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Abstract—This paper briefly describes current development of a
life-like Indonesian conversational agent using machine learning
techniques. The key toward believable life-like agent is incorpo-
rating emotions into an intelligent agent. In order to do that, our
text-based conversational agents need to classify text input given
by human user and respondemotionally correct.

However using available tools such as NB, MaxEnt and SVM,
our experiments for emotion-related text classification showed
accuracies below 60% which suggest the need of deeper investi-
gations on how to increase this accuracy. Regarding incorporating
emotions into an agent, some researchers have proposed to extend
rational agent’s BDI architecture. The experimental results are
promising and encourage us to explore further.

Index Terms—Life-like NPC, Conversational Agent, Emotion,
BDI

I. I NTRODUCTION

Conversational agents exploit natural language technologies
to engage users in text-based information-seeking and task-
oriented dialogs for a broad range of applications, including
virtual sales personain business applications [1], virtual tutor
in learning environment [2], virtual communication partners in
therapy [3], tour-guide agent [4] and Non Player Characters
(NPC) in game [5].

In Natural Language Processing (NLP) field, many research
have been conducted. English as international language now
already has some powerful NLP tools, such as WordNet
an electronic lexical database, is considered to be the most
important resource available to researchers in computational
linguistics [6], ConceptNet [7] and Natural Language Toolkit
(NLTK) [8]. In [9], ConceptNet is deployed to understand
casual conversation in English.

ConceptNet is a freely available commonsense knowledge
base and natural-language-processing tool-kit which supports
many practical textual-reasoning tasks over real-world doc-
uments including topic-gisting, analogy-making, and other
context oriented inferences. The knowledge base is a semantic
network presently consisting of over 1.6 million assertions of
commonsense knowledge encompassing the spatial, physical,
social, temporal, and psychological aspects of everyday life.

While NLTK is a suite of open source program modules, tuto-
rials and problem sets, providing ready-to-use computational
linguistics coursework.

On the other hand, Indonesia is a country with number of
population ranks 4th [10] in the world with over 240 millions
of people and most of them speak Indonesian. Indonesian
language (Bahasa Indonesia) combined with Malay is one of
most widely spoken languages in the world. [11] showed a
number of research activities conducted in Universitas Indone-
sia, including basic natural language processing resources and
tools in Indonesian such as Indonesian stemming. However,
availability of powerful tool in Indonesian to develop advanced
NLP applications such as life-like conversational agents is
none.

There are also several foreseeable developments for NPCs.
The main effort in designing NPCs is to make themlife-
like or believablecharacters [12]. Life-likeness is intended
to provide the human players or users with the illusion of
life, and similarly, believability should allow human players
to suspend their disbelief. Hence, life-like characters are to
communicate like real people and be able to engage naturally
in conversation with humans.

II. OBJECTIVE

In this research, we will develop a life-like conversational
agent which has knowledge-base generated from bulky un-
structured (free) text, gathered from text-mining. The agent
will have restricted domain knowledge-base utilized to respond
to user’s text query in question-answer dialogue style. To
create life-likeness of the agent, we will extend rational agent’s
BDI model to emotional agent and use it as a base model.

III. PREVIOUS WORKS

Knowledge Base (KB) of a conversational agent can be
built manually by human operator (handcrafted by knowledge
engineer) or automatically generated. Today with abundant
resources of Internet text documents (web) as resource for
knowledge, the latter approach is preferable. The advantages



Fig. 1. Diagram block of previous work of conversational agent.

of this approach over the knowledge engineering approach are
a very good effectiveness, considerable savings in terms of
expert manpower, and straightforward portability to different
domains.

For example, one user wants to know about ”Bali” and
exotic places where he/she can visit. User launches an agent
application (tour-guide agent). User will type into query dialog
provided by agent, only one word ”Bali”. Using keyword
spotting technique and domain ontology, agent will mine the
web and extract relevant informations, update its KB and
answer the question. Similar technique has been proposed
by [13] which concentrate on the question ”who” (person
definitions) instead of ”where” or ”what” (concept definitions).

We have already developed a prototype for a knowledge-based
conversational agent in [14] and [4], which concentrate on
question ”where” and ”what”. In [14], KB is generated from
Indonesian free text, hence it is easier for human operator to
enrich KB of the agent using narrative text.

As a further development, in enriching its knowledge-base,
agent employs supervised machine learning method to classify
text. Using Naı̈ve Bayes (NB) classifier and Bag of Words
(BoW) approach, agent is able to classify bulky unstructured
text into separate domains.

Figure 1 depicts block diagram of the agent. User inputs
question in text form. Question is then processed using ”tok-
enization and stemming” to produce phrases. Each phrase will
be analyzed its semantic and matched against KB. Matching
answers will be used as candidates for sentence manipulation
using phrases derived from user’s question. KB will be updated
automatically by text-mining techniques using automated cat-
egorization.

In the research community the dominant approach to auto-
mated categorization (or classification) of texts into predefined
categories is based on machine learning techniques: a general
inductive process automatically builds a classifier by learning,
from a set of pre-classified documents, the characteristicsof
the categories [15]. One of the probabilistic classifiers isNB
classifier, and account for most of the probabilistic approaches
to text classification in the literature. Other machine learning
techniques which we used are Maximum Entropy (MaxEnt)
and Support Vector Machine (SVM).

ML Technique Accuracy (%)
Multinomial NB 73.00
MaxEnt 75.96
SVM 72.78

TABLE I
RESULTS OFTEXT CLASSIFICATION

For topic classification, we collected data set contains full-
text articles from CHIP1, monthly Indonesian computer mag-
azine. Originally they came in PDF format and we manually
extracted only the text. These document collections then were
divided manually into 5 (five) classes:games, hardware,
software, news and tips-tricks, with each class
consisted of more than 1.000 text documents. Table I shows
the accuracy of each text classification method, with split
ratio equals to 50:50. Experimental tools were Mallet [16] for
multinomial NB and MaxEnt techniques, RapidMiner/YALE
[17] LibSVM for SVM technique using C-SVC type RBF
kernel, parameter C=0 andγ=1.

For conversational agents to be successful is to design them
as social actors [18] for example by displaying human-like
social cues such as affect and gestures. To do that, text-based
conversational agents need to classify text input given by
human user and respond to itemotionallycorrect.

IV. CURRENT DEVELOPMENTS

In Human Emotion Recognition (HER), the data gathered
to recognize human emotion is often analogous to the cues
that humans use to perceive emotions in others. Hence, HER
is multi-modal in nature, and includes textual, visual and
acoustic features. In this research, we focus our investigation to
textual information, that is, we consider a successful text-based
conversational agent (NPCs) should be able to recognize,
interpret and process human emotions conveyed by text.

We use ISEAR (International Survey on Emotion Antecedents
and Reactions) dataset in our experiments. ISEAR consists
of 7,666 sentences and snippets in which 1096 participants
from fields of psychology, social sciences, languages, fine arts,
law, natural sciences, engineering and medical in 16 countries
across five continents completed a questionnaire about the
experiences and reactions to 7 (seven) emotions in everyday
life including joy, fear, anger, sadness, disgust, shame, and
guilt. Table II shows examples of text and related emotional
response, taken from ISEAR dataset.

A. Emotion-related Text Classification

Using the same ML techniques, we conducted experiments for
ISEAR dataset, which consists of 7 (seven) classes of emotion-
related text. In pre-processing step, we manually eliminated
some of incomplete entries such as ”[No response]” lines, from
the dataset. Each class contains more than 1.000 text files.
However unlike previous experimental works using articles

1http://www.chip.co.id/



Text Emotion Classification
Passing an exam I did not expect to pass joy
When I was involved in a traffic accident fear
When a car is overtaking another and I am forced to drive off the road anger
Failing an examination sadness
When I nearly walked on a blind worm and then saw it crawl away disgust
When, as an adult I have been caught lying or behaving badly shame
I do not help out enough at home guilt

TABLE II
EXAMPLES OF TEXT CLASSIFICATION BASED ON EMOTION

ML Technique Accuracy (%)
Multinomial NB 53.81
MaxEnt 55.60
SVM 52.07

TABLE III
RESULTS OF EMOTION-RELATED TEXT CLASSIFICATION

from magazine i.e. CHIP, which each text file is composed
of many sentences, each emotion-related text file usually is
composed of one sentence only. This is acceptable, due to
an argument that it is not very meaningful to assign a single
class of emotion to a document having many words [19], even
having many sentences.

Table III shows the result of the experiments, using split ratio
50:50 and the same parameters as previous one. Accuracies
for ISEAR dataset shown in Table III are lower than the
accuracies of CHIP dataset shown in Table I. The cause of
poorer performance on emotion-related text classificationtask
is left for our near future investigations. Currently, we are more
interested in using the results for creating emotional response
and incorporate them into our proposed model for life-like
conversational agents.

B. Study of BDI Agent

The Belief-Desire-Intention (BDI) model is a model developed
for programming intelligent agents. Its main characteristics is
the implementation of an agent’s beliefs, desires, intentions
and uses these concepts to solve a particular problem in
agent programming. Essentially, it provides a mechanism for
separating the activity of selecting a plan (from a plan library)
from the execution of currently active plans. Consequently,
BDI agents are able to balance the time spent on deliberating
about plans (choosing what to do) and executing those plans
(doing it).

The underlying philosophy of the BDI model is based upon
folk psychology. The BDI model of human practical reasoning
was developed by Michael Bratman as a way of explaining
future-directed intention. This describes the way people think,
closely with how people ordinarily explain their reasoning, as
opposed to an objective view of how the brain actually works.
This model represents an abstraction of human deliberation
based on a theory of rational actions in the human thinking
process.

There is an attempt to extend rational agent’s BDI model

Fig. 2. Diagram block of emotional agent based on rough set.

to handle emotions [20]. Figure 2 shows his proposed ar-
chitecture for an emotional agent based on BDI and the
rough set theory [21]. The most important element of this
architecture is rational belief of emotional agent. The belief
of emotional agent usually can be regarded as the rational
knowledge base. Emotional knowledge base stores the facts
relevant with emotion, which are expressed with one order
logic, while the facts irrelevant with emotion are expressed
with rational belief.

The function of rational reasoning machine is consistent with
that of traditional BDI model. It implements intention reason-
ing according to belief, desire and plan, implements rational
logical reasoning irrelevant with emotional reasoning such as
the logic reasoning for one order predicate.

Emotional reasoning machine based on rough set is used to
dealing with the logic reasoning relevant with emotion. In
his proposed architecture, emotional reasoning is built onthe
rational reasoning, but there is a difference between them.In
the structure of emotional agent, rational reasoning machine
determines current intention and action according to belief,
plan and goal, while emotional reasoning machine based
on rough set theory implements emotion reasoning utilizing
emotional knowledge base according to the status of agent’s
desire, plan, belief and current intention.

Agent has initial desire and plan for goal to arrive. When the



surrounding environment has changed and after it influences
agent’s belief, rational reasoning machine implements some
intentions by logical reasoning. Emotional reasoning is based
on rough set according to belief, desire, plan and realized
intention. At the same time, emotional knowledge also can
be the premise of rational reasoning. Ration and emotion
coexist in this architecture, dependent and different, which can
effectively implement the emotional expression and reasoning.

He also proposed vector space to model the emotions and
representation of discrete intensity of emotions. Unlike our
previous experiments which use 7 (seven) classes of emotion,
Hu used 5 (five) classes consist ofanger, afraid, happy, sad
anddislike.

Another attempt by [22] introduced primary and secondary
emotion into BDI architecture and proposed a generic archi-
tecture for an emotional agent, EBDI (Emotion-Belief-Desire-
Intention), which can merge various emotion theories with an
agent’s reasoning process. Their experiment used 3 (three)
agents in the Tileworld environment simulated in NetLogo
[23]: a truth telling agent always tells the truth, a selfish lying
BDI agent always lies to others so as to increase its chances
of getting all the tiles into the holes and an EBDI agent.
Result showed that EBDI agent gains better performance in
each cycle and after a very long run, ends up with the highest
score.

We are interested in extending BDI architecture in the near
future, mainly because it has strong philosophical roots, ele-
gant logical formalisms, and widely used software implemen-
tations, such as JACK [24], JADEX [25], [26] and Jason [27].

V. CONCLUSION AND FUTURE PLAN

To achieve life-likeness of an Indonesian conversational agent,
we need to incorporate emotions into an agent. In order to do
that, our text-based conversational agents need to classify text
input given by human user and respondemotionallycorrect.
This is a text classification (TC) task. However using available
tools such as NB, MaxEnt and SVM, showed accuracy below
60% which needs our further investigation on how to increase
this accuracy.

There are 3 (three) issues that have to be addressed in
incorporating emotions, i.e. how to represent emotions, how
emotions affect the decision making process and how to update
the state of emotions. These three issues in our study have
been approached by some researchers using BDI architecture
although differently, essentially by extending its architecture.
We are interested also in extending BDI architecture in the
near future.
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