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Abstract. Recently various data-driven spoken language technologies have
been applied to spoken dialog system development. However, high cost of
maintaining the spoken dialog systems is one of the biggest challenges. In addition, a fixed corpus collected by human is never enough to cover diverse real
user’s utterances. The concept of a daydreaming dialog system can solve the
problem by making the system learn from previous human-machine dialogs.
This paper introduces D3 (Daydreaming Dialog system Development) toolkit,
which is a back-end support toolkit for the development of the daydreaming
spoken dialog systems. For reducing human efforts, D3 toolkit generates new
utterances with semantic annotation and new knowledge by analyzing the usage
log file. The new added corpus is determined by verifying proper candidates using semi-automatic methods. The augmented corpus is used for building improved models and self-evolution of the dialog system is possible by replacing
the old models. We implemented the D3 toolkit using web-based technologies
to provide a familiar environment to non-expert end-users.
Keywords: Spoken Dialog System, Statistical NLP, Daydreaming Computer,
Failure-driven Learning, Dialog Development Toolkit.

1 Introduction
In recent years, data-driven spoken dialog systems have been studied by many researchers. In general, spoken dialog systems (SDS) consist of three major components: automatic speech recognition (ASR), spoken language understanding (SLU)
and dialog management (DM). For building each model, developers need to prepare
annotated dialog corpus and domain-specific knowledge. However, corpus preparation requires tedious human efforts.
To reduce the laborious work, several development toolkits such as SUEDE [1],
CSLU Toolkit [2] and DialogDesigner [3] have been developed to help developers for
rapid system design. For example, Jung et al. [4] developed Dialog Studio to reduce
engineering works and to upgrade all components including ASR, SLU, and DM
together. Nevertheless, there are still problems when using and managing data-driven
spoken dialog systems in a practical field. A fixed corpus collected by human is never
enough to cover a real user’s utterance patterns.
G.G. Lee et al. (Eds.): IWSDS 2010, LNAI 6392, pp. 85–95, 2010.
© Springer-Verlag Berlin Heidelberg 2010

86

D. Lee et al.

Data-driven user simulation techniques are widely used for learning optimal dialog
strategies in a statistical dialog management framework and for automated evaluation
of spoken dialog systems [5]. The user simulation technique is an alternative way to
resolve common weaknesses of dialog systems such as the scarceness of the training
corpus and the cost of an evaluation made by real users. However, the problem of
data-driven user simulation is the limitation of user patterns. The response patterns
from data-driven simulated user usually tend to be limited to the training data although several exploration algorithms are used to find unseen patterns. Therefore, the
patterns lack of reality and it is not easy to simulate unseen user patterns.
The problems can be solved by a concept of a daydreaming computer [6]. The daydreaming computer should not be idle when left unemployed by users, but daydreaming. Learning from experience, the one important role of daydreaming, can be applied
to the SDS. Therefore, the daydreaming dialog system can keep trying to learn from
failures and successes while the users do not use the system. We developed a support
tool for a daydreaming dialog system development, called D3 (Daydreaming Dialog
Development) toolkit, to help the developer to find the real user’s new utterance
patterns.
This paper is organized as follows: Section 2 introduces the concept of the daydreaming dialog system. D3 toolkit components and detail strategies are proposed in
section 3. Preliminary experiments and how to implement the D3 toolkit will be described in section 4. Finally, section 5 draws a conclusion and a future work.

2 Daydreaming Dialog System
An intriguing aspect of humans is that we spend much time engaged in thought not
directly related to the current situation or environment. This type of thought, usually
called daydreaming, involves recalling or imaging personal or vicarious experiences
in the past of future. For both humans and computer, Mueller and Dyer [6] discussed
the following function of daydreaming: support for creativity, future planning and
rehearsal, learning from experience, emotion modification and motivation.
The daydreaming computer takes as input situational descriptions, and produces as
output actions that it would perform in given situation and several daydreams when
the computer is idle. The daydreaming computer learns as it daydreams by indexing
daydreams, planning strategies, and future plans into memory for future use.
We believe that the concept of the daydreaming can be extended to the SDS because the daydreaming enables the SDS to learn from successes and failures. While
SDS does not process user’s utterances, self-evolutionary modules in the daydreaming
dialog system might learn to process the problematic utterances at the background.
This daydreaming process would correct the problematic situations and the system
could generate appropriate responses when facing the same situation again in the
future.
For example, the user says “I am travelling for sightseeing”, but some errors occur
due to wrong predictions in ASR, SLU or DM modules. While the SDS is idle, the
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Fig. 1. Overview of daydreaming spoken dialog system architecture

system automatically detects and corrects the errors and updates all models to
smoothly process the same utterance in the future. After daydreaming, the system
could generate a response, like “How long are you staying”, when the user says the
same utterance.
Fig. 1 illustrates overview of daydreaming spoken dialog system architecture. The
log manager creates log files, which are considered as system experiences including
successes and failures. The user manager is used to manage user accounts and load
models for a user. When the idling time of the system comes, the system starts a daydreaming process. Daydreaming is performed by a self-evolutionary process, which
involves analyzing the human-machine dialog log, trying to extract the patterns, and
updating the models to learn from successes and failures. Our D3 toolkit supports this
self-evolutionary process of the daydreaming dialog system can be easily done by a
real user.

3 Daydreaming Dialog System Development Toolkit
Dialog Studio has provided a convenient way to prepare dialog corpus and update all
models without large human efforts. However, it is still time-consuming at the annotation step because the developer should annotate new utterances manually to add
new patterns without most probable semantic tags.
To address this problem, we have developed the D3 support toolkit for easily maintaining SDS. The D3 toolkit supports three main functions: 1) finding out-of-patterns
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Fig. 2. Procedures of the D3 Toolkit

to make errors in human-machine dialog logs, 2) suggesting their transcriptions for
training a language model, and 3) annotating semantic tags tentatively.
3.1 Procedures of the D3 toolkit
As shown in Fig 2, D3 toolkit starts from loading a set of log files which have been
generated when the real users talked to the dialog system in the past. Log analysis is
divided into three parts including: ASR, SLU, and Knowledge part. Log analyzer
generates candidates which include some system errors due to out-of-patterns. The
developer is only required to verify and modify auto-generated candidates like active
learning [7]. New utterance patterns are added to the existing corpus and training all
models is executed.
3.2 Logging Step
All the processed human-machine dialogs are saved as log files, which are in the
XML-format, by the log manager of SDS. An example of the log file is illustrated
in Fig 3. Each module of SDS generates information, which is used in the analysis
step. ASR module provides a recognized text (ASR RESULT), a confidence
score (CONFIDENCE) and a wave filename (WAVE). SLU module provides a semantic structure (DIALOG_ACT, MAIN_GOAL, SLOT) and confidence score
(SLU_CONFIDENCE). DM module records discourse history such as previous user
intention (PREV_DA, PREV_MG, PREV_SL), previous system action (PREV_SA),
filled slots (FILLED_SLOT) and current system action (SYSTEM_ACTION).
The FILLED_SLOT represents which slots are filled by the user during the current
dialog.
3.3 Analysis Step
ASR Evolution. Traditional ASRs requires both language model (LM) and acoustic
model (AM). In our system, we use a domain-specific language model and a generic
acoustic model to build a spoken dialogue system.
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<UTTERANCE id="5" time="2010-06-01 21:39:23">
<ASR>
<WAVE>/wav/result005.wav</WAVE>
21
?</RESULT>
<RESULT>
<CONFIDENCE>0.8587191</CONFIDENCE>
</ASR>
<SLU>
<DIALOG_ACT>wh_question</DIALOG_ACT>
<MAIN_GOAL>search_program</MAIN_GOAL>
<SLOT name=”date”>today</SLOT>
<SLOT name=”time”>21:00</SLOT>
<SLU_CONFIDENCE>0.87671</SLU_CONFIDENCE>
</SLU>
<DM>
<PREV_DA>request</PREV_DA>
<PREV_MG>search_program</PREV_MG>
<PREV_SL>date,genre</PREV_SL>
<PREV_SA>inform(program)</PREV_SA>
<FILLED_SLOT>date,time</FILLED_SLOT>
<SYSTEM_ACTION>infrom(program)</ SYSTEM_ACTION>
</DM>
</UTTERANCE>

오늘 시에는 무슨 프로그램 하지

Fig. 3. Example of the log file

ASR evolution involves LM adaptation and AM adaptation (Fig 4). ASR-1 represents the ASR of the SDS and ASR-2 represents the one of the toolkit in Fig 4. They
are same modules except using different LM.
To learn out-of-patterns, our toolkit first tries to find mis-recognized utterances in
the log file. Out-of-patterns may be recognized incorrectly because they were never
seen in training LM of ASR-1. We preliminary used ASR confidence score [8] to
detect out-of-patterns because the confidence score has been commonly used to detect
erroneous utterances; out-of-patterns could be detected by the filter if their ASR confidence score at the utterance level is lower than a pre-defined threshold.
To obtain most probable transcriptions, out-of-patterns are recognized again by
ASR-2 in which LM was trained with an extended corpus. The extended corpus contains a basic dialog corpus for SDS, a general conversational corpus, and a web data
related to the domain to cover a variety of utterance patterns. In the ASR-2, we can
use larger LM because this process is off-line and the decoding time is not critical.
After re-recognizing out-of-patterns, the toolkit extracts some recognized
utterances with a high confidence score. These may be recognized correctly now
although they were mis-recognized. These utterances are used to train new LM in the
ASR-1, and then the ASR-1 would recognize them correctly when facing similar
patterns.

90

D. Lee et al.

Fig. 4. ASR evolution flow

In addition, well-recognized utterances in the log file are also used to adapt AM using HTK toolkit [9] because acoustic adaptation for a specific speaker is important to
increase the recognition accuracy.
SLU Evolution. The flow of SLU evolution is illustrated in Fig 5. For SLU Evolution, we have considered three cases:
z Case 1 : low ASR confidence score
z Case 2 : high ASR confidence score and low SLU confidence score
z Case 3 : high ASR confidence score and high SLU confidence score
In Case 1, the new utterances could be extracted by ASR evolution. In Case 2, the
some errors occur in the current SLU model. Therefore, the utterances in Case 1 and
Case 2 should be newly annotated by appropriate semantic tags to train the statistical
SLU model. In our system, a hybrid approach to SLU module [10] is used to extract
the semantic frames of the user’s utterances.
The hybrid intention recognizer in Fig 5 is based on a hybrid model that combines
the utterance model and the dialog context model. In the SDS, the utterance model is
usually used for SLU to predict the user intention from the utterance itself. The dialog
context model predicts the probable user intention given the current dialog context.
For the dialog context model, we use CRF model trained on the dialog corpus for
SDS. We use the following features for the discourse-based model: previous dialog
act, previous main goal, previous component slots and previous system action. For
each utterance, this information can be obtained in the log file. The hybrid model
merges hypotheses from the current SLU model with hypotheses from the dialog
context model to find the best overall matching to user intention.
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Fig. 5. SLU evolution flow

In Case 3, we considered the SLU results as machine-labeled utterances for unlabeled utterances in semi-supervised learning method [11].
Knowledge Database. One of the most important resources in building SDS is
knowledge database (KDB) containing domain-specific information (e.g. TV program
schedule) to be informed or suggested to the user. The SDS cannot sometimes find the
information because the KDB does not contain what the user said. For example, the
user says “I want to watch drama ‘Cinderella's Sister’”, but the system does not provide any information because the new program ‘Cinderella’s Sister’ was not updated
previously.
In general, the KDB is used to build ASR and SLU modules because they have a
set of slot values to be recognized and to be extracted. However, the users do not
know which items are included in the KDB; therefore, the users often say out-ofvocabulary (OOV) terms for the slot values. In this case, the daydreaming dialog
system has to detect OOV terms to handle unseen items for the next time.
In our toolkit, the OOV terms are detected by using word confidence scoring
method [12]. In this method, a search network for recognition is constructed using
utterance patterns and a keyword slot is assumed as an OOV term if a word confidence score is low. Next, the phonetic recognizer transcribes the phonemes of the
OOV terms, and then phoneme to grapheme conversation module generates n-best
keywords. After that, the new knowledge is extracted using a knowledge importer,
which is a domain-specific module to extract structured information from external
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Fig. 6. A strategy of knowledge acquisition for OOV terms

knowledge sources such as web. Fig 6 shows a strategy of knowledge acquisition for
OOV terms.
3.4 Verification Step
At the analysis step, the D3 toolkit suggests a set of unseen utterance patterns which
should be adapted to each model for improving the performance. However, these
candidates may still include many errors because they were generated automatically
through each evolution module. Therefore, these candidates should be verified
whether they are correct before training each model. The D3 toolkit provides the
verification step using active learning method [7]. We empirically defined a set of
thresholds for ASR and SLU models. If the confidence score of the candidate exceeds
a given threshold, the candidate is automatically added to train the model. Otherwise,
the candidate is verified by a real user.
At the verification step, the D3 toolkit provides useful information such as the most
likely probable transcription and semantic tags for the user to select which utterances
should be added to new models. The user can modify the candidate by listening to the
recorded speech files. We believe that our toolkit can be easily used by the real users
because the verification step is completed by just selecting the checkbox based on the
user’s intuition.
3.5 Training Step
After the verification, the existing corpus combines with the new corpus. The
augmented corpus is used for building new ASR, SLU and knowledge model. By
replacing the models, the self-evolution process is completed.
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4 Preliminary Experiments
4.1 Corpus
For preliminary experiments, we collected human-machine dialogs of about 114 utterances from 25 dialogs in Korean, which were based on a set of pre-defined subjects
relating to the TV guidance task. We tested on our example-based dialog system [13].
Table 1 shows the result type of the collected utterances. The result type relates to
three cases mentioned in SLU evolution. The number of utterances in Case 2 is small
because SLU models are closely related to ASR models in SDS development. After
the evolutionary process, 4 utterance patterns with semantic annotations and 2 knowledge sources are newly added to the existing corpus.
Table 1. Result type of the collected utterances

# of utterances

Case 1

Case 2

Case 3

51

9

54

4.2 Dialog System Performance
To evaluate the effectiveness of our toolkit, we compared the dialog system performance before and after the daydreaming. We quantified ASR according to word error
rate (WER) and SLU according to concept error rate (CER). After updating model,
WER is decreased from 48.64% to 46.97% and CER is decreased from 32.58% to
29.21%. WER is too high compared to WER in conventional SDSs because all dialogs include many new patterns. We calculated the task completion rate (TCR) for the
dialog system evaluation. TCR is increased from 48.00% to 56.00%, which means
two more tasks are completed. The experiment results are shown in table 2. The system performance is improved after daydreaming because the system succeeds in processing the utterances, which cause errors before daydreaming, by updating all models.
Table 2. Experiment results

WER (ASR)
CER (SLU)
TCR (DM)

Before daydreaming

After daydreaming

48.64%
32.58%
48.00%

46.97%
29.21%
56.00%

4.3 Implementation
D3 toolkit was implemented into client-server architecture. To access the toolkit easily and provide a familiar environment, the graphic user interface is implemented
using web-based technologies. For efficiency and adaptability, the analyzing and
training part was developed using standard C++ library. The screen shot in fig. 7
shows the interface of D3 toolkit.
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Fig. 7. Screen shot of the D3 Toolkit user interface

5 Conclusions and Future Work
We introduced the daydreaming spoken dialog system which can be semiautomatically improved by learning from the past human-machine dialogs. We also
implemented the D3 toolkit to support the self-evolutionary process of the daydreaming dialog system. The D3 toolkit generates new corpus by analyzing the log file. The
models of the dialog system can be semi-automatically upgraded using the verification step. The main advantage of D3 toolkit is that little human effort is required to
maintain the SDS by feeding out-of-patterns into the models. In the future work, we
will apply D3 toolkit to different domains and extensively evaluate the updated system. In addition, the process for a dialog model evolution will be considered at the
analyzing step.
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