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Abstract 

A high-level dialogue system involves symbolic reasoning and deep understanding of user input, 

and its object is to handle complex dialogue phenomena such as inference and negotiation. However, it 

is difficult for high-level dialogue techniques to be extended toward a practical dialogue system that 

must generate effective responses in a real environment because the high-level dialogue techniques are 

based on only a narrow band of knowledge and a complicated model. This paper proposes a new 

dialogue model based on plan-recognition model that is one of high-level techniques. We simplify the 

plan-recognition model, which includes well-defined recipes and inference rules, to be applied to a 

practical dialogue system. In addition, we use a multi-level inference schema that employs a discourse 

stack and a confirmation strategy for effectively recognizing the user's deep intention. As a result, the 

proposed dialogue system is successfully embedded into a multi-modal interaction system for human-

robot interaction. 
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1. Introduction 

 Many applications that provide various functions have been continuously developed for 

human-computer interaction. However, the use of these applications has been very limited 

because they have only static interfaces like a keyboard and push buttons. Especially, 

previous interfaces in the automobile or the robot have not provided users sufficient 

performance for human-computer interaction yet. A dialogue system can be one of the best 

alternatives for this environment. For example, most humanoid robots and telematics systems 

have explored many kinds of dialogue systems because they want to use any interaction 

technique better than other interaction ones when it comes to expressiveness, flexibility, and 

intuition. However, it is difficult to build a generic dialogue system because some dialogues 

express user's intention through many various methods.  



 Generally, dialogue systems can be divided into two major groups [1]: the high-level 

(theoretical) system and the low-level (performance-driven) system [2]. The former involves 

symbolic reasoning and deep understanding of user input. It possesses planners, learning 

algorithms, speech recognition, and temporal reasoning, and it also maintains states across 

user sessions, remembering which tasks have been accomplished and which ones remain. Due 

to this complexity, the high-level system has typically focused on the narrow bands of 

knowledge such as TRIPS and TRAINS [3]. The latter uses a much simpler pattern-matching 

algorithm that includes only shallow analysis of user input. This kind of system has been 

applied to chatting-style dialogues rather than common-style ones. For example, MegaHAL 

[4] and ALICE [5] systems also employ simple algorithms with minimal or no maintenance of 

dialogue states.  

 Because we explore an intelligent and robust dialogue system for human-robot interaction, 

we here concentrate on a high-level dialogue system. Task-execution and information-seeking 

dialogues are the main dialogue types for the human-robot interaction [6], so they are 

sometimes mixed and their structure can be very complicated. In addition, the dialogue 

system for the human-robot interaction must work robustly in practical environments. 

Therefore, we focus on a high-level dialogue system that includes efficient processes for task 

completion and domain flexibility for various applications. 

 In this paper, we propose a new plan-based dialogue system using a discourse stack for 

multi-level inference; it was developed to satisfy the abovementioned conditions. If the plan-

based dialogue model can be simplified for a robust system by using a discourse stack, it can 

efficiently handle complicated discourse phenomena and generate effective responses. The 

proposed model has a reasoning process that can infer the ultimate request of the user by 

using a plan-inference engine and the dialogue stack. Moreover, since the platform of the 

proposed system is designed for multi-modal human-robot interaction, it can make an 

efficient interaction with humans by responding not only to spoken inputs but also to multi-

modal inputs such as gestures. 

 This paper is organized as follows. In the next section, we explain related work. The 

proposed dialogue model is illustrated and described in detail in section 3. Then section 4 is 

assigned for comparing the proposed model with previous approaches. The last section is for 

conclusions. 

 

 

2. Related Work 

 There are several research areas for high-level dialogue systems: script-based model and 

plan-based model. The former concentrates on how to guarantee the robust performance of 



dialogue system in a specific application. The range of this research is limited to simple and 

restrictive domains with no variation in the dialogue or no inference. The latter focuses on 

dialogue models that can understand complicated and various dialogue phenomena.  

 The script-based dialogue model mostly uses the Dialogue Transition Network (DTN). 

This model is very useful for performing simple tasks and it is generally used in the form-

based dialogue model [7]. The DTN model expresses the dialogue structure of the user 

utterances with states and allows a transition from a state to the other one in the network. The 

movement to the next state is decided through transitions in the network. This model can be 

robustly operated and simply designed. Therefore, it is an appropriate model for domains that 

exclude ambiguity and require robustness. However, it is hard to guarantee high portability 

and flexibility for this model because it is based on a sequential structure. 

 The basic concept of the plan-based model is to infer the user intention from observed 

elementary actions. This model can execute various inferences according to the state of the 

user belief determined from the same condition and it can also explain a complicated dialogue 

phenomena using formal domain knowledge such as a recipe. Kautz, Litman, and Allen [8, 9] 

applied the plan theory to dialogue systems 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 a user intention in a 

domain level by using a user belief. Because a dialogue structure is expressed as a plan tree, 

the plan-recognition is to guess the best set of the plans, which can explain an observed 

behavior, through the plan tree. Lambert [10, 11] added the problem-solving level between 

discourse level and domain level to handle the more complicated dialogue structure. This 

level connects the domain level and its related discourse level. Therefore, several user 

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

Allen [12] presented his system that is possibly learned by his plan-based model, but it 

considers only several predefined dialogues. 

 The proposed model is based on the plan-recognition model improved with regard to 

robustness and high-level dialogue processing in practical environment. Our model employs a 

more robust structure and an efficient inference method than previous models.  

 

 

3. A Plan-Based Dialogue Model for Effective Response Generation 

 Since a dialogue system is typically built for task-oriented dialogues and information-

seeking dialogues in many domains, a well-made dialogue system must include intellectual 

dialogue strategies and a robust structure with easy maintenance and portability. Even though 

a user does not speak the explicit intention, the dialogue system with intellectual dialogue 



strategies must be able to find the user’s deep intention. In fact, the task-oriented and 

information-seeking dialogues are mixed in many human-computer dialogues for practical 

applications. Therefore, the proposed system uses the plan-based model to recognize the deep 

intention of a user. In addition, the previous plan-based model is simplified to be robust on 

development and maintenance. 

 

 

 

 

 As illustrated in Fig. 1, the plan recognition engine finds all possible plan trees occurred 

from the utterance of a user. Then the dialogue manager recognizes the intention of the user 

by using dialogue strategy, and it selects the most appropriate 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. A discourse stack stores the dialogue structure of a 

user and a system, and the dialogue manager uses the discourse stack according to the 

dialogue strategy. The multi-modal instance-grounding module identifies multi-modal 

anaphora with an instance of world model using vision information and the ontology, and the 

user model furnishes user’s information for rich system response. 

3.1 Plan representation 

 We modified the forms of the plan library that Allen7 developed for representing 

knowledge of plan recognition. (See Fig. 2) The attributes of the modified form are composed 

of the plan name, constraints, precondition, decomposition, effect, and goal. The plan name is 

the unit of a plan. The constraints are conditions that have to be solved to make plans that are 

currently selected. The precondition includes conditions that have already been satisfied so 

Fig. 1. Dialogue system for robotic environment 



that the corresponding plan can be selected. Current plan is satisfied only when lower plans in 

decomposition are altogether satisfied. The effect is a proposition that is certainly true when 

the current plan is satisfied. The goal is a proposition that is expected to be true when the 

current plan is satisfied. 

 

 

 

 

3.2 The proposed dialogue recognition model for understanding user intention 

 Recognizing the object of a user in the dialogue system is very important for an efficient 

dialogue process. For this, the proposed system uses a two-stage plan recognition method 

with simple structure: discourse level and domain level. The language analysis result of a user 

utterance is used as the input of the plan recognition and then it is changed into a predicate 

representation format.  

 In the first stage (discourse level), the adjacency pair like question and reply is a common 

dialogue structure [13, 14]. According to the level of a dialogue, it can be hierarchically 

constructed. For example, structural plans such as obtain-info-request are included for 

connecting adjacency pairs with a single plan.  

 The second stage (domain level) of the plan recognition is the process of domain level. The 

domain level has all plans expressed as elementary actions. In this stage, all plan trees inferred 

from the discourse level are produced and then the dialogue manager controls an inference 

level with reference to the state library. Plan trees are built up by inference rules. If the name 

of a lower plan is included in the decomposition of an upper plan in the same level, these two 

plans can be connected. It is the decomposition-subaction rule. The goal-precondition rule is 

conditions to connect between the other levels. If the goal of the plan in the discourse level is 

consistent with the precondition of the plan of the domain level, these two plans can be 

connected. (See Fig. 3) 

 

Fig. 2. A recipe example for plan representation 



 

 

3.3 Response generation strategies 

 In the previous section, we explained the process of getting an inference consequence 

about user inputs by using the plan recognition and plan library. The process for response 

generation is explained here.  

 In Fig. 3, the plan tree about user inputs is divided into three stages in domain level: “get 

(U, S, cup101),” “drink (U, $beverage),” and “take-medicine (U).” The initial inference stage 

infers “get (U, S, cup101)” from an elementary action and this is clearly true because a user is 

under the required behavior. However, the deep intention of a user can be caught by the more 

intellectual dialogue inference. That is, the dialogue manager can obtain results that are 

inferred as “drink (U, $beverage)” or “take-medicine (U)” by upper plan information from the 

Fig. 3. An example of inferred-plan tree for a user utterance, “Bring me a cup. 

(request(U, S, get(S, U, cup101))” 



plan inference engine. However, because all these results exist in possible plans, it is hard to 

choose one plan as the user intention. Thus, the dialogue system has to determine the user 

intention through the confirmation dialogue strategies. For efficient response generation in 

our plan-based model, we propose a discourse stack structure that unifies the main dialogue 

and the sub-dialogue. A main dialogue directly relates to the original user intention and the 

sub-dialogue refers to the functional dialogue for task completion; a confirmation dialogue is 

also a kind of sub-dialogue.  

 The operation rules of discourse stack are listed for generating the system response as 

follows: 

 

Discourse Stack Operation Rules: 

Common Rule: If a top position item of discourse stack is system response, the system 

generates system response using the item. 

 

Step 1: Store surface user intention. 

Step 2: If the plan recognition engine generates deep user intentions, domain-confirm 

questions related to those intentions are stored in discourse stack. 

a. Dialogue model determines the priority of plan trees using the state 

library and ordered domain-confirm questions according to that priority. 

b. If the user response to a domain-confirm question is “yes,” all subordinate 

domain-confirm questions related to the domain-confirm question are 

deleted from the discourse stack. 

c. If the user response to the domain-confirm question is “no,” the next 

domain-confirm question is selected. 

Step 3: If a constraint is not satisfied by the current plan, a constraint-confirm 

question related to the constraint is stored in discourse stack. 

 

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

is left in discourse stack. 



 

 

 Fig. 4 illustrates the process of the discourse stack operation in the abovementioned 

example. When the dialogue manager receives “Bring me a cup” as an input utterance, the 

system first stored the surface user intention (e.g., “get (U, S, cup101)”) by step 1. Then the 

plan recognition engine inferred the user’s deep intentions; the action to bring a cup can 

generate two expected user deep intentions, “drink (U, $beverage)” and “take-medicine (U).” 

In the step 2, the system creates confirmation questions using the discourse stack to decide 

which plan a user wants. The order stored in the discourse stack is here very important 

because the confirmation questions are generated according to the stored order in this stack. 

In fact, this order is determined by user modeling. The “take-medicine (U)” plan has a 

precondition of “make-medicine-time (U, $time)” in Fig. 3. If it is currently the time when a 

user has to take medicine, the dialogue manager stores the confirmation question of taking 

medicine upper than that of drinking water in the stack. If the user responds positively to the 

confirmation question (e.g., “domain-confirm question (S, U, take-medicine (U))”), all the 

confirmation questions stored in the stack are deleted. On the other hand, the dialogue 

manager selects the next confirmation question. 

 In the step 3, if any constraint unsatisfied in the plan exists, the dialogue manager generates 

another confirmation question for resolving this condition by using the discourse stack. In Fig. 

3, the constraint condition of the plan (e.g., “drink (U, water)”) includes a constraint (e.g., 

“fill-in (cup101, water)”). If there is no water in the cup, the confirmation question (e.g., “is 

the water filled in cup?”) is pushed into the discourse stack. (See Fig. 4) Thus, this kind of 

constraint can be effectively handled in the proposed system. When the conditions of all plans 

are satisfied by the user’s response, the dialogue manager can empty a discourse stack and 

complete the task.  

 

 

Fig. 4. An example of taking medicine by using discourse stack 



  

  

 Fig. 5 shows the process of the discourse stack operation in the other situation that user 

makes a request for just drinking water; in this case, we assume that it not any time for taking 

medicine. The plan recognition engine infers only the “drink (U, $beverage)” plan that 

satisfies the precondition of the plan, “have(U, cup101)”. (See Fig. 3)  

 The above two examples show that the proposed model can infer various results according 

to different preconditions when a user makes a same request. 

 

4. Comparison with Previous Approaches 

 The proposed model is a new inference method based on a plan-based model to generate an 

intelligent response. Since it is very difficult to directly compare this model with other 

dialogue models quantitatively, we compare our proposed model to the previous model by 

using dialogue examples 1 and 2; they can be generated when a user makes a request "Get a 

cup" at time to take medicine. Example 1 in Fig. 6 illustrates a normal process from previous 

models. Because this model cannot recognize user's deep intention, it has to separately 

generate four different answers about user’s individual request. In this case, the efficiency of 

the task dramatically goes down because the user has to gives an different answer for each 

sub-task and the model has to recognize it.  

 Example 2 in Fig. 6 illustrates the aspect of more intelligent dialogue generated from the 

proposed dialogue model that uses confirmation questions for each task. Therefore, the model 

can generate an efficient dialogue to be able to expect more definite answers. Considering the 

speech recognition performance and task completion rate, it can create more effective 

dialogue than those of previous models. In addition, the proposed model can be flexible 

according to various condition states and it is also possible to generate a more sophisticated 

response. 

Fig. 5. An example of drinking beverage in discourse stack 



 

 

5. Conclusions 

 In this paper, we have presented a new dialogue model with robust and intelligent 

structures for practical environments. Our model efficiently resolves complicated discourse 

phenomena using multi-level inference. We built up a simplified plan-based model that 

includes well-defined recipes and multi-level inference rules to be applied to a practical 

dialogue system. A discourse stack is used to manage the results of multi-level inference. The 

multi-level inference method efficiently generates system responses using a discourse stack 

for the effective confirmation and inference of the upper plan. 

 We tried to explain the advantage of the proposed model by comparing some dialogue 

examples. That example proves that our model can lead complicated dialogue to a simple 

system-initiative dialogue by multi-level inference and a discourse stack. Because system-

initiative dialogues can make more definite answers, our model can have only minor errors 

and more intelligent dialogue strategy. 
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