MMSLONEDOEE
Structure—guided Supertagger Learning

(FEEZFIH U7- Supertagger D)

A L

Deep syntactic analysis by lexicalized grammar parsing is an important task in
the field of natural language processing (NLP), since it provides rich syntactic and
semantic description of text data. Supertagging is a key speed-up technique for deep
parsing. An accurate supertagger can greatly reduce the lexical ambiguity for the
downstream parser and it is widely used as a pre—process module in deep parsing.
On the other hand, supertagging can also be used as an effective way to provide
syntactic information for other NLP tasks, such as machine translation. To make an
accurate and fast deep parser for large scale real world data, this thesis focuses

on the research of structural learning problems for supertagging task.

In supertagger learning, there exist two challenging problems. First, supertags
are usually derived from a complex grammar. This results in a large tag set and
makes the supertag prediction relying on the information (e.g., words, part-of
speech tags and other supertags) which is long-distance away in a sentence. This
long—distance information is commonly ignored in traditional way of supertagger
training, since the incorporation of long—distance information into traditional
models brings much computational cost. The problem is especially severe when the
tag set is large, because of the exponential growth of the model complexity. Second,
supertaggers are usually trained separately from the parser. This pipeline parsing
strategy poses a problem that the training objective of a supertagger deviates from
the final parser (i.e., different loss functions), which will harm the performance

of the final parser.

We solve these two problems by incorporating structural guidance in supertag
learning process. In detail, we first investigate supertagging from the traditional
point of view (as a sequence labeling task) and examine to what extent the ignorance
of long-distance information in the sequence labeling formulation affects the
supertagging results. As the experiments confirmed, the long—distance information
is crucial for supertag disambiguation. For the first problem, we propose an

effective method by modeling this long—distance information in dependency formalism



and integrate it into the supertagger training process. For HPSG supertags
subject/complement slots carry major syntactic information inside the supertags
The dependency formalism can be treated as an approximated representation for
subject/complement information. Therefore, we first model the dependency
relationships between words and use them to generate long—distance features for
supertag disambiguation. This approach incorporates long—distance information as
soft constraints for supertagging, which increases the accuracy of the supertagger

while keeping the computational complexity tractable

To address the second problem, we propose an on—line forest—guided training method
to make the training objective of a supertagger closer to that of the parsing
task. We use a CFG grammar to approximate the original HPSG grammar and apply
best-first search to select grammar—satisfying supertag sequences for the parameter
updates in the training stage. On the standard test set (Penn Treebank Section 23),
we achieved an absolute 0.68% improvement in the F-score for predicate—argument
relation recognition and got a competitive result of 89.31% with a faster parsing

speed, compared to a state—of—-the—art HPSG parser.
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