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Abstract

We propcse an algorithm to automaticdly induce
the morphdogy of infledional languages using only
text corpora and no human input. Our agorithm
combines cues from orthography, semantics, and
syntadic distributions to induce morphdogica
relationshipsin German, Dutch, and English. Using
CELEX asagold standard for evaluation, we show
our agorithm to be an improvement over any
knowledge-free dgorithm yet proposed.

1 I ntroduction

Many NL P tasks, such as buil ding madine-readable
dictionaries, are dependent on the results of
morphdogicd analysis. While morphdogicd
analyzers have existed sincethe ealy 196Gs, current
algorithms require human labor to buld rules for
morphdogicd structure. In an attempt to avoid this
labor-intensive process recent work has focused on
madhine-leaning  approaches to  induwce
morphdogicd structure using large corpora.

In this paper, we propcse a knowledge-free
algorithm to automaticdly induce the morphdogy
structures of a language. Our agorithm takes as
inpu alarge mrpusand poduces as ouput a set of
corflation sets indicating the various infleded and
derived formsfor ead word in the language. Asan
example, the mnflation set of the word “abuse”
would contain “abuse”, “abused’, “abuses’,
“abusive”, “abusively”, and so forth. Our algorithm
extends ealier approachesto morphdogy induction
by combining various induced information sources:
the semantic relatednessof the dfixed forms using
a Latent Semantic Analysis approach to corpus-
based semantics (Schore and Jurafsky, 2000, affix
frequency, syntadic context, and transitive dosure.
Using the hand-labeled CELEX lexicon (Baayen, et
al., 1993 asour gold standard, the airrent version
of ow agorithm achieves an F-score of 88.1% on
the task of identifying conflation sets in English,
outperforming ealier algorithms. Our algorithmis
also applied to German and Dutch and evaluated on
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itsability tofind prefixes, suffixes, and circumfixes
in these languages. To ou knowledge, this rves
as the first evaluation d complete regular
morphdogicd indwction d German o Dutch
(athough reseachers auch as Nakisa and Hahn
(1996 have evaluated induction algorithms on
morphdogicd sub-problemsin German).

2 Previous Approaches

Previous morphdogy induction approaches have
fallen into three céegories. These cdegories differ
depending onwhether human inpu is provided and
onwhether the goal isto obtain affixes or complete
morphdogicd anaysis. We here briefly describe
work in ead caegory.

2.1 UsingaKnowledge Sourceto Bootstrap

Some reseachers begin with some initial human-
labeled source from which they induce other
morphdogicd comporents. In particular, Xu and
Croft (1998 use word context derived from a
corpus to refine Porter stemmer output. Gausser
(1999 induces derivational morphdogy using an
inflectional lexicon which includes part of speeth
information. Grabar and Zweigenbaum (1999 use
the SNOMED corpus of semanticdly-arranged
medicd terms to find semanticdly-motivated
morphdogicd relationships. Also, Yarowsky and
Wicentowski (2000 obtained outstanding results at
ininduwcing English past tense dter beginning with
alist of the open classroadts in the language, atable
of alanguage’ sinflediona parts of speed, andthe
canonicd suffixesfor eadh part of speed.

2.2 Affix Inventories

A second, knowledge-free category of research has
focused on oltaining affix inventories. Brent, et al.
(2995 used minimum description length (MDL) to
find the most data-compresdng suffixes. Kazakov
(1997 does omething akin to thisusing MDL asa
fitnessmetric for evolutionary computing. DéJean
(1998 uses a strategy similar to that of Harris
(195)). He dedaresthat a stem has ended when the
number of charaders following it exceed some



giventhreshad andidentifiesany residual foll owing
the stems as suffixes.

2.3 Complete morphological analysis

Due to the existence of morphdogicd ambiguity
(such as with the word “caring” whose stem is
“care” rather than “car”), finding affixes alone does
not congtitute a @mplete morphdogicd analysis.
Hence the last caegory of reseach is aso
knowledge-free bu attempts to induce for eath
word of a orpus, a mmplete analysis. Since our
approad falls into this caegory (expanding upon
our ealier approach (Schore and Jurafsky, 2000),
we describe work in this areain more detail .

2.3.1 Jacquemin’s multiword appoach

Jaaquemin (1997 deams pairs of word n-grams as
morphdogicdly related if two wordsin the first n-
gram have the samefirst few letters (or stem) astwo
words in the secondn-gram and if there is a suffix
for eat stem whose length is lessthan k. He dso
clusters groups of words having the same kinds of
word endings, which gives an added performance
bocst. He gpplieshisalgorithm to a French term list
and scores based onsampled, by-hand evaluation.

2.3.2.Goldsmith: EM and MDLs

Goldsmith (19972000 tries to automaticdly sever
ead word in exadly one placein arder to establish
a potential set of stems and suffixes. He uses the
expedation-maximizationalgorithm (EM) andMDL
aswell as some triage procedures to help eliminate
inappropriate parses for every word in a @wrpus. He
colleds the posshle suffixes for ead stem and cdls
these signatures which give dues abou word
classes. With the eceptions of capitalization
removal and some word segmentation, Goldsmith's
agorithm is otherwise knowledge-free His
algorithm, Linguistica, is fredy available on the
Internet. Goldsmith appli es his algorithm to various
languages but evaluates in English and French.

2.3.3 Schone and Jurafsky: induced semantics

In our ealier work, we (Schore and Jurafsky
(2000) generated alist of N candidate suffixes and
used thislist to identify word pairs which share the
same stem but conclude with dstinct candidate
suffixes. We then applied Latent Semantic
Analysis (Deawester, et a., 1990 as a method d
automaticdly determining semantic relatedness
between word pairs. Using statistics from the

semantic relations, we identified those word pairs
that have strong semantic correlations as being
morphdogicd variants of eat ather. With the
exception of word segmentation, we provided no
human informationto ou system. We gplied ou
system to an English corpus and evaluated by
comparing ead word's conflation set as produced
by our algorithm to those derivable from CELEX.

2.4 Problemswith earlier approaches

Most of the existing algorithms described focus on
suffixing in inflediona languages (though
Jaaguemin and DéJean describe work on prefixes).
None of these dgorithms consider the general
condtions of circumfixing or infixing, nar are they
applicable to aher language types such as
aggdlutinative languages (Sproat, 1992.

Additionally, most approaches have catered
aroundstatistics of orthographic properties. We had
noted previously (Schore and Jurafsky, 2000,
however, that errors can arise from strictly
orthographic systems. We had observed in ather
systems such errors as inappropriate removal of
valid affixes (“ally”="all"), falure to resolve
morphdogicd ambiguities (“hated”="hat”), and
pruning of semi-productive dfixes (“dirty” z“dirt”).
Y et weill ustrated that induced semantics can help
overcome some of these arors.

However, we have since observed that induced
semantics can give rise to dfferent kinds of
problems. For instance, morphdogicd variants may
be semanticdly opaque such that the meaning of
one variant canna be realily determined by the
other (“reusability”#“use”). Additionaly, high-
frequency function words may be nflated due to
having wed semantic information (“as’="a").

Couging semantic and orthographic statistics, as
well as introduwcing induced syntadic information
and relational transitivity can help in overcoming
these problems. Therefore, we begin with an
approach similar to ou previous agorithm. Yet we
buil d uponthis algorithmin several waysin that we:
[1] consider circumfixes, [2] automaticdly identify
capitali zations by treaing them similar to prefixes
[3] incorporate frequency information, [4] use
distributional informationto help identify syntadic
properties, and [5] use transitive closure to help find
variants that may not have been found to be
semanticdly related but which are related to mutual
variants. We then apply these strategiesto English,



German, and Dutch. We evaluate our algorithm
against the human-labeled CELEX lexicon in all
three languages and compare our results to those
that the Goldsmith and Schore/Jurafsky algorithms
would have obtained on ou same data. We show
how ead of our additions result in progressvely
better overall solutions.

3 Current Approach
Figure 1: Strategy and evaluation

(1) Identify pairs of potential
morphological variants
\
(2)Determine semantic vectors
for each word

(3) Correlate semantic vectors and
build conflation sets

(4) Augment with frequency
information
\
(5) Consider local context
for part of speech info

(6) Add words using
transitive closure

N \‘/

(7) Evaluate using CELEX

3.1 Finding Candidate Circumfix Pairings

As in ou ealier approach (Schore and Jurafsky,
2000, we begin by generating, from an urtagged
corpus, a list of word pairs that might be
morphdogicd variants. Our agorithm has changed
somewhat, thowgh, sincewe previously sought word
pairs that vary only by a prefix or a suffix, yet we
now wish to generalize to those with circumfixing
differences. We use “circumfix” to mean true
circumfixes like the German ge-/-t as well as
combinations of prefixes and suffixes. It shoud be
mentioned also that we asume the existence of
languages having valid circumfixes that are nat
composed merely of a prefix and a suffix that
appea independently elsewhere.

Tofind pdential morphdogicd variants, our first
goal is to find word endings which could serve &
suffixes. We had shown in ou ealier work how one
might do thisusing a charader treg or trie (asin

Figure 2). Yet using this approad, there may be
circumfixes whose endings will be overlooked in
the seach for suffixes unlesswe first remove dl
candidate prefixes. Therefore, we build alexicon
consisting of al wordsin ou corpus and identify al
word beginnings with frequencies in excessof some
threshald (T,). We cdl these pseudo-prefixes. We
strip al pseudo-prefixes from ead word in ou
lexicon and add the word residuals bad into the
lexiconasif they were dso words. Using thisfinal
lexicon, we can now seek for suffixesin a manner
equivalent to what we had dore before (Schore and
Jurafsky, 2000Q.

To demonstrate how this is dore, suppcse our
initial lexicon < contained the words “align,”
“red,” “aligns” “redign”, “redigned”’, “read”,
“reads,” and “readed.” Due to the high frequency
occurrence of “re-" suppcse it is identified as a
pseudo-prefix. If we strip off “re-” from all words,
and add all residualsto atrie, the branch of thetrie
of words beginning with “a” is depicted in Figure 2.

Figure 2: Inserting the residual lexiconinto atrie

In ou ealier work, we showed that a mgjority of
the regular suffixes in the @rpus can be found ty
identifying trie branches that appea repetitively.
By “branch” we mean those placesin the trie where
some splitti ng occurs. In the case of Figure 2, for
example, the branches NULL (empty circle), “-s’
and“-ed” eadth appea twice We asemble alist of
all trie branches that occur some minimum number
of times (T,) and refer to such as potential suffixes.

Giventhislist, we can nowv findpatential prefixes
using asimilar strategy. Using our original lexicon,
we can how strip df all patential suffixes from eat
word and form a new augmented lexicon. Then, (as
we had proposed before) if we reverse the ordering
on the words and insert them into a trie, the
branches that are formed will be potential prefixes
(in reverse order).



Before describing the last steps of this procedure,
it is beneficia to define afew terms (some of which
appeaed in ou previous work):

[a] potential circumfix: A pair B/E where B and E
ocaur respedively in pdential prefix and suffix lists
[b] pseudostem: the residue of a word after its
potential circumfix isremoved

[c] candidate drcumfix: a patentia circumfix which
appeas affixed to at least T, pseudo-stems that are
shared by other patential circumfixes

[d] rule: apair of candidate drcumfixes dharing at
least T, pseudo-stems

[e] pair of potential morphdogicd variants

Table 1: Outputs of the trie stage: potential rules

(PPMV): two words dharing the same rule but
distinct candidate drcumfixes
[f] ruleset: the set of all PPMVsfor a ammonrule

Our final goal in thisfirst stage of inductionisto
finddl of the possble rules andtheir correspondng
rulesets. We therefore re-evaluate eat word in the
original lexiconto identify al potential circumfixes
that could have been valid for the word. For
example, suppcse that the lists of potential suffixes
and prefixes contained “-ed” and “re-” respedively.
Note also that NULL exists by default in bah lists
aswell. If we consider the word “redigned” from
our lexicon <£, we would find that its potential
circumfixes would be NULL/ed, re/NULL, and
re/ed andthe crrespondng pseudo-stems would be
“redign,” “aligned,” and“align,” respedively,

From <£, we dso nde that circumfixes re/fed and
NULL/ing sharethe pseudo-stems*“us,” “align,” and
“view” soarule could be aeded: reled=NULL/ing.
This means that word pairs such as “reused/using”
and “redigned/aligning” would be deamed PEMV's.

Although the doices in T, through T, is
somewhat arbitrary, we dose T,=T,=T,=10 and
T,=3. In English, for example, this yielded 305%
possible rules. Table 1 gives a sampling of these
potentia rules in eat of the three languages in
terms of frequency-sorted rank. Noticethat several
“rules’ are quite valid, such asthe indicaion of an
English suffix -s. There ae dso valid circumfixes
like the ge-/-t circumfix of German. Capitalization
also appeas (asa’‘prefix’), such asC= cin English,
D=d in German, and V=V in Dutch. Likewisethere
are also some rules that may only be truein certain
circumstances, such as -d=-r in English (such as
worked/worker, but certainly not for steel/stea.)
However, there ae some rules that are

Rank] ENGLISH | GERMAN DUTCH
1 -S= @ -N=0 -en=o
2 -ed= -ing -en= o e
4 -ing= o -S= @ -N= o
8 -ly= 2 -en= -t de=o
12 C=c -en= -te =0
16 re= o l=20 -I= 0
20 | -ers= -ing e-= 9 V-=v-
24 l=09 1= 2- -ingen = -e
28 -O=-r ge-/-t = -en ge=-e
32 S= 0 D-=d- -N= -IS

wrong: the potential ‘s’ prefix of English isnever
valid athough word combinations like stick/tick
spark/park, and dlap/lap happen frequently in
Engli sh. Incorporating semantics can help determine
the validity of ead rule.

3.2 Computing Semantics

Deawester, et a. (1990 introduced an algorithm
cdled Latent Semantic Anaysis (LSA) which
showed that valid semantic relationships between
words and dauments in a @rpus can be induced
with virtually no human intervention. To dothis,
one typicdly begins by applying singular value
decmpasition (SVD) to amatrix, M, whose entries
M(i,j) contains the frequency of word i as e in
document j of the @rpus. The SVD decomposes M
into the product of threematrices, U, D, and V' such
that U and V' are orthogonal matrices and D is a
diagonal matrix whose entries are the singular
values of M. The LSA approadc then zeros out all
but the topk singular values of the SV D, which has
the effed of projeding vedors into an ogimal k-
dimensional subspace This methoddogy is
well-described in the literature (Landauer, et al.,
1998 Manning and Schiitze, 1999.

In order to oltain semantic representations of ea
word, we gply our previous drategy (Schone and
Jurafsky (2000). Rather than uwsing a term-
document matrix, we had foll owed an approad akin
to that of Schiitze (1993, who performed SVD on
aNx2N term-term metrix. The N here represents
the N-1 most-frequent words as well as a glob
pasitionto acourt for al other words nat in the top
N-1. Thematrix is gructured such that for a given
word w’ srow, thefirst N columns denote words that



precale w by up to 50 words, and the second N
columns represent those words that foll ow by up to
50words. Since SVDs are more designed to work
with  namally-distributed data (Manning and
Schitze, 1999, p. 56 we fill ead entry with a
normalized court (or Z-score) rather than straight
frequency. Wethen compute the SVD and keep the
top 300singular values to form semantic vedorsfor
eadword. Word wwould be assgned the semantic

vedor Q\,-U,,D,, where U, represents the row of
U correspondng to w and Dy indicaes that only the
topk diagonal entries of D have been preserved.

As alast comment, ore would like to be eleto
obtain a separate semantic vedor for every word
(not just thaseinthetop N). SVD computations can
be expensive andimpradicd for large values of N.
Yet due to the fadt that U and V' are orthogonal
matrices, we can start with amatrix of reasonable-
sized N and“fold in” the remaining terms, which is
the approach we have followed. For detail s abou
folding in terms, the reader is referred to Manning
and Schiitze (1999, p. 56R

3.3 Correlating Semantic Vectors

To correlate these semantic vedors, we use
normalized cosine scores (NCSs) as we had
illustrated before (Schore and Jurafsky (2000).
The normali zed cosine score between two words wq
and w, is determined by first computing cosine
values between eat word's smantic vedor and
200 aher randamly seleded semantic vedors. This
provides amean () and variance (¢°) of correlation
for eadh word. The NCSisgivento be

min COS(QW]_ ' QV\Q) _uk (l)

€(1,2) o,

We had previoudly illustrated NCS values on
various PEMV's and showed that this type of score
seans to be gpropriately identifying semantic
relationships. (For example, the PAMV s of car/cas
and aly/alies had NCS vaues of 5.6 and 65
respedively, whereas ca/cares and aly/all had
scored only -0.14and -1.3) Further, we showed
that by performing this normali zing process ore can
estimate the probability that an NCS is randam or
not. We eped that randan NCSs will be
approximately normally distributed acording to
N(0,1). We can adso estimate the distribution
N(u,07%) of true correlations and number of terms
in that distribution (n;). If we define afunction

NCSw,,w,) = k

Opes(b0) = [ expl~((x-p)/o)7 dx
NCS
then, if there were ng items in the ruleset, the
probability that aNCSis nonrandamis

n .o ,
Pr(NCS) - rPresHroy) _
(Ng~Np) Pyes(0,1) + Np Dy o(Hiy07)

We define Prgyy(Wi=wW,)=Pr(NCS(w,,w,)). We
choaose to accept as valid relationships only those
PPMVs with Prg,,,>Ts, Where Tg is an accetance
threshold. We showed in ou ealier work that
T5=85% affords high overall predsion while still
identifying most valid morphdogicd relationships.

3.4 Augmenting with Affix Frequencies

Thefirst mgjor change to ou previous agorithmis
an attempt to overcome some of the weaknesses of
purely semantic-based morphdogy induction by
incorporating information about affix frequencies.
As validated by Kazakov (1997, high frequency
word endings and beginnings in infledional
languages are very likely to belegitimate dfixes. In
English, for example, the highest frequency ruleis
-s=p. CELEX suggests that 99.7% of our PPMV's
for this rule would be true. However, since the
purely semantic-based approac tends to seled only
relationships with contextually similar meanings,
only 92% of the PRMVs areretained. This suggests
that one might improve the aalysis by
supdementing semantic  probabilities  with
orthographic-based probabiliti es (Pr ).

Our approac to oktaining Pr,, ismotivated by
an apped to minimum edit distance (MED). MED
has been applied to the morphdogy induction
problem by other reseachers (such as Yarowsky
and Wicentowski, 2000. MED determines the
minimum-weighted set of insertions, substitutions,
and deletions required to transform one word into
another. For example, orly a single deletion is
required to transform “rates’ into “rate” whereas
two substitutions and an insertion are required to
transform it into “rating.” Effedively, if Cost(e) is
transforming cost, Cost(rates=rate) = Cost(s—=)
whereas Cost(rates—rating)=Cost(es—=ing). More
generally, suppose word X has circumfix C,=B,/E,;
and pseudo-stem -S-, and word Y has circumfix
C,=B,/E, dso with pseudo-stem -S-. Then,
Cost(X=Y)=Cost(B,SE,=B ,SE )=Cost(C ~C).
Since we are free to choose whatever cost function
we desire, we can equally choose one whose range




liesin the interval of [0,1]. Hence, we can assgn
Pr,+(X=Y) = Cost(X=Y). This cdculation implies
that the orthographic probability that X and Y are
morphdogicd variants is smply the st of
transforming C, into C,.

The only question remaining is how to determine
Cost(C,=C,). Thiscost should depend ona number
of fadors: the frequency of the rule f(C,=C,), the
reliability of the metric in comparison to that of
semantics (a, where a € [0,1]), and the frequencies
of other rulesinvolving C, and C,. We define the
orthographic probability of validity as

Cos(C.=C) 20 f(C,~C,)
O = =
Y% max f(C=2) + max f(W=C))
vZ YW

We suppase that orthographic information is less
reli able than semantic information, so we abitrarily
set 0=0.5. Now since Pr,(X=Y)=Cost(C,=C,),
we can readily combine it with Prg, if we assume
independence using the “noisy or” formulation:
Preo(valid) = Preg, +Proh - (Preem Pron)- (2)
By using this formula, we obtain 3% (absolute)
more of the corred PEMV's than semantics alone
had provided for the -s=& rule and, as will be
shown later, gives reasonable improvements overall .

3.5 Local Syntactic Context

Sinceaprimary role of morphdogy — infledional
morphdogy in particular — isto convey syntactic
information, there is no guarantee that two words
that are morphdogicd variants need to share similar
semantic properties. This siggeststhat performance
could improve if the indution process took
advantage of locd, syntadic contexts aroundwords
in addition to the more global, large-window
contexts used in semantic processng.

Table 2: Sample probabiliti esfor “-s=2”"

Consider Table 2 which is a sample of PEMV's
from the ruleset for “-s=¢” along with their
probabiliti es of validity. A validity threshdd (Ts) of
85% would mean that the four bottom PRMVs
would be deamed invalid. Yet if we find that the
local contexts of these low-scoring word pairs
match the contexts of other PEMV's having high
scores (i.e., those whaose scores exced To), then
their probabiliti es of validity shoud incresse. If we
could compute asyntax-based probability for these
words, namely Prg 5, then assuming independence
we would have:

Pr(valid) = Prg o +Proniay - (Prso Promntax)

Figure 3 describes the pseudo-code for an
agorithm to compute Prg . Esentialy, the
algorithm has two major comporents. First, for left
(L) andright-hand (R) sides of eat valid PRMV of
a given ruleset, try to find a wlledion d words
fromthe corpusthat are @llocaed with L and R but
which occur statisticdly too many or too few times
in these ollocaions. Such word sets form
signatures. Then, determine similar signatures for
arandamly-chasen set of words from the corpus as
well asfor eat of the PAMVs of the ruleset that are
not yet validated. Lastly, compute the NCS and
their correspondng probabiliti es (see euation 1)
between the ruleset’ s sgnatures and thaose of the to-
be-validated PRMV s to seeif they can be validated.

Table 3 gives an example of the kinds of
contextual words one might exped for the “-s=¢”
rule. In fad, the syntadic signature for “-s=¢"” does
indeea include such words as are, other, these, two,
were, and have asindicaors of words that occur on
the left-hand side of the ruleset, and a, an, this, is,
has, and A as indicaors of the right-hand side.
These terms help distinguish plurals from singulars.

Table 3: Examples of “-s=¢” contexts
Context for L Context for R

Word+s| Word | Pr |Word+s| Word | Pr agendasare| seaswere | alegend [thisformuld
agendas| agenda |.968| legends | legend | .981 two red pads|pleas have] militiais | anarea
ideas | idea [.974] militias | militia | 1.00 these ideas |other areasfrail road has| A guerrill a
pless | plea |1.00fguerrillasjguerrillal 1.00)  there js an added benefit from following this
sess | sea |1.00formulas|formulal 1.00]  gpproach: it can also be used to find rules that,
ares | area |1.00frailroads|railroad| 1.00 thowh different, seem to corvey similar
Aress | Area |.721] pads pad | .731 information . Table 4 ill ustrates a number of such
Vegas | Vega [.641] feeals feed | .543 agreements. We have yet to take alvantage of this

feaure, but it clealy could be of use for part-of-
speed induction.



Figure 3: Pseudo-code to find Probabilit yg ia

Figure 4: Semantic strengths

procedur e SyntaxProb(rul eset,corpus)
leftSig <GetSignature(ruleset,corpus,|eft)
rightSig=GetSignature(rul eset,corpus,right)
Qe =Concaenate(leftSig, rightSig)
(uruleﬁetvcruleﬁ)<=ComparetORanddn(Qruleﬂet)
foreach PEMYV in ruleset
if (Prso(PPMV) > Tg) continue
wL Sig=GetSignature(PPMV ,corpus, | eft)
WRSIg=GetSignature(PPMV ,corpus,right)
Qo =Concaenate(wL Sig, wRSig)
(Mpauy:Oppuy) =ComparetoRandam(Qppyy )
pob[PAMV]<=Pr(NCS(PRMV ruleset))
end procedure

function GetSignature(ruleset,corpus,side)
foreach PEMYV in ruleset
if (Prso(PPMV) <Tg) continue
if (side=left) X < LeftWordOf(PRMV)
else X = RightWordOf(PPMV)
CourntNeighbas(corpus,coll oc,X)
colloc <=SortWordsByFreqg(coll oc)
for i « 1to 100signaturefi]<coll ocfi]
return signature
end function

procedur e CourtNeighbars(corpus,coll oc,X)
foreach W in Corpus
push(lexicon W)
if (Positional DistanceBetween(X,W)<2)
cournt[W] < courtfW]+1
foreach W in lexicon
if ( Zscore(count[W])> 3.0 or
Zscore(court[W]) < -3.0)
coll oc[W]«<=colloc[W]+1
end procedure

Table 4: Relations amongst rules

Rule [ Relative [ Cos | Rule [Relative| Cos
-S=¢ | -les=y |83.8]-ed=o | -d=2 [95.5
-S=o | -es=z |79.5]-ing=0| -e=¢ |94.3
-ed=¢ | -ied=y |81.9]-ing=0¢ | -ting=¢ | 70.7

3.6 Branching Transitive Closure

Despite the semantic, orthographic, and syntadic
comporents of the dgorithm, there ae still valid
PPMVs, (X=Y), that may seem unrelated due to

abusive

abusers — — _ _

corpus choice or wegk distributional properties.
However, X andY may appea as members of other
valid PPMV's such as (X=2Z) and (Z=Y) containing
variants (Z, in this case) which are ather
semanticdly or syntadicdly related to bah o the
other words. Figure 4 demonstratesthis property in
greder detail. The words conveyed in Figure 4 are
all words from the orpus that have potential
rel ationships between variants of the word “abuse.”
Links between two words, such as “abuse” and
“Abuse,” are labeled with a weight which is the
semantic correlation cerived by LSA. Solid lines
represent valid relationships with Prg,,,>0.85 and
dashed linesindicae relationships with lower-than-
threshdd scores. The ésenceof alink suggests that
either the potential relationship was never identified
or discaded at an ealier stage. Self loops are
asumed for ead nock since dealy ead word
shoud be related morphdogicdly to itself. Since
there are seven words that are valid morphdogicd
relationships of “abuse,” we would like to seea
complete graph containing 21 solid edges. Yet, only
eight conredions can be found ty semantics alone
(Abuse=abuse, abusers—abusing, etc.).

However, nate that there is a path that can be
foll owed along solid edges from every corred word
to every other corred variant. This suggests that
taking into consideration link transitivity (i.e., if
X=Y,, Y=Y, Y,=Y,,...and Y =Z, then X=2)
may drasticdly reduce the number of deletions.

There are two caveds that need to be mnsidered
for transitivity to be properly pursued. The first
caved: if norule eiststhat would transform X into
Z, we will assume that despite the fad that there
may be aprobabili stic path between the two, we



will disregard such apath. The seamndcaved isthat
we will say that paths can only consist of solid
edges, namely ead Pr(Y =Y ,,) onevery path must
exceal the spedfied threshald.

Given these @nstraints, suppcse now there is a
transitive relation from X to Z by way of some
intermediate path m={Y,Y, Y}. That is, assume
there is a path X=Y,; Y,=Y,,..Y=Z. Suppcse
also that the probabiliti es of these relationships are
respedively po, p., P..--- P If fisadeca fadorin
the unit interval acourting for the number of link
separations, then we will say that the Pr(X=2)
along path 7, has probability r,; =B']1[.s P We
combine the probabiliti es of all i ndependent paths
between X and Z acoording to Figure 5:

Figure 5: Pseudocode for Branching Probability

function BranchProbBetween(X,Z)
prob<=0
foreach independent path =
prob < prob+Pr ;(X=Z2) - (prob*Pr ,(X=2) )
return prob

If the returned probability exceedls T, we dedare X
and Z to be morphdogicd variants of ead aher.

4  Evaluation

We compare thisimproved algorithm to ou former
algorithm (Schore and Jurafsky (2000) as well as
to Goldsmith's Linguistica (2000. We use asinpu
to owr system 6.7 million words of English
newswire, 2.3milli on d German, and 6.7milli on
Dutch. Our gold standards are the hand-tagged
morphdogicdly-analyzed CELEX lexiconin eadt
of these languages (Baayen, et a., 1993. We aply
the algorithms only to those words of our corpora
with frequencies of 10 a more. Obvioudly this cut-
off dlightly limits the generality of our results, bu
it also gredly deaeases processng time for all of

Figure 6: Morphdogic relations of “conduct”

conductresses

conduction conductivities
»
conductress conductivity

\// conduct \
conductor A\ conductive

N\

conductors conducts conducting conducted

the dgorithms we test against. Furthermore, since
CELEX has limited coverage, many of these lower-
frequency words coud nad be scored anyway. This
cut-off also helps ead o the dgorithmsto oltain
stronger statistica information onthe words they do
process which means that any observed failures
canna be dtributed to we& statistics.

Morphdogicd relationships can be represented as
direded graphs. Figure 6, for instance, ill ustrates
the direded graph, acoording to CELEX, of words
associated with “conduwct.” We will cdl the words
of such adireded graphthe conflation set for any of
the words in the graph. Due to the difficulty in
developing a scoring algorithm to compare direded
graphs, we will follow our ealier approach and orly
compare indwced conflation sets to those of
CELEX. To evauate, we compute the number of
corred (C), inserted (J), and deleted (D) words eat
algorithm predicts for ead hypothesized conflation
set. If X, represents word w's conflation set
acording to an algorithm, andif Y,, representsits
CELEX-based conflation set, then,

C=vwW(IX,NY JY ).
D=xvw(]Y,,-(X YY), and
/ =Xvw (IXW-(XWme)lllYWD’

In making these computations, we disregard any
CELEX words absent from our data set and vice
versa. Most cgpital words are not in CELEX so this
processaso dscards them. Hence we dso make an
augmented CELEX toincorporate capitali zed forms.

Table 5 uses the @ove scoring mecdhanism to
compare the F-Scores (product of predsion and
recdl divided by average of thetwo ) of our system
at a autoff threshold of 85% to those of our ealier
agorithm (“S/J2000) a the same threshdd;
Goldsmith; and a baseli ne system which performs
no analysis (claming that for any word, its
conflation set only consists of itself). The “S” and
“C” columns respedively indicate performance of
systems when scoring for suffixing and
circumfixing (using the unaugmented CELEX). The
“A” column shows circumfixing performance using
the augmented CELEX. Spacelimitations required
that weill ustrate “A” scores for one language only,
but performance in the other two language is
similarly degraded. Boxes are shaded ou for
algorithms nat designed to produce drcumfixes.

Note that eath of our additions resulted in an
overal i mprovement which held true acossead of



the three languages. Furthermore, using ten-fold
crossvalidation onthe English data, we find that F-
score differences of the S column are eah
statisticaly significant at least at the 95% level.

Table5: Computation d F-Scores
Algorithmg English German | Dutch
S|CJ]A]S|C]S]|C
None |62.8[59.951.775.863.0]74.2(70.0
Goldsmith| 81.8 84.0 75.8
§/J2000 | 85.2 88.3 82.2
+orthogrph] 85.7(82.276.989.3 76.184.5/78.9
+ syntax | 87.5 84.079.0091.6 78.2|85.6/79.4
+ transitiveg 88.1 |184.579.7192.3| 78.9]185.8| 79.6

5 Conclusions
We have ill ustrated three extensions to ou ealier
morphaogy induction work (Schore and Jurafsky
(2000)). In addition to induced semantics, we
incorporated induced orthographic, syntadic, and
transitive information resulting in amost a 20%
relative reduction in overal induction error. We
have aso extended the work by illustrating
performance in German and Dutch where, to ou
knowledge, complete morphdogy induction
performance measures have not previously been
obtained. Lastly, we showed a mechanism whereby
circumfixes as well as combinations of prefixing
and suffixing can be induced in lieu of the suffix-
only strategies prevaili ng in most previous reseach.
For the future, we exped improvements could be
derived by couging this work, which focuses
primarily oninducing regular morphdogy, with that
of Yarowsky and Wicentowski (2000, who assume
someinformationabout regular morphdogy in order
to induce irregular morphdogy. We dso believe
that some findings of this work can benefit other
areas of linguistic induction, such as part of speed.
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