Statistical Approaches to Language" W orkshop at the

32nd Annual Meeting of the ACL, 1994

T. Kemp: Data-Driven Co deb o ok A daptation in phoneti-

c al ly tie d SCHMMS. to app ear in Pro c. ICASSP 95

T. Slob o da: Dictionary L e arning: Performanc e thr ough

Consistency. to app ear in Pro c. ICASSP 95

P . Geutner: Using Morpholo gy towar ds b etter L ar ge V o-

c abulary Sp e e ch R e c o gnition Systems. to app ear in Pro c.

ICASSP 95

U. Bo denhaus en: Automatic Structuring of Neur al Net-

works for Sp atio-T emp or al R e al-World Applic ations. Ph.D

thesis, University of Karlsruhe, June 1994

J.-L. Gauvin, L.-F. Lamel, G. Adda and M. Adda-Decker:

The LIMSI Continuous Sp e e ch Dictation System: Eval-

uation on the ARP

A Wal l Str e et Journal T ask. Pro c.

ICASSP 94, vol. 1, pp. 557-560

W. W ard: Understanding Sp ontane ous Sp e e ch: The

Pho enix System. Pro c. ICASSP 91, vol. 1, pp. 365{367

G. Gazdar, E. Klein, G.K. Pullum, and I.A. Sag: Gen-

er alize d Phr ase Structur e Gr ammar. Blackwell Publish-

ing, Oxford, England and Harv ard University Press, Cam-

bridge, MA, USA, 1985

R. Kaplan and J. Bresnan: L exic al-functional gr ammar:

A formal system for gr ammatic al r epr esentation. In The

Mental R epr esentation of Gr ammatic al R elations, pp. 173-

281. The MIT Press, Cambridge, MA, 1982.

C. Pollard and I. Sag: An Information-Base d Syntax and

Semantics. CSLI Lecture Notes No.13, 1987.

C. Nak atani and J. Hirschb erg: A Sp e e ch{First Mo del for

R ep air Identi�c ation in Sp oken L anguage Systems. Pro c.

of the ARP A W orkshop on Human Language T echnology ,

March 1993

A.-E. McNair and A. W aib el: Impr oving R e c o gnizer A c-

c eptanc e thr ough R obust, Natur al Sp e e ch R ep air. Pro c.

ICSLP 94, vol. 3, pp. 1299-1303

S.-R. Y oung and W. W ard: L e arning New Wor ds fr om

Sp ontane ous Sp e e ch. Pro c. ICASSP 93, vol. 2, pp. 590-

591

Robust Sp eech Repair

After lo cating and highlighting erroneous sections in

the recognizer hyp othesis, misrecognitions are cor-

rected.

The sp oken hyp othesis correction metho d uses N-

Best lists for b oth the initial utterance and the resp o-

ken section. The N-Best list for the highlighted section

of the initial utterance is resc ored using scores from

deco ding the secondary utterance. Dep ending on the

quality of the N-Best lists, most misrecognitions can

b e correcte d.

The sp elling hyp othesis correct ion metho d requires

the user to sp ell the highlighted erroneous section. A

sp elling recognizer deco des the sp elled sequence of let-

ters. By means of a language mo del we restrict the

sequence of letters to alternatives found among the N-

Best from the lo cated section.

T o date, we have ev aluated our metho ds over sen-

tences from the Resource Management task. T able 7

shows the improvements in sentence accuracy

, based

on recordings from one sp eaker of the F ebruary and

Octob er 1989 test data. W e selecte d a subset of erro-

neous utterances ; therefore the accuracy of the baseline

system is signi�cantly lower than the 94% p erformance

our system achieves on the whole test set. The results

indicate that rep eating or sp elling a misrecognized sub-

section of an utterance can b e an e�ective way to repair

recognition utterances .

No Repair (baseline) 63.1%

Resp eak 83.8%

Sp ell 88.5%

Resp eak + Sp ell 89.9%

T able 7: Improvement of Sentence Accuracy by Repair

Conclusions

W e describ e d JANUS-2, our multilingual sp oken lan-

guage translation system. W e intro duced di�erent

learning approaches that reduce hand-tuning e�orts,

yield b etter word accuracy and even accelerate recog-

nition sp eed. All of these techniques can b e applied

in several languages and help making signi�cant ad-

v ances towards building a multilingual translation sys-

tem for sp ontaneous human-to-human dialogs. Beyond

recognition of sp ontaneous sp eech JANUS-2 provides

a framework for investigating imp ortant areas like ro-

bust parsing, machine translation of sp oken language

and developing metho ds to recover from recognition

and parsing errors.

Ac kno wledgemen ts

The German sp eech recognition engine was funded by

grant 413-4001-01IV101S3 from the German F ederal

Ministry of Education, Science, Research and T echnol-

ogy (BMBF) as a part of the VERBMOBIL pro ject.

The English and Spanish sp eech translation comp o-

nents were funded in part by grants from the Ad-

v anced Research Pro ject Agency

, the US Government,

Siemens Corp oration and A

TR Interpreting T elecom-

munications Research Labs of Japan. W e gratefully

acknowledge their supp ort. The views and conclusions

contained in this do cument are those of the authors.

References

L. Osterholtz, A. McNair, I. Rogina, H. Saito, T. Slo-

b o da, J. T eb elskis, A. W aib el and M. W oszczyna: T esting

Gener ality in JANUS: A Multi-Lingual Sp e e ch to Sp e e ch

T r anslation System. Pro c. ICASSP 92, vol. 1, pp. 209-212

M. W oszczyna , N. Co ccaro, A. Eisele, A. Lavie, A. Mc-

Nair, T. Polzin, I. Rogina, C.P

. Rose, T. Slob o da, M.

T omita, J. Tsutsumi, N. Aoki{W aib el, A. W aib el and W.

W ard: R e c ent A dvanc es in JANUS: A Sp e e ch T r anslation

System. Pro c. EUROSPEECH 93, vol. 2, pp. 1295-1298

B. Suhm, P

. Geutner, T. Kemp, A. Lavie, L. May-

�eld, A.E. McNair, I. Rogina, T. Slob o da, W. W ard, M.

W oszczyna and A. W aib el: JANUS: T owar ds Multilin-

gual Sp oken L anguage T r anslation. DARP

A Sp eech and

Natural Language W orkshop 1994

W. W ahlster: V erbmobil: T r anslation of F ac e-T o-F ac e

Dialo gs. DFKI, Novemb er 1993

C-ST

AR - Consortium for Sp eech T ranslation Research:

Or ganization and Go als. Unpublished Notes, M � unchen,

June 1994

H. Hild and A. W aib el: Sp e aker-Indep endent Conne cte d

Letter Re c o gnition With a Multi-State Time Delay Neur al

Network. Pro c. EUROSPEECH 93, vol. 2, pp. 1481-1484

O. Schmidbauer and J. T eb elskis: An L

VQ b ase d R ef-

er enc e Mo del for Sp e aker{A daptive Sp e e ch R e c o gnition.

Pro c. ICASSP 92, vol. 1, pp. 441-445

I. Rogina and A. W aib el: L e arning State{Dep endent

Str e am Weights for Multi{Co deb o ok HMM Sp e e ch R e c o g-

nition Systems. Pro c. ICASSP 94

B. Suhm and A. W aib el: T owar ds Better L anguage Mo dels

for Sp ontane ous Sp e e ch. Pro c. ICSLP 94, vol. 2, pp. 831-

834

A. Lavie and M. T omita: GLR* - An E�cient Noise-

skipping Parsing Algorithm for Context-fr e e Gr ammars.

Pro ceedings of Third International W orkshop on Parsing

T echnologies, 1993, pp. 123{134

B. Suhm, L. Levin, N. Co ccaro, J. Carb onell, K.

Horiguchi, R. Isotani, A. Lavie, L. May�eld, C. Pennstein-

Ros� e, C. V an Ess-Dykema and A. W aib el: Sp e e ch{

L anguage Inte gr ation in a Multi{Lingual Sp e e ch T r ansla-

tion System. W orkshop on Integration of Natual Lan-

guage and Sp eech Pro cessing, AAAI-94, Seattle

F.-D. Bu�, T.-S. Polzin and A. W aib el: L e arning Com-

plex Output R epr esentations in Conne ctionist Parsing of

Sp ontane ous Sp e e ch. Pro c. ICASSP 94, vol. 1, pp. 365-368

L. May�eld, M. Gav alda, W. W ard and A. W aib el:

Conc ept-Base d Sp e e ch T r anslation. to app ear in Pro c.

ICASSP 95

C. Penstein Ros� e and A. W aib el: R e c overing F r om Parser

F ailur es: A Hybrid Statistic al/Symb olic Appr o ach. to ap-

p ear in \The Balancing Act: Combining Symb olic and

2. The Linguistic F e atur e L ab eler attaches features and

feature v alues (if applicable) to these chunks. There

is a classi�er for each feature, which �nds zero or

one atomic v alue. Since there are many features,

each chunk may get none, one or several pairs of

feature and atomic v alues. As a feature normally

only o ccurs at a certain chunk level, the classi�er is

sp ecialized to decide on a particular feature at a par-

ticular chunk level. This sp ecialization prevents the

learning task from b eing to o complex, thus keeping

it easy to learn.

3. The Chunk Path Finder determines how a chunk re-

lates to its parent chunk. It has one classi�er p er

chunk level and chunk path element.

The following English sentenc e will illustrate the

work of the parser:

Can you meet in the morning

The Chunker segments the sentenc e b efore passing it

to the Linguistic F eature Lab eler, which adds semantic

lab els (shown in b oldface b elow):

(((sp eech-act *suggest)

(sentence-t yp e *query-if))

((frame *free))

(( can))

(((frame *you))

( you))

(( meet))

(( (frame *sp ecial-time))

( in)

(((sp eci�er de�nite)) the)

(((time-of-day morning)) morning)))

The Chunk Path Finder then adds paths, where ap-

propriate (shown in b oldface):

([](( sp eech-act *suggest)

( sentence -typ e *query-if))

([]( frame *free))

([]([] can))

([who](( frame *you))

([] you))

([]([] meet))

([when](( frame *sp ecial-time))

([] in)

([](( sp eci�er de�nite)) the)

([](( time-of-day morning)) morning)))

Converting this into feature structure, we get the

following semantic feature structure (IL T):

(((speech-act *suggest)

(sentence-type *query-if)

(frame *free)

(who ((frame *you)))

(when ((frame *special-time)

(specifier definite)

(time-of-day morning)))))

Based on this IL

T repres entation, utterance s in the

target language can b e generated.

Handling Unreliabilit y

Since a sp eech translation system involves interaction

b etween two human users, the system should provide

metho ds for adaptive recovery from misrecognitions,

miscommunication and mistranslations. First results

in this direction are describ ed here.

W e have develop ed a sp eech interface for repairing

recognition errors by simply resp eaking or sp elling a

misrecognized section of an utterance. While much

sp eech \repair" work has fo cused on repairs within a

single sp oken utterance (Nak atani & Hirschb erg 1993),

we are concerne d with the interactive repair of errorful

recognizer hyp otheses (McNair & W aib el 1994).

Identifying Errors

T o b e able to repair an error, its lo cation has to b e

determined �rst. W e pursue two strategies to identify

misrecognitions as subpieces of the initial recognizer

hyp othesis.

The automatic subpiece lo cation technique requires

the user to resp eak only the errorful subsection of the

(primary) utterance . This (secondary) utterance is de-

co ded using a vo cabulary and language mo del limited

to substrings of the initial erroneous hyp othesis. Thus,

the deco ding identi�es the resp oken section in the hy-

p othesis. Preliminary testing showed that the metho d

works p o orly if the subpiece to b e lo cated is only one

or two words long. However, this drawback is not se-

vere since humans tend to resp eak a few words around

the error.

A second technique uses con�dence measures to de-

termine for each word in the recognizer’s hyp othesis

whether it was misrecognized. First, we applied a tech-

nique similar to W ard (Y oung & W ard 1993), which

turns the score for each word obtained during deco d-

ing into a con�dence measure by normalizing the score

and using a Bayesian up dating technique based on his-

tograms of the normalized score for correct and misrec-

ognized words. Since we found this not to work well on

our English scheduling task, we are currently develop-

ing di�erent metho ds to compute con�dence measures

based on deco der , language mo del and parse scores.

Concept Based Sp eech T ranslation

The basic premise of the concept based approach

is that the structure of the information conveyed is

largely indep endent of the language used to enco de it.

Our system tries to mo del the information structure s

inherent in a task, e.g. the scheduling task, and the

way these structur es are represented through words in

v arious languages. This system is an extension of the

Pho enix Sp oken Language System (W ard 1991). It

uses the Pho enix parser to parse input into slots of se-

mantic frames, and then uses these frames to generate

output in the target language.

The Parser Unlike individual words, semantic units

used in a task domain are not language sp eci�c. Based

on transcriptions of scheduling dialogs, we have devel-

op ed a set of fundamental semantic units in our parse

which repres ent the di�erent concepts a sp eaker would

use. F or instance, a typical temp or al token could have

date as subtoken, which could in turn consist of month

and day subtokens. The temp or al token could b e part

of a statement of unav ailability .

In contrast to previous sp eech translation systems,

we presently don’t p erform syntactic analysis. Sp eaker

utterances, as deco ded by the recognizer, are parsed

into semantic chunks which are concatenated without

grammatical rules. This approach is particularly well

suited to parsing sp ontaneous sp eech, which is often

ungrammatical and sub ject to recognition errors. This

approach is more robust than requiring well-formed

input and the reliance on syntactic cues provided by

short function words such as articles and prep ositions.

The Generator The generation comp onent of the

system is a simple left-to-right pro cessing of the parsed

text. The translation grammar consists of a set of tar-

get language phrasings for each token, including lo okup

tables for v ariables like numb ers and days of the week.

When a lowest-level token is reached in tracing through

the parse, a target language repres entation is created

by replacing tokens with templates for the parent to-

ken, according to the translation grammar. The re-

sult is a meaningful, although terse translation, which

emphasizes communicating the main p oint of an utter-

ance. An example is illustrated in �gure 3.

Results W e have implemented this system for bi-

directional translation b etween English, German and

Spanish in our scheduling task. T able 6 shows the p er-

formance of parser and subsequent generator on tran-

scrib ed data. Ev aluation of the system based on sp eech

deco ded by the JANUS-2 recognizer is still underway .

One disadv antage of this approach is the telegraphic

and rep etitive nature of the translations. This could b e

overcome by providing multiple translation options for

individual tokens in the target language mo dule, dif-

ferent levels of p oliteness, etc. However, at present we

feel that it is su�cient for intelligible communication.

Original utterance:

THA T SA

TURDA

Y I’M NOT SURE ABOUT BUT YOU SAID

YOU MA

Y BE BACK IF YOU THINK YOU’LL BE BACK

THIS SUNDA

Y THE TWENTY EIGHTH I COULD SEE

YOU AFTER ELEVEN AM ON THA

T IF YOU’RE BACK

T ranslated:

Saturday that’s not so go o d for me Sunday the twenty

eighth works for me after eleven a.m. (ENGLISH)

El s� abado no me v a demasiado bien p ero el domingo veinti-

o cho me v a bien despu� es de las once de la ma ~ nana. (SP AN-

ISH)

Samstag k� onnte ich nur zur Not ab er Sonntag der

achtundzwanzigste geht b ei mir ganz gut nach elf Uhr mor-

gens. (GERMAN)

Figure 3: T ranslation Example

Parsed from T ranslated into

token utterance utterance

English 95.6% 90.0% 90.2%

German 92.4% 89.6% 87.3%

Spanish 88.8% 58.3% 82.2%

T able 6: End{to{End ev aluation on transcrib ed data

Connectionist Parser

Alternatively to a slot based parser, also a connection-

ist parser can b e used. The ma jor drawback of con-

nectionist parsers, compared with symb olic parsers,

has b een the lack of detailed linguistic information

in the output. W e prese nt a connectionist natural

language parser that learns to pro duce feature struc-

tures (Gazdar et al. 1985; Kaplan & Bresnan 1982;

Pollard & Sag 1987), the most frequently used rep-

resentation scheme in computational linguistics. The

most outstanding adv antage of this parser is its learn-

ability of complex feature structure s, by automatically

splitting the overall problem into several small clas-

si�cation tasks which are learnable (Divide and con-

quer). Each of these smaller tasks is then learned by

a separate backpropagation network, using construc-

tive learning. Constructive learning ensures an opti-

mal network architecture, b eing as small as p ossible

and achieving the highest p ossible p erformance.

Parser principle The parser consists of three main

parts:

1. The Chunker, comp osed of three networks, splits an

input sentence into chunks. The �rst network �nds

regular expressions, such as numb ers. Numb ers are

classi�ed as b eing ordinal or cardinal numb ers. They

are presente d as words to the follo wing networks.

The next network arranges words to phrases. The

third network puts together phrases to clauses. In

total, we get four levels of chunks: words, phrases,

clauses and sentenc es.

matrix of the sp eech recognizer used. First, phonetic

transcriptions for all app earances of each word are gen-

erated by the help of a phoneme recognizer. Then, v ari-

ants which are infrequent or which would lead to erro-

neous training of confusable phonemes are eliminated.

Finally

, the acoustic mo dels are retrained allowing for

the newly acquired pronunciations v ariants.

As can b e seen in table 4, our algorithm for adapt-

ing and adding phonetic transcriptions to a dictionary

improves the recognition accuracy of the deco der sig-

ni�cantly and, for a context indep endent recognition

system, leads to p erformance that is comparable to the

context dep endent results (cf. table 3). The baseline

deco der for these exp eriments uses 69 context inde-

p endent phoneme mo dels. Ev aluation using context

dep endent mo dels is in progress.

Dictionary W ord Accuracy

baseline 61.7%

adapted 65.6%

T able 4: Results for Dictionary Learning (GSST)

Morpheme{Based Language Mo dels

Comparing v arious languages like English, Spanish and

German, it can b e easily seen that German and Span-

ish di�er from English by an outstanding numb er of

in ections and comp ound words. Due to this fact dic-

tionaries for morphologically rich languages grow much

faster with increasing database size, compared to En-

glish (cf. �gure 2). One way to limit this growth with

an increasing amount of training data is to use smaller

base units than words within the recognition pro cess .

0

500

1000

1500

2000

2500

3000

3500

4000

0 50000 100000 150000 200000 250000 300000 350000

Vocabulary Size

Corpus Size [words]

English SST

German SST

Spanish SST

Figure 2: V o cabulary Growth

Concerning German, three di�erent ways of word

decomp osition have b een ev aluated:

1. strictly morpheme-based decomp osition, e.g.:

� weggehen ! weg-geh-en

1

(to go away)

� Spracherkennung ! Sprach-er-kenn-ung

(sp e e ch r e c o gnition)

2. decomp osition in ro ot forms:

� weggehen ! weggeh@

(to go away)

� Dialoge ! Dialog@

(dialo gs)

3. combination of strictly morpheme-based decomp osi-

tion and ro ot forms:

� weggehen ! weg-geh@

(to go away)

T able 5 shows dictionary size and recognition ac-

curacy using the resp ective decomp osition metho ds,

based on 250 GSST dialogs. As can b e seen,

all decomp osition metho ds reduce vo cabulary size.

The impact on recognition accuracy is small, but

the morpheme-based approach outp erforms the op en-

vo cabulary baseline system. The only small improve-

ment may b e due to the fact that the acoustic confus-

ability increases when using smaller recognition units

and thus deteriorates the gain in the language mo del.

In a real interface, however, this reduction in vo cab-

ulary growth leads to a reduction of new words, thus

reducing the word error rate, and smaller dictionar-

ies also accelerate recognition sp eed signi�cantly . F ur-

ther research will fo cus on �nding more e�cient and

acoustically less confusable decomp ositions automati-

cally

, and also test the impact on translation.

Dictionary Accuracy

Baseline

(closed-vo cabulary)

3085 66.9%

Baseline

(op en-vo cabu lary)

3062 64.7%

Morphemes 2204 65.8%

Ro ot F orms 3062 63.5%

Combined 2998 65.1%

T able 5: Comparison of Decomp osition Metho ds

(GSST)

Sp eec h T ranslation

W e are developing v arious translation schemes like a

generalized robust LR parser (Lavie & T omita 1993),

statistical grammar inference, a concept based transla-

tion approach (May�eld et al. 1995) and a connection-

ist parsing approach (Bu�, Polzin, & W aib el 1994). In

this pap er the two latter will b e describ ed.

1

Hyphens are used for clari�cation purp oses as decom-

p osition markers only and do not app ear in the actual Ger-

man sp elling.

approach leads to improved p erformance with appro-

priate weighting of the output from each strategy .

Recognition Performance Analysis

The baseline JANUS-2 recognizer can b e describ ed as

follo ws:

� Prepro ce ssing: LDA on melscale fourier sp ectr um

and additional acoustic features (p ower, silence)

� Acoustic mo deling: L

VQ-2 or phonetically tied

SCHMM, explicit noise mo dels

� Deco der: Viterbi search as �rst pass, follo wed by

a word-dep endent N-Best search, standard word bi-

gram language mo del, word lattice output

Current recognition results on the English, German

and Spanish Sp ontaneous Scheduling T ask (ESST,

GSST, SSST) can b e seen in table 2.

ESST GSST SSST

W ord Accuracy 66% 69.9% 61%

T able 2: JANUS-2 recognition p erformance

The low absolute recognition accuracies are due to

the challenging nature of human-to-human sp onta-

neous sp eech. Recent ev aluations on the Switchb oard

task con�rm that human-to-human dialogs are much

more di�cult to recognize than human-machine sp on-

taneous sp eech (like A

TIS). Current state-of-the-art

systems achieve word accuracies b etween 30% and 50%

on the Switchb oard database.

Perplexities range b etween 35 and 90 for ESST,

SSST and GSST, and somewhat over 100 for Switch-

b oard. Additionally

, human-to-human dialogs are sig-

ni�cantly more dis uent (Suhm et al. 1994a). Large

v ariations in sp eaking rates and strong coarticulation

b etween words contribute considerably to the di�culty

of recognizing human-to-human sp ontaneous sp eech.

Di�eren t Learning Approac hes

The follo wing three sections will describ e e�orts and

results of improving the recognition comp onent along

its ma jor knowledge sources: acoustic mo dels (Kemp

1995), dictionary (Slob o da 1995) and language mo d-

els (Geutner 1995).

Data{Driven Co deb o ok Adaptation

The p erformance of a parametric classi�er is always

dep endent on the adequacy of the underlying mo del

assumptions. In sp eech recognition with HMM-based

systems, usually the mo del assumption for the distri-

bution of the data in feature space is the sum of N mul-

tiv ariate gaussian distributions. Whereas this mo del

assumption can b e shown to cover all p ossible distri-

butions, this holds only if the numb er of gaussians is

chosen correctly

. Mainly governed by practical con-

cerns, in most sp eech recognition systems this numb er is often chosen to b e the same p ower of 2 for each of the

di�erent phonemes that have to b e mo delled, meaning

that a �xed numb er of co deb o ok vectors is assigned to

each of the phonemes. However, as the av ailable train-

ing data di�ers b etween phonemes, and the size of the

feature space covered by the di�erent phonemes v aries

greatly

, constant co deb o ok size leads to sub optimal al-

lo cation of resourc es.

W e therefore suggest metho ds aimed at automatic

optimization of the numb er of parameters for the semi-

continuous phonetically tied HMM used in JANUS-2.

W e have develop ed (Kemp 1995) two di�erent algo-

rithms to adapt the co deb o ok size of each phoneme

according to the amount and the distribution of the

training data similar to (Bo denhausen 1994). Basi-

cally

, b oth algorithms start with one gaussian and dur-

ing training the amount of parameters is incremented

until some quality criterion determines when to stop

the pro cess of increasing the co deb o ok. W e compared

a varianc e criterion based on the average distance b e-

tween data p oints and their nearest co deb o ok vector

with a pr e diction criterion which tries to capture how

well the mo deling of the recognizer can predict unseen

data.

Mo del Co deb o ok Size W ord Accuracy

baseline 4600 66.9%

v ariance 4201 69.9%

prediction 1677 67.8%

T able 3: Results for Co deb o ok Adaptation (GSST)

T able 3 compares recognition accuracies and co de-

b o ok sizes of the baseline mo dels with mo dels auto-

matically adapted using the v ariance and prediction

criterion. As can b e seen, the more e�cient parameter

allo cation when adapting co deb o ok sizes leads to sig-

ni�cant error reduction if the same numb er of param-

eters is used. F urthermore, the numb er of parameters

can even b e reduced by 60% with still b etter p erfor-

mance than the baseline system.

Dictionary Learning

Due to the enormous v ariability in sp ontaneous

human-to-human dialogs, creating adequate dictionar-

ies with alternative pronunciations is crucial (Gauvin

et al. 1994). However, hand tuning and mo difying dic-

tionaries is time consuming and lab or intensive. Pro-

nunciations of a word should b e chosen according to

their frequency and also mo di�cations of the dictio-

nary should not lead to higher phonetic confusability

after retraining. Therefore we have prop osed (Slob o da

1995) a data-driven approach to improve existing dic-

tionaries and automatically add new words and pro-

nunciation v ariants whenever needed.

The learning algorithm requires transcriptions for

the whole training set and a phoneme confusability nally

, we rep ort on e�orts to detect erroneous sys-

tem output and provide interactive metho ds to recover

from such errors.

JANUS Ov erview

Data Collection

Data collection to establish a large database of sp on-

taneous human-to-human negotiation dialogs in Eng-

lish and German has started ab out 18 months ago.

In the meantime, several sites in Europ e, the US and

Asia have adopted the scheduling task under several

research pro jects and funding sources. Since the same

calendars and data collection proto cols are used the

data elicited shares the same domain and pro cedural

constraints.

English Scheduling

dialogs words

recorded 1984 505 K

transcrib ed 1826 460 K

German Scheduling

dialogs words

recorded 734 158 K

transcrib ed 534 115 K

Spanish Scheduling

dialogs words

recorded 340 79 K

transcrib ed 256 70 K

A TIS3

transcrib ed n/a 250 K

T able 1: Comparison of Databases

T able 1 summarizes the current status of data col-

lection. Since scheduling utterances typically consist

of more than one sentence , there is already more data

av ailable for English scheduling than A TIS

1

. More

data collection will establish databases in size at least

comparable to A

TIS for all languages.

System Overview

The main system mo dules are sp eech recognition, pars-

ing, discourse pro cessing, and generation of target lan-

guage output. Each mo dule is language-indep endent

in the sense that it consists of a general pro cess or that

applies indep endently sp eci�ed knowledge ab out dif-

ferent languages.

The recognition mo dule deco des the sp eech in the

source language into a list of sentence candidates, rep-

resented either as a word lattice or N-Best list. At the

core of the machine translation comp onents is a lan-

guage indep endent represe ntation of meaning (IL T),

which is extracted from the recognizer output by the

1

The approximately 18000 utterances in English

scheduling corresp ond to some 30000 sentences.

parsing mo dule. As last step, this language indep en-

dent represe ntation is sent to the generator to b e trans-

lated into any of the target languages. Figure 1 shows

the system architecture .

After parsing, a discourse pro cessor can b e used to

put the current utterance in the context of previous ut-

terances . Based on the current discourse state, sp eech

and natural language pro cessing system comp onents

can b e integrated to resolve parsing ambiguities and

dynamically adapt the vo cabulary and language mo del

of the recognizer.

Figure 1: System Architectur e

W e explore several approaches for the main pro-

cesse s. W e are exp erimenting with TDNN’s, MS-

TDNN’s (Hild & W aib el 1993), MLP’s, L

VQ (Schmid-

bauer & T eb elskis 1992) and HMM’s (Rogina & W aib el

1994; Kemp 1995) for acoustic mo deling. W e are us-

ing n-grams, word clustering, automatic phrase detec-

tion (Suhm & W aib el 1994) and morpheme-based ap-

proaches for language mo deling (Geutner 1995). Sta-

tistically trained skip parsing (Lavie & T omita 1993;

Suhm et al. 1994a), neural net parsing (Bu�, Polzin,

& W aib el 1994) and concept sp otting parsing (May-

�eld et al. 1995) are b eing applied for extracting the

meaning. Also statistical mo dels as well as plan in-

ferencing for identi�cation of the discourse state (Ros� e

& W aib el 1994) are b eing used. This multi-strategy

In tegrating Di�eren t Learning Approac hes in to a Multilingual

Sp ok en Languag e T ranslation System

�

P . Geutner

1

, B. Suhm

2

, F.-D. Bu�

1

, T. Kemp

1

, L. Ma y�eld

2

, A. E. McNair

1

,

I. Rogina

1

, T. Sc h ultz

1

, T. Slob o da

1

, W. W ard

2

, M. W oszczyna

1

and A. W aib el

1;2

pgeutner@ira.uk a.de

Interactive Systems Lab oratories

1

Karlsruhe University (Germany)

2

Carnegie Mellon University (USA)

Abstract

Building multilingual sp oken language trans-

lation systems requires knowledge ab out b oth

acoustic mo dels and language mo dels of each lan-

guage to b e translated. Our multilingual transla-

tion system JANUS-2 is able to translate English

and German sp oken input into either English,

German, Spanish, Japanese or Korean output.

Getting optimal acoustic and language mo dels

as well as developing adequate dictionaries for

all these languages requires a lot of hand-tuning

and is time-consuming and lab or intensive. In

this pap er we will present learning techniques

that improve acoustic mo dels by automatically

adapting co deb o ok sizes, a learning algorithm

that increases and adapts phonetic dictionaries

for the recognition pro cess and also a statisti-

cally based language mo del with some linguis-

tic knowledge that increases recognition p erfor-

mance. T o ensure a robust translation system,

semantic rather than syntactic analysis is done.

Concept based sp eech translation and a connec-

tionist parser that learns to parse into feature

structures are intro duced. F urthermore, di�er-

ent repair mechanisms to recover from recogni-

tion errors will b e describ ed.

�

Our German recognition engine, develop ed at the Uni-

versity of Karlsruhe, is part of the VERBMOBIL pro ject

and VERBMOBIL systems develop ed under BMBF fund-

ing. The Spanish sp eech translation mo dule has b een de-

velop ed at Carnegie Mellon University under pro ject EN-

THUSIAST funded by the US Government. Other comp o-

nents are under development in collab oration with partners

of the C-ST

AR Consortium.

In tro duction

Our multilingual sp oken language translation system

JANUS-2 (W oszczyna et al. 1993; Suhm et al. 1994b)

evolved from the previous JANUS (Osterholtz 1992)

system which was able to pro cess syntactically well-

formed read sp eech within a certain domain and a

limited vo cabulary of 500 words. JANUS-2 pro cesse s

sp ontaneous human-to-human dialogs in a schedul-

ing domain where the vo cabulary { dep ending on

the language { may v ary b etween 2000 and 3000

words. The JANUS-2 system provides a framework

under which complementary sp eech translation sys-

tem comp onents from di�erent pro jects, like VERB-

MOBIL (W ahlster 1993), ENTHUSIAST and the C-

ST AR Consortium (C-ST

AR 1994), can b e integrated

and compared. Currently

, English and German sp o-

ken input can b e translated into either English, Ger-

man, Spanish, Japanese or Korean output. W ork is

in progress to add Spanish and Korean as input lan-

guages.

W e will prop ose a data-driven learning approach for

automatic co deb o ok adaptation based on amount and

distribution of data to improve the acoustic mo dels

within the sp eech recognizer. Second, a metho d for

automatically increasing and adapting a phonetic dic-

tionary will b e intro duced. Moreover, a statistically

based approach is combined with linguistic knowledge

to create morpheme-based language mo dels. Also a

new approach towards robust translation of sp oken

language will b e presente d. W e brie y describ e a pars-

ing and translation approach based on an interlingua

text (IL

T), where an interlingua is intended to b e a

language-indep endent represe ntation of meaning. Be-

sides, the functionality of a connectionist parser that

learns to parse into feature structures is shown. Fi-