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Mutlimodal telephone directory assistance system and its evaluation
Yasuhiro MINAMI, Osamu YOSHIOKA, Kiyohiro SHIKANO* , and Sadaoki FURUI

NTT Human Interface Laboratories
Musashino-shi, Tokyo 180, Japan

ABSTRACT

To evaluate our algorithm for large-vocabulary
speaker-independent continuous speech recognition
systems and to collect actual dialog data between a
computer and a user, we have implemented a multi-
modal dialog system for telephone directory assistance.
To evaluate the dialog system, we used twenty subjects
using twenty telephone number retrieval tasks per sub-
ject. In our experiments, the task completion rate was
99%. About 75% of the users said they preferred this
system to looking up telephone numbers in a telephone
directory.

1. INTRODUCTION

One of the most useful and successful applications
of speech recognition technology is database inquiry
systems. For these systems to be useful, they must be
able to recognize utterances spoken in a spontaneous
manner. They must also have a large vocabulary be-
cause if they have only a small vocabulary, their perfor-
mance will be no better than that of a menu-input sys-
tem.

Several approaches to large-vocabulary continu-
ous speech recognition having more than 10,000 words
have recently been investigated (Kenny et al., 1992,
Ney et al., 1992). Kenny et al. (1992) reported recogni-
tion results for a “books on tape” task with a 60,000
word dictionary. Ney et al. (1992) reported an algorithm
for a 10,000-word vocabulary continuous speech recog-
nition system with application to a database query task.
In spontaneous utterances, users tend to add interjec-
tions and incorporate various expressions. Although the
ARPA praject in the U.S. has been paying a lot of atten-
tion to spontaneous speech recognition (Hirschman et
al., 1993), recagnition of spontaneous speech having a
vocabulary of more than 10,000 words has not been
tried yet.

This paper reports on the design and evaluation of a
large vocabulary spontaneous speech recognition sys-
tem. To achieve efficient parsing of sentences that in-
clude various expressions, the HMM-LR algorithm
(Kita et al., 1989), which can analyze context-free
grammar, was employed (Minami et al., 1992). Apply-

ing this algorithm to large-vocabulary continuous
speech recognition requires (1) accurate scoring for
phoneme sequences, (2) reduction of trellis calculation,
and (3) efficient pruning of phoneme sequence candi-
dates (Minami et al., 1992).

To investigate the user’s satisfaction with speech
recognition and to improve its performance, it was nec-
essary to implement an actual dialog system using
speech recognition and to have users evaluate it. To im-
prove the performance of the system, it was also neces-
sary to collect dialog data during the evaluation. There
are several approaches in this field. In the air travel in-
formation service (ATIS) domain, Shriberg investi-
gated user satisfaction and system performance{1].
Takebayashi implemented a multi-modal dialog system
for a hamburger shop task. However, Shriberg’s ap-
proach does not use multi-modal input devices. In a
multi-modal dialog system, the system can select the
appropriate input device according to its features. When
the user must select a keyword from a small selection, a
mouse is useful. On the other hand, when the user must
select a keyword from a large selection, speech recogni-
tion is useful. Takebayashi’s approach used small-vo-
cabulary speech recognition. This approach did not
make the best use of the advantages of speech recogni-
tion. We implemented a multi-modal dialog system for
telephone directory assistance using a large-vocabulary
speech recognition system.

With this kind of system, background noise is a big
problem in recognizing speech. One simple solution is
to make HMMs from noisy speech, but this needs a lot
of calculation. Several new noise adaptation tech-
niques, called HMM decomposition or HMM compen-
sation, that create HMMs for noisy conditions from
speech HMMs and a noise HMM have been proposed
(Varga and Moore, 1990; Gales and Young, 1992). We
showed that the HMM composition technique per-
formed very well for continuous speech recognition;
this technique is almost the same as HMM compensa-
tion (Martin et al., 1993). We use this technique for
adapting the systern to noisy conditions.

In Section 2, we describe our large-vocabulary
speech recognition algorithm for telephone directory
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assistance. In Section 3, we discuss a multi-modal dia-
log system that uses our algorithm.

2. SPEECH RECOGNITION ALGORITHM

2.1 TELEPHONE DIRECTORY ASSISTANCE
TASK

Since a database inquiry task is a good application
for large-vocabulary speech recognition, we adopted a
telephone directory assistance task to test our algo-
rithm. It covers two cities and contains more than
70,000 subscriber names, While the grammar needed
for this task may appear to be simpler than general dia-
log, we found that the various expressions used for
simulated telephone directory assistance inquiries al-
lowed us to investigate and collect a variety of dialog
data. It is worthwhile studying this task. In this task,
only the subscriber name is indispensable in each utter-
ance. There are no constraints on the combination of ad-
dresses and subscriber names because users may some-
times say the wrong address. For example, the user may
say the name of the train station nearest to the
subscriber’s house instead of the real address.

2.2 TWO-STAGE LR PARSER

Our algorithm is based on the HMM-LR. The gener-
alized predictive LR parser is used as a language model
for phoneme prediction. It uses an LR table, which is
pre-compiled from context-free grammar rules, to pre-
dict phonemes. The flow of the reco gnition process is as
follows:

(1) The LR parser predicts all possible phonemes
using the LR table. It then transfers them to an HMM
phoneme verifier.

(2) It next calculates their trellis likelihood scores by
using their HMM.

(3) The state of the candidate then moves to the next
state in the LR table according to shiff and reduce op-
erations.

(4) During steps (1)-(3), all possible phoneme se-
quence candidates are constructed in parallel. These
phoneme sequence candidates are pruned by using their
HMM likelihood. The likelihood calculation is based
on a trellis algorithm (not the Viterbi one) in order to
match the likelihood calculation method with the train-
ing method. The log probabilities are used as the likeli-
hood scores.

(5) Steps (1) to (4) continue until the parser does not
predict any more phonemes. It then outputs the recogni-
tion candidates that have been accepted by the grammar
and that have the highest likelihood score.

We have developed a two-stage LR parser that uses
two classes of LR tables: a main grammar table and
several sub-grammar tables (Figure 1) that are sepa-
rately compiled from a context-free grammar. The sub-
grammar tables contain such keywords as city name,
town name, block number, and subscriber name. The

main grammar table controls the relationships between
the keywords. The main parser also analyzes meaning-
less words: interjections, pauses, and several expres-
sions commonly used in directory assistance dialogs.
Dividing the grammar into two classes this way has two
advantages. Since each grammar can be compiled sepa-
rately, the time needed for compiling the LR table is
reduced; and the system can easily extract the meaning
of the utterance by looking at keywords in sub-tables
without considering meaningless words, such as inter-
jections.

2.3 ACCURATE AND EFFICIENT SEARCH AL-
GORITHM
(1) ACCURATE SCORING

Our algorithm uses not only a forward trellis but also
a backward trellis to accurately calculate the score of a
phoneme sequence candidate. The backward trellis
probabilities, b(i), 1<i<end frame, are used as the est-
mated probabilities of potential succeeding phoneme
sequences (heuristics).

The phoneme verification process is as follows.
First, first-level wellis probabilities from the end of
speech are calculated for all phonemes. Then, the best
phoneme that obtains the maximum probability normal-
ized by the number of frames is chosen. The trellis
probabilities of the phoneme are used as initial values of
the next level trellis calculation. This process continues
up to a sufficient number of levels. Consequently back-
ward rellis probabilities for each level are obtained. Fi-
nally b(i) is obtained by choosing the maximum prob-
ability among all levels. In the forward trellis calcula-
tion, the LR parser predicts the next phonemes accord-
ing to the LR tables. Their forward trellis probabilities
(a(i), 1<i<end frame) are calculated by verifying the
predicted phoneme HMMs against the input speech.
The phoneme sequence scores are calculated by taking
the trellis convolution of the forward and backward trel-
lises as follows:

end frame
SCORE= Y a(i)b(i) )
i=1
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v phoneme LR table (Tokyo)
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Figure 1. Structure of the continuous
speech recognition system.




After all the phoneme sequence scores have been
calculated, the candidates are sorted according to their
score, Candidates below a certain rank (beam width) are
then pruned (beam search). This beam search procedure
is iterated from the beginning to the end of the mput
speech according to the LR tables.

(2) ADJUSTING WINDOW

Since the conventional HMM-LR algorithm calcu-
lates the trellis probabilities against all input frames of
the predicted phonemes, it takes a lot of calculation. If
the probable location of a predicted phoneme is known,
the algorithm need only calculate the trellis probabili-
ties for that location. We therefore propose an algorithm
for determining an adjusting window that restricts trel-
Lis calculation to the probable part of the input frame for
each predicted phoneme (Figure 2). The adjusting win-
dow (shaded rectangle in Figure 2) has a length of 50
frames (400 ms). The initial area of the trellis calcula-
tion for the predicted phoneme is restricted to the for-
ward trellis probabilities within this window. The end-
ing frame area of the predicted phoneme is restricted 1o
120 frames (the bigger rectangle at the end of the pre-
dicted phoneme); this frame size is selected because it is
sufficiently large to contain the ending frame of the pre-
dicted phoneme. Trellis calculation is thus restricted to
the region between the initial and ending frame areas,
significantly reducing trellis calculation from the first to
the end frame. To calculate the phoneme sequence
score, the convolution of the forward and backward
trellis probabilities is calculated as follows, instead of
using equation (1):

j+49

SCORE=) a(i)b(i), @

i=j

where j is the first frame of the adjusting window. In
this procedure, the probabilities in the backward trellis
are multiplied by (1-€), where € is a small positive
value. To determine the best position for the adjusting
window, the scores of each frame are calculated one by
one using equation (2), varying the value of Jj- The best
position is where the maximum score is achieved. By
using &, the adjusting window is usually correctly as-
signed to the phoneme boundary between the predicted
phoneme and the next phoneme in the input speech
frame. After determining the adjusting window posi-
tion, the forward trellis probabilities within the adjust-
ing window, plus an additional 20 frames of trellis
probabilities (to cover the area of the phoneme bound-
ary), are stored as the initial values of the next trellis
calculation.

Determining the position of the adjusting window
requires additional calculation. To reduce the amount of
computation needed for the logarithmic calculation of
equation (2), logarithmic function tables were used. To

avoid under-flow errors, we used logarithmic calcula-
tion for equation (2).

(3) MERGING PHONEME SEQUENCES AND
GRAMMATICAL STATES

The LR tables need multiple pronunciation rules to
cover allophonic phonemes, such as devoicing and long
vowels in Japanese pronunciation, However, these mul-
tiple rules cause an explosion of the search space. To
make the search space smaller, we merge phoneme se-
quence candidates as well as grammatical states when
the following conditions hold:

(a) the grammar stacks of the candidates are the
same,

(b) the candidates are in the same state in the LR
tables, and

(c) the phoneme sequences of the candidates are the
same, distegarding devoicing and long vowels.

To further reduce the amount of calculation, we do
not recalculate the forward trellis probabilities of a pho-
neme sequence candidate when the same phoneme se-
quence already exists, even if the grammar stacks of the
candidates are different,

(4) MERGING CANDIDATES AT THE
MEANING LEVEL

For spontaneous-utterances, the top N recognition
results tend to have the same meaning. Occupation of
the top N candidates by candidates with the same mean-
ing often resulst in the correct candidate being pruned.
We therefore need to merge candidates with the same
meaning into a best-score candidate. In the two-stage
LR parser, the main grammar does not include any key-

backward trellis (b(i))/ /

adjusting
window

HMM states

input speech frames

Figure 2. Search algorithm for the continuous
speech recognition system.




words; only the sub-grammars include keywords. The
meaning of a phoneme sequence candidate ;s extracted
from keywords in the sub- grammars, with no consider-
ation of the main grammar phonemes. The conventional
HMM-LR algorithm works phoneme-synchronously.
When using this process without modification, we can-
not merge candidates that have different phoneme
lengths, because candidates should always have the
same phoneme length in this process. We therefore
change the phoneme-synchronous search into a quasi-
frame-synchronous one by making those candidates
that have progressed farther wait for the others to catch
up. This change keeps the adjusting window region of
each candidate in nearly the same frame. Thus the can-
didates can be merged at almost the same frame. We
change merging condition (c) (Sec. 2.3 (3)) in the
search process to a new condition: merge candidates
that have the same meaning, that is, those having the
same keywords (address and name), i gnoring the mean-
ingless words (pauses, interjections, etc.). To merge
candidates that are in nearly the same frame, we add
new condition (d): the adjusting window positions of
candidates are almost the same. These modifications
raise the merge probability and improve recognition
performance. Merging candidates at the meaning level
is only summarized briefly here. We will describe this
process in more detail in another paper.
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Figure 3. Sentence understanding and keyword
recognition rates

2.4 RECOGNITION PERFORMANCE

We evaluated our algorithm by using spontaneous
utterance mode. To handle spontaneous speech expres-
sions, the grammar used here has various rules for inter-
Jections, verb phrases, particles, etc. It was created by
analyzing 300 sentences in a simulated telephone direc-
tory assistance dialog. The test-set phoneme perplexity
of this task was 4.9.

We performed experiments using context-indepen-
dent HMMs and context-dependent HMMs for these
utterances. We used 56 context-independent phoneme
HMMs (15 vowel models, 28 consonant models, 10
diphthong models, and 3 silence/pause models) and 302
context-dependent phoneme HMMs. They had four
states and three loops, and their feature Veclors con-
sisted of 16 cepstral coefficients, 16 delta cepstral coef-
ficients, and delta power (33 dimensions in total). They
were continuous Gaussian-mixture-density phoneme
models with a diagonal covariance and with four distri-
butions for each state. These phoneme HMMs were
trained by concatenated training using 9600 phoneti-
cally balanced sentences uttered by 34 male and 30 fe-
male speakers. The beam width, the number of pho-
neme sequence candidates, was fixed at 2500. The
weighting value (1-¢) for the backward trellis was 0.99.

We evaluated the proposed algorithm by using 51
Spontaneous sentences containing 184 keywords. How-
ever they did not contain out-of-vocabulary words.
Each sentence was uttered by eight different speakers.

The recognition experiments were done under four
different conditions: (1) with a context-independent
phoneme HMM, without merging at the meaning level;
(2) with a context-dependent phoneme HMM, without
merging at the meaning level; (3) with a context-inde-
pendent phoneme HMM, with merging at the meaning
level; and (4) with a context-dependent phoneme
HMM, with merging at the meaning level.

The average sentence understanding and keyword
recognition rates are shown in Fi gure 3.

The sentence understanding rate was 32% with a
context-independent HMM and without merging at the
meaning level. Using a context-dependent HMM with-
out merging improved the average sentence under-
standing rate from 32% to 58%. Using merging, the av-
érage sentence understanding rate with a context-inde-
pendent HMM was improved from 32% to 389%. These
results confirm the effectiveness of a context-dependent
HMM and merging at the meaning level. Finally, the
recognition experiment was done using both a context-
dependent HMM and merging. The average sentence
understanding rate was 65% and the average keyword
recognition rate was 89%.




3. MULTI-MODAL DIALOG SYSTEM

We designed our multi-modal speech dialog system
for telephone directory assistance (Figure 4) with three
input devices (microphone, keyboard, and mouse) and
two output devices (loudspeaker and display). Figure 5
shows an example of the output window for the system.
The numbers down the left side of the window show the
rank of each candidate. For each of the five potential
subscriber candidates, the system displays five slots:
city, town, block number, subscriber name, and tele-
phone number. A simple example of how this dialog
system is used is as follows:

(1) After clicking the speech button, the user states
the address and subscriber name.

(2) The system recognizes the input speech and dis-
plays the top five candidates.

(3) If one of the candidates is correct, the user ob-
tains the telephone number by clicking the telephone
number slot of the correct candidate.

3.1 SPEECH RECOGNITION SYSTEM
Since response speed is an important factor in evalu-

mmse@
input
devices | microphone)

[ keybord e | multi-mo
dialog
o@D Jomem [ ]
output directory
devices database

speak«

Figure 4. Basic structure of the multi-modal dia-
log system for telephone directory assistance.

ating performance, we reduced the number of subscrib-
ers in our test system. The vocabulary contained 4000
words, and the beam width (the number of candidates
kept in beam search) was reduced from 2500 to 200. We
also changed the frame shift from 8 to 16 ms to improve
response speed. Context-independent HMMs were used
and there was no merging at the meaning level,

3.2 NOISE ADAPTATION

In a preliminary evaluation of our system, we could
not obtain good performance because of environment
noise, e.g., from computers and cars. We found that the
HMM composition (compensation) method greatly im-
proved the continuous speech recognition for a noisy
environment (Martin et al., 1993). Under 18dB com-
Puter noise and for speaker dependent speech recogni-
tion, the HMM composition method showed almost the
same performance as HMMs trained from noisy speech,
while the HMMs trained from clean speech could
hardly recognize sentences. Therefore, we used the
HMM composition method for noise adaptation in the
multi-modal dialog system.

In this section, we describe this method simply (See,
in particular Gales and Young, 1992; Martin et al.,
1993). The basic concept is to make HMMs for noisy
conditions from speech HMMs and a noise HMM (Fig-
ure 6). Speech HMMs are modeled from noise-free
speech and the noise HMM is modeled from environ-
ment noise. The main difficulty in doing this is calculat-
ing the output Gaussian distributions of output prob-
abilities from the two source HMM distributions: the
noise HMM and the speech HMM. Since each HMM is
defined in the cepstrum domain, and speech and noise
are additive in the linear spectrum domain, the Gaussian
distributions defined in the cepstrtum domain are trans-
formed into log normal distributions in the linear spec-

speech+noise HMM J

N

Figure 5. Sample of the output on a graphical dis-
play.

Figure 6. Example of the HMM composition pro-
cess.




trum domain and convoluted and re-transformed. This
method is formulated as follows.

Suppose that there is no correlation between the noise
and speech signals. Since the noise signal and speech
signal are additive in the linear domain, we get the
equation:

Rep = TMlog(e™* + e™er), 3)

where Rep is the noisy speech cepstrum, I is the cosine
transform, Scp is the speech cepstrum, Ncp is the noise
cepstrum, e is the exponential transform, and log is the
logarithmic transform, Now, we want to find the distri-
bution of Rep, when distributions of Scp and Nep are
defined as Gaussian distributions, Since the cosine
transform is a linear transform, the distribution after
transformation is still a Gaussian distribution; distribu-
tions of Slg = I'Scp and Nig = I'Ncp become Gaussian
distributions. Thus the mean and covariance values of
the distributions after cosine transformation are easily
calculated. Since after the exponential transformation,
the Gaussian distribution becomes a log normal distri-
bution, the distributions of NIn = e and NIn = e™=
are log normal distributions. Since (e™P + ™) is the
sum of e™® and e™, jts distribution is obtained by
convoluting the distributions of ePand eMe.

Itis difficult, however, to obtain a real distribution for
(e™P+ &™), If we assume that (e + ™) can be ap-
proximated to a log normal distribution, the distribution
of TRep = log(e™ + ™) is 2 Gaussian distribution
and its mean and covariance can easily be obtained
from the means and covariances of the distributions of
(e™?and e™®)See Gales and Young, 1992; Martin et
al,, 1993). Finally, since I"'is also a linear transform,
the distribution of Rep can be obtained as a Gaussian
distribution. These process are shown in Figure 7.

Cepstrum Logarithm specrum Linear spectrum

Sy | cosme | S,=T Sep |Exponcntial | S, = 5% | Combination

Ng | ™™ | N, =N, | o |

Lincar spectrum
Rin =S+ Ny, [k (SNR)]
Inveras
LR,, =z, u::; Ry, = log R, ’::f‘:
Cepatrum Logarithm spectrum

Figure 7. HMM composition process for output
probability.

Our previous experiments showed that the computa-
tion needed for HMM composition was significantly
smaller than for training speaker-independent HMMs
using noisy speech, while recognition accuracy was
comparable (Martin et al., 1993),

33 DIALOG CONTROLLER

The main functions of the dialog controller are as
follows.

(1) DISPLAYING CANDIDATES

After speech recognition, four potential candidates
are displayed in order of their likelihood scores. We
generally do not use the directory assistance database
constraint to select these candidates, as described in
2.1.. As the fifth candidate, however, we use the candi-
date which satisfies the constraint in the telephone di-
reclory assistance database, because there is a high pos-
sibility that the candidate that satisfies the constraint is
correct, even if it has a low likelihood score.

(2) CORRECTING ERRORS

If there is no correct candidate among the five candi-
dates, the user corrects the input error by choosing a
candidate close 1o the correct subscriber address and
name, clicking the slot with the wrong keyword, and
uttering a sentence with that specific semantic item. In
error correction, the speech recognition system uses a
grammar adjusted for each slot. For example, if the user
selects the subscriber name slot, the system switches to
the grammar for utterances containing a subscriber
name.

4. EVALUATION OF DIALOG SYSTEM

We asked 20 users in our laboratories to ry to use
this system. Each user was given a randomly selected
sheet of paper indicating the task using an annotated
map. Each user completed 20 tasks, in total.

Dialog experiments were performed to evaluate the
following issues,

1. System performance,

2. User evaluation of the system,

3. Content and manner of user utterances, and

4. Problems encountered with the system.

Training

The users were first requested to practice operating
this system by themselves using a tutorial system,
which was an interactive system implemented on a
workstation. The tutorial system was designed to give
the same amount of information to each user. The train-
ing took about 10 minutes on average. Users were pre-
sented three example queries as a means of implicitly
teaching them the general structure of a query. The ex-
amples were presented as text displayed on the worksta-
tion and the users requested to practice by uttering these
examples three times. Speaking rate, style, and pauses
were not controlled and any feedback on this aspect was




provided.

Experiments

After the training, the users made twenty attemnpts at
getting telephone numbers using information indicated
on twenty simplified city maps, Subscriber name and
address were indicated on each map. Figure 8 shows a
sample. The maps were used to reduce restrictions that
would be implicitly imposed by written sentences im-
plicitly. If instructions containing names and addresses
were written out, some users might simply read them or
it might influence their choice of words.

Questionnaires

After the experiments, users were requested to an-
swer several questions on a scale from 1 to 5. They were
also asked to write their overall impression of the sys-
tem.

Results

Table 1 shows the experimental results. The task
completion rate which means users could get the correct
telephone number, was 99.0%. The average sentence
understanding rate was 57.8%, while the average rate
that the correct item was in the top five candidates was
77.5%. This shows that in three of four trials, the system

Telephone number (

ey

Nakahara =

Figure 8. Example of the sheet indicating a direc-
tory inquiry task.

Table 1. Experimental results.

Task completion rate 99.0%
Sentence understanding rate 57.8%
Sentence understanding rate for top
: . 77.5%
five candidates

Number of utterances 1.40

Number of pointings with mouse 2.88
Task completion time 57 2sec.

displayed the correct telephone number after the users
first utterance, The average number of utterances was
1.40, and the average number of pointing actions with
the mouse was 2.88. At least, one utterance and two
pointing actions were needed to get a telephone num-
ber. The results show only a small increase in the aver-
age number of utterances and pointing were needed for
the users to complete the task, so indicating the multi-
candidate approach was effective in reducing the num-
ber of operations.

The average sentence understanding rates for the
top five candidates are plotted in Figure 9 as a function
of the average number of utterances for each user. The
higher the average sentence understanding rate a user
had, the fewer the average number of utterances that
were made. Even when the sentence understanding
rate was low, roughly 60%, a user could get the correct
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Figure 9. Sentence understanding rate for top five
candidates versus the average number of utterances

24

average time used by user

0 5 10 15 20
number of trials

Figure 10. time used by user versus the number of
trials.




telephone number in two utterances on average.

Figure 10 shows the relation between the number of
trials and the average ‘time used’ by users, where time
used means the time needed for users to make decisions
or operate the system. As shown in the figure, user time
decreased as the number of trials increased. This shows
the users adapted well to operating the dialogue system.
However, adaptation of the speaking manner to im-
prove the speech recognition rate or speech recognition
time was not found.

Preference for This System

Two of the questions were:

1) When you want to get a phone number, which
would you prefer to use, this system or a telephone
book?

2) Do you feel this system is easy to use?

The answer spread shows that 75% of the users pre-
ferred using the system 10 a telephone book and 55% of
them felt it was easy to use. More than0 half of the users
thought the system performed well, so we have come
close to achieving our goal of designing a dialogue sys-
tem that users feel comfortable with,

5. CONCLUSION

We proposed a very-large-vocabulary continuous
speech recognition algorithm and applied it to a tele-
phone directory assistance system. It has an accurate
and efficient algorithm that uses a two-stage LR parser
with phoneme HMMs. To evaluate our speech recogni-
tion algorithm, we implemented a multi-modal dialog
system. We evaluated it from the human-machine-inter-
face point of view. Although experimental results show
that the smaller-scale system containing 2,300 subscrib-
ers works very well, we still need to improve the perfor-
mance of the system; in particular, to speed up the pro-
cessing time.
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