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Abstract 

 
The existing studies of a dialogue system can be 

classified into two major parts. One is a study for a 
practical system, and the other is a study to 
understand a principal of dialogue phenomena. The 
former focuses on robustness in practical environment 
for dialogue systems. However, it cannot guarantee its 
performance in complicated dialogue environment. 
The latter has studied as the plan-based model 
typically. It has some strong points that it can reflect 
complex dialogue phenomena and can infer user's 
intention in various situations. However, since an 
initial design of this model is so complicated, it is 
difficult for this model to be extended to effective 
response generation in a practical dialogue system. 

This paper proposes a new dialogue model using a 
simplified plan recognition technique and a discourse 
stack to effectively generate responses in a practical 
domain. 

 
1. Introduction 
 

The dialogue to the human is the most natural and 
effective communication method to achieve the desired 
task. The studies to use a dialogue as the 
communication means of the human and machines 
have been in progress and the several practical 
dialogue systems recently are available in the practical 
environment. The dialogue system is software which 
provides the human an interaction method with 
machines through the natural language and it is 
superior to the other interaction methods due to 
excellent flexibility and expressiveness. 

Generally, the dialogue system carries out two roles 
of the task execution and information offering 
according to the object of dialogue. If a dialogue 
makes progress to perform the specific work, it is 

called by the task-oriented dialogue, and if it makes 
progress to gain information, it is the information 
seeking dialogue. The task-oriented dialogue and the 
information-seeking dialogue are mixed together in the 
human dialogues, and they have very complicated 
forms in their structure. To effectively handle these 
complicated human dialogues, we need to build up a 
well-designed dialogue system, which has to contain 
the intellectual work performance, domain flexibility 
for various applications, and a robust structure for 
minimizing errors. 

In the proposed model, the dialogue system which 
uses the discourse stack and a plan-based model are 
developed to satisfy the above conditions. The plan-
based model, which is simplified and uses a discourse 
stack, can efficiently process complicated discourse 
phenomena and generate effective responses.  

Generally, the dialogue system answers the 
direct request of a user. However, when a user wants 
to do any complicated task which is composed of many 
tasks, he/she can meet many problems or errors. The 
proposed model includes a process which infers the 
ultimate request of a user using plan inference engine 
and then verify using dialogue stack.  
 
2. Related work 
 

The previous studies about the dialogue system are 
divided into two research fields. The first research is 
for the systems which can guarantee the robust 
performance in the practical environment. The range of 
this research is limited to simple and restrictive 
domains and there is no variation of the dialogue or 
predictable dialogue sequence type. The one of model 
for the first research field is the script-based model. 
The second research focuses on the dialogue model to 
understand complicated and various dialogue pheno-



mena. The typical model for the second field is the 
plan-based model.  

Recently, the researchers have introduced methods 
based-on probability-based models and they can solve 
the problems at the error propagation of each inter-
module. 

 

2.1. A script based dialogue model 
 
A script-based dialogue model mostly used the 

DTN (Dialogue Transition Network). This model is 
very useful to process the job procedure for 
performing the specific purpose successfully. And this 
model is generally used in the format-based dialogue 
model (form-based dialogue model)[1].  

The DTN model expresses the dialogue structure of 
the user utterance which implements the state and 
allowed transition of a dialogue in the network. A user 
can maintain only the state where he defined in 
advance and the movement to next state is made 
through the transition existed in a network. However, 
this model can be robustly operated and it can be 
simply designed. Therefore, this model is appropriate 
in the domains which maintain to exclude an 
ambiguity and to require robustness. However, because 
this model uses the sequential structure, it is hard to 
guarantee its high portability and flexibility. 

 

2.2. A plan based dialogue model 
 

The basic concept of the plan-based model is to 
infer the intention which user wants from the observed 
elementary action(plan recognition). This model can 
process various inferences according to the state of the 
user belief from the same condition, and this model 
can explain a complicated dialogue structure using 
formal domain knowledge(recipe). Kautz, Litman and 
Allen[2, 3] applied the plan theory to a dialogue 
system filed for the first time. They divided the 
dialogue structure into the discourse level and domain 
level. Their model can identify user’s deep speech-act 
using inference rules in a discourse level and recognize 
user’s intention in a domain level by using user’s 
belief. A dialogue structure is expressed as the plan 
tree. One user utterance can generate plan trees which 
are diverse according to its situation. Therefore, the 
plan-recognition is a task that guesses a most well set 
of the plans which can explain an observed behavior.  

Lambert[4,5] added the problem-solving level 
between discourse level and domain level in order to 
handle the more complicated dialogue structure. This 
level connects of domain level and its related discourse 
level. Therefore, the several user utterances could have 

a correlation and the related plan trees can be 
comprised of single tree.  

Kautz, Litman, Allen and Lambert presented the 
model to explain the dialogue of the human-human 
dialogue. However, Eller[6] and Chu-Carrol[7,8] 
presented the model in which the recognition model 
and response generation model of a user are 
integrated. They presented the system’s plan tree 
corresponding to the user’s plan tree. Their model can 
independently maintain a user and a system state 
through two plan trees. Therefore, the state of the 
mutually different knowledge between the dialogue 
participants can be modeled.  This system can carry 
out a dialogue which includes knowledge conflicts 
between the dialogue participants through the 
negotiation dialogue.  The negotiation dialogue makes 
use of propose-evaluate-modify cycle. When 
knowledge conflicts between the dialogue participants 
are occurred, this cycle produces the system response 
through the process of changing the user belief by 
using the ‘propose’ of alternative and ‘evaluation’. 

Recently, the Allen[9] presented a system which is 
possibly learned by his plan based model. However, 
this system considers only the several predefined 
dialogues.  

 
2.3. A statistics based dialogue model 
 

Recently, the researchers attempt to combine with 
the speech recognition system. Thus, they attempt to 
overcome the effectiveness of error propagation 
problems and maintenance through the probability 
based model. 

Roy[10] presented a method that defines the set of 
the possible dialogue states and actions, and it predicts 
the transition probability between the states.  

The Singh[11] presented a method to automatically 
improve the dialogue strategy of a system through the 
reward of a user using the reinforcement learn-
ing.  However, only very small states can be defined in 
this method. Because the process of repetitively 
learning is needed, this model is not useful in 
practical environment.  

 
3. A Plan Based Dialogue Model for 

Effective Response Generation 
 

The dialogue system can be built for the task 
oriented dialogue and information acquisition dialogue 
in many domains, and it has to include intellectual 
dialogue strategies. Moreover, it must have the 
structure with easy maintenance and portability. The 
system which has intellectual dialogue strategies, even 



if a user does not speak the explicit intention, can find 
the deep intention. 

Actually, the task-oriented and information-seeking 
dialogues are mixed in many man-machine dialogues 
of practical applications. To apply it to our proposed 
system, our model uses the plan-based model to 
recognize the deep intention of a user. Also, we 
simplify the plan based model to have a robust 
structure for maintenance and management.  

As shown in Figure 1, the plan recognition engine 
finds all possible plan trees from on the utterance of a 
user. The dialogue manager recognizes the intention of 
user by using dialogue strategy and selecting the most 
appropriated response at the current state. The plan 
library represents knowledge required for plan 
recognition and the state library stores the user state 
and world knowledge. The discourse stack stores the 
dialogue structure of user and system, and the dialog 
manager uses the discourse stack according to the 
dialogue strategy.  

 

3.1. Plan representation 
 

We modified forms of the plan library which Allen 
presented for representing knowledge of plan 
recognition(Figure 2). The attributes of the modified 
form are composed of the plan name, constraint 
condition, precondition, decomposition, effect and 
goal.  

 
Eat- medicine (U)

constraints : 

precondition : 

decomposition : eat (U, medicine), drink (U, water)

effect : eaten (U, medicine)

goal : eaten (U, medicine)  
Figure 1. An example of a plan representation 
 
The plan name is the unit of a plan, precondition 

includes conditions that it is already resolutely satisfied 
so that the corresponding plan can be selected. The 

constraint is conditions that have to solve in order to 
make plans which are currently selected. The current 
plan is satisfied only when lower plans in 
decomposition are altogether satisfied. An effect is the 
proposition in which it is certainly true when 
the current plan was satisfied. And a goal is the 
proposition in which it is expect to be true when the 
current plan was satisfied.  

 
3.2. A recognition model for user intention 

 

eat-medicine (U)
         decomposition : 

drink (U, water)
             eat (U, medicine)

drink (U, water)
         constraints : fill-in (cup101, water)
         precondition : have (U, cup101) 
         decomposition : get (U, water) 

get (U, S, cup101)

obtain-info-reqest(U, S, get (S, U, cup101))
         decomposition : 

request (U, S, get (S, U, cup101)
answer (S, U, action())

request (U, S, get (S, U, cup101))

Domain level

Discourse level

request (U, S, get (S, U, cup101))

request (U, S, get (S, U, cup101))

answer (S, U, get (S, U, cup101))

 
  Figure 2. An example inferred-plan tree 

 

Recognizing the dialogue object of a user in the 
dialogue system is very important for efficient 
dialogue process. We use two-stage plan recognition 
method for simple structure. In this system, the 
language analysis result of user utterance is used as the 
input of the plan recognition and then it is changed 
into a predicate representation format.  

The first stage of the plan recognition is the process 
of discourse level. Since our discourse level represents 
discourse structure, it organizes a dialogue by using 
the principles of the adjacency pair[12,13]. For 
example, the adjacency pair is a dialogue structure like 
question and reply. According to the level of a 
dialogue, it can be hierarchically constructed. 
Moreover, structural plans(e.g. obtain-info-request()) 
for connecting adjacency pairs with the single plan are 
included in this discourse level. 

The second stage of the plan recognition is the 
process of domain level. The domain level includes all 
plans expressed as the elementary action. In this 
stage, all plan trees that it can infer from the discourse 

Figure 1. The system architecture
 



level is produced. Then the dialog manager controls an 
inference level with reference to the state library.  

Plan trees are constructed by inference rules. In the 
same level, if the plan name of a lower plan is included 
in the decomposition of a upper plan, these two plans 
can be connected. It is docomposition-subaction 
rule. There is a goal-precondition rule for between the 
other levels.  If the goal for the plan of discourse level 
is consistent with the precondition of the plan of 
the domain level, these two plans can be connected 
(See Figure 3). 

 

3.3. Response generation strategies 
 
In the previous paragraph, we explain the process of 
getting an inference consequence about the user input 
by using the plan recognition and plan library.  

The process for response generation is here 
explained. In Figure 3, the plan tree about the user 
input is divided into three levels. The initial inference 
level infers 'get(U, S, cup101)' from elementary action, 
and because a user is under the required behavior, this 
is true clearly. However, the deep intention of a user 
can be caught from the more intellectual dialogue 
system. Therefore, the dialog manager gets results that 
it infers 'drink(U, water)' or 'eat-medicine(U)' by using 
upper plan information from the plan inference 
engine. However, because these plan trees is only 
possible plan, we cannot decide a plan as user's 
intention. Therefore, the system decides the user's 
intention through the confirmation dialogue 
strategy.  For efficient system response generation in 
our plan-based model, we propose discourse stack 
structure that manages to unify main-dialogue and sub-
dialogue. A main-dialogue directly relates to user's 
intention and a sub-dialogue means the functional 
dialogue for task completion. Since a sub-dialog is a 
dialogue which requests the insufficient information, a 
system confirmation belongs to this sub-dialogue.  

The discourse stack operation regulation for 
generating the system response is shown as follows:  
 
 
Discourse Stack Operation Rules 
 Common Rule: If a top position item of DS is system response, 

the system  generates system response using the item. 
step 1 : to store surface user intention. 
step 2 : if the plan recognition engine generates deep user 

intentions, a domain-confirm question related to those 
intentions is stored in DS. 

i DM decides the priority of plan trees using the state 
library. 

ii If the user response of the domain-confirm question 
is ‘yes’, plans related to the domain-confirm question 
is delete from DS. 

iii If the user response of the domain-confirm question 
is ‘no’, the next domain-confirm question is selected. 

step 3 : if constraints are not satisfied at current plan, a 
constraint-confirm question related to the constraint is 
stored in DS. 

 Repeat processes for step 2 and step 3 until only the surface 
user intention stored in step1 is left in DS. 

 
 

Figure 4 shows the process where the discourse 
stack is operated. When the dialog manager received 
“Get cup!” as an input, the system stored surface user’s 
intention(e.g. get(U, S, cup101))  by a step 1. Then the 
plan recognition engine infers the user’s deep 
intentions. Since these intention are a case of bringing 
a cup in order to drink the water(e.g. drink(U, water)), 
this case is expected for user to take a medicine (e.g 
eat-medicine(U)). Therefore, in a step 2, in order to 
decide what a user wants during these plans, the 
system generates a confirmation question using the 
discourse stack. The order stored in the discourse stack 
is very important because dialogue is progressed 
according to the stored order. This order is determined 
from the result of the user modeling is stored in the 
state library. In Figure 4, if it currently is the time 
when a user has to take a medicine, dialogue manager 
stores a confirm-ation question in the upper part of a 
stack. If a user responds positively about the 
confirmation question(e.g. domain-confirm-question(S, 
U, eat-medicine(U))), a confirmation question stored in 
a stack is deleted. On the other hand, if a user responds 
negatively, the dialogue manager selects the next 
confirmation question. 

 

answer (U, S, positive)

request
(U, S, get (S, U, cup101))

constraint-confirm-question 
(S, U, fill-in (cup101, water)

answer (U, S, positive)

domain-confirm-question 
(S, U, eat-medicine (U)

request
(U, S, get (S, U, cup101))

domain-confirm-question 
(S, U, drink (U, water)

pop

pop

step1, step2 step3  
Figure 3. An example for the usage of discourse 

stack 
 

In Step 3, if a constraint that is not satisfied in the 
plan is remained, the dialog manager generates a 
confirmation for resolving this condition by using 
discourse stack. In Figure 3, the constraint condition of 
the plan(e.g. drink(U,water)) includes constraint (e.g. 
fill-in(cup101, water)). If there is no water in a cup, a 
confirmation question(e.g “is the water filled in cup?”) 
is put into the discourse stack(see Figure 4). Therefore, 
the constraint can be effectually handled. When 
conditions of all plans were satisfied by user’s 
response, the dialogue manager empties a discourse 
stack and completes the task.  



4. Comparison with previous approach 
 

The proposed model is a new modeling technique of 
the plan-based model to generate the effective 
response. However, a comparison with the other 
system is very difficult quantitatively. Therefore, in 
this section, we compare our proposed method to the 
previous method using an example. Example 1and 2 is 
the case where a user requests a request, "get cup", in 
the time to take a medicine. Example 1 is a general 
process of a previous system. Because the system 
cannot recognize user's deep intention, this system has 
to process all three tasks about a user requests. In this 
case, because a user has every time to order each task 
and a system has to recognize and process, a task 
completion rate is dramatically decreased. 

 

Example 1 
U :   컵 가져와 

(Bring me a cup.) 
S  :   컵을 가져왔습니다. 

(Here is the cup.) 
U :   물 가져와 

(Bring me some water.) 
S :   물을 가져왔습니다. 

(Here is some water.) 
U :   약 가져와 

(Bring me a medicine.) 
S :   약을 가져왔습니다. 

(Here is the medicine.) 
 

Example 2 is our system’s initiative dialogue which 
is progressed by confirming the task. Therefore, a user 
can progress a dialogue about the question of a system 
with the simple response. As considering the speech 
recognition and task completion, the system can 
progress the very effective dialogue. In the aspect of 
dialogue contents, the proposed model can be flexible 
according to the condition state and it is possible to 
generate the more intellectual response.  

 

Example 2 
U :   컵 가져와 

(Bring me a cup.) 
S :    약을 드시겠습니까? 

(Do you want to eat a medicine?) 
U :   그래 

(Yes.) 
S :    컵에 물을 채워드릴까요? 

(Let me fill the cup with water?) 
U :   그래 

(Yes.) 
S :    컵과 약을 가져왔습니다. 

(Here is the cup and medicine.) 

5. Conclusion 
 

We propose a new dialogue model which has robust 
and efficient structures to resolve complicated 
discourse phenomena in practical environment. The 
proposed model is based on plan recognition and it 
efficiently generates system responses using a 
discourse stack for the effective confirmation and 
inference of the upper plan. 

Also we explain an advantage of the proposed 
model using an example because a quantitative 
comparison of the dialogue system is very difficult. In 
future work, we will apply evaluating methods like 
simulated user and developing a dialogue model which 
is similar to human-dialogue.  
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