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Abstract. As the information in the internet proliferates, the methods for effec-
tively providing the information have been exploited, especially in conversa-
tional agents. Bayesian network is applied to infer the intention of user’s query. 
Since the construction of Bayesian network requires large efforts and much 
time, an automatic method for it might be useful for applying conversational 
agents to several applications. In order to improve the scalability of the agent, 
in this paper, we propose a method of automatically generating Bayesian net-
works from scripts composing knowledge base of the conversational agent. It 
constructs the structure of hierarchically composing nodes and learns the condi-
tional probability distribution table using Noisy-OR gate. The experimental re-
sults with subjects confirm the usefulness of the proposed method. 
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1   Introduction 

Conversational agent is a system that exchanges information between user and agent 
using natural language dialogue [1,2]. The goal of conversational agent is to provide 
the most proper script from the conversation database. 

Recently, the interest in discovering knowledge represented in Bayesian networks 
[3,4,5,6] is increasing because Bayesian networks can handle incomplete data sets and 
facilitate the combination of domain knowledge and data. And there are also several 
cases in which Bayesian network is applied to conversational agent. 

Although conventional conversational agents use pattern matching techniques to 
reply to the input query [7,8], Bayesian network is applied to analyze user’s queries 
more precisely and to model dialogues. It shows good performance in inferring the 
intention of a user [9,10]. However, Bayesian network is not easy to design so even 
experts need much time for the construction of it. Moreover, the network is dependent 
on the domain of application. When the domain changes, we should modify or 
reconstruct the network. These difficulties debase the scalability of conversational 
agents [10]. In this paper, we propose an automatic Bayesian network constructing 
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method from scripts in order to increase the scalability of conversational agent. It 
might be useful for novices to design the conversational agent, since it is only duty to 
provide scripts. 

This paper is organized as follows: We begin Section 2 with the introduction of 
traditional conversational agent and the agent which uses Bayesian network in order 
to infer the intention of user’s queries. In section 3, we propose how to construct the 
structure and the parameters of Bayesian network in the conversational agent with an 
automation mechanism. In section 4, we present the experimental results of the 
proposed method. Finally, section 5 describes the summary and future works. 

2   Conversational Agent 

2.1   Traditional Conversational Agent 

As an alternative for the usual interfaces of web sites, conversational agents are 
recently being developed because of the capability of conversations with users by 
natural language [11]. Eliza, one of the first conversational agents, was born at 
Massachusetts Institute of Technology in 1966. Eliza was contrived for the research 
on natural language processing. It uses a simple pattern matching technique [8]. For 
example, if user inputs a sentence including the word ‘name’, Eliza answers ‘My 
name is Eliza.’ which matches the word ‘name.’ However, it can reply only short 
conversations because Eliza neither models user nor keeps the state of conversation. 

ALICE (Artificial Linguistic Internet Computer Entity, http://www.alicebot.org) is 
written in a language called AIML (Artificial Intelligence Markup Language) that is 
based on XML. By using sequential pattern matching, it enhances the efficiency of 
analyzing sentences. However, it has shortcomings of not being able to respond to 
users reflecting their intentions because of simple sequential pattern matching based 
on keywords. Tackling this problem requires much time and effort to construct the 
response database. 

There are a few products on sale. Nicole made by Native Minds is working as a 
virtual agent in cyber space (www.nativeminds.com). This agent provides website 
information through conversation with users. And it also shows many human facial 
expressions that react to user’s conversation. Nicole is not the only one; others 
available include SmartBot of Artificial Life Company (www.artificial-life.com), 
Verbot of Virtual Personalities Company (www.vperson.com) and so on. 

2.2   Conversational Agent Using Bayesian Network 

Since the pattern matching has limitations to manage the uncertainties such as elliptic 
words, useless words and duplicated information, it needs to model dialogues [12]. 
Bayesian network is one of the modeling tools, and applied well to conversational 
agents [8, 13]. 

Bayesian probabilistic inference is a famous model for inference and representation 
of the environment lacking in information. Nodes of Bayesian network represent 
random variables, while an arc represents the dependency between variables. For the 
inference of the network, the structure and the probability distribution need to be 
specified in advance. Usually the structure and the probability distribution are 
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calculated by experts or collected data from the domain. In conversational agents, 
when a query appears and the agent observes some evidence, Bayesian inference 
algorithm computes the probabilities of nodes based on the conditional probability 
table and independence assumption. Representing and storing dialogue information 
on the network enhances the functionality of the conversational agent. 

 

Fig. 1. Structure of the conversational agent using Bayesian network 

We design the conversational agent as shown in Fig. 1. The Bayesian network is 
used to infer the topic of a user’s query and model the context of dialogue. This leads 
to a definition of the scope of the dialogue. Since Bayesian networks are based on 
graph theory, they are effective in inference and representation. In this paper, the 
Bayesian network is hierarchically constructed with three levels based on function: 
keyword, topic and sub-topic [14]. First level is for the keywords used in the domain, 
and the individuals and attributes of the domain from topics. Sub-topic represents the 
individual that has determined its attributes. This hierarchical modeling helps to hold 
a conversation to understand a detailed user’s intention. Fig. 2 presents how Bayesian 
network works in conversational agents. 

 

 

Fig. 2. Inference procedure of Bayesian network in conversational agent 
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Usually people do not give just one query to express their intention, and they produce 
a query based on previous conversation [15,16]. Therefore, if the topic selector cannot 
infer the topic of query, it infers the topic referring to the previous query. 

After selecting the topic, the agent compares script by matching patterns with the 
keywords in scripts and the keywords in user’s queries and chooses the answer whose 
topic is same as the topic selected. The script is basic knowledge of the conversational 
agent for answering user’s queries. When there are many scripts, performance 
declines because of the redundancy of information. In this paper, we divide the scripts 
into several groups based on their topics. This reduces the number of scripts to be 
compared. A script is stored as an XML form, and Fig. 3 shows the definition of a 
script. 

 
[script] := “<SCRIPT>” [topic] [keyword]+ [answer]+ “</SCRIPT>” 
[topic] := “<TOPIC>” [word]+ “</TOPIC>” 
[keyword]:= “<KEYWORD>” [word]+ “</KEYWORD>” 
[answer] := “<ANSWER>” [word]+ “</ANSWER>” 

Fig. 3. Script BNF 

In script, [topic] that is the topic of user’s queries represents top topic in Bayesian 
network, [keyword] that is the keywords in user’s queries represents the pattern of 
user’s question, and [answer] means reply which the agent gives to user. 

3   Automatic Construction of Bayesian Network 

Although the Bayesian network is useful, as we discussed above, it takes much time 
and efforts to construct a Bayesian network. Therefore, we propose a method of 
constructing Bayesian network automatically. 

A Bayesian network is represented by BN = < N, A, Θ >, where < N, A > is a 
directed acyclic graph (DAG): each node n∈ N represents a domain variable, and 
each arc α∈ A between nodes represents a probabilistic dependency between the 
associated nodes. Associated with each node ni∈ N is a conditional probability 
distribution (CPT), collectively represented by Θ = {θi}, which quantifies how much a 
node depends on its parents. 

The construction of Bayesian network consists of two parts: one is generating the 
network structure depending on domains and the other is parameter learning (CPT). 
Because the conversational agent depends on domains, we cannot obtain general log 
data, so that we use scripts for the data of constructing Bayesian network. The 
structure is generated by the rules made from analyzed scripts, and the parameters are 
obtained by using Noisy-OR gate which is a good method for small data sets. 

3.1   Structure Generation 

The causality of Bayesian network used in conversational agent is relatively clear, and 
we approach the structure generation based on grammars defined on the scripts. We 
propose a method of automatically generating the structure of Bayesian network from 
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the script. Moreover, it constructs the network composed as the hierarchical node 
structure to model the detailed intention of users. 

 

 

Fig. 4. Generation of Bayesian networks based on the script 

A topic node is obtained from the <TOPIC> of a script, which is an objective 
variable of the inference. Keyword nodes are generated from the <KEYWORD> of 
the script while a <KEYWORD> constructs one sub topic node. And a mid topic node 
is made by bifurcating sub topic nodes. Fig. 4 shows that an example script can be 
interpreted to generate the network. 

The calculation of parents’ probabilities requires exponential computation as the 
number of children. Therefore, the bifurcation of nodes might be useful to avoid much 
computation. Fig. 5 shows a simple process of the bifurcation. The maximum number 
of the children of a parent is limited as three in this paper, so that it divides nodes into 
two sub trees when a parent node has four children. 

 

 

Fig. 5. Bifurcation of node (a) Initial state, (b) Sub topic addition, (c) Nodes bifurcation 

When it does not divide nodes, 2k calculations are necessary to obtain the 
probability of a parent, which has k sub topic nodes. On the other hand, when it 
divides nodes, only (k–1)/(n–1)×2n calculation is needed as shown in Fig. 6. By the 
bifurcation, the computation is reduced from O(2k) to O(k).  
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Fig. 6. Calculation of the total computation T 

3.2   Parameter Learning 

In many cases there are not plenty of samples to generate CPT. In conversation agent, 
when the domain of agent changed, we must regather the conversations for learning 
data, but it takes much time and effort. So, we adopt a leaky Noisy-OR gate [17] to 
learn parameters of Bayesian network, which is a popular parameter learning 
technique. The leaky Noisy-OR gate defines xi as the cause (children), and y as the 
result (parent). po, called leaky probability, is the probability of y when no evidence is 
present, and pi is the probability of y when only xi is used as an evidence. 

),,,|Pr( 210 nxxxyp L=  

),,,,,|Pr( 21 nii xxxxyp LL=  

The probability of the result about the subset Xp composed of the xi is given in the 
following formula by the leaky Noisy-OR gate: 

∏
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We only set the probability of pi. Here we assign the value of 0.001 to the leaky 
probability p0, and the probability of topic nodes and mid topic nodes are calculated as 
follows. Where n is the number of child nodes and α indicates the weight. 

n
pi

αα −+= 1  (1) 

The probability of a sub topic node, where child node is keyword node, can be 
obtained by the following formula, while m is the number of the parents of xi. 

mn
pi

αα −+= 1  (2) 
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Because a node closer to the topic nodes should be more effective, α is rather 
higher for nodes closer to topic nodes. In this paper, we set α as 0.5 for sub topic 
nodes, and we increase it by a linear function. Since children affect the same amount 
of effects to parents, we use divide-operation. So in formula (1), we divide by n, and 
in formula (2), we divide by mn, it is because the keyword node can has more than 
one parent. 

4   Experiments 

4.1   Illustration 

In this paper, a query is divided into two types: one is a sufficient information query 
and the other is a use-previous-information query. That is because in common 
conversation an ellipsis frequently happens, and speaker usually uses background 
knowledge. The proposed conversational agent can deal with these types of queries. 

The sufficient information query is the query that contains all the information to 
estimate user’s intention. In this case, the agent gives a proper answer obtained by the 
inference of the system. And the use-previous-information query is the query that has 
ellipsis (or use major terms). In this case, the agent needs additional information about 
query. Here the agent uses previous query for additional information. 

Fig. 7 shows examples of conversation that the conversational agent can process. 
The upper is the case of the sufficient information query and the lower is the case of 
the use-previous-information query. 

 
User: What is your name? 

keyword (your, name) 
topic selector (Agent name) 
answer selector (My name is Yuly) 

Yuly: My name is Yuly. 
User: It is pretty. 
    keyword (pretty) 
    topic selector (Agent name) 
    answer selector (Thank you very much) 
Yuly: Thank you very much. 

Fig. 7. Conversation Example of the two types 

For the dialogue of sufficient information, the preprocessor extracts the words 
“your” and “name” and the words as the inputs of topic selector. The topic selector 
selects “Agent name” as its topic, and then the answer selector selects “My name is 
Yuly” as a response. 

For the dialogue of use-previous information, on the other hand, the preprocessor 
extracts a word “pretty,” so the topic selector cannot select a topic whose probability 
is above threshold. Hence the topic selector uses additional information from the 
previous query “What is your name?”. It reprocesses with keywords “pretty,” ”your” 
and ”name” so it selects “Agent name” as its topic. 
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4.2   Experiment Result 

We adopt the measure as shown in Fig. 8 to demonstrate the proposed method. Since 
Bayesian network decides which topic a query is categorized into, the result of the 
inference is a set of the probabilities of topic nodes. It can be sure of the 
classification, if only the targeting topic node (To) has the highest probability among 
them. The more difference occurs against others (Tk), the more correctly a query is 
classified. We use the classification performance as a primitive evaluation measure. 
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Fig. 8. Evaluation measure 

 
The experiments have been performed by 10 graduate students majoring in 

computer science and 5 conversational agent experts. They generated Bayesian 
network based on eleven topics. The way to construct Bayesian network and use the 
GENIE tool [18], which is one of the popular tools for designing Bayesian network, 
has been explained to each subject. Fig. 9 shows the result of the experiments 
representing comparisons between the proposed method and the manual design. 

 

 
     (a)                                                                               (b) 

Fig. 9. Comparative results with the manual design. (a) Bayesian Network Fitness ( a  = 0.1)  
(b) Generating Time. 



236 S. Lim and S.-B. Cho 

 

As the result shows, the students’ group constructed Bayesian network that has 
74.4% fitness in average and it took 97.1 minutes to design the network, and the  
experts’ group constructed Bayesian network that has 92.8% fitness in average and it 
took 127.6 minutes. On the other hand, the proposed method constructs the result that 
had 90% fitness within a few seconds. The experts’ group spent more time than  
students’ group. It’s because the experts made Bayesian Network more carefully and 
they analyzed the script with more detail. 

5   Concluding Remarks 

It is necessary to design the network first in building the conversational agent using 
Bayesian network. However, it is difficult for the beginners, and even experts need 
much time and cost for the analysis and design of the target application. In this paper, 
we have proposed an automatic construction method for conversational agents using 
Bayesian network. A usability test showed that the proposed method is efficient in 
time and accuracy. 

For the more accurate inference, not only automatic construction but also learning 
mechanism is necessary for conversational agents using Bayesian network. It also 
requires convenient interface to design Bayesian network for novices in the 
construction of conversational agents. 
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