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Word Sense
Disambiguation

e A

% ® Given a word in a particular context
| and a sense inventory, determine

which sense of that word was
intended by its user.




Word Sense
Disambiguation

® | went fishing for some sea bass.

® The bass line of the song’is too weak.



Resources

WordNet: documents |100k+ senses of English
words

SemCor: Brown corpus with sense tags;
one million words

SENSEVAL 2 and 3:sense annotated test data;
5000 words each



Evaluation Metric

System makes predictions for some words
and no prediction for others

Precision

Recall

F1



Sensel.earner

Rada Mihalcea and Andras Csomai, 2005
Features: adjacent words and parts of speech

Memory based learner: predict sense label
from training instance that is most similar to
the testing instance, provided it's the same

word



Existing Features

® The word
® |ts part of speech

® Word N-grams surrounding it, up to one word
before and one word after, e.g. X Y Z produces:

XY, Z, XY, YZ, XYL

® Nothing more syntax-y

® They tried using some surrounding POS tags
but got inferior results.



Classification

® |Learn and use several models at once

® Typically one per POS, but can use more

® At runtime, try each model

® Models which predict a different word are
ignored

® [f all the remaining models agree, make a
prediction



Parsing the Data

ERG version 1212 with ACE
SemCor: 86.4% coverage
SENSEVAL-2:90.7% coverage
SENSEVAL-3:89.7% coverage



Add MRS Features to
existing models

PRED | predicate PRED=_bark v | rel

TYPE| 2"8YMENT | Lork v 1 rel ARGI=x
type — —
OUT | 2rgument OUT bark v | rel

predicate ARGI|=_dog n_| rel

inverse IN_quick a | rel
of OUT ARGI= bark v | rel

IN




Results (dev)

Features P R
baseline 6/.8 62.2
PRED 65.9 60.5
TYPE 66.5 60.9
PRED+TYPE 65.7 60.2
PRED+TYPE+OUT 65.5 60. |




Not very encouraging

® [he more features | add, the worse the
performance gets.

® |elinek's "Every time | fire a linguist..."



Data Sparsity!?

® | ots of PRED values floating around; try
backing off to the "semantic file" of their
first sense in WordNet (for words other

than the one being disambiguated)

OUT- | 28YMENT | ST bark v | rel

BACK predicate, ARG | =noun.animal
backed-off




Data Sparsity!?

Features P R
baseline 6/.8 62.2
OUT-BACK 65.9 60.5

Still no dice.




MRS features in
separate model?

® Baseline architecture allows multiple models

® Each model votes or abstains

® |f dissent, no prediction

Features P R F1
baseline 67.8 62.2 | 64.88
PRED+TYPE+OUT+IN | |

+OUT-BACK+IN-BACK




Held-out Data

SENSEVAL-2
Features P R F1
baseline 64.3 559 59.8
PRED+TYPE+OUT
+IN+OUT-BACK 65.9 53.4 59.0
+IN-BACK




Conclusion

® (Essentially) no improvement

® Word sense disambiguation is hard

® My guess: MBL doesn't work well with lots
of features



References

Copestake, A., Flickinger, D., Pollard, C., & Sag, 1. A. (2005). Minimal recursion semantics: An
introduction. Research on Language and Computation, 3(2-3), 281-332.

Daelemans, W., Zavrel, J., Van der Sloot, K., & Van den Bosch, A. (2003). Timbl: Tilburg memory-
based learner. ILK 03, 10.

Edmonds, P, & Cotton, S. (2z001). SENSEVAL-2: Overview. In The Proceedings of the Second
International Workshop on Evaluating Word Sense Disambiguation Systems (pp. 1-5). Association for
Computational Linguistics.

Flickinger, D. (2000). On building a more efficient grammar by exploiting types. Natural Language
Engineering, 6(1), 15-28.

Miller, G. A., Leacock, C., Tengi, R., & Bunker, R. T. (1993). A Semantic Concordance. In Proceedings
of the Workshop on Human Language Technology (pp. 303-308). Association for Computational
Linguistics.

Miller, G. A. (1995). WordNet: a Lexical Database for English. Communications of the ACM, 38(11),
39741,

Snyder, B., & Palmer, M. (2004). The English All-Words Task. In SENSEVAL-3: Third International
Workshop on the Evaluation of Systems for the Semantic Analysis of Text (pp. 41-43).



