Alex Gruenstein

CS224N

Spring 2001

Final Project

Learning Hyperny ms fro m Corpora

Abstract

Building on previous work bySharon Caraballo and Marti A. Hearst, I describe an al gorithm which extracts hypern ym relations among nouns extracted from parsed corp ora. Specificall y, I i nvestigate how automaticall yacquiring more h ypernym dat a can be used to increase the accurac yof such a s yst em.

Introduction

A word w is said to be a hypern ym of another word v if the sentence ^ v is a (kind of) w ~ is true. For instance, tool is a hypern ym for hammer since most people would agree that a hammer is indeed a t ype of tool. A fai r amount of effort has alread ybeen put into creating databases of words and their h ypern yms. Wordnet (Fellbaum, 1998), for example, allows for the lookup of all hypern yms for a word (in fact, it is more specifi c than this, in that one can actuall ylook up hypern yms for specific senses of a given word).

Wordnet has proved to be a useful resource ˘ however, expanding Wordnet to include new w ords (and t heir hypern ym relationships) takes a large amount of human effort. Moreover, it is unrealistic to expect that Wordnet should contain h ypern ym relationships for speci alized, domain - specific voca bularies. As Riloff and Shepherd point out, ^Man yd omains are characterized b ytheir own sublanguage containing terms a nd jargon specific to the fiel d ~ (1997).

Such information, however, is often extremel yuseful for natural language processing tasks. Natural language processing t asks are often limited to spec ific domains. Moreover, ont ologies describing items in these domains must often be hand - craft ed so that natural language underst anding can occur. 1 Extracting h ypernym - hypon ym relationships automaticall yfor specific domains could often expedite the proce ss of creating natural - language tools for those domains.

In m yproj ect, I build a noun hierarch yvia bottom up clustering of nouns that appear as heads of noun phrases in T he Wall Street Journal . Imake use of the parsed and tagged corpus of The Wall Stre et Journal in the Penn Treebank. I then attempt to assign appropriate h ypern yms t o each cluster, again based on data obtained from The Wall Street

Journal . Myproj ect is built, more or less, on top of the work of Sharon A . Caraballo

(Caraballo 1999) . I first creat e a basel ine s ystem modeled after the one she describes.

Next, Iattempt to improve upon her s ystem b yextracting more h ypern ym data from the corpus and putting it to better use. Finall y, I com pare the baseline s ystem modeled after hers with the final s ystem Iarrive at after attempting to make improvements Idescribe below.

1 A specializ ed do main I amespeciallyinterested in, and one which motivated me to work o n this project in the first place, is the newly emerging do main of conversatio ns with autono mous robots. I am a member of a teamat Stanford´s Center fo r the Stud y of Language an d Infor mation which is creating spoken - language dialogue systems which facilitate human co mmanding of autono mous robots. Our goal at the WIT AS project is to create a multi - mo dal interface for commanding an unmanned aerial vehicle. In order to do this, we h ave to build a specialized ontologyso that the systemcan ^understand~ the do main in q uestio n.

One part of this involves coding such specialized facts that a ^Yamaha~ and a ^Scandicraft~ are both types of helicopters ˘ a hypernym - hy po nym relatio nship. In order to help facilitate the auto matic constructio n of similar dialogue systems in the future, we wo uld like to auto mate the creation of ontolo gies with facts like this as much as possible. Being able to extract hyper nym - hyponymrelationships fro mtran scripts of real conversatio ns in a do main wo uld facilitate one step in this complex process.

I. Baseline

For a jumping - off point, I use the technique described bySharon Caraballo with some of m yown tweaks. The al gorithm works as follows. First, we cluster nouns that appe ar in the t ext using a bottom - up hierarchical clustering technique. After such clustering, we end up with a binar ytree, with nouns at the leaves. Next, we assign the best hypern yms that we can to each internal node i n the tree. Finall y, we compress the tree: we do awa ywith the artificial restriction that it be a binar ytree and tryto give it more meaningful internal nodes ˘ each internal node will contain the (up to) three best hypern yms for the nouns appearing as leaves in the subtree for which it is the root.

I will describe this baseli ne system first , as well as the previous work whi ch motivates building a s yst em to extract hypern ym - hypon ym relationships in this way. In the next section, Iwill discuss the specific improvements I made to the s yst em.

Step 1: Extracting noun co - occurrence data

In order to assi gn a h ypernym to a group of nouns, we first need an al gorithm for clustering nouns into groups. We want to creat e clusters of nouns that all belong to the same categor yso that we can than assi gn h ypern yms for each categor ybased on data we will collect on known hypern yms for some percentage of the nouns in that categor y. If a noun is a hypern ym for a large portion of the nouns in the group, then the chances should be good that it is a hypernym for the entire group. Wi th this goal is mind, we aim to find an al gorithm that will categorize the nouns in such a wa ythat making such hypern ym assignments will be valid.

Riloff and Sheperd (1997) and then Roark and Charniak (1998) assert that words often appear in the cont ext of other words in the same cat egor y. Riloff and Shepherd bring to light the examples of conjunctions, lists, appositives, and nominal compounds.

The assertion is that nouns which appear together in conjunctions, lists, appositives, and nominal compounds often belong to the sam e cat egor y. B yfinding nouns t hat appear with the same sorts of other nouns in conjunctions, lists, appositives, and nominal compounds, and then grouping them together, one can hope to creat e semanticall yvalid groups of nouns. Th at is, one hopes to create groups of nouns which are similar enough in meaning that known hypern yms for some of the words can be generalized to all of the words in a cluster.

For m ybaseline s ys tem, I follow the lead of C araba llo and extract the head noun s that appear in conjunctions (for example, ^the horse and the cow~) and appositives (for example, ^the cow, a spotted animal~) from the parsed and tagged Wall Street Journal corpus in the Penn Treebank (Marcus, et al 1993). When the head noun phrase is a noun compound (like ^Alex Gruenstein~), I consider each word from the phrase as a distinct noun. So, for example, a conjunction of multi - word proper names like ^Hong Kong and

Taiwan~ would be stripped down to the individual nouns ^Hong,~ ^Kong,~ and

^Ta iwan.~ (One possible improvement to such a system would be to recognize instances of compound nouns like ^Hong Kong~ and leave them together, while still stripping apart compound noun phrases that ought to be separat ed). Each noun is stemmed using a

Port er Stemmer (thanks t o Fotis Lazarinis for his Java implementation of the stemmer I found at http://www.dcs.gla.ac.uk/idom/ir_resources/linguistic_utils/porter.java ).

I implemented the al gorit hm for pulling out such nodes in java ˘ tgrep proved not to be quite powerful enough to pull out ever ycase of what I wanted. I used ANTLR to crea t e a parser/lexer to read in the tree structure of the parsed/tagged data and then custom java rules to examine these trees. M yalgorithm extracted 11,533 distinct (after stemming) head nouns.

I then applied a frequencythreshold, and created a co - occurr ence vector for onl y those nouns that appeared at least twice in the corpus. There were 5,016 such distinct nouns. Each entr yin the co - occurrence vector corresponded to the number of times that noun was seen in an appositive or conjunction with another head noun (which might itself have frequenc yless than two) in the corpus.

Step 2: Bottom - up hierarchical clustering

The al gorithm next performs bottom - up hierarchical clustering on the nouns, as described, for example, in chapter 14 of Manning and Shütz e. The measure of similarit y used was cosine. So the similarit ybetween two vectors is defined as such (see Manning and Shütze or Caraballo):

w v

w v w v w v

·

= = ) , cos( ) , ( sim

In order to do bottom - up hierarchical clustering we must first put each noun in its own node. We then creat e a list of all such nodes ˘ call this list the nodeList . We then calculate the similarit ybetween ever ytwo nodes in the nodeList and cluster together the two most similar nodes byjoining them under a common parent. The two nodes t hat are clustered together are removed from the nodeList , while the newl ycreated parent node is added to the nodeList . This process continues unt il we have a single node (the root of the binaryt ree) in the nodeList . At this point, we stop.

In order to cluster nodes which don´t themselves contain nouns, we must define a measure of similarit ythat will include such nodes. We define each such a node in terms of its leaves ˘ we sa ythat the cluster defined b ya node consists of all the leaves under that nod e in the tree. We then calculate the similarit ybetween two such nodes by defining it to be the average of the similarit yof each noun in one group to each noun in the other group. Specifi call y, as defined in ( Caraballo 1999) , we calculate t he similarit y betwee n two such groups as:

) ( ) (

) cos(

) , (

B size A size

B A sim B A

å

Î Î = w, v

w v, where size(A) is the number of leaves under the node A and size(B) is the number of leaves under B.

When actuall yimplementing the s ystem, however, we can calcul ate the si milarit y between two nodes more effici entl yb yusing the propert ythat that if we combine two nodes A and B under a new node C, we can calcul ate the similarit ybetween C and an y other node i like so (again, the notation is borrowed from Caraballo, and t he ideas come both from her and Manning a nd Shütze):

) ( ) (

) ( ) , ( ) ( ) , (

) , (

B size A size

B size i B sim A size i A sim i C sim

+

+

=

I designed the clustering algorithm in Java. Using multi - threading techniques, I was able to do a large portion of the calcul ation in parallel. Running on Stanford´s junior machine, I was able to do the clustering r elativel yquickl y, even using an inherentl yslow language like Java. junior ´s large amount of a memoryand large number of processors meant that all the data could be kept at once in memoryand that, via multi - threading, a few hours worth of cpu work coul d be done in just a few minutes (so long as junior wasn´t too busydoing work for other people).

Step 3: Extracting hypernym data

Hearst (1992) discusses t echniques for automaticall yfinding h ypern ym relationships among nouns in English - language corpor a. Hearst makes the definition that an item w

2

is a hypern ym for an item w

1

if native speakers of English will accept the sentence ^A w

1

is a (kind of) w

2

~ (and, in turn, w

1

is a hypon ym for w

2

). Hearst suggests several patterns t hat appear in English that impl yhypern ym relationships among words.

B ylooking for the patterns that Hearst describes, we should be able to al gorithmicall y discover h ypern ym relati onships between nouns t hat appear in our corpus.

For the baseline s ys tem, I followed Caraballo´s work and focused exclusivel yon conjunctions and disjunctions of noun phrases. Specificall y, the algorithm looks for phrases in the text of the form ` NP {, NP}* {,} {or | and} other NP ´ (corresponding to

Hearst´s patterns numbe red 3 and 4). So, for example, when we find a noun phrase like

^hammers, drills, {and | or } other tools,~ we conclude that tool is a hypernym for both hammer and drill .

As in m yprevious corpus search, I desi gned a Java program that traversed The

Wall Street Journal corpus in the Penn Treebank. It looked for noun phrases that matched this pattern, and then pulled out the head of each child noun phrase. Each hyponym that was identified was stemmed so that it would match the previ ous data.

However, ea ch hyperym was not stemmed. This breaks a bit from the syst em Caraballo describes ˘ in her s yst em, she stems all of the nouns discovered in the search. However, f ew of the h ypern yms appear as multiple forms of the same stem, since in t he constructions in question hypern yms most often appear as plurals. More over, the entire compound noun phrase i s sometimes much more specific; consider ^show business people,~ for example, in comparison to just ^people.~ In consideration of t hese factors, I did not stem the hypern yms identified in the search.

Using the technique just described, m yJava program identif ied 209 distinct candidate h ypern yms. It identified 504 words as appearing with at least one of these hypern yms.

Step 4: Assigning hypernyms to the internal nodes of the tree

In this next step, we attempt to find the best possible hypern ym for each in ternal node of the tree. Recall that each internal node in the tree defines a unique cluster of nouns ˘ specificall y, the group of all nouns that appear as the leaves of the tree rooted at that internal node. Since the nouns in each cluster are supposed to be semanticall y related, the hope is that if manyof the nouns share a hypern ym in common, this hypern ym should correct l ydescribe the entire cluster.

In following this logi c (and Caraballo 1999 ), we start bycreating a h ypernym vector for each node in t he t ree. Each slot in the vector corresponds to one of the distinct hypern yms we pulled out in the previous step. For ever yleaf in the tree, we iterate over each slot in the vector and put a 1 in it if the hypernym in this slot appeared as a hypern ym for the word i n quest ion, or a 0 if it did not occur as a h ypern ym for the word in question. The hypernym vectors for each internal node is then defined t o be the sum of its children´s vectors.

To choose the best h ypernym for each group of nouns defined b yeach internal node , we simpl ychoose t he hypern ym correspondi ng to the slot in the hypernym vector with the largest number. In other words, the best hypern ym for a cluster of nouns is simpl ythe h ypern ym that appeared in the text in a hypern ym relationship with the most number of nouns in that cluster.

To account for times when good h ypern yms might alternate (as in the example of

^countr y~ and ^nation~ given in (Caraballo 1999) ) or when a single h ypernym might not be adequate in describing all of the nouns below it, we also label eac h internal node with the second and third best hypern yms (if there are any) for that node. To choose the second and third best h ypern yms, we again just choose the words with the second and third largest counts in the hypern ym vector for a gi ven node.

Aft er this process, each internal node is label ed with 0, 1, 2, or 3 best hypernyms describing the cluster of nouns defined b ythat node. A node is labeled with 0 hypern yms when its hypern ym vector consists entirel yof zeros.

At the end of this step, we hav e a tree whose root i s labeled with the three hypern yms: areas , products , and investors .

Step 5: Compressing the tree, or Bye Bye Binary

The tree that comes out of the bottom - up clustering is necessaril ybinar y.

However, this fact doesn´t accuratel yref lect the fact that nouns can be classified in groups of arbitrar ysize; there is no reason to assume that theyshould be cl ustered in a binarywa y. Before assigning the h ypern yms to each internal node, we might have found it difficult to cut up the tree i nto separate clusters ˘ we had no criterion for removing internal nodes. However, a fter assigning the (up t o) three best hypern yms to each internal node , we now have a strai ghtforward wa yto eliminate redundant internal nodes.

As in ( Caraballo 1999) , we do a depth - first search of the tree. When we come across an internal node, we examine each of its children in t urn. If the child is also an internal node and it has the same (up to) three best hypern yms as the parent, or the child has no hypern yms, we remove t he child f rom the tree and attach its children directl yto its parent node.

Using this method, we reduce the redundanc yof having a node´s children all labeled with the same h ypern yms as the node itsel f. Moreover, since the root of our tree is labeled, ever yinter nal node in the tree is now guaranteed to be label ed, meaning that we no longer have an yunlabeled nodes.

Baseline results:

The final tree created b ythe algorithm described above has 29 internal nodes and a depth of 12. The three best hypern yms of the root are areas , products, investors . When we keep in mind that the data f or this studyis taken from The Wall Street Journal corpus, this assignment of h ypernyms for the root node seems more reasonable. The children, grand - children, and great - grand - c hildren internal nodes of the root appear i n Table 1 below. .

Hypernymns Nouns in cluster areas 5 problems 429 show business people / establishments 57

Æ show business people 34

Æ establishments 23

areas / investors countries 3682

Æ investors / areas / institutions 3486

Æ Æ areas / investors / issues 2125

Æ Æ officers /creditors /committee members 1361

Æ countries / u.s. possessions / nations 102

Æ Æ u.s. possessions 38

Æ Æ countries / nations 25

Table 1: Child, grand - child, and great - grand - chil d internal nodes of the root for the

baseline System

II. I mprovements

The system described above is ver ysimilar to the one described in (Caraballo

1999) , with a few exceptions noted above . It uses less data than her s ystem, since her

system uses The Wall Street Journal as well as some data acquired via an automatic

parser. As such, m yfinal tree is smaller than the one she produces . Moreover, since less

data is used, we will see that it is a bit less accurate than h er s ystem.

In the context of these facts, Ifelt it prudent to tr y to look at the relative

improvement that various tweaks could have on the system , rather than comparing m y

system directlyto hers . Using the s ystem developed above as a baseline standard, I

experimented with wa ys of improving upon it in the c ontext of the corpus data it in fact

used. Specificall y, I targeted both the relative amount of hypern ym data collected from

the corpus and the wa yin which this data was used in building the noun hierarch y.

Collecting more hypern ym data

In pursuit of using h ypernym data to improve the accurac yof the resulting tree, I

first looked at wa ys of extracting more relevant data from the corpus. In her paper,

Carabal lo considers phrases of the form ` NP {, N P}* {,} {or | and} other NP .´ Hearst,

however, identifies several other lexico - syntactic patterns which can be used to extract

hypern yms from text corpora. In order to acquire more hypern ym data from the corpus, I

expanded myJava parser to look for more of the patterns identified in Hearst.

Specificall y, myimproved parser targeted the following patterns identified by

Hearst as indicative of h ypern ym/h ypon ym relationships:

· NP such as { NP , } * and NP

o e.g. ^tools suc h as hammers, drills, and pliers~

· NP such as { NP , } * or NP

o e.g. ^tools such as hammers, drills, or pliers~

· such NP as { NP, }* and NP

o e.g. ^such tools as hammers, drills, and pliers~

· such NP as { NP, }* or NP

o e.g. ^such tools as hammers, drills, or pliers~

· NP {, NP}* {,} and other NP

o e.g. ^hammers, drills, pliers and other tools~

· NP {, NP}* {,} or other NP

o e.g. ^hammers, drills, pliers, or other tools~

· NP {,} including { NP, }* and NP

o e.g. ^tools, including hammers, drills, and pliers~

· NP {,} including { NP, }* and NP

o e.g. ^tools, including hammers, drills, or pliers~

In the examples above, the head noun tool would be identified b ythe parser as a

hypern ym for each of the head nouns hammer , drill , and pliers .

The improved parser extracted 504 unique h ypernym nouns from the exact same

Wall Street Journal corpus compared with the 209 unique hypern ym nouns extracted by

the baseline parser. This is a 241% increase in the number of unique h ypernyms

extracted. Moreover, it identified 1,625 nouns as hypon yms for these un ique hypern yms,

compared with 504 discovered b ythe baseline s ystem. This is a 322% increase.

Such a dramatic increase in the number of h ypern yms and words appearing as

hypon yms for those h ypernyms means that was have a dramatic increase in the amount of

data we can use when labeling the internal nodes of the trees with the best hypern yms

available and in compressing the tree. Using the al gorithm described above with this

improved hypern ym data leads to what appears to be a much richer tree than the one

produced b ythe baseline system . The greater number of h ypern yms allows the algorithm

to draw finer distinctions when it is cutting up the tree in the compression stage. The

resulting tree has a depth of 15, and 101 labeled internal nodes (compared with 12 and 29 respectivel yin the baseline tree). The root of the tree is labeled with products , areas , and

markets as the three best hypern yms. The increase in depth and number of internal nodes

certainl yseems indicative that at the ver yleast finer distinctions are being drawn in the

clustering ˘ we definitivelyend up with more clusters than we did before. Before

comparing mys ystem to the baseline s ystem, I made one additional improvement.

Improving clustering: getting even more out of hypernym data

As a result of the previous improvement, the sy stem is now armed with much

more data about nouns and appropriate h ypern yms for these nouns. It seemed prudent to

put this data to work at an earlier stage in processing: clustering. In the baseline system,

the clustering of the nouns is based purel yon co - occurrence statistics between head

nouns appearing in appositives and conjunctions together. The idea behind using this

data for clustering is that nouns that appear together often in conjunctions and appositives

are semanticallyrelated. B yclusterin g them together and then looking at the known

hypern yms of words in the groups, we can hope to label nouns that have no hypern ym

data from the corpus with appropriate h ypern yms because of their similarityto other

words for which we have data .

Since mys ystem is designed specificallyto assign hyper ynms to clusters of

words, I felt that a natu ral extension to the clustering stage of the s ystem would be to

incorporate the h ypern ym data itself in the clustering stage. Rather than just using the

hypern ym vectors we created for the nouns in the tree in Step 4 (above) for assigning

hypern yms to alr ead yformed clusters, mys ystem also put this hypern ym data to use in

the clustering algorithm itself. The rationale behind this move is that each cluster is supposed to represent nouns that share a h ypern ym ˘ so nouns we know a priori share a

hypern ym, s hould have a higher probabilityof being clustered together.

The question, then, is: how exactlyshould the h ypern ym data be incorporated into

the clustering stage of the algorithm? Ichose the following straightforward approach.

First, Collect the hyp ern ym data from the corpus and then assign the h ypernym vectors to

each noun, as we did in Step 4 (above). Next, we simplyappend these vectors to the co -

occurrence vectors we previouslyused exclusivelyin clustering. Finall y, we cluster in

exactlythe same hierarchical, bottom - up fashion as except we use the cosine of our new,

merged vectors as our similaritymeasure. Using this technique, we now favor clustering

together nouns which appear with the same h ypernyms. M yhope was that these nouns

w ould cluster together first (since the ywould be clustered together before other similar

nouns which had no h ypernym data), and then nouns for which there was no hypern ym

data in the corpus would be added into these clusters based on their similarities to the

words which alread yare known to share h ypern yms.

The resulting tree has a depth of 18, with 109 labeled internal nodes. The root

node is labeled with the three best h ypern yms of produc ts , areas , and markets . The

children, grand - children, and great - grand - children internal nodes of th e root ca n be found

in table 2.

Hypernymns Nouns in cluster

products / markets / companies 4887

Æ products / companies / countries 4866

Æ Æ fields 24

Æ Æ disasters 24

Æ Æ activities 75

Æ Æ construction trade 36

Æ Æ programs / problems / instruments 418

Æ Æ show business people / establishments 42

Æ Æ goods / toyline 41

Æ Æ countries / companies / markets 3809

Æ Æ products / estate / items 173

ar eas / provinces 6

Æ areas 5

Table 2: Child, grand - child, and great - grand - child internal nodes of the root for my

final system

III. Evaluation ( a n d C o n c l u s i o n )

There are a couple of factors which ought to be considered in evaluating myfinal

version of the s ystem against t he baseline system. First, the depth of the tree and the

number of internal nodes is an important objective consideration. A greater depth and

more internal nodes mean that the system is creating more clusters and drawing finer

distinctions between the c lusters. More clusters can be a good thing because it can result

in greate r specificit yof the hypern yms in its cluster. We could build a trivial system that

extracted all nouns out of a corpus, put them in a single cluster, and labeled that cluster

with the hypern ym ^thing.~ Such a s ystem would have an accurac yof 100% (or ver y

close to 100%), however it would not prove ver yuseful.

The goal of our s ystem ought to be to find the most specific h ypern ym for each

cluster ˘ that is, the hypernym which is no t a hypernym for an yother noun which is a

hypern ym for the same cluster. For example, thing is not the most specific hypern ym for

{ hammer , pliers , screwdriver } because at least one more specific h ypern ym exists:

tools , since thing is a hypern ym for tools , which in turn is a hypern ym for { hammers,

pliers, screwdriver }. Byalwa ys choosing the most spec ific h ypern ym for a group of

nouns, we could hope to build a more coherent tree ˘ one where the ancestors of internal

nodes could themselves be hypern yms for the h ypern yms labeling the internal nodes.

This propert yemerges somewhat from the s ystem develop ed here, but could more fully

emerge with even more hypern ym data and research into wa ys of using h ypern yms of

hypern yms data to form the tree.

One indirect indication of such specificityis the number of internal nodes in the

tree (as well as the number of h ypern yms actuall yidentified in the corpus). For the most

part, more internal nodes should indicate that the system is finding more specific

hypern yms for clusters of nouns. A greater depth of the tree should also be indication of

this. Table 3 show s these statistics for the s ystem, as it was improved over time. Itake

the final system´s greater number of internal nodes and depth as an indication of an

impro vement over t he baseline system, though I can ´t be absolutel ycertain that these

numbers are an indication that the system is actuallyoutputting more useful data.

System Number of Internal

Nodes

Depth

Baseline 29 12

More H ypern ym Data 101 15

More H ypern ym Data & Hypern ym Data Used in

Clustering

109 18

Table 3: Comparison of the structure of the tree created by the system as it progressed

from baseline to its final version

In following ( Caraballo 1992) , I thought it also important to tryto rate the

accurac yof the s ystem. In order to collect similar statistics to Caraballo, Icompared the

tree structure created b ythe baseline s ystem to that created b ym yfinal system byasking

human judges to rate the accurac yof the two s ystems. T he three human judges were

unde rgraduate students majoring in H uman Bi ology, C hemical E ngineering, and

C omputer S cience respectively. None of them have studied much linguistics, and none

of them have studied computational linguistics. Theyknew ver ylitt le about myproject,

and were not told exactly whythe ywere being asked to make these judgments. T hey

were not told which set of clusters was from m yfinal system and which was from the

baseline s ystem.

For each s ystem, I randomlyselected 10 internal no des which were parents to at

least 20 nouns. From each of these internal nodes, Ichose 20 of their children nouns at

random as well as 5 ^noise~ nouns taken randomlyfrom elsewhere in the tree. The three

judges then judged whether each of the 25 words ( 20 actual children and 5 noise nouns)

was a h ypon ym of an yor all of the (up to) 3 best hypern yms used to label the internal

node. The 5 noise nouns in each group were inserted to ensure that the judges were being

fair. Ver yfew of them were ever chosen b ythe judges, and in the few cases theywere

actuall ychosen, the yusuallydid appear to actuallybe valid hypon yms which had come

in from other branches on the tree clustered under the same (or a similar) hypern ym label.

The results of the judges ratings for 10 random internal nodes chosen from both the

baseline s ystem and m yfinal system appear in tables 4 and 5 below.

Baseline System

Best Hypernym Any Hypernym

Three best hypernyms

majority of

judges any

judge majority of

judges any

judge

issues /air - freight

companies

1 6 4 7

areas / issues / companies 4 7 5 12

problems 4 12 4 12

areas / issues /purp oses 2 3 5 8

matters 5 13 5 13

areas 4 5 4 5

issues 1 2 1 2

show - business - people 0 0 0 0

establishments 2 3 2 3

issues / companies /

defendents

1 6 2 7

AVERAGE 2.4

(12.0%)

5.7

(28.5%)

3.2

(16%)

6.9

(34.5%)

Table 4: Judges´ evaluation of baseline system

My System

Best Hypernym Any Hypernym

Three Best Hypernyms

majority of

judges any

judge majority of

judges any

judge

instruments / variables /

securities

3 4 3 11

instruments / goodies /

variables

3 8 5 13

construction trade 0 2 0 2

disaste rs 3 5 3 5

activities 5 7 5 7

instruments 1 4 1 4

goodies 3 9 3 9

programs / reforms 0 4 0 7

fields 2 14 2 14

instruments / securities /

alternatives

0 5 5 9

AVERAGE 2

(10.0%)

6.2

(31.0%)

2.7

(13.5%)

8.1

(40.5%)

Table 5: Judges´ evaluation of my final system

The numbers under the ^Best H ypern ym~ section indicate the number of

hypern ym - h ypon ym pairs rated either b ya majorityof the judges or an yof the judges to

be valid in each categor y, where the h ypern ym in question is onlythe best hypern y m

chosen b ythe s ystem for that cluster. The ^An yHypern ym~ section indicates the number

of hypern ym - h ypon ym pairs rated either b ya majorityof the judges or an y of the judges

to be valid in each category, where the h ypern ym in question is anyone of the (up to)

three best h ypern yms assigned to the cluster b ythe system.

The data indicates that the baseline s ystem actuallyperformed better when we

consider pairs picked onlyb ya majorityof the judges, whereas m yfinal s ystem performs

better when we co nsider pairs picked b yan yof the judges.

We must look at these results in the context of thetrees created b ythe two

systems. I argue that even though the accurac yof the two systems are relativelysimilar,

the fact that m yfinal s ystem creates more cl usters and assigns more labels, while

maintaining about the same accurac y, means that it is actuallyimproved. On looking

over the trees compared bythe two s ystems, it seems to generall ybe the case that the

baseline s ystem assigns more general labels to each node than does m ys ystem. It´s

difficult to quantifythis, but if we assume it is true, then even though m ysystem is not

much more accurate than the baseline s ystem, the fact that it manages to maintain the

same accurac ywhile creating more cluster s makes it arguablymore useful.

Myconclusion, then, is that gathering more h ypernym data and using this data for

clustering, arguabl ymakes for a better tree.

IV. Other Pa ths

I conclude with a brief discussion of other paths I went down in working on the

s ystem that didn´t make it into the final system.

One attempt I made at improving accurac ywas in the stage w h ere the tree was

compressed. I considered using some additional information in deciding when to delete

internal nodes, merging their children with their parent´s children. Specifically, I wanted

to use additional information to decide when a h ypern ym qualified as one of the three

best hypern yms for a cluster. In addition to a h ypern ym having to have one of the three

highest counts for in the hyper n ym vector for that node, I stipulated that one of the

following two conditions must be met:

1. The number of words in the cluster for which this candidate appeared as a

hypern ym must be at least a certain percentage of the total number of words in

the entire tree for which this candidate appeared as a hypern ym

or

2. The candidate h ypern ym must have occurred for at least a certain percentage

of the nouns in the cluster.

I felt that condition 1 was necessar ybecause it wouldn´t be fair to rule out a candidate

hype rn ym just because it didn´t appear with a high percentage of the words in the cluster,

if all of the words which we knew were valid h yponyms appeared in the cluster.

Condition 2 was requisite because it wouldn´t be fair to rule out a candidate hypern ym

fo r a cluster if a high percentage of words in the cluster were known to be valid

hypon yms.

Experimenting with these conditions proved difficult. Itried various

combinations of parameters for the two percentages, but the trees the yproduced would

either b e radicall ydifferent from one another or nearlyidentical. I didn´t want to have to

call in human judges to rate thousands upon thousands of relationships in order to rate the

accurac yof each different tree. A stud ywith more time and human judges woul d be

useful, however, in determining how these 2 conditions could be used to improve

performance. Various combinations did seem to improve performance, but rather than

involving too manyvariables in myfinal evaluation, Ifelt it better to leave these cr iteria

out of the final system.

V. Previous Work

As discussed throughout the paper, I modeled m ybaseline s ystem on the work of

(Caraballo 1999). (Roark and Charniak 1998 ) focus on noun - phrase co - occurrence

statistics in order to automaticallybuild semantic lexicons. Specifically, they use the

same sort of noun - phrase constructions focused on here in order to cluster words

semantically. ( H e a r s t 1 9 9 2 ) i d e n t i f i e s n o u n - p h r a s e s t r u c t u r e s w h i c h a r e i n d i c a t i v e o f

h y p e r n y m s i n t e x t c o r p o r a .

VI. A c k n o w l e d g e m e n t s

T h a n k y o u t o A n n a L i e s s , L i z z i e H a m m e r m a n , a n d A d a m S i m p k i n s f o r a c t i n g a s

m y h u m a n j u d g e s

Submitted Archiv e Description

The major components of the system are in Similarity.java . This module does all

the clustering, h ypern ym assigning, and compressing. The extraction of the hypern yms

and noun phrase data is d one byExtract.java, ExtractHead.java, and

ExtractHypern yms.java. In order to use these modules, you must install ANTLR.

I have included the output tree from the final version of the system in the archive,

as well as the h ypern yms extracted from the text bythe final version of the system. To

view it, compil e Similarity.java and then run:

Similar ity view tree.out hypernyms.txt

The tree will come up in a new window. Please use jdk1.2 or greater for compiling and

running in java. The s ystem should wor k fine on anysweet - hall U ix machine.

References

Biess, Ann, et al (1995). Bracketing Guidelines for Treebank II St yle Penn Treebank

Project. Technical Report, Universityof Penns ylvania.

Caraballo, Sharon A. (1999). Automatic Construction of a H ypern ym - Labeled Noun

Hierarch yfrom Text. In 37th Annual Meeting of the Association for

Computational Linguistics: Proceedings of the Conference , pages 120 - 126.

Hearst, Marti A. (1992). Automatic Acquisition of Hypon yms from Large Text Corpora.

In Proceedings of the Fourteenth International Conference on Computational

Linguistics.

Manning, Christopher D. and Hinrich Sch ütze (1999). Foundations of Statistical Natural

Language Processing . Cambridge, MA: MIT Press.

Riloff, Ellen and Jessica Shepher d (1997). A Corpus - Based Approach for Building

Semantic Lexicons. In Proceedings of the Second Conference on Emperical

Methods in Natural Language Processing .

Roark, Brian and Eugene Charniak (1998). Noun - Phrase Co - Occurrence Statistics for

Semi - Auto matica Semantic Lexicon Construction. In COLING - ACL ´98: 36 th

Annual Meeting of the Association for Computational Linguistics and 17 th

International Conference on Computational Linguistics: Proceedings of the

Conference, pages 1110 - 1116.