points to each of the predetermined
number of clusters.

20

25

30

35

40

45

50

55

60

24

8. The method of claim 3, wherein the predetermined
convergence factor is equal to about 0.0001.
9. The method of claim 3, wherein the predetermined
number of clusters is automatically determined based on the
size of the dataset.
10. The method of claim 3, wherein the predetermined
number of clusters is input by a user.
11. The method of claim 3, wherein the step of determin-
ing a cluster center comprises a step of constructing an
average trainable semantic vector representative of an aver-
age value of all datasets within the cluster across all dimen-
sions of the semantic space.
12. The method of claim 11, wherein the step of re-
distributing comprises a step of assigning the data points to
clusters based on the distance from a data point to the nearest
cluster center.
13. A system for clustering data points from a dataset
comprising:
a computer configured to:
construct a trainable semantic vector for each data point
from the dataset in a multi-dimensional semantic space;

apply a clustering process to the constructed trainable
semantic vectors to identify similarities between
groups of data points within the dataset; and

provide access to a result of the clustering process;

wherein the trainable semantic vector for each data point

from the dataset is constructed by the machine-ex-

ecuted steps of:

for each data point, identifying a relationship between
each data point and predetermined categories corre-
sponding to dimensions in the semantic space;

determining the significance of each data point with
respect to the predetermined categories; and

constructing a semantic vector for each data point,
wherein each semantic vector has dimensions equal
to the number of predetermined categories and rep-
resents the relative strength of its corresponding data
point with respect to each of the predetermined
categories.

14. A computer-readable medium carrying one or more
sequences of instructions for clustering data points from a
dataset, wherein execution of the one or more sequences of
instructions by one or more processors causes the one or
more processors to perform the machine-executed steps of:

constructing a trainable semantic vector for each data

point from the dataset in a multi-dimensional semantic
space;

applying a clustering process to the constructed trainable

semantic vectors to identify similarities between
groups of data points within the dataset; and
providing a result of the clustering process;

wherein the trainable semantic vector for each data point

from the dataset is constructed by the machine-ex-
ecuted steps of:

for each data point, identifying a relationship between

each data point and predetermined categories corre-
sponding to dimensions in the semantic space;
determining the significance of each data point with
respect to the predetermined categories; and
constructing a semantic vector for each data point,
wherein each semantic vector has dimensions equal to
the number of predetermined categories and represents
the relative strength of its corresponding data point
with respect to each of the predetermined categories.



