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1. Motivation

Today there is a tremendous amount of interest in organizing, searching, and extracting
information from textual databases. A huge percentage of this ket is
unstructured, meaning unorganized and written in natangluage. Examples of which
areemail, technical papers, call center logs, customer comments, and a large part of the
World Wide Web. Current approaches to handling this information relitegmords

along with stemming, padf-speech tagging, padf-speech lexicons, thesauri, and
grammar networks. Relying on such external information sources has serious drawbacks.
These external information sources must be very generic as to cover masisgsror

they must be handcrafted for a particular application domain. Neither scenario is optimal.
If generic external information sources are employed, there is a high probability that
domain specific words and concepts will be misinterpreted or medsagether, while
handcrafted information sources often require a domain expert as well as someone versed
in Natural Language Processing (NLP). Further, many information extractions methods
require that the text sources be grammatically correct.

A compldely unsupervised algorithm name8tingray, patent pending, has been
developed to over come these problems. It can extract semantic information from any text
source, in any language, and organize these concepts in concept network that depicts how
the concpt are related to each other, and can be easily browsed by a user interested in
finding out what is contained in a text corpus. &lpriori knowledge of the text corpus

or user input is required for the extraction process.
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2. Methodology
2.1. Stingray: Extradion of Word Senses and Parts of Speech

The method first finds groups of words that represent either word senses (semantic
concepts) or syntactic categories (parts of speech) and then uses a linear algebra
technique to associate each word with these seen@ncepts and parts of speech (PoS).

The method is calle8tingray.

By analyzing a large set of text documents, $timgray algorithm can find groups of
words that are closely related syntactically or semantically. Once these groups, or
clusters, aréound, the algorithm then tries to define all words in its vocabulary in terms

of these clusters. Each wordOs definition can be thought of as a recipe, where the
available ingredients are the clusters and the product of the recipe is the semantic or
syntactic content conveyed by a particular word. For example, the word Odog® might be

defined as three parts OanimalO and one part OfriendO. In fact, phrases, paragraphs, and

even entire documents can be defined in a similar manner.

For the remainder of thidocument, the recipes will be referred to as vectors, and the
clusters will be referred to as exemplars.

Stingray first uses cluster analysis to find groups of words that have strongly related
semantics or the same syntactic categories. These groupsdd, wrexemplars act as

labels and provide defining attributes for what are assumed to be unique semantic
concepts or syntactic categories.

Definition 2.1 A semantic exemplars a group of words that is
assumed to represent a unique semantic concept.

Definition 2.2 A syntactic exemplaris a group of words that is
assumed to represent a unique syntactic category.

Below are some examples of semantic exemplars (each row of words is one exemplar):

coat, waistcoat, trouser, collar
votes, vote, election, majority
gold, silver, jewels

Kentucky, Ohio, Tennessee, Virginia
barley, wheat, oats

college, university, Harvard
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Note that the words that make up each exemplar are semantically related. Likewise,
below are some examples of syntactic exemplars:

essay, im provement, impression, eye, attack, emphasis

admitted, converted, translated

beseech, pray, warrant, thank, bid

letting, seeing, accompanying, bringing, asking, giving

noiselessly, stealthily, cautiously

important, interesting, valuable, precious, dangerou S, desirable

Note that in this case, informal observation to detect syntactic commonality among the
member word of each syntactic exemplar is more difficult; some member words are
ambiguous. Nonetheless, it might be said that the first syntactic exenegkaly (
improvement,...) represents nouns, the second exemplar represents past participles, with
the subsequent exemplars representing verbs, gerund/present participles, adverbs, and
adjectives, respectively.

Once the exemplars are found they are assocwitiddeach target word, indicating the
semantics or syntactic categories with which the target word can be used. This is referred
to as the deconvolution step. This step of the algorithm generates a probability for each
exemplar. These probabilities estimdow often the target word is used with the sense

or syntactic category indicated by the exemplar. For example, the semantic concepts
associated with the wolghrk are:

PROBABILITY EXEMPLAR
64% !  birch, cedar, maple
16% ! dogs, dog, barking, Toto
11% ! canoe, paddle, canoes
9% ! ship, vessel, sail

Given four senses for the wobdhrk (1. the tough outer covering of tree®; the harsh

sound uttered by a dp§. a small vessel that is propelled by oaasd 4.a small sailing

vesse), the output could é interpreted as: the wotzhrk is used to indicatéhe outside

covering of a treé®4% of the timethe sound made by a dd§% of the timea rowing
vessell1% of the time, and sailing vessé®% of the time. Of course, these probabilities

are only validfor the particular corpus being analyzed. A similar output is generated for
parts of speech that indicate a wordOs syntactic category and the syntactic categoryOs
probability of use for that word.
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The Stingrayalgorithm consists of the following steps:

1. Train systemby gathering statistics for PoS or sense features

2. Calculate Probabilties of the contingency matrix

3. Find exemplarsby clustering words

4. Deconvolve the target wordse discover a target wordOs senses and its

syntactic categories

The information gnerated usingstingray replace the external information sources,
stemmers, paif-speech lexicons, thesauri, etc., used by other systems.

2.2. Semantic Concept Organization

Once theStingray extracted semantic concepts are associated with each word in the
corpus, a semantic concept network can be formed. This network contains all the
information about the interrelationships between concepts and words found in the corpus
and the relative strengths of the relationships. This can be used to browse whasancept
corpus contains. Figure 2shows the concepts associated with the wbsdsterin a
Reuters news corpus. It indicates that there are stories in the corpus having to do with

flooding, airplane crashes, radiation leaks, plus rescue and relief efforts.

disaster Search

¢ O disaster —
o- Ld flooding, floods, flood, flooded, severe E
o- Ld rescue, rescuers, dehris, search, alive, missing
o- d aid, relief, humanitarian, food, assistance, multinational
o- Ld democrat, republican, sen., senate, repuhblicans
o= L airliner, plane, helicopter, passengers, crashed
o- Ld radiation, reactor, leak, pnc, nuclear v:

|«] I D

Figure 2.2: Semantic Concepts Associated with the waisdster
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2.3. Disambiguating Word Senses

The information generated by tBéingrayalgorithm is also used to identify the particular
senses each word in being used with in context. For instanceptéankin this
sentence

He was so popular at home, and so trusteldring his sober intervais
that he was enabled to use the name of a principal citizen, and get a large
sum of money at tHeank.

was determined, in this context, to be associa#dtthe semantic concept
funds, savings, invested, salary

while in this sentence
The canoes were not on the rivaank.

bankwas determined to be associated with the semantic concept

river, stream, banks, water

2.4. Semantic Document Space

Once all ofthe words in a given document have been disambiguated, the document is
essentially a list of sense vectors. Combining these vectors yields a semantic vector,
which in this case is referred to as a summary vector.stin@nary vector gives a
concise descripn of the semantic content in the document, and can be used to calculate
the similarity between two documents, or between a docuamehd query.

2.5. Search

As mentioned in section 2.8emantic vectors can be calculated for an individual word, a
phrase,or an entire document. This means that searching a set of documents can be
thought of as searching a set of semantic vectors. Moreover, the search terms, or query,
can also be converted into a semantic vector. Therefore, the relevance of a document in
the context of a particular query is based on the similarity between the documentOs
semantic vector (summary vector) and the queryOs semantic vector (query vector).

Because a query will ultimately be represented as a semantic vector, anything that is or
can ke turned into a semantic vector is a valid query. For instance, a document can be
used as a query (OFind documents similar to OMoby DickOO), or a sense exemplar can be
used as a query (OFind documents having to do with [ship, vessel, saillO), or a
combinaton of the two (OFind documents similar to OMoby DickO with an emphasis on
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[ship, vessel, saillO). More examples of potential searches will be given in Section 3,
which discusses our prototype application. Section 3 will also show how a user can be
assistd in creating and refining search vectors.

2.5.1. Keyword Search

Although part of the motivation behind this work is to overcome the deficiencies of
keyword search, we recognize that a keyword search can be very efficient if the user is
sure that a particulavord appears in the desired document. Therefore, a simple exact
match keyword algorithm is included. It does not attempt to stem, use synonyms, or in
any way expand the userOs keyword se8totgrayaccomplishes those goals in a more
robust and flexiblevay. However, if the user actually has an exact word or phrase in
mind, the keyword search will help pinpoint relevant documents more quickly than a
semantic search alone.

Section 3 will discuss how the keyword search is used in the prototype andehaseth
can control the relative importance of a keyword match versus the importance of a
semantic match.

3. Search Tool Prototype
3.1. Analysis of the Corpus

A prototype application was developed to explore the capabilities of the algorithm. All
that is needd to begin using the Semantic Finder is a set of documents, or corpus. First,
the corpus is analyzed to produce a set of exemplars over a vocabulary of a given size.
Once the exemplars are discovered, each word in the vocabulary is defined as described
in section 2.1. Finally, each document is disambiguated and placed in an index, along
with its summary vector. Each word in the vocabulary is also associated with a list of
documents in which it occurs for use in keyword searches.

The indexed documents dot necessarily need to be the same set of documents used to
create the exemplars. In fact, the set of documents use to create the exemplars and the set
of documents to be searched need not share any members, although the quality of the
results may improvas the number of shared documents increases.
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3.2. Searching the Corpus

The first step to initiating a search is entering a word or phrase into the search box.
Semantic Finder converts the word or phrase into a semantic vector, and uses the vector
to searcltthe index. An example search for the word ObarkO is shown in FRjure 3.

S=1ES

£ Semantic Finder,

File Edit Yiew LCD Help Settings
bark ‘[ Search ] File Score _l
— Birch.t«t 85 [ |a
= ml . Maple. txt 84 [ |
@ l?d bark, birch, cedar, maple Maple_syrup.tdt o =
[+ ‘:8 canoe, paddle, canoes, Shade tree tut 20
#-d dog, dogs, barking, toto American Elmtd a0 T
Toronto_Maple_Leafs.tet 80 []
Samara_(fruit).tet 77 [
Elm.tet 76 []
Thora_Birch. tet 76 []
Lamorna_Birch. txt 75 []
Mangroves.jpg.tet 75 []
List_of_woods. txt 73 [
Phloem.t«t 71 [
Sugarcane. txt 69 []
Oconto_County,_Wisconsin.... 69 []
Euphorbia_mellifera. txt 68 []
Grouse. tet 67 []
Sap_beetle.txt 67 []
C$ Kateretes.tt 67 []
— Northern_red_oak. tet 67 []
Swamp.tit 67 []
Willow_Rosenberg.tct 67 []
Sherwood_Forest.tut 66 []
Cyparissus.txt 66 []
Sugar.tut 65 []
Tabitha_King.txt 65 []
Oak.tet 64 []
California_black_oak. txt 64 []
Gymnosporangium. txt 64 []
Clinker.txt 63 []
DEX bt 82 [
Pirta_mate. et 62 [ (0l Bookmark | [ MoreLike This || LessLike This |
Manle_camnuter_alnehra s g2l 1 |¥

Figure 3.2:  The user types ObarkO in the text box and clicks the OSearchO button.

When the term is added to the users search criteria, it appears in the area immediately
belowthe search box. By clicking the O+O next to the term, the senses in which it can be
used can be seen. Similarly, clicking the O+O next to one of the senses, will display the
individual words that are most closely associated with the sense. The sensesdmd w
within the hierarchy can be used as guides to understand the applicationOs semantic
knowledge of the vocabulary, and to aid in refining the search. For instance, suppose the
user realizes that he or she is not interested in all of the possible wakigcimbark is

used, and only wants to see the instances of the word ObarkO having to do with dogs.
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< Semantic Finder
File Edit VYiew LCD Help Setting

£ Semantic Finder
File Edit View LCD Help Setting:

\_bark ‘[ Search ] lbark ‘[ Search ]

= O bark
-3 bark, birch, cedar, maple
#-J canoe, paddle, canoes,
5-C3
#- O barked
[+ O toto
[+ O dog
#-- O barking
#- O dogs
#- O howled

#-J dog, dogs, barking, toto

O 0O

Figure 3.2a and 3.2b: The figure on the left (a) shows the result of drilling
down into the sense Odog, dogs, barking, totoO. The figthve dght (b)

shows the result of replacing the term ObarkO with the sense Odog, dogs,
barking, totoO.

Figure 3.3 shows the new search results compared with the old search results.

File Score -

Birch.tet a5 FI|EA Score

Maple. tet 34 Cayey,_Puerto_Rico.tut %]
Maple_syrup.tet 82 |Dog.tet 57
Shade_tree.tet 20 Dog_Star_Man.tut 67
American_Elm.tat 30 Chow_Chow.txt . E7
Toronto_Maple_Leafs.tt 30 Arvak_and_Alsvid td 6
Samara_(fruit).tt 77 Line_of_scrimmage. tt 65
Elrn.tut - 76 Eligible_receiver.tut E5
Thora_Birch.txt 76 Scylla.tet 65
Lamoma_Birch. tet 75 KomonQOr.txt 64
Mangroves.jpg.tet 75 S oupdblte.txt B3
List_of_woods.tt 73 AUdIO.l:ft 63
Phloemn.tet 71 Fern_Hill t«t 63
Sugarcane. bt 69 ng_preed.txl 63
Dconto_County,_Wisconsin.txt 59 T|mt?llne_of_t!'1e_20l]1_anlhrm 62,
Euphorbia_mellifera. tct [ Zvaigznes_Diena.tut 62!
Grouse. txt 67 List_of_dog_breeds.t«t 62
Sap_beetle.tct 67 Nibble. t«t 62
Kateretes. tat E7 German_Shepherd_Dog.txt 62!
Northern_red_oak. bt E7 MNahum. bt 62
Swamp.tet 67 Labrador_Retriever.tet 62

Figure 3.3: Figure 3.3a (left) shows the results whenrtsléihg for the
term Opark(). Figure 3.3b (right) shows the results when searching for the
sense Odog, dogs, barking, totoO.

While the relevance scores are not nearly as high when searching for the sense Odog,
dogs, barking, toto,O the algorithm has cleardyed away from the sense of ObarkO that
has to do with trees.

The user may select any document in the list of results to get a more detailed analysis of

its content as it relates to their search. Figure 3.4 shows a detailed analysis of ODog.txtO.
The vertical grayscale bar (Overview Bar) in the center represents an overview of the

Proprietary and confidential, SemanticV, LLC. All Rights Reserved.
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semantic content of ODog.txtO as it relates to the search vector, where brighter colors
indicate that the corresponding section of the document is more relevant.

File Score| Ll -
File Score| LIl Dog.tet [2960 to 3260]
Cayey_Pueito R.L__69 [7] |G ! Cayey,_Puerto_Rico.tet 689 [] || [ . .
Dog.txt 67 | for excellence in detecting scents |, even
Dog_Star_Man.tet 67 [] . : i
Cho. Chonast |67/ [ Doa staManf  Selected Sectiof cereared to thei caine brethen.
arvak_and Alsvio | 66 O Chow_Chow.tt - T = What information a dog actually detects
Line_of_scimma... | 65| [ ] Arvak_and_Alsvid bt 66 [] &= when he is scenting is not perfectly
Eligible_receivertdt| 65 [] = Line_of_scrimmage.tct 65 [] = understood ;
— e =

icy "a'[;l m gj L l—;ece've"'”' gg L % although once a matter of debate | it now

st = More relevant = = seems to be well established that dogs can
Soundbite. tt 63 [] rermehdor. bt 64| [] 8
Budio.tt 63 ; Soundbite. tt 63 [ distinguish two different types of scents
Fem_Hilltd 63 [] = 4 Audio.tet 63 [ when trailing , an air scent from some
$.°g-[.b'eedf‘t“:] gg = | Fein_Hil.td 63 [] person or thing that has recently passed by

meline_ol_the._.. = —| Timeline_of_the_2001_a..| 62 [] 55 as well as a ground scent that remains
f_va'g:n:s—o:na“‘ gg — = Zvaigznes_Diena.txt 62 [] B= d bl fgr i iod

|§l_o_ og_bree... ] B List_of_dog_breeds.tt 82 [ | etectable orgmuc onger gmo .
g'bb[e-““Sh - gg [ — Nibble bt 82 £ The characteristics and behavior of these
N:L“:::a ; EpNer... = — = German_Shepherd_Dog...| 62 [ | == two types of scent trail would seem , after
Labrador_Retiev..| 62 [] A E Nahum.td 62 [] i some thought , to be quite different , the ail
Pit_bulltt 62 [ = ;ib:‘fﬂ'—t':‘e"'e"e"“" gg L &= scent being intermittent but perhaps less
American_Kennel.| 61| [] £ = obscured by competing scents , whereas
Keeshond.tit 61 [ i American_Kennel_Club.txt 61| [] .
Service_dog.txt 61 [ | Keeshond.txt 81 [ the ground scent would be relatively
Galgo_Espabizol.| 61 [ = — bt &1 [ & permanent with respect to careful and
Euve-lsz.;xt - g} (] Instances of Obarkuzel 61] [ E repetitive search by the dog , but would

uarterback. ] = mrroeo_Dog_breeds... 1 [ = seemn to be much more contaminated with
Emperor_Suizei.tet 60 [ = Kuvasz. txt 61 [ = other scents
[Abettor.tet 60 [] = Quarterback. bt 61| [] —| C )
Marea.tut 60| [ VvV = Emperor_Suizeitd 80 [ Inany event , it is established by those wh
Nepeta.tat 60| [] — Marea.tet 80 [ = train tracking dogs that it is impassible to
ggg;s';;-ks?::m gg - Nepeta. tit 80 [ teach the dog how to track any better than
ItaIianﬁGreyHoun... 80 [ Uffensivg_leam.lxl &0 ; it does naturally ;
Kooikerhondje. tt 60 [] Pw_ﬂelpomter.txt 60 L the object instead is to motivate it properly
| aelans b g0 [ Italian_Greyhound.txt 60 [] P s .

Figure 3.4: On the left, he vertical grayscale bar shows in-depth analysis of ODog.Rtwhich is
generated when the user selects the document in the list of results. The image on the right shows the Ul
after the user has clicked on the overviear. The text corresponding with the selected section of the

document is shown, and words semantically related tqukey are highlighted

Using the overview bar, the user can quickly locate the most relevant places within the
document. Clicking ora section of the overview bar will display the corresponding
section of the document.

If the user finds a document that is a particularly meaningful, the document may be added
directly to the search so that similar documents can be found. Furtherneoteser can

create named groups of documents that represent a particular concept. The groups can be
used during search (possibly to find new documents to be added to the category), or
simply for reference in the future. Future implementations may allowsé&eto specify a
category as Oautomatically updatedO, in which case the application would comparing new
documents to the existing categories, and automatically add documents that have a high
enough similarity with the existing documents in the category.
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4. Applications

In the short term, the algorithm is being used to semantically organize unstructured
textual data (e.g. blogs, news feeds, customer comments, email). This allows a user to
investigate how certain words and concepts are related to eashfatta given corpus

and to search/browse not only by keywords, but also by the semantic concepts that are
contained within the data. Another shtetm application is document
clustering/classification, which can be accomplished by a second executitre of
Stingray algorithm. Once each of the words in a given corpus of documents has been
disambiguated, a feature vector that contains the probability that the given document will
contain a given sense (semantic concept) can be constructed. After docusmengt fe
vectors have been computeSitingray can be performed on the document/semantic
concept space. This approach has the advantage of enabling a single document to fall into
more than one class/cluster. Although these dlom applications do not reqairthe

PoS induction capabilities of th®tingray algorithm, including this information most

likely increase the performance of the algorithm.

For systems with a continually growing corpus, automatic document categorization based
on examples given by theser could be implemented. This would allow users to filter
out documents irrelevant to their interests, or find new documents in a particular area of
interest. In addition, a secondary index could be created based on an automatically
generated subset tife original corpus in order to provide a detailed analysis.

In the long term, the algorithmill be used to generate summaries of documents or topics
found across multiple documents or as part of questmkanswer systems. These
applications would hg to incorporate not only the semantic lexical knowledge
organization provided b$tingray but also natural language generation and hitghves
relationships betweetoncepts The semantic organization of the concepts contained in a
particular corpus agenerated bystingray can currently be used to identify potential
locations in a corpus where an answer to a particular question can be found, but the utility
would be greatly enhanced if the relationships between entities within and across
sentences codlbe extracted.

Finally, there is reason to believe that the word sense discovery capabilities of the
Stingray algorithm are completely language independent. It is possible, but less likely,
that the same PoS features can be used across all langubgesamguages might have
features similar to those used in English that could be used for PoS induction. If the
Stingray algorithm is language independent a bridge may be found (e.g., a translation
dictionary) that would relate the PoS and, more impostatitt semantic concepts across
multiple languages, allowing cresegual knowledge extraction for document
summarization, question and answering systems, and information retrieval.



