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Abstract

The paper describes an initial attempt to use
Levin’s verb classes for the task of preposition sense
selection in English to Indian language machine
translation. Two language pairs have been selected to
describe the approach, English-Hindi and English-
Telugu. We exploit the correspondence of verb class’s
semantics vis-a-vis some prepositions it takes. Results
obtained from the experiments show very high
performance with an overall average accuracy of
93.6% for English-Telugu language pair. When
combined with previous approach, the performance
increased by 6.2%.

1. Introduction

It is well known that EFL learners find it hard to
grasp the minute semantic intricacies which come into
play while using prepositions. One can perhaps
generalize this problem for other foreign language
learners also [2]. It should then not come as a surprise
that in automatic machine translation too, the task of
translating a preposition from one language to another
is difficult. One can treat automatic translation of
preposition as a sense selection task. Framing this task
in such a way makes it very different from the problem
of word sense disambiguation. As many source
language adposition senses generally collapse into a
single target adposition, one does not need to always
distinguish between the various senses. What is
required then is correct source to target
correspondence. Additionally, the pervasive use of
adpositions in many languages makes it a crucial
element during translation. It is also known that the
elements that make up the lexical class of preposition
are highly polysemous. Thus, inappropriate sense
selection of an adposition during machine translation
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can have a negative impact on the quality of the
translation, sometimes changing the semantics of the
translated sentence drastically. This makes preposition
sense selection (PSS) module a critical component of
any reliable MT system.

Extensive body of work devoted to understanding
English prepositions linguistically exists in the
literature. Syntactically [11], [3], [26], and [25];
semantically by [27] and [28]; and the Pragmatic
aspects by [4]. Prepositions hold a very important
status in Cognitive linguistics, and have been studied
in great detail both theoretically [16], [17], [15], [2]
and from an MT perspective [32].

The work of automatically selecting the correct
sense has also received considerable attention. [13]
attempts to translate locative prepositions between
English and French. It introduces the notion of
‘representation of conceptualization’ based in turn on
[5]. The paper synthesizes this idea with the thesis of
ideal meaning [8]. [30] has tried to resolve conceptual
geographical prepositions using inference rule based
on cognitive maps which people have of the external
world. [7] uses knowledge representation formalism
for preposition phrase (PP) interpretation.

Some studies pertain to systems which have been
implemented for MT; [6] uses aligned parallel corpora
to induce automatic rules by applying transformation-
based learning. [1] makes use of contextual
information to determine the meanings of ‘over’. [31]
uses a transfer rule based approach to translate locative
PP-phrase, the approach uses the dependency relations
marked as indices with individual word and a bilingual
lexicon which has mapping between source and target
lexical item (with indices). [24] looks at the semantics
of the head noun of the reference object to get the
lexical meaning of prepositions in an English-Bengali
MT system. While [10] uses multiple contextual
features of the parent phrase head of the PP and the PP



noun complement for English-Hindi and English-
Telugu MT.

In this paper we show how Levin’s verb classes
[18] can be used to select the appropriate sense of a
preposition in the target language with very high
accuracy. The method exploits the semantics of the
verb classes and the kind of preposition they can
potentially take. The approach suggests that one can
without getting the semantics of the noun, the verb, or
the preposition get a very robust system based only on
the Levin’s verb classification. Using various
resources like WordNet [23], NomBank®, PrepNet
[28], etc. becomes unnecessary. Of course, the
classification itself does implicitly consider the
semantics of the verb, since the verb, owing to its
semantics, subcategorizes for only certain arguments;
but from a computational point of view one uses a
single lexicon with no explicit semantic information.
The final system will, apart from the verb class
information, also need certain other syntactic
information such as PP attachment and correct
identification of the phrasal verb (if present). The
proposed approach presumes that this information will
be available. In Section 5 we describe how we go
about getting such information. The paper does not
claim to solve the problem of PSS in toto, on the
contrary, the work proposed is meant to complement
other methods.

The paper is arranged as follows; Section 2 briefly
describes Levin’s verb classification. In Section 3 we
explain our approach. Section 4 lists some verb classes
which lend themselves to the approach. We show the
evaluation results in Section 5. Section 6 discusses the
results and makes some general remarks on related
issues. Finally, we conclude the paper in Section 7.

2. Levin’s verb classification

Levin’s verb classification is an elaborate attempt to
investigate English verbs. The work is guided by the
assumption that the behavior of a verb, particularly
with respect to the expression and interpretation of its
arguments, is to a large extent determined by its
meaning [18]. In effect what this means is that the
syntactic behavior of a verb is semantically defined.
Drawing from earlier works dedicated to such an
investigation, Levin has shown the correlations
between the semantic and syntactic behavior of
English verbs. The classification task makes use of
wide variety of diathesis alternations characteristic of
English verbs. A semantic class finally obtained
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adheres to or does not adhere to a set of alternations.
We’ll see in Section 3 that for our task too we make
use of certain alternations as we go about finding a
verb class suitable for PSS.

3. Approach

Verbs are generally thought to be at the core of a
sentence in almost all the languages. Various linguistic
theories have used this insight in varying ways to
account for the syntactic and the semantic structure of
a sentence. Since verb classes can be identified
throughout language and are asserted to exist across
languages as their basic meaning components can be
applied cross-linguistically [12], one can therefore
expect to see a possible adpositional correspondence
between some language pairs as well. On the other
hand, different conceptualization of same real-world
situation lead to different selection of linguistic devices
(such as adpositions) in different languages [32];
however what we are interested in is the
correspondence between the adpositions in a language
pair and not the difference in the conceptualization
system. Such an investigation is out of the scope of
this paper.

Certain verbs due to their intrinsic semantic
properties constrain the type of elements which appear
on the surface structure. This insight lies at the heart of
the Levin’s verb classes. The proposed scheme tries to
exploit this characteristic for the PSS task. What is
explored as part of this paper is the following:

(@) Can we find a class of verbs which owing to its
semantics constrains the kind of prepositions it
takes?

(b) For such prepositions, is there a one-to-one
correspondence on the target side?

(c) Does the chosen target adposition have a non-
default/non-canonical usage?

What this means for sense selection is that having
found such a verb class every other potential parameter
becomes invariant. All one needs is this verb class.
Instead of looking at the prepositions directly, we
discover them via the verb classes. We reject a verb
class for which the target adposition takes a default
sense; the selection of default sense would already be
part of the baseline approach and can safely be left out.

There is no straightforward way to automatically
select such verb classes. For the purpose of this paper
we have tried to manually find some such classes



which satisfy the above three conditions. We search
for such classes using some specific alternations.
These alternations generally involve the participation
of prepositions. Some of these are:

e  Prepositions drop alternation,
e With/against alternation,

e  Through/with alternation,

e Locative inversion, etc.

Apart from these alternations, the ‘Comments’ at
the end of each verb class proved to be very useful.
Note here that we could have possibly used VerbNet?
for identifying the verb classes as well, but we opted
for Levin’s verb classification owing to its descriptive
richness in the form of alternations and ‘comments’.
Of course, having done the analysis one could use the
VerbNet lexicon as an alternative practical resource,
since VerbNet more or less extends Levin’s verb
classes.

What makes the proposed approach attractive is that
having identified the verb classes we need not worry
whether we encounter a normal usage or a
metaphorical usage of the verb. We know that even in
its metaphorical usage, a verb tends to respect its basic
syntactic requirements.

The work proposed can perhaps be automatically
induced to a certain degree. Such an approach would
require a large word aligned parallel corpus,
unfortunately we do not have such a resource. In
Section 6 we revisit this issue again and give some
pointers towards the potential insights which our work
can have for automatic induction of valid verb classes.

4. Verbs Classes

This section describes some of the verb classes chosen
for English-Hindi and English-Telugu. Table 1 and
Table 2 show such verb classes. The empty cells in the
tables signify default sense. A ‘|” and ‘/° means
alternative (these alternatives generally arise due to
dialect variations), a ‘I’ means negation. Note that the
classes shown in the tables may not be the only ones
which satisfy the three conditions mentioned in the
previous section, there may be many more such verb
classes. A more exhaustive study is needed to come up
with a complete list. The present study only shows that
the proposed approach works effectively.

2 http://verbs.colorado.edu/~mpalmer/projects/verbnet.html

4.1 English-Hindi MT

In this section we describe some of verb classes that
can be used in the English-Hindi MT for PSS.

(a) Verbs of Contact by Impact: #18°

The verbs in this class describe moving one entity in
order to bring it into contact with another entity [18].
Most of the verbs in the class will have the
‘with/against’ alternation. Notice that it is the
semantics of the class which constrains the sense of
preposition. Table 1 shows the postposition for with
and against on the Hindi side, which are different from
their default usage.

(b) Peer verbs: #30.3

Peer verbs comprise a subset of verbs of perception.
These verbs necessarily take a PP. Apart from listen,
check, and snoop, all the other verbs can take ‘at’.
When they do, the corresponding Hindi postposition
gets fixed. This can be seen Table 1, the selected Hindi
sense is not canonical.

(¢) Judgment verbs: #33

The verbs in this class do not always take a PP,
nevertheless a subset of this verb can be exploited.
Specifically, when the ‘negative verbs’ such as abuse,
fine, punish, etc. take a ‘for’, it gets translated as ‘ke
kArana’ or alternatively ‘kii vajaha sai’ in Hindi.

4.2 English-Telugu MT

This section describes some of the verb classes which
lend themselves in the English-Telugu MT. Table 2
shows the result for all such verbs.

(@) Marvel Verbs: #31.3

Marvel verbs form a subset of the wverbs of
psychological state. All the verbs in this class are
intransitive. They obligatory take various prepositions
to express the stimulus/object of emotion.

® The numbers after the colon reflect the original index number of a
verb class in [18].



Table 1: Verb Classes for English-Hindi MT
(the number in the far left column are Levin’s verb class index, the complete list along with actual names can be
seen in Appendix)

To With | Into Against | At For

Default | ke ke andara | ke para ke live

shtha | ko wirndha
11.5 taka meld
18 se meld 3877

{118.3)
303 T

tarapha
33 ke kirana /
(NEG) kit wajaha
sa1

363 se
375 e se
37.7 se e
221 meld
22.3, se se meld
225
22.4 para

Table 2: Verb Classes for English-Telugu MT

At On From For
Default daggara mida | nuMci | kosaM
54.4 Price verbs ku | ki
13.5.1 Get verbs na
25.3 lllustrate verbs paina
31.3 Marvel verbs toti
39.6 Gorge verbs varaku
51.1 Directed motion kijlo na

(b) Get Verbs: #13.5.1

The verbs of this class are part of a larger class of Get
verbs. These verbs can take a benefactive argument
using a PP for. However, for takes a default target
sense and therefore we do not show the result for this
preposition. Interestingly, when on appears as part of
an optional PP it does get uniquely mapped in Telugu.

(c) Price Verbs: #54.4

This verb class is subsumed in Measure verbs. The
verbs in this class describe an agent measuring the
value of an attribute of an entity along a scale relevant
to the characterization of that attribute. The verbs can
optionally take a preposition to specify the measuring
rate.

5. Experiment

In this section we evaluate the effect of certain verb
classes for PSS in an English-Telugu MT. We later
integrate the proposed approach with the approach
proposed in [10] and show that there is a considerable
improvement over previous published results. The
tables specify the number of sentences used to evaluate
the system. All the sentences were randomly selected
from the ERDC* corpus.

We evaluate the performance of the proposed
approach for 5 verb classes, namely, marvel, price,
gorge, illustrate and get. Note that apart from the verb
class information we will need certain other syntactic
information such as PP attachment and correct
identification of the phrasal verb (if present). Our
implemented system presumes that this information

* Electronic Research and Development Centre, NOIDA, UP, India.



Table 3: Results for English-Telugu PSS

Verb Class Preposition Default Sense | Sense Number of | Precision (%)
Identified sentences
Price V. At daggara Ki 23 86.9
Marvel V. From nuMci toti 45 97.7
Gorge V. From nuMci varaku 34 91.1
Illustrate V. On mlda palna 49 95.7
Get V. On mlda na 41 92.6
Total = 192 Average = 93.6

will be provided as input. We get this information from
the English language analyzer of the Shakti MT
system®. To make sure that the mistakes made by the
analyzer do not affect our system, we manually correct
the errors of attachment, etc. Table 3 shows the result,
for all the verb classes we get very high accuracy with
an average overall performance of 93.6%. The results
point towards the robustness of their use.

Table 4 shows the performance for at, from, and on
using a modified rule base system proposed in [10].
The ~200 sentences for each of these prepositions were
randomly selected from the ERDC corpus. Below we
summarize this system. For more details, see [10];

(@ A raw sentence is fed to the Shakti MT system
which performs various source language
analysis, information such as PP attachment and
correct identification of the phrasal verb (if
present) is crucial.

(b)  The output of step (a) is taken by the module
which automatically constructs a six field tuple.
The tuples reflect various contextual
information. At this point only some fields such
as, field 1 (source language preposition), field 2
(modified category) and field 4 (modifier
category) are filled.

(c)  This constructed tuple is then compared with the
appropriate tuples present in the rule file. For
this constructed tuple to satisfy the various
constraints mentioned in the tuple with which it
is compared, resources such as place filter, time
filter, lists and WordNet are consulted
automatically. The tuple which satisfies all the
constraints is selected; the last field of this tuple
contains the dictionary id of the sense.

(d)  Output the selected sense.

® (http://shakti.iiit.ac.in). Note here that the proposed algorithm has
been tested with Shakti version 0.83x which has still not been
released. The released version is 0.73.

Table 4: Previous rule-based approach results

Prep No. of Sentences Precision (%)
At 199 73.8
From 197 82.2
On 199 78.4
Total = 595 Average = 78.1

We combine the rule base with our verb
classification information. Table 5 shows the result of
the combined approach. The accuracy of all the
prepositions increased using the combined approach;
there is an increase of 4%, 4.7% and 9% for at, from,
and on respectively. There is a 6.2% increase over the
performance achieved by [10].

Table 5: Results from the combined approach

Prep No. of Sentences Precision (%)
At 222 77.8
From 231 86.9
On 289 87.4

Total =742 Average = 84.3
6. Discussion

The results show that using verb class information
makes an effective strategy for PSS. It can complement
other approaches and increase the baseline
performance. The approach can systematically exploit
the semantics of some verb classes to account for the
various prepositions the verb can take.

The errors for the proposed approach were mainly
due to different sense of the verb. Majority of errors
creep into the system because the sense of the verb is
unknown. Sometimes we might encounter polysemous
senses of the selected verb. In such a case the target
sense will generally be marked wrongly. To reduce
such errors one could remove all the verbs which occur
in more that one verb classes; but this would reduce
the number of potential verbs which can be used for
PSS task.

The approach can also prove to be effective from
the machine learning perspective. It is interesting to
note that the state of the art in statistical MT either




based on word alignment or phrase based techniques
such as [14], [19], [20], [21], and [22] use very basic
linguistic feature set. These features generally do not
include conjoined features where the probability of the
target word (such as postposition) is induced by
considering both the source preposition and the verb or
the noun which this preposition modifies. Use of
conjoined features is generally avoided, as it can lead
to sparsity problems. Nevertheless, for our task it is
easy to see that to automatically induce the verb
classes such as those discussed in this paper the use of
conjoined features can prove to be very effective. The
translation of the preposition on the target side is not
only dependent on the lexical information (word-
alignment) of the preposition but also on the verb (or
noun) to which it attaches. We plan to explore this
aspect in the future.

7. Conclusion and future direction

In this paper we proposed an approach to preposition
sense selection in English to Indian language sense
selection using Levin’s verb classification. We
motivated this approach as a system which can
complement other techniques and which can provide a
better baseline. We later showed some of those verb
classes for English-Hindi and English-Telugu MT
system. We evaluated the system and showed that the
proposed approach gives very high performance
consistently; the average precision for the verbs
considered for English-Telugu PSS task came out to be
93.6%. We also combined our system with previous
work and showed that there is an overall improvement
of 6.2% over the previous state of the art for the
prepositions considered. Finally, we discussed some of
the causes which lead to errors in the implemented
system.
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9. Appendix

11.5: Drive verbs
13.5.1: Get verbs

18: Verbs of Contact by Impact
22.1: Mix verbs

22.3: Shake verbs
22.4: Tape verbs
22.5: Cling verbs
25.3: Illustrate verbs
30.3: Peer verbs

31.3: Marvel verbs
33 (NEG): Judgment verbs
36.3 Meet verbs
37.5: Talk verbs

37.7: Say verbs

37.9: Advice verbs
39.6: Gorge verbs
54.4 Price verbs
51.1: Directed motion



