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Abstract

This paper presents a novel Intelligent Tutoring System (ITS). The goal of our virtual tutor is to mimic like a human tutor
in order to advance the communication and effectiveness of the students learning experience. Towards these goals we
designed a Conversational Intelligent Tutoring System (CITS) with multimodal behavior, emotive speech and friendliness.
Moreover to improve the student’s interaction and to engage their attention, our virtual tutor attempts to ask questions
from their thought lesson and assists the students during learning activities. A statistical Friedman analysis was conducted
and the results revealed that, our intelligent virtual tutoring system can able to successfully recognize student’s behavior
and respond according to it. And also participants were asked later to rate the teaching and learning environment of our

intelligent system, the review shows that they feel lively.
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1. Introduction

From the last decade intelligent agents are widely in
implementing Intelligent Tutoring Systems (ITS). ITS
provides individualized content delivery to the students
by adding artificial intelligence to improve the effec-
tiveness of a learners experience!. Due to the emerging
technology in computer vision, speech, and virtual agent
behavior provides effective transform interaction with
the computer based virtual agents and also Embedding
an affect recognition component in an intelligent tutor-
ing system will enhance its ability to provide necessary
guidance, and make the tutoring sessions more effective
and interactive. ITS can able to provide students with the
effectiveness of class room teachers in several ways such
as positive, individualized and powerful learning experi-
ence for the students. Moreover, research evidence argues
that humans interact with computers in such a way simi-
lar to the human-human interactions*?. ITS has have
been applied to wide range of practical applications such

*Author for correspondence

as technical training for military recruits, high school
mathematics etc.

The important key factor considered for the succes-
sive development of ITS is capable of recognizing stu-
dents Affective state and reacts accordingly. Despite ITS
are effective at supporting student’s needs, until now
only less researches have been made to promote student’s
motivation, engagement and interest. Without consider-
ing these key factors the ITS will have serious limitation
in its efficiency to solve this problem virtual tutor should
imitate like human tutor (i.e., be believable and accept-
able through appearance, behavior and verbal param-
eters). The study benefits of ITSs have also been tracked
to specific instructional design principles, such as mini-
mizing cognitive load and using immediate feedback®*. In
short, research on ITS has focused on determining how
to behave with students as well as how to communicate
with students.

Although progress has been made toward the design
on more ITSs>® current models are still lacking in terms
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emotive speech and cognitive behavior model. Human
communications consist of more than just words. Henry,
et al.” statically reported that words deliver only 7% of
speakers emotional state. Whereas speech signal can
deliver 38% of emotional state and other factors such as
gesture and facial expressions can express 55% of emo-
tional state. Therefore the virtual tutor must be capable of
delivering emotive speech content also. However, research
in emotive speech regards virtual agent is rare. In behav-
ioral side, most of the designed ITSs follow user defined
behavior model. The user defined model contains the col-
lection of virtual behavior model regards students affec-
tive state and behavior, user defined behavior modeling
works well in a constrained environment and its lacks in
reality behavior and it can't able to perform when excep-
tional cases occurs such as, when new action/behavior
found in student which is not encoded by user behavior
model . Whereas cognitive behavior modeling works on
binding various stimuli, past action which allows virtual
tutors to find most appropriate behavior model.

The goal behind in designing of our virtual tutor is to
friendly and assistive, in order to maintain friendliness
our virtual tutor express only happy, surprise, disgust and
sad behavior (i.e., facial expression, gesture and emotive
speech) at various levels to express his happy and disap-
pointment corresponding to student action. During adap-
tive questionnaire section the virtual tutor enables students
to practice their learned skills by asking questions regard-
ing content delivered during tutoring and if the student
struggles to answer or wrongly answer, the virtual tutor
provides some clues regards answer to maintain assistive.

To summarize, this paper examines the various syn-
thesized verbal and nonverbal behavior of the virtual
tutor corresponding to various affect states of students
from Annamalai University.

Section 2 briefly describes related research work car-
ried out. Section 3 explains the methods involved in
designing virtual tutoring agent. Section 4 contains
experimental result and discussion of our work. Section
5 is a conclusion section.

2. Related Research Work

Recently, number of studies in multimodal affects recogni-
tion such as combined face, body and speech information
are available'*1°. In out method, we used multi modal fea-
tures for affective state recognition in order to predict the
affective state of the student more exactly. Pantic, et al.'4
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furnished multimodal approach for the recognition of var-
ious emotions that integrates the information from facial
expressions, body gestures and speech. They showed a rec-
ognition improvement of more than ten percent compared
to the most successful unimodal system and the influence
of feature-level fusion against decision level fusion.

Human tutor have been expressing various affective
state due to their ability to provide students with men-
toring getting appropriate feedback, and the interac-
tive manner in which they direct the student towards a
solving a problem. This following action performed by
the human tutor keeps the student to be engaged during
tutoring. Wolcott, et al.!” encoded the same information
in which virtual tutor’s nonverbal behavior such as eye
contact, facial expressions and body gesture correspond-
ing the affective states of students, which points out the
degree of success in the instructional transaction.

Rickel, et al.!® developed a half-body virtual tutor
named Steve, to teach the students with complex appli-
ances such as High Pressure Air Compressor, etc. The
learner interact with the Steve through natural language,
Steve could understand some small set of preprogramed
questionnaires. In responding to the learners affective
state Steve can able to show few facial expressions, simple
gestures, and moved by floating rather than walking.

Mello and Graesser??, implemented fully automated
affective state, speech-based intelligent tutoring system.
The affective tutor can able to detect student’s boredom,
confusion and frustration by recognizing learner’s affec-
tive cues from facial features and body gestures. The tutor
responds to the learner’s query through synthesized speech
with corresponding facial expressions. However, noticing
the affective dynamics for the students while listening the
tutor over time**>, postulated that particular affective
state are likely to be occur than any other state*4. Towards
justification, exploration and conformation above theory
affective system had postulated what are the affective states
responsible for positive learning and what are the affective
states responsible for poor learning!®!1:12. Learners can
able to experience positive learning outcomes when they
are actively engaged in learning activity?*. Therefore the
amount of time user spends with the virtual agent cam be
increased by manipulating the agent’s behavior?>. Research
works!®2l uncovers that the communicative interface,
appearance and behavior of the virtual agent have more
impact on learning activity, if the new interface lacks in
original training condition (i.e., similar to human tutor) it
leads to have negative affect?? for the learners.
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Improved positive affect have been proved to be have
more several benefits on students learning process. Posi-
tive affect encourage the greater flexibility and openness
to the students in exploring new ideas and possibilities®.
Positive affect will also lead to improve the interest?’,
which in turn leads to the greater long time engage-
ment towards the virtual tutor?. Badaracco, et al.? had
designed an intelligent tutoring system based on compe-
tency education in which the analyzing process evaluate,
renovate and stores the information in students model,
which is achieved by student during learning process. The
quality of ITS depends on the amount and accuracy of the
information available in the student module which acts as
an test tool for evaluating ITS

3. Method

In this paper, we used multimodal features: facial expres-
sion, hand gesture and speech, for affect state recogni-

tion. After extraction of features from various modalities,
features are fused and recognized using fuzzy classifier,
depending on the recognized affective states, virtual tutor
performs various behaviors. Cognitive behavior model-
ling is used for finding out the appropriate behavior with
respect to recognized affective state.

3.1 Feature Extraction

3.1.1 Facial Feature Extraction

In our method we use Active Appearance Model
(AAM) for facial feature extraction, by investigating lit-
erature!®30-32 AAM seems to have more advantage in

. Speech to

expression recognition task. AAMs consist of two pro-
cesses. The first one is modelling part, which consist of
parametric shape and appearance model represented as
low dimensional feature points followed by fitting pro-
cess, which fits the AAM with new face image. In our
proposed fitting scheme temporal matching constraint
is used, the temporal matching enforces an inter-frame
local appearance constraint between frames to avoid mis-
matched points. To make AAM more stable for cluttered
backgrounds color based face segmentation as a soft con-
straint. We calculated raw distance across various 86 facial
feature points. For example, distance between mouth cor-
ner, upper and lower eye lid, eye brows, etc., were mea-
sured. The distance among those facial feature points in
each frame are calculated and assigned as features. In our
AAM, processing for one face scan takes average 39 ms,
i.e., about 25 fps.

3.1.2 Hand Pose and Orientation Estimation

We employ the Camshift technique®? for tracking hand
and bounding rectangle for predicting the pose and ori-
entation of the hand in succeeding frames as shown in
Figure Orientation helps in differentiating various poses
ofhand. The Camshift algorithm returns height, width and
orientation of the bounding rectangle of the hand. Using
this statistics we can able to analyses the pose of the hand
(i.e. The rectangle having width greater than height rep-
resents horizontal pose and rectangle having width lower
than height represents vertical pose). After determining
the pose of the hand it is easy to find the position of the
fingers. In our method four types of finger position are
estimated: right, left, up and down. Finally by analyzing
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Figure 1. System frame work for Intelligent Tutoring System.
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the orientation and pose of the hands and fingers, we can
able to classify the hand movements (e.g., arms raised up,
arms crossed, hand touching the face, etc.).

3.1.3 Speech Features

From the literature study®*3°, prosody continuous speech
features contributes more information in recognizing the
affective state of the human. Since our experiment is a real
time and evidence is complex and mixed regards speech
features, in order to avoid more complexity, we extracted
only continuous speech (i.e., fundamental frequency,
pitch, formant and energy) and speech qualitative fea-
tures (i.e., voice level, phoneme).

3.2 Classification

In accord with the literature3®37, Subtractive Fuzzy Rule
Clustering System (SFCM) is used to determine the ini-
tial rules for fuzzy inference system. Then, an Adaptive
Neuro-Fuzzy Inference System (ANFIS) was applied for
adjusting inference parameters obtained from SFCM.
ANFIS has proved its ability as an effective classifier in
the movement classification area’.

In our method after performing the initial rules for
each subject, the extracted features from the multimodal
feature set were added as input to SFCM inference sys-
tem for training and testing. Then ANFIS is applied for
adjusting obtained SFCM inference parameters because
of elevated training rate and toughness of this pooled
approach. The obtained inference system is efficient for
judging the affective state of the student. The above
training procedure is applied continuously with classifier
updating. In order to manage excessive classified output
regarding continuous segmentation, majority voting is
applied as a post processing technique. In out method
majority voting includes past and current decisions for a
given point to from a new decision.

3.3 Emotive Speech Synthesis

In this paper two software platforms are used in this pro-
cess FESTIVAL-MBROLA for emotive speech synthesis.
We used diphone (two-phone combination) synthesizer
with a rule based prosody modification approach for
emotive speech synthesize. Our method consists of three
main blocks: a Natural Language Processing (NLP) unit
followed by Emotional Transfer (ET) unit and Digital Sig-
nal Processing (DSP) unit. The NLP unit converts ortho-
graphical text into proper phonetic form by analyzing
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text and predicting prosodic information’s, the ET unit
will perform various prosody modifications correspond-
ing to emotions and DSP unit takes modified prosody and
phonetic transcription as input and transfer them into a

speech signal.
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Framework of emotive speech synthesis using
diphone synthesizer.
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Figure 3. Examples of happy and sad emotive speech

regards when the virtual tutor says “This is my environment”.

The frame work of our emotive speech synthesizing
block is shown in Figure 2. Using Festival®®, open source
speech processing software will analyses the input text
and predicts neutral prosody for the corresponding
text. The outputs of Festival are written in PHO file for-
mat, which consists of list of phonemes and their associ-
ated prosodic parameters. In PHO format each phoneme
and its associated prosodic information are represented
in single line.
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The ET unit has a set of pre-defined rules and stan-
dards in its database, which defines prosody transitions
and voice quality corresponding to variable emotions
(e.g., for getting sad voice, neutral prosody features are
transformed to low values and jitter period are reduced).
Output from the ET (i.e., new prosody features with
new voice quality information’s) are composed in a new
PHO file. Finally the PHO file contains emotion-descrip-
tion information’s. MBROLA%, a free-non-commercial
diphone synthesizer tool for emotive speech generation.
MBROLA reads the phonemes with their prosodic infor-
mation available in new PHO file and produces speech
samples on 16 bits (linear) at the sampling frequency of
diphone database. As shown in Figure 3, the prosody of
the synthetic speech is quite different from the original
speech which is neutral.

3.4 Speech to Text

In order to recognize the word spoken by the student,
Microsoft speech sdk 5.14° is used to convert speech to
text. Microsoft speech sdk 5.1 is open source win32 API
available for speech to text conversion. The converted
text is passed to the text analyzer, the text analyzer will
checks the available text is a right answer or not with
respect to the question asked by the virtual tutor, which
is briefly discussed in Section 4.

3.5 Cognitive Expressive Behavior
Modeling

In order to make the behavior of the virtual tutor
to be more realism and believability in the environment,
we use cognitive concepts to model virtual tutor based on
reasoning. The virtual tutor represents its beliefs, inten-
tion, knowledge and desire in modular data model and
performs explicit handling on those models to carryout
behaviour planning (e.g., walking, folding hands, etc.).
Based on its own beliefs and intention, from the students
affective state, the virtual tutor can able to understand the
needs and intention of the student. Our cognitive virtual
tutor design is based on three principles:

o Beliefs are assigned to be in mutually uniform.

e Virtual tutor plans a behavioural action only while it

beliefs the action is possible.

e Virtual tutor need not plan something that

e Won't happen anyway.

To accomplish this, the virtual tutor architecture should
be combined with current stimuli, existing behavioral
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model stored in its memory representing a variety of
information, mutual information, past experience, needs
and knowledge of the world.

After finding the behaviour of the virtual tutor with
respect to student affective state, a decision has to be
made for how much extent should the virtual tutor per-
form its action? Hartmann, et al.*! proposed a technique
to control the behavior of the virtual agent based six
parameters: Overall Activation, Spatial Extent, Temporal
Extent, Fluidity, Power and repetivity. In our system as
proposed by*?, we consider only four parameters: Spa-
tial Extent, Temporal Extent, Fluidity and Power which
is enough to control the overall behavior of the virtual
tutor.

3.5.1 Spatial Extent

This controls the fullness of the gestures to be performed
by the virtual tutor. This parameter values ranges in-
between [-1, 1], where -1 represents small and narrow
movements, while 1 represents large and wide move-
ments. Spatial extent corresponding to zero resumes
the virtual agent back to its initial state (i.e., without any
gesture activity). The value of this parameter depends on
strength of the affective state observed from the student
behavior.

3.5.2 Temporal Extent/Speech and Visual
Synchronization

Starting from synchronicity constraint on the end of
the gesture stroke to coincide with the stressed affiliate
in speech for speech and visual synchronization. This
parameter determines the overall persistence of the ges-
tures and responsible for speed of the entire gesture to
be performed with respect to the speech time. Its value
ranges from [-1, 1], where-1 represents gestures should
be performed in slow manner; while 1 represents gestures
should be performed in faster manner. Temporal extent
corresponding to zero, the behavior the virtual tutor is
generated without any gestural control.

3.5.3 Fluidity

This control maintains the smoothness and continuity
between various gestures. This can be done through by
varying the continuity parameter of Kochanek-Bartels
splines*?. This parameter value ranges from [-1, 1], where
the higher value of this parameter reduce the pause and
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guarantees the continuity, while lower value produces dis-
continuity between various gestures. Therefore in order
to avoid discontinuity between various gestures, the value
of the fluidity is maintained high. Fluidity is equal to zero
when there is no gesture to perform.

3.5.4 Power

This determines the movement of the gesture to be
appeared as stronger or weaker. Stronger movements are
expected to have higher acceleration and deceleration
magnitudes. This can be done through by varying the
tension and bias parameter of Kochanek-Bartels splines.
Tension parameter is used for reduce the stroke phase and
bias parameter is used to generate undershoot at the end
of stroke. Figure 4 shows various behavior of the virtual
tutoring agent.

4. Results and Discussion
Experiment |

In this experiment, we used simple facial expression
(Boredom, Fear, Confused, Engaged, Happy and Neu-
tral). For this study, 36 new participants were recruited.
In terms of gender distribution 60% were male and 40%
were female. The tutorial delivered by our virtual tutor
contains basic image processing techniques. The length of
the tutorial carries 15 min. Each student is allowed to take
test alone in a specially designed room, in which the cam-
era is hidden in bookcase. It is well know that students
experience more freely when they feel that they haven’t
observed. During the tutoring, the participant’s emotions
are recorded.

Our experiment contains two sections: listening sec-
tion and questionnaire section. In listening section virtual
tutor presents the tutorial and students observe only the
tutorial presented by the virtual agent and in this case there
will be no speech signal available from students therefore
null value is set for speech features (i.e., affective state
of the students is recognized from facial and hand ges-
ture modality). During questionnaire section the virtual
tutor tries to asks question from the tutored subject and
in this case student speech signal is measured (i.e., affec-
tive state of the students is recognized from facial, hand
gesture and speech signal) in addition answer replied by
the student regarding the question are also analyzed and
if the answer was wrong the virtual provide some clues for
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the corresponding question, in order to build the student
interaction more effective.

4.1 Listening Section

Table 1 shows the mean, and standard deviation regard-
ing Boredom, confused, fear, engaged, happy and neutral
of the participants while listening the 15 min virtual tutor.
From the Table 1 it is clear that most of the students expe-
rience happy emotion while listening virtual tutor. The
student expressed various emotions while listening the
tutor but expression happy occurs to be more compared
to other expressions.

RREX

Figure 4. Examples of various behavior expressed by the

virtual tutor.

4.2 Behaviour and Speech Verification

Figure 4 represents some of the behavior of our virtual
tutoring agent. In order to investigate the impact of vari-
ous facial expressions, gesture and emotive speech syn-
thesis performed by the virtual tutor, statistical analysis
was performed using Friedman test. The Friedman test is
a non- parametric test used to compare dependent sam-
ples that are repeated on same subjects.

Friedman test is conducted separately for facial expres-
sion, gesture and emotive speech. Each Friedman test is
aimed to investigate whether there is a significant differ-
ence in the facial expression, gesture and emotive speech
performed by the virtual tutor. In order to test facial
expression, gesture, and emotive speech: virtual tutor with
neutral facial expression (i.e., with no facial expression) as
baseline against modulated facial expression, virtual tutor
with neutral gesture (i.e., with no gesture) as baseline
against modulated gesture and for emotive speech default
prosodic values from the file PHO (i.e., prosodic values
obtained from Festival) are compared with modified pro-
sodic values PHO new file (i.e., modulated prosodic val-
ues from emotional transfer unit).
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4.3 Overall Affect Transition
4.3.1 Case 1

When the student seems to be boredom and answering
wrong, the virtual tutor expressed disgust facial, gesture
and Speech expressions. The first test analyzed the dif-
ference in ratings of facial emotion between the state FO
and F2, the ratings of disgust is significantly greater than
the ratings of neutral facial expression (x? = 245.20; p =
0.0000001). The second test analyzed the difference in rat-
ings of gesture between the state GO and G2, the rating of
disgust is significantly greater than the rating of neutral
gesture (x? = 300.15; p = 0.0000002). The third test ana-
lyzed the difference in ratings of speech between the state
S0 and S2, the ratings of disgust is significantly greater that
the ratings of neutral speech (x? = 289.20; p = 0.00001).
Inference: When the student was boredom this means
he/she not listened the tutor fully, the tutor express stron-
ger disgust in order to express his strong disappointment.

4.3.2 Case?2

When the student seems to be confused and answering
Wrong, the virtual tutor expressed sad facial expression,
gesture and speech. The first test analysed the difference
in ratings of facial emotion between the state FO and F2,
the ratings of sad is significantly greater than the ratings
of neutral facial expression (x? = 228.44; p = 0.0000001).
The second test analyzed the difference in ratings of ges-
ture between the state GO and G2, the rating of sad is sig-
nificantly greater than the rating of neutral gesture (x* =
215.31; p = 0.0000002). The third test analyzed the differ-
ence in ratings of speech between the state SO and S2, the
ratings of sad is significantly greater that the ratings of
neutral speech (x? = 200.16; p = 0.0000001).

Inference: When the student was confused this
means he/she listened the tutor partially, the tutor
express medium sad in order to express his little much
disappointment.

4.3.3 Case 3

When the student seems to be fearful and answering
wrong, the virtual tutor expressed sad facial expression,
gesture and speech. The first test analyzed the difference
in ratings of facial emotion between the state FO and F2,
the ratings of sad is significantly greater than the ratings
of neutral facial expression (x* = 186.31; p = 0.0000001).
The second test analyzed the difference in ratings of
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gesture between the state GO and G2, the rating of sad is
significantly greater than the rating of neutral gesture (x?
=192.21; p = 0.0000002). The third test analyzed the dif-
ference in ratings of speech between the state SO and S2,
the ratings of sad is significantly greater that the ratings of
neutral speech(x? = 118.24; p = 0.0000002).

Inference: When the student was fear this means he/
she listened the tutor partially, the tutor express weaker
sad in order to express his disappointment.

4.3.4 Case4

When the student seems to be engaged and answering
correct, the virtual tutor expressed surprise facial expres-
sion, gesture and speech. The first test analysed the dif-
ference in ratings of facial emotion between the state FO
and F1, the ratings of surprise is significantly greater than
the ratings of neutral facial expression (x> = 218.14; p =
0.0000001). The second test analyzed the difference in
ratings of gesture between the state GO and G1, the rat-
ing of surprise is significantly greater than the rating of
neutral gesture (x? = 238.37; p = 0.0000001). The third
test analyzed the difference in ratings of speech between
the state SO and S1, the ratings of surprise is significantly
greater that the ratings of neutral speech (x? = 205.34; p
=0.0000001).

Inference: When the student was engaged, this means
he/she listened the tutor fully, the tutor express stronger
surprise in order to express his happiness.

4.3.5 Case 5

When the student seems to be happy answering correct,
the virtual tutor expressed happy facial expression, ges-
ture and Speech. The first test analyzed the difference in
ratings of facial emotion between the state FO and F1, the
ratings of happy is significantly greater than the ratings
of neutral facial expression (x? = 201.31; p = 0.0000002).
The second test analyzed the difference in ratings of ges-
ture between the state GO and GI, the rating of happy is
significantly greater than the rating of neutral gesture (x?
=195.19; p = 0.0000001). The third test analyzed the dif-
ference in ratings of speech between the state SO and S1,
the ratings of happy is significantly greater that the ratings
of neutral speech (x? = 212.51 p = 0.0000001).

Inference: When the student was happy, this means
he/she willing in interacting with tutor, therefore vir-
tual tutor express medium happy in order to express his
happiness.
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4.3.6 Case 6

When student seems to be neutral and answering cor-
rect, the virtual tutor expressed happy facial expression,
gesture and speech. The first test analysed the differ-
ence in ratings of facial emotion between the state FO
and F1, the ratings of happy is significantly greater than
the ratings of neutral facial expression (x> =190.42; p =
0.0000001). The second test analysed the difference in
ratings of gesture between the state GO and G1, the rat-
ing of happy is significantly greater than the rating of
neutral gesture (x> = 189.84; p = 0.0000001). The third
test analyzed the difference in ratings of speech between
the state SO and S1, the ratings of happy is significantly
greater that the ratings of neutral speech (x> = 166.10; p
=0.0000002).

Inference: When the student was neutral this means
he/she simply interact with tutor, the tutor express
medium happy in order to express his happiness.

Confusion Matrix for affect observation

BOR | CON | FE | ENG | HA N

Table 1.

BOR 1336 - - - - -

CON - 1498 - - - -

FE - - 1430 - - -

ENG - - - 1882 - -

HA - - - - {1900 -

N - - - - - 1789

BOR = Boredom CON = Confusion FE = Fear; ENG =
Engaged; HA = Happy; N = Neutral

5. Experiment Il

Later the participants were asked to report the experience
and usage of our interactive cognitive virtual tutoring
system. Of the maximum score of 10, from the Table 2
participants reported mean score of 7.58 and S.D 1.61 for
performance satisfaction, mean score of 7.61 and S.D 1.87
for friendliness of virtual tutor, mean score of 7.72 and
S.D 1.56 for content delivery during tutorial time is audi-
ble and understandable, mean score of 7.66 and S.D 1.76
for physical appearance, mean score of 8.14 and S.D 1.43
for assistance provided by our virtual tutoring system,
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mean score of 7.98 and S.D 1.49 for how much our virtual
tutor learns student intention.

6. Conclusion

This paper presents a cognitive intelligent virtual tutoring
system based on the student’s affective states. In addition,
based on the obtained results and the feedback ques-
tionnairess, it is well clear that our proposed virtual tutor
improves the functionality through cognitive behavior
modelling and interactive environment. Experiment 1
examined the transition states of various facial expres-
sion, gesture and speech behavior of our virtual tutor.
Experiment 2 examined the experience obtained by the
students. This feedback can be utilized to upgrade the
intelligent virtual tutoring system.

The students reported our virtual tutor experiences less
boredom and more engaged with the virtual tutor. Hence,
the students reason in liking virtual tutor is due to human
like interaction provided by our virtual tutor. Another
possible for liking virtual tutor will be educationally help-
ful. During some exceptional cases such as student smiles
and struggles for answering the question asked by virtual
tutor, due to cognitive modeling from the past experi-
ence virtual tutor performs weak happy behavior with
clues regarding answer for the question. Since our virtual
tutor performs one to one communication it should be
extended to large group of interactions in various virtual
environments such as classroom, conferences hall, exhi-
bition or health fairs. Following studies addressing these
limitations will be beneficial for forthcoming pursuits.

For future work, we also aim to improve the experi-
ment with various emotional states other than seven basic
emotions to meet the self-assessment and to extend the
work in complex virtual environments, and higher degree
of behavioural and visual realism.

Table 2. Overall mean and standard deviation for the per-
formance of the system

Mean Standard deviation
Q(1) 7.58 1.61
Q(2) 7.61 1.87
Q(3) 7.72 1.56
Q(4) 7.66 1.76
Q(5) 8.14 1.43
Q(6) 7.98 1.49
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