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Abstract

This paper presents an algorithm for un-
supervised learning of morphological analy-
sis and generation of inflectionally rich lan-
guages like Hindi, given a low coverage
morph and a corpus of raw text. It assumes
no particular theoretical model of morph,
but can work with any morph that defines
classes of stem that behave similarly. The
morph learning algorithm uses the concept
of ’observable paradigm’ . The results of the
algorithm are encouraging with the coverage
of a primitive morph going up from 32% to
about 63% and that of an advanced morph
going up from 96% to about 97%.

1. INTRODUCTION

This paper presents a morph learning al-
gorithm which primarily uses the frequency
of occurrences of word forms in a raw corpus.
It depends on the empirically verified as-
sumption that the proportion of frequencies
of word forms for different feature structures
are comparable across stems. A paradigm
specifies a common morphological process
for a set of given stems. We introduce the
concept of ’observable paradigm’ by form-
ing equivalence classes of feature-structures

which are not distinguishable.

In particular, when an unknown word is

encountered, the following steps are followed:

1. A guessing component proposes (stem,
paradigm) pairs.

2. For each pair, a set of word forms is gen-
erated and the corresponding feature-
structure set is partitioned into equiva-
lent classes based on the concept of ob-
servable paradigm.

3. Frequencies of the word forms for each
equivalence class in the partition are ob-
tained and a suitable vector created.

4. Finally, such vectors are compared for
each guess with respect to pre-compiled
reference vectors to select the most
likely (stem, paradigm) pair.

The method is similar to Yarowsky and
Wicentowski (2000), but it takes care of
the cases not handled by them pertaining
to spelling variation and overlapping word
forms for different feature structures. The
notion of observable paradigms is introduced
precisely for this purpose. Rather than deal
with individual word forms for a stem, we
deal with classes as obtained by observ-
able paradigms. The recent work of Gold-
smith (2001) is interesting in that the no-



tion of minimum description length (of mor-
phological rules etc) is used to introduce ma-
chine learning of the morphology of the lan-
guage. However, because additional knowl-
edge source besides a raw corpus is not as-
sumed, (not even a primitive morph), learn-
ing is confined to signatures, without trying
to carry out further inference. Another re-
cent contribution is by Oflazer et al (2001),
which tries to base itself on human elicitation
and machine learning.

The results of the algorithm are encourag-
ing with the coverage of the primitive morph
going up from 32% to about 63% and that of
the advanced morph going up from 96% to
about 97%.

The present framework based on observ-
able paradigms places other work done in
this area on a sound theoretical foundation.

2. PARADIGM BASED MORPHOLOGY

This paper assumes no specific theoretical
model behind the given morphological pack-
age; as a result it can work across any un-
derlying model of the morph. All it assumes
is that the morph works using paradigms,

where
1. A paradigm defines all the word forms of

a given stem and also provides a feature

structure with every word form.
2. For every stem in the lexicon,

paradigm it follows is given.

the

In other words, a paradigm F; specifies
the word forms of a stem, and for each
paradigm a list of stems 7; is known which
obey the paradigm. The paradigm is used
both for word analysis as well as word gener-
ation. The paradigm could be implemented
in terms of rules, constraints, or tables; the
proposed morph learning algorithm is inde-
pendent of the specific model adopted for the
paradigm.

2.1. GIVEN MORPHOLOGICAL ANALYZER

The morph package for Hindi, on which
the proposed method was tested, works with
paradigms based on add-delete strings. All
the word forms of a stem together with their
corresponding feature structures are given.
The given morph package extracts add and
delete strings from the above word forms,
and associates them with the corresponding
feature structures. The add-delete strings
represent suffix information. This extracted
information is a paradigm (Bharati et al,
1995). Figure 1 gives the word forms of stem
laDakA (boy) along with add-delete strings in
the bracket.

Case
Number  direct oblique
Singular laDakA(0,¢) laDake(1,e)
Plural laDake(1,e)  laDakoM(1,0M)

Figure 1: Word forms with add-delete string
for the stem laDakA

All the distinct paradigms in the language
need to be defined (by giving example word
forms for a stem). Besides this, a list of
pairs consisting of a stem together with the
paradigm it follows, is all that is needed
to perform morphological analysis or gen-
eration. For example, the stems kapaDA,
ghoDA etc. follow the paradigm ’laDakA’.

That this model works well for inflectional
morphology with moderately rich inflectional
forms is discussed in Bharati et al (1995;
Chapter 3). As described above, the given
Hindi morph package partitions the set of
stems into (morphological) classes, and as-
sociates a paradigm with each class.

2.2. OBSERVABLE PARADIGM

A paradigm P has a paradigmatic stem
S and a set of pairs, each pair consisting of



a feature structure fs and non-empty word
set ws for the paradigmatic stem (fs, ws) =
(fs,{w1,ws2...}). Multiple forms in ws =
{wy,wa, ...} usually represent spelling vari-
ants of a word form. Furthermore, each fea-
ture structure (fs;) in the set of pairs in a
paradigm {(fs1,ws1),...(fSm, wsy)} is dis-
tinct. The word forms in word sets ws; and
ws;, across the different feature-structures
might be overlapping in the sense, ws; N
ws; # ¢,, that is, there is at least one
word form, say w, which occurs in both sets.
Whenever two word-sets are overlapping it
is not possible to observe the corresponding
feature-structures directly. In some sense, it
is not possible to distinguish among the oc-
currences of the word forms corresponding
to the feature structures fs; and fs; in all
cases. Frequency of w obtained from the cor-
pus is a composite frequency of two feature
structures. For instance, in English, some of
the forms of travel can be distinct (travel and
travels), whereas some others (participle and
past) can be the same (traveled), as shown
in Figure 2, where feature structure of first
row is {TAM = present tense, number = pl}
and the feature structure of other entries can
be similarly specified.

Word Sets
{take}  {travel}
{takes} {travels}
{took}  {travelled, traveled}
{taken} {travelled, traveled}

Figure 2: Example word sets

We form equivalence classes of feature
structures for each paradigm as follows: If
any two feature-structures fs; and fs; have
overlapping word sets,(ws; N ws; # ¢)
then they are in the same equivalence class

{fsi, fs;}. Thus, if fs; and fs; overlap in
word w, and fs; and fs; overlap in word
v, all three are in the same equivalence class
{Fsir fsi, Fon}-

If there is an equivalence class consisting
of fs; and fs;, we have ({fs;, fs;}, ws; U
ws;). Suppose at the end of the above pro-
cedure we have k such equivalence classes
(k > 1). The equivalence classes stand
for “distinguishable” and hence “observ-
able” feature structures. Let us call it ob-
servable paradigm or OP which represents
{(fs1,ws1),...(fsk, wsk)}.

Suppose there are d paradigms P, i =
1,---,d in the morphological analyzer. For
each paradigm P; we have observable set O F,
of k; pairs say. For the sake of convenience,
we assume that for every i, the set OP, is or-
dered by some lexicographic scheme on the
feature-structures.

In addition to O F;, corresponding to each
paradigm P; the existing morph also has a
list of stems 15,2 =1, ---,d, which obeys the
paradigm, as mentioned earlier.

We assume that the morph package (which
includes both the analyzer and the genera-
tor) provides the following three functional-
ity:

1. Analysis: Given a word W, the morph
analyzer gives an answer consisting of a
stem and a feature structure. (In case
of ambiguity, there may be several an-
swers, i.e., pairs of stem and feature
structure.)

2. Guess: If the morph analyzer is not
able to analyze a given word, the morph
”guessing” package returns a set of pairs
each pair consisting of a stem and a
paradigm. (The guessing is based on
suffixes, though the details are not dis-
cussed in this paper.)

3. Generation: Given a stem S and a
paradigm P, it can generate all its



forms together with the associated fea-
ture structure with each form.

Here is an example showing the fea-
ture structures and word forms for KA (eat)
verb in Hindi for TAM equal to future.
The feature structure of the first entry is
{TAM=future, gender=f, number=p, per-
son=3} and the feature structures of the
other entries can be similarly specified.

No. Word forms
1 {KAezgl/KAyeMgl}
2 {KAogl}
3 {KAiegA/KAiyegA}
4 {KAezgl/KAyeMgl}
5 {KAegl/KAyegl}
6 {KAegl/KAyegl}
7 {KAiegA/KAiyegA}
8 {KAUzgl}
9 {KAezge/KAyeMge}
10 {KAoge}
11 {KAiegA/KAiyegA}
12 {KAezge/KAyeMge}

13 {KAegA/KAyegA}
14 {KAegA/KAyegA}
15 {KAiegA/KAiyegA}
16 {KAUzgA }

Equivalence classes are formed for fea-
ture structures producing the observable
paradigm. For instance, in the figure above,
(1,4) is an equivalence class for the word
forms {KAezgl/KAyeMgl} and the equiva-
lence classes of feature structures are {(1,4),
2, (3,7,11,15), (5,6), 8, (9,12), 10, (13,14),
16}.

3. CorPUS BASED LEARNING

The system is trained on an available cor-
pus as follows: For every stem ¢ ¢ T;, its
distinct word forms corresponding to the
paradigm F; are generated using OF;. The

frequency of each of these word forms, gen-
erated for the specified stem and the spe-
cific paradigm, is collected from the corpus.
These frequencies are summed over words in
each word set in OF;, giving a vector of fre-
quencies,which we denote by C p,. We com-
pute the sum of elements of this vector, say
sum of frequencies denoted by F;, and those
stems with £} less than a threshold value U
are deleted from 73, where U is determined
based on the corpus size. Henceforth, by T},
we denote this reduced list of stems.

For each C p,, a ratio vector Dy p, is con-
structed where the entries in 1); p. are the ra-
tios of frequencies to the sum of frequencies
F; of all word forms of that t. The average
of these vectors over all ¢ ¢ T; is denoted by
ADp,. The vector ADp, is a representative
ratio vector of the paradigm P; for every i
and we make the following assumption:

The vector D; p corresponding to the stem
t following a paradigm P will be similar to
the average vector ADp and distinct from
other average vectors ADg (P # Q).

This assumption was empirically verified
with certain verb sets for the test language
Hindi. Based on this assumption, we propose
the algorithms in the next section.

4. PROPOSED METHOD

Suppose the morphological analyzer comes
across an inflectional form which it can not
recognize. If a possible stem of the inflec-
tional form and a paradigm can be guessed,
the morphological generator will be able to
generate the different word forms of the stem.
The information available from the corpus
is the corpus frequency of the various pos-
sible word forms generated from the sug-
gested /guessed stem.
rithm makes use of the corpus frequencies to

The proposed algo-



decide on the most likely stem and the corre-
sponding paradigm. Another important fac-
tor in choosing the correct inflectional form is
the length of the suffix compared to the pro-
posed stem (Goldsmith, 2001) and this fact
is taken into consideration while arriving at
the decision. In addition, if a specific root
occurs with fair amount of frequency in the
corpus, then most of its possible inflectional
forms specified by the correct paradigm it
follows are likely to be present in the corpus.
Hence the proportion of number of inflec-
tional forms present in the corpus out of the
total number of possible inflectional forms of
the specific paradigm under consideration is
also taken into account.

In particular, the algorithm carries out
the following steps to collect the information
from the corpus and arrive at a decision re-
garding the stem and paradigm of a word not
recognized by the morph.

Algorithm

e Given an
ognized by the morph (called input
word W henceforth) use the morph
guessing package to return the set
of s possible (stem, paradigm) pairs
(S1,P1),...,(Ss, Ps) which could have
generated W.

e For each guessed stem S; generate all
possible distinct inflectional forms k;
based on observable paradigm OF; cor-
responding to F; using the morphologi-

inflectional form not rec-

cal generator,i=1,...,s.

e Construct the corresponding ratio vec-
tors Ds; p, by collecting the corpus fre-
quencies.

e The vectors Dg, p, are compared with
the ratio vector ADp, of the particu-
lar paradigm F;. The most likely pair
(S;, P;) is chosen based on

argmax;—j, S(l?b?)/ < Ds, p,, ADp, >

where, I; = length of the suffix of W
compared to stem S;. b, = proportion
of inflectional forms out of k; which have
non-zero frequencies in the corpus, and
< a,b > = the appropriately chosen
distance measure between the two ratio
vectors a and b.

The two distance measures chosen were i)
F% xKullback-Liebler distance (KL) and ii)
Euclidean distance (Eucl), where Kullback-
Liebler distance(X,Y) = Ejmjlog(g—;), and
Euclidean distance(X,Y) =%;(z; — y;)*.

4.1 SINGLE INFLECTIONAL FORM

In spite of rich inflectional variation in the
language, certain words do not change their
form. In other words, paradigms have sin-
gle inflectional form (SIF) across all feature
structures (that is, k; = 1). This is par-
ticularly true of many noun forms in Hindi,
such as vAyu (air), on which the algorithm
was tested. The technique used above fails
in such cases since both Ds; p, and Al)pJ are
unit vectors of length 1.

To overcome this problem, the word W
which has at least one suggested pair (S;, ;)
with k; = 1 is treated differently. If corre-
sponding to other suggested pairs, the num-
ber of inflectional forms of W present in
the corpus is larger than one, all pairs with
k; = 1 are ignored and the proposed algo-
rithm is carried out. Else, W is considered
to have SIF.

4.2 NON-CLASSIFICATION

In certain situations, the argmax may oc-
cur for more than one pair (S;, P;), resulting
in a clash. Such a word is considered 'not
classified’. However, whenever it is possible
to select the most likely pair based on abso-
lute corpus frequencies, that particular pair
is selected as the correct one. (In such a sit-



uation, the user response could be elicited to
resolve the clash.)

For instance, in case of Hindi verbs with
TAM = future, the clash often occurred
between the paradigms uTa(get up) and
le(take) and uTa was chosen based on its high

likelihood.

5. PERFORMANCE EVALUATION

To evaluate the performance of the pro-
posed method, the algorithm was tested on
8 Hindi texts of total word count 9804, where
the smallest text was of 772 word counts and
the largest was of 1662. For Hindi, the latest
morphological analyzer is claimed to have to-
tal coverage of about 85%. An earlier version
of this analyzer is also available which has the
total coverage of about 30% only. Both the
available morphological analyzers were used
to evaluate the performance of the proposed
method.

To begin with, both Old and New morph
were run on the testing documents. The per-
formance statistics of the two morphs are
presented in first three rows of Table 5.1.

Table 5.1: Morph Coverage in no. of words

Morph— Old New
Total no. 9764 9764
No. analyzed 1133 8692
(11.60%)  (89.02%)
No. not analyzed 8631 1072
No. relevant 3514 284
Relevant Coverage 32.48%  96.67%

The words which were not analyzed by the
morphs were candidates for the performance
evaluation of the proposed method. While
applying the method, learning paradigms for
the adjectives was not tried, though it is
straightforward. Also, in Hindi, the iden-

tification of proper nouns needs to be han-
dled separately. The method at present has
not been applied on adjectives and proper
nouns. Hence the words falling in these types
were not considered for analysis and the last
but one row of Table 5.1 gives the number
of words considered for analysis, namely the
relevant words. Relevant Coverage given in
the last row of Table 5.1 is defined to be =
(Total no words classified by the morph)/(No
of words classified by morph + No of relevant
words).

The algorithm was carried out on the rele-
vant words using both the distances. Tables
5.2 and 5.3 below present the performance
evaluation of the method.

Table 5.2: Improved Old Morph Coverage

Distance— KL Eucl
No. classified 1600 1455
Precision 4581 %  41.62%
Recall 20.00% 18.08%
Improved Coverage 63.44%  60.65%

Table 5.3: Improved New Morph Coverage

Distance— KL Eucl
No. classified 113 104
Precision 40.07% 37.13%
Recall 11.63% 11.34%
Improved Coverage 97.97% 97.88%

where we define Improved Coverage =(Total
no of words classified by the morph and al-
gorithm)/(No of words classified by morph +
No of relevant words).

The figures presented are the average per-
centages over 8 texts. There is significant
improvement in coverage of Old morph. Also
performance based on Kullback-Liebler dis-
tance is better than that based on Euclidean
distance for all 8 texts considered.



6. DiscussioN AND CONCLUSIONS

We present an unsupervised improvement
of an existing morphological analyzer and
generator in this paper. The method as-
sumes that the morphological package makes
use of paradigms, where the paradigm does
not assume any particular theoretical model
of morphology. The package should also
be able to guess the stem-paradigm pairs,
given an unknown word. By considering
equivalence classes of feature structures, the
method can handle spelling variations and
overlaps of word forms in a language. How-
ever this coverage is limited to the variations
covered by the existing paradigms in the
given morphological analyzer. The method
does not propose any new paradigms. The
method depends only on the frequencies of
word forms in a raw corpus and does not re-
quire any input from the user regarding lin-
guistic rules or tagging of the corpus. As a
result, the performance of the method largely
depends on the corpus size.

The method was tested on the existing
morphological analyzer of Hindi along with a
raw corpus of size 13 million. It is observed
that the method works well even in situa-
tions where the list of stems which follow
a particular paradigm is small. Hence, the
proposed method can be used for a fast im-
provement of a morphological package which
might be at a preliminary stage of develop-
ment. It can also be used to correct the er-
rors of wrong paradigm labels for stems in an
existing morphological package. At present,
it fails to classify or label a small percent-
age of words considered and on eliciting user
response for such words, a minimally super-
vised learning algorithm can be implemented
to improve the morph.

The choice of word types was restricted for
this study and the word types such as adjec-

tives and proper nouns were not considered.

Also, for Hindi, the
proper-nouns needs to be handled separately.
If proper-nouns can be marked using a suit-
able tool, one can attempt to handle their
morphology, which has not been worked out
at present.

identification of

Few issues which came up out of this study

are:
1. Sparse data problem : Since the learn-

ing and analysis is entirely based on fre-
quencies, the roots with low frequen-
cies have high chances of getting mis-
classified. About 10% words of the test
data were of this type. However, their
contribution to the coverage of the mor-
phological analyzer on an arbitrary text
is expected to be small because of low
frequency of such words. As part of the
future work, it would be interesting to
find the relation between the size of the
corpus needed (Bharati et al, 1998) and
the improvement in coverage.

2. Rare word forms : Certain words have
reasonably high frequency of occur-
rence, but other word forms for the same
stem are extremely rare, leading to lack
of evidence and mis-classification. For
instance, word such as vittAMantri (fi-
nance minister) has a rarely occurring
correct plural oblique vittAmantrioM.
The fact that there is only one finance
minister in a country seems to con-
tribute to this. About 40% of the mis-
classified words fall in this category. Al-
though this again does not affect the
coverage of the resulting morph sub-
stantially, it is pointed out as an issue.
There are some deep relations between
the world (as it is) and the language
(which models or describes the world).
This is different from the usual sparse-
data problem; a substantial increase in



the corpus would help only marginally.

3. SIF : Some word forms of a stem for
which only one of the forms is found
in the given corpus (because of reasons
(1) or (2) above) get assigned to SIF
paradigm. This error does not con-
tribute to ’mis-classification’ of other
word forms of this stem because there
are no other word forms in SIF. At
worst, it would fail to handle the other
word forms of the stem and they would
remain unclassified. Since the frequency
of such word forms is low, their contri-
bution to coverage is small.

4. Proper nouns : The proper nouns typi-
cally behave like (2) above. However, in
Hindi, some of the proper nouns are also
common nouns, and as common nouns
their stems have other forms with good
frequency; for instance latA (creeper).

Performance analysis of the present
method is being extended to include adjec-
tives, adverbs etc for Hindi. As part of fu-
ture work, we plan to apply this method to
morphological analyzers of other Indian lan-
guages. It would be interesting to study the
improvement in coverage obtained for lan-
guages with different degree of inflectional-
ity. Even more interesting would be to come
up with a method of estimating corpus size
needed to achieve a given level of coverage
of morph for a language. Finally it would
be worthwhile to use more than one crite-
rion (namely, frequency of words) in machine
learning of morphology. The criteria could
be: identification of proper nouns using ap-
propriate tools, values of features such as
number, person etc using parser and so on.
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