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ABSTRACT

sent recent advances from our efforts inincreasing cov-
robustness, generality and speed of JANUS, CMUs
to-speech translation system JANS is a speaker-

it systemwhich transl ates spoken utterances in
also in German into one of German, Fhglish or
systemhas been designed around the task

stration ((R). It has initially been built

h database of 12 read dial ogs, enconpass-

around 500 vords. W have since been

ong several dimensions to inprove

age and to nove tovard sponta-

UCTI ON

ibe recent i1mprovenents of

o speech translation system Im

ve been nmade maninly al ong the follow ng

ons: 1.) better context-dependent nodeling im

sroves performance in the speech recognition module,

2.) inproved language nodels, smwothing, and word
equi val ence classes inprove coverage and robustness of
the sentences that the systemaccepts, 3.) an inproved
N-best search reduces run-tine fromseveral mnutes to
nowreal tine, 4.) trigramand parser rescoringinproves
selection of suitable hypotheses fromthe N-best list for
subsequent translation. Onthe nachine translationside,

5.)

a cleaner interlingua was designed and sy
and donain-specific anal ysis were separ:
reusability of conponents and

lation, 6.) a senanti

semantic anal

Th



pendent segrment weights.

Error rates using context dependent phonenes are |l ovwer
by afactor 2to 3 for English (1.5t0 2 for German) than
using context 1 ndependent phonenes. Results are shown

intable 1.
| Fnglish | (erman |
I I anguage nodel I PP W I PP WK |
| none | 400.0 582 | 4250 63.0 |
| vord-pairs | 289 83.4 | 20.8  89.1 |
| bigrans | 162 92.6 | 18.3  93.7 |
| snwothed bigrans | 18.1 915 | 28.90 84.7 |
| after resorting I —  98.8 I |

Table 1: Word Accuracy for First Hypothesis

The performance onthe RMtask at conparabl e perpl ex-
i1ties is significantly better thanfor the CR task, suggest-
ing that the CR taskis sonewhat nore diffcul t.

2.2. Search

The search nodul e of the recognizer builds a sorted|l
of sentence hypotheses. Speed and nenory regq
have been dramatically i nproved: Tho
of hypotheses conputed for each u
from6 to 100 hypotheses
conput ation was t
seconds.

This was ;

N be



Wen the standard GLRparser fails onall sentence can-

didates, this robust GLR parser is applied to the best
sentence candi date.

3.2. The Interlingua

The output of the parser, known as
structure”, 1s then fed into a

Interlingua representation.

?syntactic f-

mapper to produce an
For the mapper, we use a

software tool known as TransformationKit [10]. Ax
ping grammar with about 300 rules is writt
(onference Registration domnin of En

((PREV-UTTERANCEE ((SHEEH- AT*AKNOWL) (\ALE
(T ME *FREEENT)
((DEFINTE4) (NNBER*SG)
(ANM-)
(TYEE *

(CNEPT*TH X))
(SFEEH ACT*I LENI F¥ CIHER) )

Figure 2: Exanple: Interlingua Qutput

Figure 21s anexanple of Interlinguarepresentation pro-
duced fromthe sentence "Hellois this the conference o
fice”. In the exanple, "Hello” 1s represented
act *ACKNOW.EDGEMENT, and the rest :
act *I DENTFY- OTHER.

3.3. The Generator

The generation of target 1:
representation 1nvc
Transform

!



side there is a “built-in” robustness against these phe-
nonena in a connectionist system

The connectionist parsing process is able to conbine
synbolic information (e.g. syntactic features of words)
with non-synbolic information (e.g. statistical likeli-
hood of sentence types). Mreover, the systemcaneasily
integrate different knowl edge sources. For exanple
stead of just training on the synbolic ir
trained PARSECon both the synbol i
the pitch contour. After trai
temwas able to use t
mne the se
Wer e



