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The most common speech understanding archior this reason, there has been considerable inter-
tecture for spoken dialogue systems is a combinatiagst in developing systems that permit language mod-
of speech recognition based on a class N-gram larls be specified in higher-level formalisms, normally
guage model, and robust parsing. For many typesome kind of unification grammar (UG), and then
of applications, however, grammar-based recogncompile these grammars down to the low-level plat-
tion can offer concrete advantages. Training &rm formalisms. A prominent early example of this
good class N-gram language model requires sulapproach is the Gemini system (Moore, 1998).

stantial quantities of corpus data, which is gen- Gemini raises the level of abstraction signifi-
erally not available at the start of a new projectcantly, but still assumes that the grammars will be
Head-to-head comparisons of class N'gl’am/rObuabmain-dependent. In the Open SourceGRLUS
and grammar-based systems also suggest that Usgfsiect (Regulus, 2005; Rayner et al., 2003), we
who are familiar with system coverage get better rehave taken a further step in the direction of increased
sults from grammar-based architectures (Knight e{pstraction, and derive all recognizers from a sin-
al., 2001). As a consequence, deployed spoken digte linguistically motivated UG. This derivation pro-
logue systems for real-world applications frequently:edure starts with a large, application-independant
use grammar—based methods. This is partiCUIarMG for a |anguage_ An app”cation-speciﬁc UG is
the case for speech translation systems. AlthougRen derived using an Explanation Based Learning
leading research systems like Verbmobil and NEEBL) specialization technique. This corpus-based
SPOLE! (Wahlster, 2000; Lavie et al., 2001) ususpecialization process is parameterized by the train-
ally employ complex architectures combining staing corpus and operationality criteria. The training
tistical and rule-based methods, successful practicgbrpus, which can be relatively small, consists of ex-
examples like Phraselator and S-MINDS (Phraselammples of utterances that should be recognized by
tor, 2005; Sehda, 2005) are typically phrasal tranghe target application. The sentences of the corpus
lators with grammar-based recognizers. are parsed using the general grammar, then those
Voice recognition platforms like the Nuanceparses are partitioned into phrases based on the op-
Toolkit provide CFG-based languages for writingerationality criteria. Each phrase defined by the
grammar-based language models (GLMs), but it isperationality criteria is flattened, producing rules
challenging to develop and maintain grammars coref a phrasal grammar for the application domain.
sisting of large sets of ad hoc phrase-structure ruleghis application-specific UG is then compiled into



a CFG, formatted to be compatible with the Nuancdapanese-input medical speech translation system,
recognition platform. The CFG is compiled into thediffering with respect to the target language and
runtime recognizer using Nuance toaols. the recognition architecture used. In particular, we
Previously, the RGuLusgrammar specialization will show a) that versions based on the specialized
programme has only been implemented for Englisllapanese grammar offer fast and accurate recogni-
In this demo, we will show how we can apply thetion on utterances within the intended coverage of
same methodology to Japanese. Japanese is strile system (Word Error Rate around 5%, speed un-
turally a very different language from English, so itder 0.1xRT), b) that versions based on the original
is by no means obvious that methods which workieneral Japanese grammar are much less accurate
for English will be applicable in this new context: and more than an order of magnitude slower.
in fact, they appear to work very well. We will
demo the grammars and resulting recognizers in the
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