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Abstract

This paper presents a new technique that aims to improve the
performance of spoken daogue systems by using the so-cdled
augmented languag models. We define an augmented language
model asa ammpound & alanguage model and a set of values
concerning parameters that can influence the speed
recognition when the language modd is used. The diverse
language models used by a dialogue system can be very
different, in terms of perplexity for example. Then, the am of
the technique is to find and wse the cmbination d values
concerning the different parameters that leads to the best
recognition results when the different language models are
used by a dialogue system. The technique has been applied to a
dialogue system for the fast food damain. The results ow that
when the aigmented language models are used the system’s
performanceis enhanced. In the experiments we have atieved a
reduction d 9,33% in the word error rate and an increment of
11,26% in the sentence understanding.

1. Introduction

Recent advances in speet techindogy have made possble to
develop spoken dalogue systems for a variety of applicaions
[1]. These systems alow users to cary out some tasks and
obtain information wing the human language & interadion
mode. In despite of the alvances made in the last decale, the
performance of such systems under red world condtions dill
presents svere limitations. On the one hand, these systems are
difficult to spedfy, design, develop and maintain. The
development reguires expertise in multiple domains, mainly,
speedr remgnition, natura language understanding and
generation, dialogue management and speed synthesis [2].
Most developed daogue systems are redtricted to spedfic
domains. They are based onmany applicaion-spedfic mlleded
examples and are speddized to cary out determined tasks.
Using the domain knowledge, the perplexity of the task to be
performed by a diadlogue system can be reduced and acceptable
results can be obtained. On the other hand, some of these
systems are difficult to use, spedaly for the nonexperienced
users. Finaly, there ae severd drawbadks that difficult a better
performance of these systems, such as the management of large-
scde vocabuaries in red time, the different pronurciations of
words, the miscommunicdion between systems and wsers, the
use of sportaneous Peedy, etc. Becaise of these problems,
among others, several efforts have been made to develop todls
for improving the techndogy employed [3].

This paper is organized as follows. In Sedion 2 we present
the technique propased in this paper. In Sedion 3we introduce
a brief description d the didogue system used in the

experiments. In Sedion 4we describe the utterance orpus used.
In Sedion 5we present the experiments caried ou to test the
technique using the dialogue system. Findly, in Sedion 6 we
present the @nclusions and indicae posshilities for future
work.

2. Thenew technique: The Augmented
Language Modds

We define aa augmented language model (ALM) as a
compoundof a language model | and n values correspondng
to different parameters, v; O P;.

ALM = (1, vy, Vo, ..., V)

The P; represent parameters that can influence the speeh
recognition, as for example, pruning threshold, insertion
penalty, grammear weight, etc. Each parameter P, is defined as
Pi={pw, P2 ... , pvj} Where M; is the number of test valuesin
P;. By preliminary experiments using a determined speed
recognizer, a dialogue system designer can consider these
values as appropriate candidates to provide good reaognition
results. The technique can be gplied to any spoken dialogue
system that uses a particular language model for every
dialogue state, being the language model determined by the
current dialogue system’s prompt. When a system of this kind
asks a user for a phore number, for example, only phore
numbers -and some other utterance types for the dialogue
management- can be recognized. We cdl this type of system a
state-based dialogue system. The alvantage of using these
systems is that the recognition phase focuses only on the
current context of the mnversation. Then, the set of possble
utterances that are cnsidered at a given moment by the
recognizer is much more reduced, lealing to better recognition
results. However, the drawbadk is that these systems impose a
considerable restriction to the freeinteradion o users.

Figure 1 shows the procedure to creae the augmented-
language models for state-based daogue systems. The
procedure ams to find the cmmbination o values concerning
the different parameters that leads to the best system's
performancein terms of speed recognition, and consequently,
in terms of speed uncerstanding. The procedure to find the
augmented-language models for a state-based diaogue system
isasfollows. We must initialy determine the language models
l; and the parameters P; that will be used to creae the ALMs.
For example, the language modes can be bigrams [4]
asciated to the different states of the dialogue, in such away
that a spedfic bigram is used at spedfic moment to recognize
a user utterance The parameters can be awy of those
mentioned above, i.e. pruning threshold, insertion penalty,
grammar weight, or other. Let us define 2 as a combination o



values of the different parameters, i.e.,, T = (vg, Vo, ... , V)
where vy O Py, v, O P, ... v, O P,. The procedure proposes to
evaluate the dialogue system’'s geed remgnizer using |,
with all the posshle mmbinations . If the best result for a
language modd |; is achieved for a cmbination %;, then the
compound (I;, Z;) is considered the aigmented-language
model ALM; for |;. This augmented language model represents
an optimizaion d the initial language model |;. The goal of
the procedure is to transform all the initial language models |;
used by a state-based didogue system into the augmented
language models ALM;, and make the system use the ALM;
instead of the initial language models to opimize its

performance

]
Define ALMl =f (Iiv Plv Pz, ey Pn)

#ﬁ

LetZ = (v O Py, v, OP,, ..., v, OP,) not yet tested

!

Speech recogni zer evauation using (I;, )

All possgble
2 tested
?

Set ALM;=(I;,Z); X best combination|

All ALM,

created
?

Figure 1: Procedure to creae the aigmented-language models
for state-based daogue systems

3. Brief description of the dialogue system

We have tested the technique proposed in this paper using a
state-based dalogue system, named SAPLEN, under
development in ou lab to ded with the product orders and
queries of fast food restaurants clients using the telephore
[5]. Figure 2 shows the system structure. In order to ogtimize
the speed reagnition, the system’s dialogue manager seleds
a language model (bigram) acording to the state of the
dialogue.

The system uses a mixed-initiative dialogue management
strategy [7]. Generdlly, the system takes the initiative during
the interadion with users. However, users can take the cntrol
to corred errors and query for information whenever they
want. The system uses both implicit and explicit confirmations
[8]. Implicit confirmations are used to confirm the data
extraded from the previous user utterance For example, when
auser orders for a product, the system repeds the order’s data
itemsin its next response and asks the user to confirm the data
items. From this feedbad the user can know whether the
system understood the order corredly and can make a
corredion if necessary. Explicit confirmations are used at the
end d the mnversation, in order to confirm once more dl the
data previously extraded from the interadion with the user.
The didogue system’s vocabulary is abou 2,000 words,
including restaurant-product names, numbers, names of
streds, avenues, squares, etc. The system uses an implicit
reqovery strategy that, in some occasions, permitsto oktain the
corred semantic interpretation in spite of the fad that some
words in the reagnized utterance might have been wrongly
recognized [9].

Speet remgrizer
Synthesizer

Linguistic analyzer
Dial ogue manager -

Figure 2: The SAPLEN dialogue system
4. The utterance cor pus

We have mnsidered seven uterance types in the fast food
domain and have recrded 250 utterances for ead ore (see
Table 1). So that, the utterance @rpus contains 1750 uterances.
Among them, 1050 tave been used to creae the ALMs and the
remaining 700 uterances have been used for tetting the
SAPLEN system's gpeed remgnizer using the ALMs creaed.
The utterances have been recorded by 9 spekers. Four of them
spe&k standard Spanish, four spe&k Spanish from southern
Spain, and ore speker is a Japanese femde who speks
Spanish. The utterances have been recorded under nonrnaisy lab
condtions using a PC computer and 16 litssample a& 8KHz.
The dia ogue system uses a spedfic language modd to reaognize
utterancetypes 1, 3, 4, 5, 6 and 7. For example, when the system
prompts for a telephore number, the recgnizer uses the
language modd that corresponds to this utterance type.
However, non spedfic language mode has been defined for the



corredions (utterance type 2) as users may corred system's
erors anytime during a rnversation. The utterance type 1
(Confirmation) is employed by users to explicitly confirm data
(phore number, post code, address ordered prodicts, price
payable and estimated delivery time). For this data, the system
asks users for yes/no answers. For example, to confirm a
telephore number, the system generates confirmation prompts
suchas”Didyousay 9,5, 8, 1, 7, 1, 3, 2, 8? Please answer yes
or nd’. Users can employ the utterance type 2 (Corredion) to
repair the rewgnition o understanding errors made by the
dialogue system. Users cen uter a variety of expressons to
corred these arors, which makes the system to return to a
previous date of the didogue and ask the user again for the
correspondng dataitems.

Type Utterance

1 Confirmation
Corredion
Post code
Product order
Telephore number
Address

Query

N[O~ WIN

Table 1: Utterancetypes considered in the fast food danain

The utterance type 3 (Post code) consist of five digits. Users
employ this utterance type to indicae the post code
correspondng to their address The product orders (type 4) are
utterances employed by users to order for fast food poducts
(foods and/or drinks). The telephore numbers (type 5) consist
of nine digits. User can employ isolated dgits or several
combinations of digits, for example, 9, 5, 8, 17, 13, 28. The
utterancetype 6 is concerned with the user address Using this
utterance type auser can inform the system abou the stred,
buil ding number, floor, etc. where (S)he livesin. Users can ask
a variety of questions to the system (utterance type 7), for
example, concerning available products (“ What can | haveto
drink?”), prices ("How much is a ham and cheese
sandwich?’), ingredients (“What is a cantabrico
sandwich?’), etc.

5. Experiments

In the experiments, we have only used ore parameter that
afeds geed rewgnition. This parameter is the pruning
threshold (PT). So that, the ALMs we have aeaed are &
foll ow:

ALM; = (li, »)

where |; represents a language model (a bigram in the case of
the SAPLEN system) and v; represents a value of the pruning
threshold PT. This value represents a trade-off between
recognition time and word error rate (WER).

We have caried ou two types of evaluation. Firstly, we
have evaluated the performance of the dialogue system
without using ALMs. In this case, the recognizer used a fixed
threshold that was independent of the language model seleaed
by the dialogue manager. The performance of the recognizer
has been measured in terms of reagnitiontime and WER, and
the performance of the system’s linguistic analyzer has been

measured in terms of sentence understanding (SU) [10].
Figure 3 shows the results obtained concerning: ()
reaognition time, (b) WER and (c) SU. The results have been
obtained using the six values of the pruning threshold (PT)
considered good candidates to provide accetable results (10,
20, 30, 40, 50 and 60.

Time (sec)

10 20 30 40 50 60
(©)
Figure 3: Evaluation results for severa PT. (@) Reaognition
time. (b) WER. (c) SU.

To cary out this initia evaluation, we have used the 1750
utterances in the whole utterance @rpus. Table 2 sets out the
average results obtained.

PT | TIME| WER | SU
10 39 | 4491 | 5357
20 | 398 | 2545 | 7571
30 | 417 | 1725 | 8514
40 | 4,41 [1432| 89
50 | 472 | 128 | 9229
60 | 525 | 1115 93

Table 2: Average results obtained withou using ALMs



Sewmndy, we have aeded the six ALMs that correspond to
the six language models previously defined to ded with the
seven utterance types described in Table 1. To doso, we have
followed the procedure shown in Figure 1. We have used 175
utterances for creaing ead ALM, which makes a tota of
1050 uterances. The result of the procedure is $x pairs
(language model, value). The value is the most suited pruning
threshold for the language model. It represents a trade-off
between remgnition time and word error rate when the
language model is used. In order to crede the ALMs, we have
teken into acoun the least recognition time that provides
good results in terms of word acarracy. Table 3 sets outs the
ALMs obtained. Every ALM can be used to cope with a
particular utterance type uttered at a determined state of the
dialogue. The posshle mrredions of users (utterance type 2)
can beremgnized in any state of the dialogue.

Dialogue state ALM
Confirmation (1,,50)
Post code (1,,50)
Product order (15,60)
Telephore number | (1,,50)
Address (15,50)
Query (15,60)

Table 3: ALMs obtained

Finaly, we have evaluated the system using the ALMs instead
of the initial language models. In this evaluation the
recognizer did na use afixed threshold independent of the
language model seleded by the dialogue manager. Instea, it
used the threshold assciated to ead language model,
considering the six ALMs previoudy creaed (see Table 3).
We have used the 700test utterances, different from the 1050
utterances used to creae the ALMs. Table 4 shows the
average results obtained concerning reagnition time, WER
and SU, using and nd using the ALMs.

TIME | WER SU
Not using ALMs 4,41 20,98 8145
Using ALMs 4,87 11,65 92,71

Table 4: Average results using and nd using the ALMs
6. Conclusions and future work

As can be observed in Table 4, the experimenta results sow
that when the ALMs are used the SAPLEN dialogue system’s
performance in terms of WER and SU is enhanced. When the
ALMs are used, the reagnition time is increased in 0,46 sec,
the WER is reduced in 9.33% and the SU is increased in
11,26%. The ALMs are optimizations of the initial language
models. In the experiments presented in this paper, the ALMs
have been oltained uwsing the most suited pruning threshold
for every initial language model.

Several aspeds concerning the technique proposed in this
paper must be improved. On the one hand, we have used a
relatively reduced number of utterances to creae the ALMs
and test the dialogue system. Additionally, these utterances
have been recmrded under nonnoisy lab condtions. In order

to improve the performance of the system before it is st up
into the red world, we must use more utterances for refining
the ALMs, particularly, utterances recorded undxr noisy
condtions soud be taken into acourt.
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