RECOGNITION/UNDERST

ANDING OF

SPONT

ANEOUS SPEECH

Seiichi NAKAGA W A

Department of Information and Computer Sciences,

T oyohashi University of T echnology

1-1, Hibarigaoka T empaku-chou T oyohashi-shi Aichi-ken 441, JAP AN

E-mail: nakagaw a@slp.tutics.tut.ac.jp

1. INTRODUCTION

In the conventional researches, a sp eech recognition system was mainly designed so that

it could deal with read sp eech, not sp ontaneous sp eech. Howev er, an ideal man machine in-

terface can never b e constructed without any techniques for recognizing sp ontaneous sp eech

correctly . T o achieve this goal, robustness of sp eech recognizers must b e highly improved.

With a view to realizing it, several studies have b een made mainly from the following view-

points.

1) Re�nement of acoustic mo dels to robustly characterize input sp eech in HMM paradigm.

Segmental statistics were taken into considerations in this study and comparative ex-

p eriments among a great number of forms of HMMs were carried out.

2) Robust treatment of illegal and unexp ected linguistic phenomena o ccurred in sp on-

taneous utterances. This study enabled the recognizer to deal with unknown words,

interjections, ellipses, inversions, repairs in an adequate manner.

3) Development of a robust interpreter which can accept sentences including misrecog-

nized words as well as the illegal linguistic phenomena as in 2). This study was

conducted to apply the outputs from the improved recognizer by 2) in higher-level

pro cessings.

By integrating the ab ove techniques into the system, its robustness was greatly im-

prov ed, which consequently resulted in highly increase of recognition/understanding rate of

spontaneous sp eech

2. REFINEMENT OF ACOUSTIC MODELS WITH SEGMENT

AL ST A TIS-

TICS[1]

The standard HMM cannot adequately represent time variant features during staying at

a state. In order to improve the weakness, various metho ds have b een studied so far. Here,

segmental unit input HMMs were compared with conditional density HMMs or HMMs with

regression co e�cients. Exp eriments showed segmental unit input HMMs even in the basic

structure generally showed b etter recognition rate than those by traditional metho ds. And

the combination of segmental unit by mel-cepstrum frames and their regression co e�cients

show ed the b est.

2.1 Segmental Unit Input HMM

F or an input symbol sequence y = y

1 y

2

; :::; y

T

(T is the length of the sequence) and a

state sequence x = x

1 x

2

; :::; x

T

, equations for output probability computation of HMM is

given by the followings:

P (y

1

� � � y

T

)

=

X

x

Y

i

P (y

i jy

1 y

2

� � � y

i�2 y

i�1

; x

1 x

2

� � � x

i�1 x

i

) � P (x

i jx

1 x

2

� � � x

i�1

)

’

X

x

Y

i

P (y

i jy

i�3 y

i�2 y

i�1

; x

i�1 x

i

)P (x

i jx

i�1

) (1)

=

X

x

Y

i

P (y

i�3 y

i�2 y

i�1 y

i jx

i�1 x

i

)

P (y

i�3 y

i�2 y

i�1 jx

i�1 x

i

)

P (x

i jx

i�1

) (2)

’

X

x

Y

i

P (y

i�1 y

i jx

i�1 x

i

)

P (y

i�1 jx

i�1 x

i

)

P (x

i jx

i�1

) (3)

=

X

x

Y

i

P (y

i jy

i�1

; x

i�1 x

i

)P (x

i jx

i�1

) (4)

’

X

x

Y

i

P (y

i�1 y

i jx

i�1 x

i

)P (x

i jx

i�1

) (5)

’

X

x

Y

i

P (y

i jx

i�1 x

i

)P (x

i jx

i�1

) (6)

Eq.(1) or Eq.(2) is a conditional density HMM of 4-frame segments; Eq.(3) or Eq.(4)

is a conditional density HMM of 2-frame segments; and Eq.(5) is a segmental unit input

HMM of 2-frame segments. The usual predictional HMM is realized in Eq.(1). Eq.(6) is a

standard HMM. The segmental unit input HMM prop osed here is given as approximation

of Eq.(2), that is, we use only the numerator of Eq.(2) as follows:

P (y

1

� � � y

T

)

’

X

x

Y

i

P (y

i�3 y

i�2 y

i�1 y

i jx

i�1 x

i

)P (x

i jx

i�1

) (7)

2.2 Continuous Syllable Recognition Exp eriments

Continuous syllable recognition exp eriments were designed on a sp eaker-indep endent

mode. Syllable-based HMMs were trained using the A

TR database uttered by 6 male sp eak-

ers and retrained using additional data from the ASJ database uttered by 30 male sp eakers.

The test data were from "Mt. F uji Sightseeing Guide task", where 104 sentence were uttered

by 6 new male sp eakers.

Results showed that the segmental unit input HMMs provided b etter results than the

traditional HMMs as well as the the combination of the segmental unit HMMs with delta

cepstrum co e�cients indicated b est p erformance.

2.3 Sentence Recognition Exp eriments

Sentence recognition exp eriments were also p erformed on a sp eaker-independent mo de.

The mo dels used in these exp eriments were the same mo dels as used in 2.2. The test data

were also the same as used in the previous exp eriments. W ord vocabulary size was 500 and

the test set p erplexity was calculated to b e ab out 29.

The exp erimental results were generally similar to those in 2.2. And the b est p erformance

here was comparable to that previously obtained in sp eaker adaptation mo de by cepstrum

and delta cepstrum co e�cients[2].

3. PROCESSING OF ILLEGAL UTTERANCES OCCURRED IN SPONT A-

NEOUS SPEECH[3]

A new metho d for pro cessing illegal utterances is prop osed here to realize robust sp on-

taneous sp eech recognition. Unknown words, interjections(�lled pauses), and repairs are

detected as arbitrary sequences of subw ord units by a subword-unit based deco der and the

method is incorp orated into the One-Pass search algorithm. Exp eriments show ed that the

method is su�ciently e�ective for dealing with the illegal linguistic expressions.

3.1 Incorp orating Unknown W ord Pro cessing into One-Pass Search

In the dynamic time warping or the Viterbi scoring metho d, e.g. the One-Pass algorithm,

the accumulated likelihoo d score of the hypothesis which arrives at a grammatical state q

is represented as

Lq (i) = max(p; m; n)Lp(m) + L n

(m + 1 : i) (8)

where Lq(i) is the maximum veri�cation score among the Viterbi paths which arrive at

state q in i-th frame, L n

(m + 1 : i) is the accumulated veri�cation score of word n summed up

from m+1-th up to i-th frame and delta(p,n)=q (word n is outputted at state transition from

p to q) should b e satis�ed if a syntactic constraint is imp osed. The accumulated likeliho o d

score of the optimal syllable sequence without lexical constraints can b e represented as

L(i) = max(m; s)L(m) + L s

(m + 1 : i) (9)

where s is a syllable. W e approximate the second term in equation (8) by equation (9) when

n is an unknown word. That is, only the optimal b oundaries obtained by equation (9) are

considered as candidates of m in equation (8) and L n

(m + 1 : i) is calculated as L(i)-L(m).

In practice, we should imp ose a p enalty on the likeliho o d score of unknown words b ecause

the score is always equal to or higher than the likelihoo d of any of the vocabulary words.

The ab ove metho d can b e extended by imp osing general constraints for unknown words.

The following two constraints are considered.

1) length of unknown word (number of syllables),

2) assumption that an unknown word can o ccur once p er an utterance at most.

3.2 Performance of Unknown W ord Pro cessing

Exp eriments were carried out to examine the validity of the ab ove metho d to verify

unknown words. In these exp eriments a sp eech understanding system SPOJUS-SYNO-X[4]

was used, where HMMs(5 states, 4 Gaussian densities and 4 discrete duration distributions)

were adopted as 113 syllable acoustic mo dels. The CFG grammar was used here and and

the task domain was �xed to "Sightseeing guidance around Mt.F uji" with a vocabulary size

of 500 words.

Several prop er nouns were removed from the lexicon to pro duce unknown words in-

tentionally

. And a sp ecial terminal symbol for unknown words was added to the original

rewriting rules at the same time. This op eration yielded 10 kinds of unknown words and

they were scattered in 18 sentences while the total number of sentences was 104. These were

uttered by 6 male sp eakers and, consequently

, the total test set consisted of 624 sentence utterances(104 X 6). The test set p erplexity was ab out 29 when all the unknown words were

registered in the lexicon.

Recognition exp eriments were p erformed for the sentences including unknown words(UWs)

and those not including ones under several conditions; 1)with no constraints("none"), 2)with

length constraint("L"), 3)with o ccurrence constraint("N") and 4)their combination. The

recognition exp eriment when UWs were registered and UW pro cessing was not used (the

5-th condition) were also p erformed. The results showed that more than 70 % of unknown

words were correctly detected if the successfully recognized utterances in the 5-th condition

are only taken into consideration. And the added constraints improved b oth the detection

accuracy of unknown words and the false alarm rate.

F or utterances including interjections, the ab ove unknown word pro cessing(UWP) was

ev aluated in comparison with the conven tional metho d, where frequent interjections were

pre-registered in the lexicon. Although the results can’t b e describ ed here in detail for space,

the combination of the UWP and the conventional metho d show ed the b est p erformance on

interjections.

4. INTERPRET A TION OF SENTENCES WITH MISRECOGNIZED WORDS

AND ILLEGAL EXPRESSIONS[5]

By incorp orating the prop osed technique in section 3, the system came to correctly

recognize sentences with illegal expressions. If the interpretation mo dule can’t handle these

sentences adequately

, however, the improvement of the recognizer do es not lead directly

to the increase of overall p erformance as a sp oken dialogue system. Based up on these

considerations, a robust interpreter was developed which can accept misrecognized words as

well as illegal linguistic expressions.

4.1 Development of a Robust Interpreter

In making our previously developed interpreter more robust, we consider it necessary

to refer to HUMAN strategies to handle sentences including illegal expressions or misheard

words. These consideration brought us to conduct some exp eriments to examine whether

humans can adequately correct the output sentences from the recognizer, which can have

misrecognized words as well as illegal linguistic expressions. The detail results are discussed

in [5]. Here, we fo cus esp ecially on how to apply the �ndings obtained in the exp eriments.

In the developed interpreter, the following pro cedures are carried out.

1. Syntactic and semantic analyses, which are conducted with di�erent capabilities to

accept illegal expressions. The input sentences from the recognizer go though the fol-

lowing analyses in the order of (a) to (d). If one of the analyses succeeds in pro ducing a

semantic representation for the input, go to pro cess 2 omitting the rest of the analyses.

Without any semantic representation pro duced after the analysis (d), go to pro cess 3.

(a) analysis for legal sentences.

(b) analysis for sentences

allowing omission of p ost-p ositions.

(c) analysis for sentences

allowing omission of p ost-p ositions and word order inv ersion.

(d) analysis for sentences

allowing inv alid (misrecognized) p ost-p ositions and word order inversion.

2. Semantic �ltering, where the validit y of the semantic representation obtained in 1. is

checked by domain knowledge.

(a) If it is judged as correct, the semantic representation is pro duced as the �nal output

from the interpreter.

(b-1) Otherwise, if applicable heuristic rules are prepared, the representation is cor-

rected and pro duced as the �nal output from the interpreter.

(b-2) With no rules for correcting, go to pro cess 3.

3. Keyword analysis (mentioned b elow) is p erformed by using partial results of the ab ov e

analysis.

4.2 Ev aluation of the Develop ed Interpreter

Evaluation exp eriments were carried out with the same domain and task as in 3.2, where

seven novice sub jects were asked to use this system with sp ontaneous sp eech. Before the

experiments, the sub jects were explained ab out this system and shown some examples of

scenario actually uttered in a previous exp eriment.

Through the exp eriments, 232 utterances were recorded in total at a computer ro om.

About 70 % of the utterances were correctly understo o d and ab out 13 % were rejected.

Simulating a p erfect recognizer by inputs of transcription of the ab ove utterances, shows

about 78 % as understanding rate. F urther, the achiev ement rate of the task was 98.2 %.

These results indicates the validity of the developed interpreter.

5. CONCLUSIONS

In order to realize a robust recognition/understanding system for sp ontaneous sp eech,

several studies hav e b een made mainly from the three viewp oints. Firstly

, segmental statis-

tics was intro duced into the acoustic feature mo deling in HMM paradigm. Through the

experiments, segmental unit HMMs constantly provided b etter recognition rates than those

by conventional HMMs. Secondly

, to directly improve the robustness of our recognizer, we

proposed a new metho d, where illegal linguistic expressions were detected as arbitrary se-

quences of subword units by a subword-unit based deco der. In implementing this metho d, it

was incorp orated into the One-Pass search algorithm. Evaluation exp eriments showed that

more than 70 % of unknown words were correctly detected and that this metho d was also

v alid in detecting interjections. Lastly

, a robust interpreter was develop ed so that it could

accept and correctly understand the outputs from the improved recognizer. In the develop-

ment, human strategies for correcting illegal sentences were considered. Consequently

, the

syntactic/seman tic analysis mo dules with di�erent capabilities to accept illegal phenomena

and the semantic �ltering mo dule were implemented. By utilizing these mo dules adequately ,

it b ecame p ossible to understand sp ontaneous sp eech with higher rate.

REFERENCES (PUBLISHED P

APERS)

[1] K.Y amamoto and S.Nakaga wa, "Comparative ev aluation of segmental unit input HMM

and conditional density HMM," Pro c. Eurosp eech’95, pp.1615-1618 (1995).

[2] Y.Tsurumi and S.Nakagawa, "An unsup ervised sp eaker adaptation metho d for con-

tinuous parameter HMM by maximum a p osteriori probability estimation," Pro c. IC-

SLP’94, pp.431-434 (1994).

[3] A.Kai and S.Nakagawa, "Investigation on unknown word pro cessing and strategies for

sp ontaneous sp eech understanding," Pro c. Eurosp eech’95, pp.2095-2098 (1995).

[4] S.Nak agawa and A.Kai, "A context-free grammar-driven, One-Pass HMM-based con-

tinuous sp eech recognition metho d," Systems and Computers in Japan, V ol.25, No.4,

pp.92-102 (1994).

[5] M.Hidano, T.Itoh, M.Y amamoto and S.Nak agawa" "Sp ontaneous sp eech understand-

ing for a dialogue system," Pro c. ESCA W orkshop on Sp oken Dialogue Systems,

pp.25-28 (1995).