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Abstract. We propose a novel practical dialogue management system that satisfies the requirements of robust dialogue man-

agement, efficient domain knowledge construction, and flexible architecture for maintenance and extensibility. The proposed 

system uses a corpus-based framework and a dynamic dialogue transition network model, which work in a cooperative and 

complementary manner. The former supports automatic generation of domain knowledge from an annotated corpus, whereas 

the latter manages dialogue flows robustly. The system can also automatically carry out user-intention analyses and response 

generation since it retrieves the most similar utterance and its response pair by estimating similarity between the input utter-

ance and corpus utterances. Therefore, the system can control a new domain dialogue by updating the corpus. In our experi-

ments on two different corpora, the system achieved F-scores of 91% and 90% in terms of user intention recognition with a 

task completion rate of 95% and 91%. 
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1.  Introduction 

Human–computer interaction is the study, planning, 

and design of interactions between humans and com-

puters. In particular, human–robot interaction is an 

interesting area of research, and it encompasses a 

variety of technologies as it deals with such interac-

tions at a broad level. Since a robot is an intelligent 

mechanical agent that can perform tasks on its own or 

with guidance, a robot is usually an electromechani-

cal machine guided by a computer and electronic 

programming [1,2]. In particular, a service robot is a 

machine that operates in semi- or fully autonomous 

mode to perform services useful to the well-being of 

human users, excluding manufacturing operations 

[3,4]. The most advanced way in which such robots 

interact with human beings is through a spoken dia-

logue system. Such a system can help achieve the 

user’s goal through the use of natural language, since 

a natural language interface is more expressive, flexi-

ble, and intuitive than other interfaces. Hence, service 

robots with an embedded spoken dialogue system for 

assisting with human tasks have potential for wide-

spread applications such as personal assistants or 

guidance robots. 

In this research, we focus on a dialogue system 

that is easy to adapt in various domains of service 

robots. There is therefore a strong requirement for 

this system to serve a trainable dialogue model for 

high portability. Furthermore, the dialogue model 

should understand and achieve the needs of the user 

precisely and robustly. 
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In conversational interactions with robots, the spo-

ken dialogue system used must be able to generate 

various responses that can handle different tasks. Be-

cause it easily embodies new knowledge for addi-

tional tasks, domain knowledge used for building a 

dialogue model has to be separated from the compo-

nent that controls the domain-independent dialogue 

phenomenon.  

Most previous dialogue systems have employed a 

finite-state-based approach [5-8], which is typically 

used for rapid prototyping of dialogue systems for 

interactions. Such an approach, however, provides 

insufficient extensibility owing to the use of dialogue 

flows that must be fully defined at all times. A plan-

based approach [9-11], on the other hand, can handle 

greater and more complex tasks than finite-state-

based approaches. Although a plan-based approach 

attempts to model the user’s goals using a dialogue 

planning scheme, this approach has yet to be devel-

oped as a commercial system owing to its overly 

complex architecture and unsatisfactory performance. 

In this paper, we propose a new method for sup-

porting domain extensibility and management and 

present an efficient dialogue system using the pro-

posed method. We designed a data-driven approach 

as a generic dialogue model that can easily handle 

various dialogue domains, including task-oriented 

dialogue [12]. The proposed system uses a dynamic 

dialogue transition network model and a corpus-

based framework, which work in a cooperative and 

complementary manner. 

The dynamic dialogue transition network model is 

based on a finite-state-based approach, which has 

been employed in many practical applications owing 

to its robust dialogue flow management capability. 

This approach, however, suffers from poor domain 

portability; when designers develop a new application 

for a different domain, the entire design process must 

be restarted. The proposed method attempts to re-

solve this limitation by using a corpus-based frame-

work, which is a data-driven method. This framework 

automatically constructs domain knowledge such as a 

dynamic dialogue transition network by combining 

dialogue-act sequences from an annotated corpus.  

This annotated corpus has a minimum amount of 

semantic information to reduce the amount of annota-

tion required, where the semantic information tags 

used are automatically annotated by several analyzers. 

In addition, a corpus-based framework can analyze 

the user’s intention by measuring the similarity be-

tween an input utterance and the utterances in the 

corpus. Although a user-intention analysis has tradi-

tionally been achieved through a series of complicat-

ed processes, our framework simplifies these pro-

cesses by directly accepting the information of the 

most similar utterance from the corpus. As a result, 

the proposed system has an efficient architecture that 

can minimize the amount of effort required to apply 

to a new domain by updating the corpus, as the sys-

tem can manage dialogue flows using the created 

dynamic dialogue transition network and can easily 

analyze user intentions such as dialogue-acts. 

Based on our experiments using two different cor-

pora, which respectively demonstrated an F-score of 

91% and 90% for analyzing user intentions, and a 

task completion rate of 95% and 91%, we verified 

that the proposed system achieves a superior perfor-

mance.  

The remainder of this paper is organized as follows. 

In the next section, we review other research related 

to this topic. Section 3 presents an overview of the 

system architecture. Sections 4 and 5 elaborate on the 

learning and execution phase of our system, respec-

tively. Finally, Section 6 describes our experiment 

and results, and the final section offers some conclud-

ing remarks regarding our proposal. 

2.  Related work 

Early dialogue models [13,14] were designed by 

experts who understood well the domain-specific 

knowledge of an application domain. Thus, these 

systems were usually confined to highly structured 

tasks in a restricted domain. Moreover, these tradi-

tional knowledge-based approaches could not avoid 

poor domain portability because they had difficulty in 

obtaining customized rules in advance. 

More recently, some researchers have exploited 

the benefits of data-driven approaches in the devel-

opment of dialogue systems [15]. While a data-driven 

approach commonly requires the time-consuming 

task of annotation, it does have several advantages; 

for instance, its training tasks are performed automat-

ically and it requires little human supervision. 

The following section describes and compares sev-

eral knowledge-based and data-driven approaches. 

2.1.  Knowledge-based approaches 

Most previous dialogue management systems have 

been developed using finite-state-based models, 

which have been employed in many practical applica-

tions. These systems are designed based on the 

knowledge of the application domain and through 

continuous experiments with real users. Moreover, 



each dialogue state, as well as the state-transition 

network, has to be clearly defined on the basis of the 

domain knowledge. As a result, while such models 

can be easily designed, they are inflexible because 

the next state of the dialogue is strictly determined 

according to the fixed-state transition network. 

Plan-based models can handle larger, more com-

plicated tasks than finite-state-based models. Kautz et 

al. [16] applied a planning scheme to dialogue mod-

els. The basic concept of a plan-based dialogue mod-

el is to infer user goals from the observed elementary 

actions. This model can test various inferences based 

on the state of the user’s belief under the same condi-

tion, and it can also explain the existence of compli-

cated dialogue phenomena using recipe-based rules. 

However, both of these previous models require an 

enormous amount of manual effort and have low do-

main portability owing to their great reliance on cus-

tomized rules. 

Several research groups have explored generic dia-

logue modeling approaches based on agenda or agent 

models [17-20], which have a powerful representa-

tion scheme for the segmentation of large tasks into 

smaller and more easily handled subtasks. Such mod-

els can be easily applied to a problem-solving domain 

and mixed initiative dialogue. However, the design 

process is still time-consuming and expensive be-

cause the knowledge sources (e.g., the hierarchical 

task structure and plan recipes) must usually be de-

signed by human experts. 

2.2.  Data-driven approaches 

More recently, some researchers have exploited 

stochastic dialogue modeling such as reinforcement 

learning based on Markov decision processes (MDPs) 

or partially observable MDPs (POMDPs) to more 

easily obtain domain knowledge [21-23]. Such an 

approach to modeling can be developed efficiently, 

with the only cost being for the collection of new data. 

Less time and effort are required than for knowledge-

based approaches. In addition, this type of approach 

statistically applies data-driven and theoretically 

principled dialogue modeling to dynamically allow 

for changes in a dialogue policy. 

Many early approaches to dialogue policy learning 

for dialogue systems have used small state spaces and 

action sets, and have concentrated on only limited 

policy learning experiments. Some research groups 

have developed reinforcement learning approaches to 

dialogue management. Reinforcement learning helps 

achieve the most effective dialogue strategies by op-

timizing certain reward or cost functions, given the 

current dialogue state. Several studies have imple-

mented models [24-26] for learning dialogue strate-

gies on a subset of the COMMUNICATOR [27] cor-

pus of human-machine dialogues. More recent work 

on reinforcement learning for dialogue management 

has focused on the problem of choosing among a 

particular limited set of actions in specific problemat-

ic states [28]. Such research has sought to find the 

optimal initiative, information presentation, and con-

firmation styles in real dialogue systems. However, it 

cannot control the dialogue flow within a system, and 

traditional reinforcement-learning-based dialogue 

systems require a large number of dialogue corpora to 

learn an optimal policy because they typically have 

very large state and policy spaces.  

3.  Comparison between a traditional architecture 

and the proposed architecture 

Traditional spoken dialogue systems consist of 

several modules. Automatic speech recognition con-

verts an acoustic user input into text, while natural 

language understanding interprets the input semanti-

cally. The dialogue manager controls dialogue flows 

using specific dialogue strategies. Natural language 

generation renders the dialogue manager output into 

proper sentences. 

Two major points that differentiate our system 

from a traditional system are the automatic construc-

tion of a domain-specific dialogue model (or dialogue 

manager) and natural language understanding (user 

intention analysis) using an information-retrieval-like 

similarity measure. A dialogue model in a traditional 

system uses manually designed dialogue flows for 

every utterance, whereas our approach reduces the 

amount of human effort required for constructing a 

dialogue model. The proposed approach generates a 

derivation of complex networks using adjacency pairs 

in an annotated corpus with a minimum amount of 

semantic information, thus reducing the labor neces-

sary for annotating the corpus. The semantic infor-

mation tags are annotated using a part-of-speech tag-

ger, dialogue-act analyzer, and a named-entity extrac-

tor with a relatively high performance. In fact, a tra-

ditional method for natural language understanding 

requires complex analysis steps such as part-of-

speech tagging, parsing, semantic analysis, dialogue-

act analysis, and named entity recognition. Despite 

the many processes used for natural language under-

standing, there are limitations for the end-

performance of applications since the performance 

http://endic.naver.com/popManager.nhn?m=search&query=Despite


depends on a syntactic or semantic analysis for the 

target sentences. 

Our method uses an information retrieval method 

for an analysis of user intention. It reduces the com-

plexity of such analysis by using the adjacency pair 

principle and catches user intentions using an infor-

mation-retrieval-like similarity method from an anno-

tated corpus. 

In commercial systems, most dialogue managers 

have been developed using a finite-state-based model. 

Since the system response in this model can be de-

termined in advance by the fixed-state transition, it is 

easy to build a dialogue manager for robust interac-

tions. However, this model has weak extensibility to 

a new application domain because the entire finite-

state-based model must be redesigned for the new 

domain. In addition, developers have to spend a great 

deal of time adjusting each of the complicated steps 

of the dialogue system according to the redesigned 

finite-state model.  

In fact, a practical system such as a service robot 

requires a new architecture for its dialogue system 

that can reduce the enormous amount of human effort 

required to obtain domain extensibility. Figure 1 

shows the architecture of the proposed system. Our 

system uses a corpus-based framework and a dynam-

ic dialogue transition network model to construct a 

dialogue system providing a robust dialogue man-

agement technique, an efficient construction of do-

main knowledge, and a flexible architecture for 

maintenance and extensibility. These elements are 

achieved through the use of simple architecture-

integrated natural language understanding, a dialogue 

manager, and natural language generation. 

 

 

Fig. 1. Architecture of the proposed system 

Figure 2 shows a schematic overview of the dia-

logue processes used in the proposed system. To ana-

lyze an input utterance, our system compares the in-

put utterance with user utterances (corpus utterance) 

in the corpus, and selects the corpus utterance with 

the top similarity score. Here, an input utterance is 

 

Fig. 2. Example of dialogue processing 

 



compared to corpus utterances that are restricted dia-

logue-acts in the paths of the dynamic dialogue tran-

sition network at every comparison time, and the cur-

rent dialogue state is then moved by the dialogue-act 

of the selected corpus utterance. The next system 

utterance is generated as the system utterance paired 

to the previously chosen corpus utterance. 

This process can be easily understood by referring 

to the example in Figure 2. When an input utterance, 

“Let’s play a game,” is input into the dialogue system, 

its dialogue-act can be limited because the present 

state is Si, and only state Si has dialogue-act connec-

tions with “request,” “ask-ref,” and “ask-if” in the 

dynamic dialogue transition network. The input utter-

ance is compared to the corpus utterances using these 

dialogue-acts. The corpus utterance, “Let’s play a 

computer game,” is then chosen because it has the top 

similarity score for the input utterance, and state Si 

moves to Si+1 based on the dialogue-act request for 

the chosen corpus utterance. The next system utter-

ance, “How about playing the Go-stop,” is generated 

because it is linked to the previous corpus utterances. 

Our proposed model is explained in further detail in 

the following sections. 

4.  Learning phase  

The main goal of the learning phase in a corpus-

based framework is the automatic generation of a 

dynamic dialogue transition network from the anno-

tated corpus. 

The dynamic dialogue transition network model 

used to manage dialogue flows consists of dialogue 

states and actions. A dialogue state is defined based 

on the extent of internal information at every turn in 

the dialogue. The dialogue action is decided by the 

dialogue-acts, and its connections are represented as a 

sequence of adjacency pairs. 

In this section, we explain the scheme used for the 

automatic generation of a dynamic dialogue transition 

network, which uses adjacency pair patterns, and the 

generation policies of the dynamic dialogue transition 

network. 

4.1.  Dynamic dialogue transition network model 

using adjacency pair patterns 

The states of the finite-state-based model indicate 

the progress of a dialogue, while its actions are de-

fined by meta-information that involves the user’s 

intention in the way that a dialogue-act does. The 

actions are also used to move between states. This 

model requires a static state-transition network that is 

manually built by experts. This model can move be-

tween states when an analysis of the user’s intention 

by natural language understanding shows that it cor-

responds only to the next action in the network. This 

does present certain problems, though, in that this 

model needs a great deal of manual effort to construct 

itself, and the next state of a dialogue is only deter-

mined based on the fixed-state transition network. 

The dynamic dialogue transition network model 

for managing dialogue flows is dynamically created 

through the use of adjacency pair patterns. Although 

this model is based on a finite-state-based model, it is 

designed to handle various dialogue phenomena more 

flexibly. We assume that a dialogue flow represented 

as the proposed dialogue model consists of a se-

quence of adjacency pairs [29] that are defined as 

pairs of dialogue-acts of two consecutive utterances. 

Further, we use the adjacency pair patterns that are 

extended into groups of similar adjacency pairs. 

Therefore, dialogue sequences that are not observed 

in a corpus can be generated by combinations of par-

tial dialogue sequences that make up adjacency pair 

patterns, as shown in Figure 3. The proposed dia-

logue model that guides dialogue flows is dynamical-

ly built by selecting the adjacency pair patterns that 

have the next actions (user/system intention). 

 

 

Fig. 3. Generating a state-transition network using adjacency pair 

patterns 

4.2.  Generation of a dynamic dialogue transition 

network 

A data-driven approach such as a corpus-based 

framework cannot handle cases that are not observed 

in the corpus. As this problem is not resolved clearly, 

a smoothing method is needed for unseen data prob-

lems even when entire dialogue sequences are not 

observed in the data. Therefore, in this research we 

developed an expanded finite-state model with high 

flexibility. 

We assume that dialogue transition networks con-

sist of adjacency pairs. Adjacency pairs are generated 

using a corpus-based framework. An adjacency pair 



is defined as a pair of dialogue-acts of two consecu-

tive utterances. This pair consists of first and second 

parts, since in many cases the first part of the request 

type requires the second part of the response type 

(see Table 1). In particular, “suggest” can be included 

in both the question and response types. In addition, 

the singular type is independent of the adjacency 

pairs. 

 

 

Fig. 4. Examples of adjacency pair patterns 

An adjacency pair is extended as a pattern. In Fig-

ure 4, all the response types that have occurred in the 

subsequent position of the dialogue-act of the request 

type are collected in a corpus, and then combined as a 

pattern. That is, each adjacency pair pattern common-

ly has multiple second parts that are obtained by 

combining the partial dialogue-act sequences ob-

served in a corpus. These patterns are referred to as 

adjacency pair patterns. 

Figure 5 shows a multiple adjacency pair pattern 

that can manage more complex contexts, such as sub-

dialogues. Multiple adjacency pair patterns can insert 

one or more adjacency pairs between the first and 

second parts in a corpus, though most adjacency pair 

patterns consist of only the first and second parts. 

Thus, as can be seen in Figure 4, these patterns in-

clude almost all consecutively occurring request 

types. 

 

 

Fig. 5. Example of multiple adjacency pair patterns 

In this way, the proposed method can construct a 

rich model that can handle more varied dialogue phe-

nomena by processing the adjacency pair patterns and 

their combinations. The adjacency pair patterns are 

automatically generated by the corpus-based frame-

work, and the dynamic dialogue transition network 

model is dynamically built using the combinations of 

adjacency pair patterns. 

For the generation of adjacency pair patterns, each 

request-type dialogue-act is linked to all the response 

types that have occurred in the subsequent position, 

and then combined into an adjacency pattern. If re-

quest types occur consecutively, and response types 

occur an equal number of times in succession, these 

Table 1 

Dialogue act classes by adjacency pairs 

Types Dialogue act Example 

Request type ask_ref (WH-questions) Where is the location? 

ask_if (YN-questions) Can I change it? 

ask_confirm Saturday, right? 

suggest How about a game? 

request Turn on the TV. 

offer Would you like me to show you how? 

Response type suggest How about a game? 

response Yes, you can. 

reject I don’t want. 

accept I know. 

expression Sorry, we couldn't help you fast. 

promise I’ll make arrangements for you. 

Singular type inform It was canceled. 

acknowledge Yes, all right. 

closing Good-bye. 

opening Hello. 

introduce_oneself Good morning, my name is Jane. 

 

 



patterns are extracted as multiple adjacency pair pat-

terns. 

The extracted adjacency pair patterns simply rep-

resent the discourse information in a corpus, and our 

model enriches a finite-state-based model from a dy-

namic dialogue transition network using adjacency 

pair patterns. Moreover, the manual effort needed to 

construct a dynamic dialogue transition network is 

dramatically reduced, unlike in a traditional finite-

state-based model, which requires an enormous 

amount of human effort; however, a dynamic dia-

logue transition network provides a low degree of 

flexibility. 

5.  Execution phase 

In this section, we illustrate how to analyze user 

intentions through a corpus-based framework, and 

how to apply a dynamic dialogue transition network 

model to a dialogue management and response gen-

eration scheme. 

5.1.  Analysis of user intention 

A corpus-based framework can simplify traditional 

natural language understanding by directly accepting 

the information of a corpus utterance that is most 

similar to an input utterance. To do so, our natural 

language understanding module compares a lexico-

semantic pattern of an input utterance to that of cor-

pus utterances using a similarity measure. 

 

1

2 2

1 1

_ _

( , )

_ _

n

i i

i

n n

i i

i i

iu w c u w

s im IU C U

iu w c u w



 









 

                        (1) 

A cosine metric (Eq. (1)) is used as the similarity 

measure; it measures the similarity between two vec-

tors (iu_wi and cu-wi) of n dimensions by finding the 

cosine of the angle between them. In Eq. (1), iu_wi 

and cu-wi denote the features of an input utterance 

and those of a corpus utterance, respectively. In addi-

tion, a binary weighting scheme is used because each 

feature in an utterance rarely occurs more than once.  

The feature set includes only essential clues that 

consist of sentential and context features (see Table 

2). In addition, the sentential features are automati-

cally annotated by a POS tagger
1
 and dictionary-

based NE extractor to minimize the amount of human 

effort required. Sentential features employ a lexi-

cal/POS_tag (a lexical and its POS (part of speech)) 

unigram and an NE/NE_tag (a lexical of an NE 

(named entity) and its tag). The lexical/POS_tag uni-

gram is the most effective feature for a sentence 

analysis [30], and the NE/NE_tag is used to capture 

the target of a dialogue.  

 
Table 2 

Sentential and context features 

Sentential Feature Context Feature 

lexical/POS_tag topic 

NE/NE_tag - 

 

Topic features are used to realize the consistency 

in a dialogue. In collecting a dialogue corpus, dia-

logue participants ask questions or make requests 

related to pre-defined topics (i.e., a salutation at a 

morning meeting or a search of the day’s schedule), 

and the utterances of a dialogue related to one topic 

have the same topic feature. Therefore, the topic fea-

ture of the previous utterance is used as the context 

feature. 

Using Eq. (1) and the feature set, the corpus utter-

ances are ordered based on their measured similarity 

scores, and a corpus utterance that is most similar to 

an input utterance is chosen. The information regard-

ing the user intention of the selected corpus utterance 

is then used as the current user intention instead of 

the information regarding the input utterance. In addi-

tion, for the purposes of verification, a threshold val-

ue for the measured similarity scores is set. If the 

measured score of a top-ordered corpus utterance is 

lower than the threshold value, the corpus utterance is 

rejected and other corpus utterances with other dia-

logue-acts are searched. Furthermore, to improve the 

performance, the range of corpus utterances is dy-

namically allocated through dialogue strategies using 

the dynamic dialogue transition network model (fur-

ther details are shown in Section 5.2). Thus, the accu-

racy of a top-ordered corpus utterance is increased as 

the complexity of the utterance comparison is dimin-

ished. 

                                                           

1 We employ a Korean morphological analyzer that was developed 

at the NLP laboratory of Sogang University.  

http://endic.naver.com/popManager.nhn?m=search&query=a
http://endic.naver.com/popManager.nhn?m=search&query=salutation
http://endic.naver.com/popManager.nhn?m=search&query=at
http://endic.naver.com/popManager.nhn?m=search&query=meeting


5.2.  Dialogue management and strategy 

The proposed system manages a dialogue flow in 

the direction of a user goal using the dynamic dia-

logue transition network. The dynamic dialogue tran-

sition network consists of a sequence of adjacency 

pairs, in which each single adjacency pair is chosen 

in an adjacency pair pattern that is related to the con-

text of the dialogue. This process is shown on the left 

side (User and system utter. #1) of Figure 6. When 

utterance (User utter. #1) is input, its dialogue-act is 

limited by the adjacency pair pattern of state Sinit. The 

input utterance is compared to the corpus utterances 

with dialogue-acts that are related to the adjacency 

pair patterns, and the corpus utterance with the top 

similarity score is chosen. Since the dialogue-act of 

the corpus utterance is “request,” state Sinit is moved 

to state S1. The next dialogue-act, “response,” is 

linked to the previous corpus utterance simply from 

the system utterance (system utter. #1), and state S1 is 

then moved to S2 by the “response.” 

 

 

Fig. 6. An example of dialogue management using adjacency pair 

patterns in a dynamic dialogue transition network 

On the other hand, an example of user-initiative 

dialogues can be seen on the right side (User utter. 

#2) of Figure 6. Since the adjacency pairs in user-

initiative dialogues can be started by user utterances, 

the dialogue-act of a user utterance cannot be deter-

mined by the adjacency pair patterns. For these cases, 

our model employs an adjacency pair relationship 

table that contains request-type dialogue-acts that 

follow each response-type dialogue-act in a corpus. 

As can be seen in Figure 6, if the input utterance (Us-

er utter. #2) is the first dialogue-act of a new AP, the 

dialogue-act of the input utterance is limited to the 

dialogue-acts that occur after the last dialogue-act 

“response” of a previous adjacency pair in the adja-

cency pair relationship table. Thus, the next candidate 

adjacency pairs are the adjacency pair patterns with 

limited dialogue-acts.  

An adjacency pair pattern represents various dia-

logue flows in the same state because it includes sev-

eral adjacency pairs. Thus, it is important to choose a 

single adjacency pair in the adjacency pair pattern to 

obtain an improved performance. Dialogue strategies 

support this choice to efficiently manage the various 

dialogue flows and provide guidance of the dialogue 

flow by controlling the range of corpus utterances. 

We present dialogue strategy algorithms to handle 

the most important dialogue phenomena. They pro-

vide the guidance of the dialogue flows by control-

ling the range of corpus utterances in the dynamic 

dialogue transition network and support an efficient 

management of various dialogue flows. Three differ-

ent strategies are used: a normal dialogue or starting 

dialogue strategy, a topic shift dialogue strategy, and 

an exception handling strategy. The range of corpus 

utterances is determined by whether the top score of 

the measured similarity scores is over the threshold. 

Dialogue strategies can be described using the fol-

lowing pseudo code: 

 
 

A. Normal dialogue or starting dialogue strategy 

[the range of user utterance in corpus (CUi): 

user utterances with dialogue-acts linked on a current state  

in the dynamic dialogue transition network] 

If a current state = state Sinit 

 Add user utterances with dialogue-act 

 linked state Sinit  into corpus utterances 

If max (sim (IU, CUi) > threshold 

 Select CUi 

Otherwise: 

    Go to Topic shift 

 

B. Topic shift dialogue strategy 

[The range of CUi: 

user utterances with dialogue-acts linked  state Sinit 

in the dynamic dialogue transition network] 

If max (sim (IU, CUi)) > threshold 

 Select CUi 

Otherwise: 

 Exception handling 

 

C. Exception handling strategy 

[The range of CUi:    

user utterances in a chat corpus] 

If max (sim (IU, CUi)) > threshold 

  Select CUi 

Otherwise: 

 Generating a failure message 

 



5.2.1.  Normal dialogue or starting dialogue 

Dialogue strategies determine the range of corpus 

utterances according to the top measured similarity 

score. Figure 7 shows an example of this strategy. In 

this case, when an utterance is input, the range of 

corpus utterances includes utterances with dialogue-

acts of the current state based on the dynamic dia-

logue transition network.  

 

 

Fig. 7. Example of normal and starting dialogue strategies 

In this range, if the top score is higher than the 

threshold value, the input utterance is considered a 

normal dialogue. In addition, if the current state in-

cludes an “END” mark, the input utterance can start a 

new dialogue session. Thus, the range of corpus ut-

terances includes utterances with dialogue-acts of the 

‘‘init’’ state. 

5.2.2.  Topic shift dialogue 

If the top score is lower than the threshold value, 

an input utterance must be considered an initial utter-

ance for another topic; otherwise, it is out of the dy-

namic dialogue transition network.  

The former case applies to the topic shift dialogue 

strategy (see Figure 8), and the latter case to the ex-

ception handling strategy. In a topic shift dialogue, 

the range of corpus utterances is those utterances with 

dialogue-acts of the “init” state. Then, if the top score, 

which is recalculated and ranked among the utteranc-

es, is higher than the threshold value, the input utter-

ance is considered an initial utterance in a topic shift. 

 

 

Fig. 8. An example of the topic shift strategy 

5.2.3.  Exception handling 

If an input utterance cannot be an initial utterance 

in a topic shift as well, the input utterance cannot be 

applied in the dynamic dialogue transition network. 

For this case, the exceptional handling strategy is 

employed. The range of corpus utterances in this 

strategy is shifted to an additional large-scale, non-

annotated chat corpus. This corpus includes a great 

many utterances that are used with high frequency in 

daily life. Turns of dialogue using this strategy do not 

change the current state of the dynamic dialogue tran-

sition network because they are non-functional dia-

logues.  

Finally, if the input utterance is not dealt with by 

any of these strategies, it is rejected for analysis and 

the system generates a failure message. The same 

threshold value of 0.6 is set for each strategy. 

5.3.  Generation of a system response 

System responses are first determined by the sen-

tence information of the system utterance linked to 

the previous chosen corpus utterance, and are then 

generated using the sentence frame of the sentence 

information, dialogue history, and a database search.  

Figure 9 illustrates a simple example of a generat-

ed system response. The frame of a system response 

is found in the sentence information of the selected 

SU. If the frame includes NEs as variables, our sys-

tem tries to fill these in with instances to match the 

NEs in the database or dialogue history, and updates 

the current dialogue history if the topic word has 

changed or is newly detected. 

 

 

Fig. 9. An example of a generated system response 

This method can easily generate a variety of re-

sponse sentences. This sentence frame is much easier 

and more reliable to use than approaches that com-

pose a new sentence. In addition, this method can use 

various response sentences because a minor change 

of an input utterance causes a different system utter-

ance to be selected in the corpus. Our sentence 

frames are also more realistic because these sentences 

have been collected using the WOZ method. 

http://endic.naver.com/popManager.nhn?m=search&query=variable


6.  Experimental evaluation 

In this section, we first describe a scheme to de-

termine the optimal threshold of the similarity score, 

and then verify our proposed system by comparing it 

with three other evaluated baseline systems. 

6.1.  Experimental settings 

Two Korean dialogue corpora were used in the ex-

periments. These corpora were collected by following 

the WOZ method [31, 32], and have difference topics 

in a home assistant domain. For this, we defined 55 

topics, and explained these dialogue topics to the 

participants. We then requested that they ask ques-

tions or make requests related to these topics to a 

Wizard (human operator). If the participant achieved 

his or her purpose through the dialogue, each utter-

ance was annotated as the same topic, and the pur-

pose was used as the topic feature of the utterance. 

The two corpora have 107 and 44 dialogues individu-

ally. The first corpus consists of 5,813 utterances 

(3,799 operator utterances and 2,014 user utterances), 

and the second corpus consists of 534 utterances (290 

operator utterances and 244 user utterances). For an 

evaluation of user intention recognition, the perfor-

mances were measured through a five-fold cross val-

idation. We employed several natural language ana-

lyzers to utilize the semantic information of each ut-

terance, including the dialogue-act, POS, and NE. In 

addition, since these semantic tags were annotated by 

a part-of-speech tagger, dialogue-act analyzer [33], 

and a named entity extractor with relatively reliable 

performances, we could reduce the amount of annota-

tion labor required. 

In addition, for the exception handing method, a 

chat corpus without an annotation is used, which in-

cludes dialogue pairs that are used with high frequen-

cy in real life: 507 dialogues (1,014 utterances). 

The criteria of precision and recall were employed 

to evaluate the performance of the user intention 

analysis of the proposed system (Eqs. (2) and (3)). 

The number of correct utterances increased when an 

input utterance had the same meaning (user intention) 

as that of a selected corpus utterance. Thus, precision 

is defined as the number of correct utterances divided 

by the number of test utterances selected by the pro-

posed system (Eq. (2)), and recall is defined as the 

number of correct utterances divided by the number 

of total test utterances (Eq. (3)). In addition, the aver-

age dialogue length (Eq. (4)) was considered as the 

task success rate (Eq. (5)) and was employed for de-

termining the efficiency and robustness of the system. 

The following four metrics were defined for these 

experiments: 

 

:
th e n u m b e r o f c o r re c t u tte ra n c e s

P re c is io n
n u m b e r o f u tte ra n c e s se le c te d b y th e sy s te m

          (2) 

 

:
th e n u m b e r o f c o r r e c t u tte r a n c e s

R e c a ll
to ta l n u m b e r o f te s t u tte r a n c e s

                              (3) 
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(5) 

6.2.  Threshold selection 

The threshold of the similarity score has a great ef-

fect on the performance of the dialogue system be-

cause the threshold is a criterion applied to dialogue 

strategies. An Fβ-measure is therefore introduced for 

an optimal threshold (Eqs. (6)). An Fβ-measure can 

be interpreted as the weighted harmonic mean of the 

two metrics of precision and recall. A traditional F-

score is also known as an F1-measure, because recall 

and precision are evenly weighted. Two other com-

monly used F-measures are the F2-measure, which 

weighs recall higher than precision, and the F0.5-

measure, which puts more emphasis on precision than 

recall [34, 35]. Although system responses from the 

exception handing strategy might not be the correct 

answers, they can help the users achieve their tasks. 

In our dialogue system, a wrong answer through mis-

recognition should be penalized stronger than an an-

swer by the exception handing strategy. Therefore, 

we decided to use the precision-biased version of the 

F0.5-measure.  

 

2
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F
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         (6) 

The optimal threshold with the highest F0.5-

measure score was found empirically. Table 3 shows 

the changes in performance for the F0.5-measure 

scores according to threshold values ranging from 0.1 

to 1. For the threshold setting, we used some of the 

training data of the first corpus as validation data. As 

can be seen in Table 3, the highest performance was 

obtained at a threshold of 0.6. 

http://en.wikipedia.org/wiki/Harmonic_mean#Harmonic_mean_of_two_numbers
http://en.wikipedia.org/wiki/F-score
http://en.wikipedia.org/wiki/F-score


Table 3 

Change in performance for F0.5-measure scores for thresholds 
ranging from 0.1 to 1 

Threshold 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 

Scores 90.2 90.2 90.2 90.1 90.3 91.0 90.6 89.2 80.1 67.0 

6.3.  Well-defined feature weights 

Clue words are expected to provide a great deal of 

information in an utterance. Thus, a feature-

weighting scheme that adds additional weight to par-

ticular features with important POS tags was used for 

the similarity measure in Eq. (1). 

Initially, four important tag types were selected 

from all POS tags and NEs: substantive, predicate, 

modifier, and NE types (see Table 4). It should be 

noted that our POS tagger has only one NE tag. 

 
Table 4 

List of POS tags grouped by type 

Predicate type Substantive type Modifier type NE type 

VC NN MM one tag for NEs 

VV NNG MAG  

VA NNP MAJ  

VX NNB   

VCP NP   

VCN NR   

XPN    

 

We then measured the performance of our system 

using 14 different combinations of the selected tag 

types along with an additional weight (see Figure 10).  

 

 

Fig. 10. Performance changes in F0.5-measure scores for different 

combinations of four POS tag types with additional weight 

When the observed feature had a tag that belonged 

to any combination, the weight of that feature was 

added to one point; in essence, the binary weighting 

scheme is used in Eq. (1). As can be seen in Figure 

10, the combination of substantive, predicate, and NE 

types showed the highest performance. As a result, 

we know that features with modifier-type POS tags 

do not play an important role in improving the simi-

larity measure.  

6.4.  Performance comparisons 

Three baseline systems were used for a compari-

son with the proposed system. The proposed system 

and baseline systems all used a corpus-based frame-

work. All the systems employed different combina-

tions to determine whether the well-defined feature 

weight and dynamic dialogue transition network were 

used. The proposed system employs both the dynam-

ic dialogue transition network model, which includes 

dialogue strategies, and the well-defined feature set. 

The first baseline model (IFW) used only the identi-

cal weight for the features, without the dynamic dia-

logue transition network model
2
, whereas the second 

baseline model (IFW+DDTN) employed the dynamic 

dialogue transition network model, which included 

dialogue strategies with an identical weight (but not a 

well-defined feature set). Finally, the third baseline 

model (WFW) included only a well-defined feature 

set without the dynamic dialogue transition network 

model. 

Table 5 shows the different degrees of precision 

and recall of the models used for the two corpora, 

with the proposed model demonstrating the best per-

formance.  

 
Table 5 

Differences in the model performances 

Models 
1st corpus 2nd corpus 

Prec. Recall F0.5 Prec. Recall F0.5 

IFW 0.653 0.630 0.648 0.645 0.624 0.640 

IFW+DDTN 0.827 0.652 0.785 0.822 0.650 0.781 

WFW 0.911 0.821 0.892 0.887 0.815 0.872 

WFW+DDTN 

Proposed 

model 

0.924 
(p<0.05) 

0.851 
(p<0.01) 

0.908 
(p<0.01) 

0.916 
(p<0.01) 

0.846 
(p<0.01) 

0.901 
(p<0.01) 

WFW: well-defined feature weight 
IFW: identical feature weight 

DDTN: dynamic dialogue transition network 

(): p-values against all baseline models. 

 

The IFW+DDTN and WFW+DDTN models with 

a dynamic dialogue transition network demonstrated 

a higher performance than the IFW+WFW models 

                                                           

2 This means that the system does not use dialogue strategies. 



without a network, indicating that the use of a dy-

namic dialogue transition network model can de-

crease the complexity of the comparison. A model 

with a dynamic dialogue transition network can limit 

the range of corpus utterances because it reduces the 

number of candidate dialogue-acts of the next action 

related to the present context. However, the models 

without a dynamic dialogue transition network al-

ways have to compare the input utterance with all 

existing corpus utterances. 

In addition, the models with a well-defined feature 

set, WFW and WFW+DDTN, demonstrated a dra-

matically higher performance than the IFW and 

IFW+DDTN models, which simply used an identical 

weight scheme. These results are evidence that clue 

words provide very important information for a simi-

larity measurement. In terms of recall performance, 

the proposed model again proves that it is superior to 

the other three models. In all models, the recall scores 

were lower than the precision scores, because the 

recall function includes rejected utterances that are 

beneath the threshold. Rejected utterances are regard-

ed as ambiguous input utterances. Therefore, the ex-

ception handling strategy was applied to prevent the 

system from generating irrelevant answers. In the 

proposed system (WFW+DDTN), about 25% of the 

rejected utterances in the first corpus were matched 

with utterances in the chat corpus, and no correct 

answers were found. However, we assumed that a 

typical user would prefer receiving returned chat ut-

terances to receiving failure messages or irrelevant 

answers. 

The differences in the performances were similar 

in both corpora. The performances of the second cor-

pus are slightly lower than those of the first corpus, 

because the second corpus has less training data. 

However, to statistically validate the differences in 

the performance, we performed a paired t-test on 

each experimental result. As the p-values obtained by 

the paired t-test against all baseline models in both 

corpora are smaller than 0.05, we can confirm that 

the performance of our proposed methods is statisti-

cally significant under a significance level of 0.05. In 

addition, the differences in F-score and recall are 

more significant under a significance level of 0.01. 

The search space of the corpus utterances, which 

has a great effect on the running time, is calculated 

by the average number of corpus utterances from 

each dialogue turn on the dynamic dialogue transition 

network. The search space of the model with the dy-

namic dialogue transition network decreased to about 

half of that of the model without the dynamic dia-

logue transition network, because the search space of 

the corpus utterances in the dynamic dialogue transi-

tion network model is dynamically allocated based on 

the dialogue strategies. 

In Table 6, we measured the task completion rate 

(TSR) and average dialogue length (ADL) for evalu-

ating the quality of the proposed system under a real 

situation. In these experiments, we employed 10 

graduate students for real user tests. The first and 

second corpora were trained and tested separately, 

and the same chat corpus was used for the exception 

handling strategy. We provided the students with pre-

defined topics and tested each of them ten different 

times. The task completion rate of the proposed mod-

el was higher than that of the baseline model by 13% 

and 12% for the first and second corpora, respective-

ly. In addition, the average dialogue length of the 

proposed model was 4.1 and 3 turns lower than that 

of the baseline model. These results confirmed that 

the use of the proposed method can reduce the 

amount of effort required by the user and assist in 

achieving the user’s goal. 

 
Table 6 

Performance scores of the proposed and baseline systems 

Models 
1st corpus 2nd corpus 

TSR ADL TSR ADL 

Proposed model (WDF+DDTN) 95% 11.5 91% 14.4 

Baseline model (WDF) 82% 15.6 79% 17.4 

 

In this experiment, we verified that the proposed 

model is reliable in both its overall performance and 

its exception handling method. Moreover, the pro-

posed model has a strong merit of reducing the 

amount of manual effort required for the construction 

and portability of domain knowledge. 

7.  Discussion 

Figure 11 shows the accumulated ratios of correct 

(recall), incorrect, rejected, and chat matching results 

to the changes in the threshold value of the similarity 

score in the first corpus. The threshold indicates the 

confidence in a chosen corpus utterance for an input 

utterance. A higher threshold results in a higher con-

fidence in the corpus utterance chosen. However, the 

ratio of correct to incorrect results decreased with 

increasingly higher thresholds, while the ratio of re-

jection results beneath the threshold increased. 

The determination of the optimal threshold is im-

portant, and the threshold must be changed according 

to the target domains and user purpose. For example, 

http://endic.naver.com/popManager.nhn?m=search&query=separately


if the confidence in a task has the top priority in a 

particular system, that system must employ a high 

threshold, even though a greater number of failure 

messages are returned. On the other hand, certain 

dialogue systems, such as chatting systems that gen-

erate an approximate answer, benefit when a low 

threshold is chosen. The optimal threshold must 

therefore be determined by the target domain with the 

goal of obtaining the optimal performance. 

 

 

Fig. 11. Ratios of four results obtained by changing the thresholds 

8.  Conclusions 

In this paper, we proposed a new dialogue system 

that combines a corpus-based model with a dynamic 

dialogue transition network model, which work in a 

cooperative and complementary fashion. 

The corpus-based framework generates new do-

main knowledge from an updated corpus and inte-

grates several steps by reusing the information of the 

most similar utterance in the corpus. Thus, our model 

minimizes both the amount of human effort required 

and the problem of error propagation. The dynamic 

dialogue transition network model also efficiently 

manages adjacency pair patterns and dialogue strate-

gies. The adjacency pair patterns have a richer capac-

ity than in previous finite-state-based models, and 

they also construct dynamic dialogue transition net-

works. A dialogue strategy manages the dialogue 

flow in the direction of the user’s goal by controlling 

only the threshold of the similarity score. 

The results of this experiment show that the per-

formance of our model is superior to that of the three 

baseline models, from which we can conclude that 

our model offers both an improved method and an 

improved architecture.  
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