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Abstract. As dialogue systems are widely demanded, the research on natural 
language generation in dialogue has raised interest. Contrary to conventional 
dialogue systems that reply to the user with a set of predefined answers, a 
newly developed dialogue system generates them dynamically and trains an-
swers to support more flexible and customized dialogues with humans. The pa-
per proposes an evolutionary method for generating sentences using interactive 
genetic programming. Sentence plan trees, which stand for the sentence struc-
ture, are adopted as the representation of genetic programming. With interac-
tive evolution process with the user, a set of customized sentence structures is 
obtained. The proposed method applies to a dialogue-based travel planning sys-
tem and the usability test demonstrates the usefulness of the proposed method. 
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1   Introduction 

In the past few years, as the number of dialogue systems has increased, there has been 
an increasing interest in the use of natural language generation (NLG) in these sys-
tems. Current research on dialogue systems has mainly focused on understanding the 
input query or controlling the dialogue flow rather than generating dynamic sentences 
[1]. Canned scripts or templates are usually employed to support answering in those 
systems, hence they tend to be static, using the same or similar response patterns in 
the interaction with humans. 

In order to support a flexible and realistic interaction with humans, recent dialogue 
systems attempt to adopt a mechanism generating sentences like natural language 
generation. NLG is a method which automatically creates sentences based on a non-
linguistic information representation [2]. It used to provide information for user in 
expert systems. NLG is hard because it involves making choices. There may be many 
possible ways in which a text can be organized and in which words and syntactic 
constructions can be used to convey the required content. 

The traditional natural language is usually based on grammars or templates. Espe-
cially the templates are the most popular technique for NLG because it is conceptu-
ally fairly easy to produce high quality output that is specific to each dialog situation. 
Although these methods, grammars and templates, are useful, the developer needs to 
design proper grammars to prevent from creating wrong sentences or to construct a 
large set of templates to support various types of sentences. The approaches require 
the developer to design a number of grammars or templates for every possible sen-
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tence structure which may be impractical for domains where many sentence struc-
tures are possible [3]. 

In order to overcome the limitations, trainable approaches have been attempted re-
cently [3,4,5,6]. Walker et al. proposed the sentence plan tree representing the struc-
ture of a sentence while training is conducted by a RankBoost method [4]. A stochas-
tic model generating sentences was presented by Levin et al. while they have applied 
it to a dialogue-based travel planning system [5]. And Ratnaparkhi has suggested a 
hybrid model [3], while Bulyko and Ostendorf generated various sentences using a 
weighted finite state machine [6]. 

In this paper, we propose an evolutionary method which makes diverse and flexi-
ble sentences in dialogue-based system. It uses an interactive genetic programming 
that adopts the sentence plan tree as the representation of individual sentences. The 
method composes a sentence by combining basic units with several joint operators, 
and iteratively interacts with humans to adjust itself to a domain. A dialogue-based 
travel planning system is constructed with the proposed method for demonstration, 
and several scenarios and experiments show the usefulness of the proposed method. 

2   Natural Language Generation 

The study on natural language is largely progressed as natural language understand-
ing (NLU) and natural language generation (NLG). The main goal of NLG is to in-
vestigate how computer programs can produce a high-quality natural language text 
from internal representations of information [7,8]. In recent years, the increasing 
feasibility of human-computer dialogue systems have prompted the need for better 
responses by generating diverse sentences.  

Many research of NLG systems use generation grammar rules, much like parsers 
with semantic or syntactic grammars [9]. A good example of a rule-based system is 
SURGE [10]. In general, well-generated grammar rules enable an NLG system to 
have wide coverage, be domain independent, and be reusable, proven by many very 
different applications that use SURGE [9]. However, the grammar-based systems, 
such as SURGE, need much effort and time for developer to design. It is why the 
template-based approaches are the most popular technique for NLG, nevertheless 
grammar-based approaches have better performance than those of template-based. 

Templates provide an alternative approach, in which the developer handcrafts a set 
of templates and canned expressions. In principle, a template-based system can gen-
erate every sentence a rule-based system can generate, if the set of templates covers 
all of the possible sentences the grammar rules can generate. However, in the general 
case, that is not very practical [9]. But, as mentioned above, this method is easy to 
construct and to get high performance in specific domains, so most of current systems 
applied it. However, it has little reusability and also there are some restrictions when 
rare explicit representations of linguistic structures are presented [11]. 

Recent studies have attempted trainable approaches to overcome the limitations of 
grammar-based and template-based systems. Ratnaparkhi proposed four trainable 
approaches of NLG and evaluated them [4]. The first one is the baseline. It simply 
chooses the most frequent template in the training data that corresponds to a given set 
of attributes. The second one is n-gram model. It assumes that the best choice to ex-
press any given attribute-value set is the word sequence with the highest probability 
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that mentions all of the input attributes exactly once. And the third one is dependency 
information. It focuses on the defect of n-gram model which considers only two near 
words. The search procedure in dependency information generates a syntactic de-
pendency tree from top-to-bottom instead of a word sequence from left-to-right. Fi-
nally, the fourth one is a hybrid model which can be viewed as an extension of third 
one in which the lexical choice is jointly determined by a grammar and statistical 
learning, whereas in third one it was purely determined by statistical learning. 

Except these, Bangalore and Rambow used a dependency grammar with statistical 
information [12] and Walker at el. proposed a trainable approach for NLG in the air 
travel domain [4]. And Oh and Rudnicky describe a statistical approach in the air 
travel domain [9]. 

In this paper, we propose an interactive genetic programming for generating sen-
tences. In our previous research, we adopted a grammar-based approach for encoding 
methods [13]. This method was attempted to overcome the difficulty of designing 
grammars with evolutional methods and to generate user adaptive sentences. How-
ever, it has a defect that the method makes wrong sentence if it does not have enough 
time for evolution. In this paper we use sentence plan trees for encoding genetic trees 
instead of grammar-based approach. This method prevents the wrong sentences and 
generates user adaptive sentences through evolution. 

3   The Diverse Sentence Generation Using Genetic Programming 

Genetic programming is proposed by John R. Koza to create automatically a com-
puter program solving a problem. It is an extension of the genetic algorithm in which 
each individual in the population is a computer program [14]. In this paper, it gener-
ates sentences dynamically and adaptively to the domain. 

An object represented as a sentence plan tree (SPT) denotes a complex sentence. In 
each SPT, each leaf node contains one simple sentence that is corresponding to the 
unit and parent nodes represent joint operators for combining child nodes. Figure 1 
briefly shows the outline of dynamic sentences generation process using genetic pro-
gramming. 

3.1   Sentence Plan Tree 

In this paper, we apply sentence plan trees for representing gene trees, which is a 
binary tree with leaves labeled by pre-defined templates of simple sentences, and with 
its interior nodes labeled with joint operators (JOs) which combine two sentences. 

We define JOs based on the analysis of Korean language. There are 5 operators 
which are applied differently for each of the 3 cases of combining two sentences: 2 
statements, a statement and a question, and 2 questions. JOs are defined as below: 

Sentence A = subject (s1) + template-variable (t1) + verb (v1).  
Sentence B = subject (s2) + template-variable (t2) + verb (v2). 

1. JO 1: Combine two sentences of A and B by using conjunction ‘and’. The result 
is ‘s1 t1 v1 and s2 t2 v2.’ 

2. JO 2: Combine two sentences which have the same subject (s1 = s2). The result is 
‘s1 t1 v1 and t2 v2.’ 
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Fig. 1. The procedure of generating sentences by interactive genetic programming 

3. JO 3: Combine two sentences which have the same subject (s1 = s2) and the same 
verb (v1 = v2). The result is ‘s1 t1 t2 v1.’ 

4. JO 4: Combine two sentences which have the same communicative act (t1 = t2) 
and the same verb (v1 = v2) by making a proper subject (s3). The result is ‘s3 t1 
v1’ where s3 is the subject which includes s1 and s2. 

5. JO 5: Combine two sentences which have the same subject (s1 = s2) and different 
verbs but can be replaced by a verb v3 which includes the meaning of v1 and v2. 
The result is ‘s1 t1 t2 v3.’ 

Table 1~3 show the examples of combining two SSs with those rules. Since the 
sentences are translated from the Korean, some sentences might not be matched ex-
actly with JOs in English. 

Table 1. Combining two statements 

Sentence 1 Sentence 2 JO 
Result Sentence 

You go to [aLocation]. He goes to [aLocation]. JO 1 
You go to [dLocation] and he go to [dLocation]. 

You like [something1]. You hate [something2]. JO 2 
You like [something1] and hate [something2]. 

You leave [dLocation]. You leave at [dTime]. JO 3 
You leave [dLocation] at [dTime]. 

He is going to [aLocation]. She is going to [aLocation]. JO 4 
They are going to [aLocation]. 

You leave [dLocation]. You are going to [aLocation]. JO 5 
You are traveling from [dLocation] to [aLocation]. 
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Table 2. Combining a statement and a question 

Sentence 1 Sentence 2 JO 
Result Sentence 

You go to [aLocation]. Where does he go? JO 1 
You go to [dLocation] and where does he go? 

You like [something1]. What do you hate? JO 2 
You like [something1] and hate what? 

You leave [dLocation]. What time do you leave? JO 3 
What time do you leave [dLocation]? 

JO 4 Incorrect sentence 
You leave [dLocation]. Where are you going? JO 5 

Where are you traveling from [dLocation] to? 

Table 3. Combining two questions 

Sentence 1 Sentence 2 JO 
Result Sentence 

Where do you go? Where does he go? JO 1 
Where do you go? And where does he go? 

What do you like? What do you hate? JO 2 
What do you like and hate? 

Where do you leave? What time do you leave? JO 3 
Where and what time do you leave? 

Where is he going to? Where is she going to? JO 4 
Where are they going to? 

Where do you leave? Where are you going to? JO 5 
Where are you traveling from and to? 

The SPT interpreter in Figure 1 derives a complex sentence from a SPT. The sen-
tence skeleton interpreter makes a skeleton of a complex sentence by combining sim-
ple sentences which appears at the leaf nodes. Then the domain knowledge inserter 
completes the complex sentence with domain-relevant knowledge, subjects and verbs 
corresponding to it. Figure 2 presents the procedure of interpreting a STP in the sen-
tence skeleton interpreter. [dLocation] and [dTime] represent slots where information 
about departure location and time can be filled into.  

 
Fig. 2. A procedure of interpreting a STP 
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The STP in Figure 2 (a) becomes a complex sentence using JO 3 and 4. At first by 
using JO 4, two SSs, ‘You leave at [dTime]’ and ‘I leave at [dTime],’ are combined 
to form one complex sentence, ‘We leave at [dTime].’ JO 3 will combine this sen-
tence and ‘We leave [dLocation],’ finally deriving a complex sentence like: ‘We 
leave [dLocation] at [dTime].’ 

 

Fig. 3. Crossover operation 

3.2   Crossover and Mutation 

A variety of sentences can appear from SPTs when genetic programming is applied. 
Figure 3 and 4 show an idea of how crossover and mutation operations are executed 
in SPTs. Figure 3 (a) and (b) show two SPTs before crossover operation and the 
shaded nodes are nodes that are going to be changed by crossover operation. Figure 3 
(c) and (d) show the resulting SPTs after crossover. As Figure 3 shows, two complex 
sen-tences, ‘You are going to [aLocation] and you leave [dLocation] at [dTime]’ and 
‘You leave at [dTime] and arrive at [aTime] by [tGrade]’ are changed to ‘You are 
going to [aLocation] and you leave at [dTime] and arrive at [aTime]’ and ‘You leave 
[dLoca-tion] at [dTime] by [tGrade].’ 

Figure 4 (a) and (c) show the same SPT with a different shaded node before muta-
tion, where the shaded nodes will be changed by mutation. Figure 4 (b) and (d) show 
the resulting SPTs after mutation. The upper example of Figure 4 illustrates the result 
of changing JO, and the lower one shows the result of changing CA. As shown 
above, the sentence ‘You leave [dLocation] at [dTime] and take the [tGrade]’ is 
changed to ‘You leave [dLocation] at [dTime] by [tGrade]’ by changing joint opera-
tor. The lower SPT is changed to be interpreted as ‘You leave [dLocation] at [dTime] 
and are going to [aLocation]’ by changing CA. With crossover and mutation opera-
tions, diverse SPTs might be generated to construct various sen-tences. 
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Fig. 4. Mutation operation 

4   The Travel Planning Agent 
This section introduces a travel planning agent implemented by the proposed method, 
and shows how the evolution of SPTs works. The travel planning agent makes some 
conversations with a user to automatically collect the user's required information 
needed to decide which train to search. 

When doing the same job, former "canned-script" systems tended to offer only 
simple and monotonous conversations, limited by their pool of available expressions 
and sentences. The presented system makes up a more dynamic and familiar conver-
sations by coming up with a variety of sentences and expressions created in real-time. 
Figure 5 shows the structure of the train planning agent. 

SPT Selector

Context 
Recognizer

SPT Module 5

SPT Interpreter
User Input 
Recognizer

...

SPT Module 0

SPT Module 1

User  
Fig. 5. Structure of the travel planning agent 
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The context recognizer chooses a SPT group most suitable for creating relevant 
queries by recognizing the amount of knowledge available. Then the SPT selector 
randomly chooses a SPT from the given group. Then the selected tree is translated 
into a sentence by the SPT interpreter, finally being delivered to the user. Lastly, 
when the user's response has been given, the user input recognizer acquires available 
knowledge from the response. When enough information is gathered to determine a 
specific train, the agent will show the corresponding trains. 

4.1   User Input Recognizer 

The user input recognizer accepts the user's response to the offered query, and ex-
tracts relevant information by applying pattern matching with templates: The agent 
performs a series of pattern matching with prepared templates to find the most similar 
template, and extracts relevant information from the template. For instance, when the 
user's response was “I am traveling from Seoul to Pusan,” the most similar template 
will be “I am traveling from [dLocation] to [aLocation].” and the agent will be able to 
extract the user's place of departure, Seoul and the destination, Pusan. 

4.2   Context Recognizer 

The context recognizer relies on the amount of information available, namely the 
following 6 kinds: the user's place of departure, destination, departing date, departing 
time, arriving time and the seat class, to select a proper SPT group which will be 
generating a query sentence. In this paper, SPTs are classified into 6 groups where 
each group represents the number of information the agent has. 

4.3   SPT Selector 

After the context recognizer chooses a SPT group to produce the query, the SPT 
selector selects a random SPT among the chosen group, and passes it to the SPT in-
terpreter. 

4.4   SPT Interpreter 

The SPT interpreter derives a query sentence from a SPT. Table 4 shows examples of 
SSs which are contained in the leaf nodes of a SPT. We stated above that leaf nodes 
of a SPT contain the corresponding SS. When there are no restrictions on choosing a 
SS to print, there are chances that a statement with unknown information tokens is 
chosen. Awkward query generations arise again when a tree contains statements and 
questions together, which refers to the same kind of information. In this paper, this 
problem is solved by only indicating the kind of information involved in each sen-
tence in the corresponding leaf nodes. The agent will automatically select a proper 
type of sentence (statement/question) by considering the agent knows the relevant 
information or not. 

4.5   Interactive Evolution 

SPTs are grouped by the criteria stated in Section 4.1. Each SPT group shows all 
available information of agent to the evaluator, and the evaluator will give fitness 
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scores (between 0 and 10) to each of the query that the SPTs generated. The fitness is 
evaluated according to the natural of the queries. Then the evaluated trees evolve to 
their next generation. Finally, the system converges into the preference of the evalua-
tor. 

Table 4. SSs used by a travel planning agent 

User Information Simple Sentence 
Statement Where do you leave? Departure 

Location Question You leave [dLocation]. 
Statement Where are you going? Arrival 

Location Question You are going to [aLocation]. 
Statement When do you leave? Departure 

Date Question You are leave on [Date]. 
Statement What time do you leave? Departure 

Time Question You leave at [dTime]. 
Statement What time do you want to arrive? Arrival 

Time Question You arrive at [aTime]. 
Statement What kinds of seat do you want? Seat 

Grade Question You take [tGrade]. 

5   Experimental Results 
Ten subjects iteratively interact with the system in 90 generations. Crossover rate and 
mutation rate are set as 0.6 and 0.2, respectively. Each generation, the subjects evalu-
ate the fitness of all individuals. It needs much effort, so we set the population size as 
20. 

 
Fig. 6. Score distribution through evolution 

Figure 6 represents the changes of average score as generation grows. GP n means 
the fitness of STPs for information type n in figure 5. We limit the generation until 90 
steps because more steps are the cause of overfitting and decreasing the diversity. 

In the result, the score increases rapidly during the first 10 generations and de-
creases contrarily between the 10th and 20th generations and increases continuously 
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after the 20th generation. This trend is occurred because the subjects felt at first steps 
of evolution that the unbalanced sentences change to more naturally, so they evaluate 
relatively high. And they felt in the middle that the changes do not get at the point of 
their expectation comparing with the first steps, so they evaluate low. 

 
Generation 0: You leave Seoul on October the 10th and what time do you want to ar-

rive? And what time do you leave? And you are going to Pusan. 
Generation 30: What kinds of train do you want to take and what time do you want to 

leave? And you leave Seoul and leave on October the 10th. 
Generation 60: What time do you leave Seoul? And you are going to Pusan. 
Generation 90: What time do you leave for traveling from Seoul to Pusan? 

Fig. 7. Sentences obtained by the system 

Figure 7 shows the sentences obtained by the system, especially on the case of the 
third SPT while the system collects information on the departure location, the arrival 
location, and the departure data. As shown in Figure 7, the sentence in the initial 
stage was a little disorderly and complex while the sentence obtained through evolu-
tion became refined. 

6   Conclusion 

We have presented the evolutionary method for natural language generation which 
uses interactive genetic programming and sentence plan tree. It generates sentences in 
the interaction with humans and increases the reality and flexibility of a dialogue 
system. Contrary to our previous method which needs much time and effort for the 
developer to design the system, the proposed method could construct it with several 
templates. And the evolutionary method adapts itself to various domains or users. The 
experiment shows the possibility of user adaptive system. 

As the future work, we will expand the join operators to generate further diverse 
sentences and apply some methods for easy evaluation and on-line evolution to im-
prove the usefulness of the system. 
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