Published in "Proceedings of ICASSP-96"

JANUS-I I | TRANSLA

TION OF SPONT

ANEOUS CONVERSA

TIONAL SPEECH

A.Waib el M.Finke D.Gates M.Gavald� a T.Kemp A.L avie L. L evin M.Maier

L.May�eld A.McNair I.R o gina K.Shima T.Slob o da M.Woszczyna T.Zepp enfeld P.Zhan

INTERACTIVE SYSTEMS LABORA

TORIES

at Carnegie Mellon University

,USA

and University of Karlsruhe, Germany

ABSTRACT

JANUS-I I is a research system to design and test comp o-

nents of sp eech-to-sp eech translation systems as well as a

research prototyp e for such a system. W e will fo cus on two

asp ects of the system: 1) new features of the sp eech recog-

nition comp onent JANUS-SR, 2) the end-to-end p erfor-

mance of JANUS-I I, including a comparison of two machine

translation strategies used for JANUS-MT (PHOENIX and

GLR*).

1. INTRODUCTION

Currently JANUS-I I comp onents for English, German, Ko-

rean, Japanese, and Spanish sp eech input and translation

are under development; though not all language pairs can

always b e kept at the same p erformance level, multilingual-

ity is required to ensure generality in the recognition and

translation approaches. A numb er of smaller and larger

scale research pro jects contribute to the JANUS-I I sys-

tem [1], including language identi�cation [2], robust sp eech

recognition [3], recognition sp eed [4], noise mo deling [5],

new word mo deling [6], p ortability to new languages [7],

language mo deling [8], user interfaces and repair strategies

[9], interfaces b etween sp eech recognition and translation

[10], machine translation issues [11], discourse mo deling and

software enginering. Covering all of them would go b eyond

the scop e of a conference pap er. W e can therefore only fo-

cus on some selected asp ects of the system. F or general

descriptions of other parts of the recognizer and the GLR*

and PHOENIX parsers please refer to the list of references

at the end of the pap er.

2. THE SCHEDULING T

ASK DA T ABASE

JANUS is currently built around and ev aluated on an

app ointment scheduling T ask. W e are collecting a large

database of human-to-human dialogs centered around that

scenario for English, German, Korean, Japanese and Latin-

American Spanish. The collection sites are Carnegie Mel-

lon University

, the University of Pittsburgh, and Multicom

(USA), Karlsruhe University (Germany), ETRI (Korea),

UEC and A

TR (Japan); additional German data collected

at the Universities of Bonn, Kiel, Hamburg and M � unchen is

av ailable through the V erbMobil pro ject sp onsored by the

BMBF. In each recording session, two sub jects are each

given a calendar and asked to schedule a meeting with the

dialog partner. F or most recordings the recording setup

allows only one p erson to sp eak at a time by way of a push-

to-talk switch and close-sp eaking microphones. Some of the

Spanish data is recorded without push-to-talk system and

includes crosstalk.

utterances hours

English ESST 12430 40.3

German GSST 12292 30.5

Japanese JSST 6600 16.0

Korean KSST 4395 10.2

Spanish SSST 5730 10.7

T able 1. Sp ontaneous Scheduling Data currently used for de-

veloping JANUS-I I

These dialogs were computed in a human-to-human setup

rather than a human-machine -human situation. The aver-

age numb er of phonemes p er word is only 2.9 for ESST

(compared to 4.2 for b oth A

TIS and WSJ); this makes the

task more di�cult for sp eech translation since sp eech recog-

nition is harder on shorter words and the numb er of ambi-

guities increases with the numb er of words in the sentence.

Some dialogs were recorded using the current JANUS setup.

They have shorter utterances, longer words, less ambiguity

and clearer articulation.

0

1000

2000

3000

4000

5000

6000

0 20000 40000 60000 80000 100000 120000 140000 160000

Vocabulary Size

Size of Corpus in non-noise words

Growth of Vocabulary Size

Korean

German

Spanish

English

Figure 1. Development of V o cabulary Size

The steep vo cabulary growth for Korean is due to the

de�nition of a word unit: for Korean and Japanese the nat-

ural unit is similar to a phrase and it cannot b e split to

smaller units in a straightforward way . T o make Korean

and Japanese accessible to sp eech recognition and transla-

Published in "Proceedings of ICASSP-96"

tion word-like morphological units and decomp ositions are

currently explored.

3. THE RECOGNITION ENGINE

The recognizer used in the current JANUS-I I prototyp e sys-

tem is a CDHMM based recognizer. The exact con�gura-

tion v aries from task to task. F or the last V erbMobil ev al-

uation on German scheduling dialogs we used the following

prepro cessing: on a 7 frame melscale window an LDA was

computed to reduce the amount of parameters to 32. These

were organized as two 16 co e�cient streams. F or acoustic

mo deling we used CDHMM’s with 70 co deb o ok vectors p er

co deb o ok and top-all ev aluation. Imp ortant new features

of the recognizer are the exible deco der and an utterance

level sp eaker adaptation technique.

3.1. The Deco der

The deco der has b een substantially expande d to ful�ll

the growing needs of b oth, international large vo cabulary

sp eech recognition ev aluations and real time p erformance

for the JANUS-I I prototyp e system. All search passes in-

volving acoustic scoring are now forward oriented, avoiding

time delays and mo del inversion.

T-pass: A �rst tree structured pass without tree copies

selects probable words for each starting p oint. This pass

uses only approximated bigrams and trigrams. T o compute

cross word triphones, each state in the �rst diphone of each

tree can mo del a di�erent allophone, dep ending on its back

p ointer. T o mo del the right context across word b ound-

aries, leaves of the tree are allo cated for each word b egin

phoneme when the last phoneme of a word is reached. As

the tree is built on an allophone vo cabulary

, it is not very

dense and only improves the overall sp eed for vo cabularies

over 1000 words.

F-pass: The second pass uses a at, linear structured vo-

cabulary allowing full bigrams and a b etter trigram compu-

tation. T rigrams are still approximated to minimize over-

head. As the F-pass only works on a subspace of the T-pass

it is ab out 10 times faster. Due to the more accurate lan-

guage mo deling, the word error on GSST of the F-pass is

reduced by ab out 10% to 12% relative compared to the T-

pass.

L-pass: By pruning the back p ointer table of the second

path a word-lattice is computed using full trigram informa-

tion. F rom this lattice, we extract the b est hyp othesis. As

the L-pass do es not access the scoring mo dule, it is typi-

cally 100 times faster than even the F-pass, but it requires

the full utterance for pruning. Using trigrams instead of bi-

grams in all passes of the search yields a 4% error reduction

for GSST. Half of this is already achieved by using approxi-

mate trigrams in the F-pass, the other half requires running

the L-pass.

3.2. Sp eaker Adaptation

F or the hyp othesis H

1 of an initial recognition the viterbi

path S = (s

i

1

; s

i

2

; : : : s

i

T

) is computed. W e are now lo oking

for a transformation � ! A� + b for all co deb o ok vectors

that increases the probability of observing the acoustic of

the current sample given H

1

. After the transformation this

probability is given by

T

Y

t=1 p

(A;b)

(x

t js

i

t

) =

T

Y

t=1

1

p

(2� ) d

j�

i

t j e

(x

t

�(A�

i

t

+b))

T

�

�1

i

t

(x

t

�(A�

i

t

+b))

therefore we need to �nd

(

�

A;

�

b) = argmax

(A;b)

T

Y

t=1 p

(A;b)

(x

t js

i

t

)

and then replace each co deb o ok vector � by

�

A� +

�

b . With

the mo di�ed co deb o oks a new hyp othesis is computed.

F or adaptation on longer sequences, groups of co deb o oks

are clustered together and each cluster is adapted individ-

ually .

In the June 1995 V erbMobil ev aluation this adaptation on

the utterance level yielded a relative error reduction of 2-

3%. On SWB, where adaptation on whole dialogs is p ossible

relative error reductions of 3-5% can b e achieved.

3.3. Recognition Results

T able 2 gives the results of the o�cial 1995 V erbMobil ev al-

uation on German scheduling dialogs.

W ord Error

Uni Bielefeld 52.6 %

Daimler AG 38.5 %

Uni Hamburg / HTK 34.4 %

Uni Karlsruhe 31.7 %

T able 2. Results of the VerbMobil’95 evaluation (contrast test

s2). Results for Karlsruhe were obtained using JANUS-SR.

The GSST, ESST and SSST results for German, English

and Spanish scheduling in table 3 were obtained on internal

ev aluations on unseen data from our own databases.

The results presented for the Switchb oard task are the re-

sults on a development set selected by NIST for SWB ev alu-

ation. The acoustic quality of the recording for SWB (tele-

phone sp eech including crosstalk) is much lower than for

GSST/ESST (close sp eaking microphone, no crosstalk) al-

though b oth are human-to-human sp oken dialogs and found

to b e considerably harder than read sp eech tasks. T o al-

low JANUS-I I to b e used over telephone lines, improving

the p erformance on telephone sp eech will b e an imp ortant

research issue for JANUS-SR. As we have only recently

started to build Japanese and Korean recognition comp o-

nents there are no results for these systems yet.

W ord Error

GSST 28.0 %

ESST 27.8 %

SSST 27.7 %

Switchb oard 48.0 %

T able 3. Performance of JANUS-SR on internal evaluations

Published in "Proceedings of ICASSP-96"

4. PHOENIX AND GLR*

F or a description of the parsing strategies develop ed in the

JANUS pro ject refer to [10, 11 , 12 ]. In this section we

will compare the p erformance on transcrib ed and sp oken

dialogs using two of these translation approaches: the GLR*

skipping parser and the PHOENIX concept-based parser.

The ev aluations comparing GLR* with PHOENIX on

b oth the Spanish and English test sets indicate that the

p ortion of acceptable translations pro duced with each of

the parsers is very similar. On the Spanish transcrib ed

test set, GLR* is slightly b etter (see table 4), while on En-

glish transcrib ed data, PHOENIX is slightly b etter. On

sp eech recognized data, PHOENIX p erformed slightly b et-

ter than GLR* in b oth Spanish and English. These slight

p erformance di�erences should not, however, b e regarded

as statistically signi�cant. The translation quality ev alua-

tions are necessarily very sub jective. Although the grad-

ing is cross v alidated, di�erences in judgement b etween the

graders have rep eatedly amounted to 5% or more.

The two parsers have clear strengths and weaknesses.

GLR* tries to match input utterances to an interlingua

sp eci�cation, so although words can b e skipp ed with a

p enalty

, the parser is less robust over dis uent input. Input

that is parsed, though, is generated in the target language

using syntactic constraints; this means that translations

through GLR* are more likely to b e complete grammatical

sentences than those translated through PHOENIX, which

parses and generates only at the sp eech act level.

GLR* tends to break down when parsing long utterances

that are highly dis uent, or that signi�cantly deviate from

the grammar. In many such cases, GLR* succeeds in pars-

ing only a small fragment of the entire utterance, and im-

p ortant input segments end up b eing skipp ed. PHOENIX

is signi�cantly b etter in analyzing such utterances. Because

PHOENIX is a chart parser that is capable of skipping over

input segments that do not corresp ond to any top level se-

mantic concept, it can recover from out of domain segments

in the input, and \restart" itself on the in-domain segment

that follows. However, pre-breaking input to GLR* based

on o ccurrences of human noise and parsing the shorter sub-

utterances separately signi�cantly reduced this problem.

Pre-breaking b ene�ts PHOENIX only slightly

, mainly in

b etter resolution of attachment ambiguities in time expres-

sions. At the current time, PHOENIX uses only very simple

disambiguation heuristics, whereas a parse quality mecha-

nism helps to decide b etween p ossible parses in GLR*.

Computational requirements of GLR*, which is imple-

mented in lisp, are far greater than those of PHOENIX,

implemented in C. PHOENIX is also much faster, averag-

ing less than one second p er parse (including generation)

compared to GLR*’s 25 seconds.

Because the two parsing architectures p erform b etter on

di�erent typ es of utterances, they may b e combined in a

way that takes adv antage of the strengths of each.

5. NEW FEA

TURES IN PHOENIX

W e have recently implemented a series of extensions to the

Pho enix parser, namely:

5.1. Usage of utterance b oundaries

The markers <s> and </s> are used as sp ecial grammar

symb ols to convey information ab out utterance b oundaries.

The parser inserts the markers at the b eginning and end, resp ectively

, of each utterance to b e parsed, and the gram-

mar writers use them as terminal symb ols of the grammar.

Thus, it is p ossible to di�erentiate the o ccurrence of, say ,

the word okay when it constitutes the whole utterance,

which is certainly meaningful, from a rather meaningless

o ccurrence of the same word, as in Why don

’t we me et...

okay... the twenty thir d.

5.2. Disambiguation heuristic

The parser now disambiguates parse trees by analyzing top-

down each depth level and preferring the parse that has

fewer sub-tokens, the underlying philosophy b eing that the

more words a single, higher-level concept can cover, the

b etter.

5.3. Rejection of out of domain phrases

Error analysis shows that a large prop ortion of bad transla-

tions arise from out of domain phrases that confuse the

parser: since Pho enix skips unknown words, when con-

fronted with a phrase that is out of domain the parser is

still very likely to �nd a parse of some substring of the input

phrase. F or instances, the Spanish word \una" (which can

b oth mean one o’clo ck and the inde�nite article a), is very

prone to confuse the parser if, say

, followed by an unknown

word. Therefore, in order to avoid the (wrong) translation

of such out of domain phrases, it b ecomes necessary to have

a mechanism that rejects such spurious parses.

Several approaches are under consideration but the one

currently implemented simply lo oks for small islands of

parsed words among non-parsed words. More concretely ,

let x b e the numb er of contiguous parsed words and c the

numb er of non-parsed words to the left and to the right of

the parsed words. If there is at least one non-parsed word

to the left and to the right of the parsed words, x � X and

c � C , then the parse originated by the parsed words will b e

�ltered out. Di�erent exp erimentation has shown that the

b est results are obtained with v alues of C = 4 and X = 2, in

which case a 32.9% detection rate of out-of-domain parses

is achieved, with no false alarms.

5.4. Op en Classes

Finally

, the most recent feature that has b een added to the

Pho enix formalism is the ability to de�ne certain classes as

op en, i.e. able to parse new words. An example is for the

concept of prop er names: If de�ned as an op en class, all

new words that o ccur where a prop er name could b e parsed

(e.g. after \Hello") will b e accepted and parsed as prop er

nouns. They can even b e automatically included into the

appropriate grammar �le and run-time lexicon.

6. SPEECH TRANSLA

TION RESUL TS

The goal of the translation in JANUS is to preserve the

content of an utterance. Therefore, the recognition (SR),

translation (MT), and end-to-end quality needs to b e as-

sessed in terms of how well the meaning is preserved during

the translation pro cess. The sp eech recognition is consid-

ered to b e a pro cess with the sp oken sequence as transcrib ed

by a human for input, and as the output the word string

recognized by JANUS-SR. The ev aluation shows how much

information is lost during the recognition pro cess, and what

is still av ailable for the translation to work on.

Two grades were chosen for ev aluation, ok and bad.

As an example, imagine the following sentence sp oken into

the system:

Published in "Proceedings of ICASSP-96"

Spoken input: Tuesday morning I have a meeting

If one or more imp ortant semantic concepts of an utter-

ance are lost during recognition or translation, the whole

recognition or translation is judged as bad; here are two

examples of how the sentence could b e corrupted, the �rst

one for recognition the second for an English-English sp eech

translation:

bad (SR): you say morning I have a meeting

bad (MT): Tuesday morning works for me

If the meaning is preserved for all concepts in the utterance,

it is judged as ok even if the sentence comes out somehow

funny . F or an ok recognition there is still a chance of get-

ting a go o d translation. In our example, a recognition or

translation scoring ok could lo ok like this:

ok (SR): Tuesday the morning I I have a meeting it

ok (MT): Tuesday morning won’t for me work

F or the actual grading, utterances are broken down to

sentences for b etter granularity

. In table 4 the total p er-

centage of acceptable recognitions or translations is given

for all sentences. As the data is natural human-to-human

sp eech, 10-30% of the sentences are not in the domain of

app ointment scheduling. If the parser do es not reject or

translate them correctly

, they are counted as bad transla-

tions. The English and German data for this ev aluation

was recorded with a push-to-talk setup, yielding extremely

long utterances with no crosstalk. The Spanish data was

recorded without push-to-talk. The resulting utterances are

shorter, but contain crosstalk and more sp ontaneous e�ects.

Recognition intelligibili ty

English Recognition 65.9

German Recognition 74.0

Spanish Recognition 56.8

PHOENIX on transcriptions

Spanish �

! English 81.4

English �

! German 88.3

German �

! English 75.5

Korean �

! Korean 80.6

GLR * on transcriptions

Spanish �

! English 83.3

English �

! English 86.2

PHOENIX on recognizer output

Spanish �

! English 73.3

English �

! German 60.5

German �

! English 66.4

Korean �

! Korean 50.0

GLR * on recognizer output

Spanish �

! English 64.7

English �

! English 60.0

T able 4. Percent of sentences scoring ok for intelligibility of

recognizer output or translation output

7. ACKNOWLEDGEMENTS

Research on the recognition engine was funded in part

by grand 413-4001-01IV101S3 from the German F ederal

Ministry of Education, Science, Research and T echnology

(BMBF) as part of the V erbMobil pro ject.

The JANUS pro ject was supp orted in part by the Adv anced

Research Pro ject Agency and the US Department of De-

fence. W e also gratefully acknowledge supp ort and co op-

eration with A

TR Interpreting T elecommunication Lab o-

ratories and the University of Electro-Communications in

Japan, ETRI in Korea, and the Siemens AG.

The views and conclusions contained in this do cument are

those of the authors.

REFERENCES

[1] M.W oszczyna, N.Aoki-W aib el, F.D.Bu�, N.Co ccaro,

K.Horiguchi, T.Kemp, A.Lavie, A.McNair, T.Polzin,

I.Rogina, C.P

.Rose, T.Schultz, B.Suhm, M.T omita,

A.W aib el JANUS 94: T owar ds Sp ontane ous Sp e e ch

T r anslation ICASSP’94, V olume 1, pp345;

[2] T.Schultz, I.Rogina, A.W aib el L

VCSR-Base d L an-

guage Identi�c ation to app ear in ICASSP’96;

[3] I.Rogina, A.W aib el L e arning state-dep endent Str e am

Weights for multi-c o deb o ok HMM Sp e e ch R e c o gnition

Systems ICASSP’94, V olume 1, pp217;

[4] M.W oszczyna, M.Finke Minimizing se ar ch err ors due

to delaye d bigr ams in r e al-time sp e e ch r e c o gnition sys-

tems to app ear in ICASSP’96;

[5] T.Schultz, I.Rogina A c oustic and L anguage Mo deling

of Human and Nonhuman Noises ICASSP’95, V ol-

ume 1, pp293;

[6] T.Kemp, A.Jusek Mo del ling Unknown Wor ds in Sp on-

tane ous Sp e e ch to app ear in ICASSP’96;

[7] T.Slob o da Dictionary L e arning: Performanc e Thr ough

Consistency ICASSP’95, V olume 1, pp453;

[8] Petra Geutner Using Morpholo gy T owar ds Bet-

ter L ar ge-V o c abulary Sp e e ch R e c o gnition Systems

ICASSP’95 V olume 1, pp445;

[9] A.E.McNair, A.W aib el Impr oving R e c o gnizer A c c ep-

tanc e thr ough R obust, Natur al Sp e e ch R ep air ICSLP94;

[10] L.J.May�eld, M.Gav ald� a, Y-H.Seo, B.Suhm. W.W ard,

A.W aib el Parsing r e al input in JANUS a c onc ept

b ase d appr o ach to sp oken language tr anslation TMI’95,

pp196;

[11] L.J.May�eld, M.Gav ald� a, W.W ard, A.W aib el Conc ept-

b ase d Sp e e ch T r anslation ICASSP’95, V olume 1, pp197;

[12] F.D.Bu�, T.Polzin, A.W aib el L e arning Complex Out-

put R epr esentations in Conne ctionist Parsing of Sp o-

ken L anguage ICASSP’94, V olume 1, pp365;

[13] V.M.Jimenez, A.Castellanos, E. Vidal Some R esults

with a T r ainable Sp e e ch T r anslation and Understand-

ing System ICASSP’95, V olume 1, pp113;

[14] Y oung-Jik Lee, Y oung-Sum Kim, Jung-Chul Lee, Jo on-

Hyung Ryo o, Jae-W o o Y ang Kor e an-Jap anese Sp e e ch

T r anslation System for Hotel R eservation - Kor e an

F r ont Desk Side EUROSPEECH’95, V olume 2, pp1197

[15] Myoung-W an Ko o, Il-Hyun Sohn, W o o-Sung Kim, Du-

Seong Chang A Sp e e ch T r anslation System for Hotel

R eservation and a Continuous Sp e e ch R e c o gnition Sys-

tem for Sp e e ch T r anslation EUROSPEECH’95, V ol-

ume2, pp1227

[16] M-S.

�

Agnas, H.Alshawi, I.Bretan, D.Carter, K.Ceder,

M.Collins, R.Crouch, V.Digalakis, B.Ekholm,

B.Gamb� ack, J.Ka ja, J.Karlgren, B.Lyb erg, P

.Price,

S.Pulman, M.Rayner, C.Samuelsson, T.Svensson Sp o-

ken L anguage T r anslator: First Y e ar R ep ort ARP A-

SL T’94