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Abstract—Traditional Q-Learning algorithm has problems of
data transmission lag and its environmental reward model is too
simple. It cannot be well applied to the reinforcement learning of
affective virtual human behaviour decision. Analogizing the
thought of human’ s self-reflection in this paper, a improved Q-
learning algorithm is proposed, which can be easily applied in
behavioural decision-making of affective virtual human. The Q-
learning algorithm in this paper not only strengthens the
behaviour strategy with better learning cycle and weakens the
behaviour strategy with worse learning cycle by the way of self-
reflection reward, but also picks up the speed of the effect of
behavioural decision feedback to state-action pair in a learning
cycle, thus improving the convergence rate of Q-learning
algorithm in affective virtual human’ s behavioural decision-
making. The algorithm aims at helping affective virtual human
carry out path optimization in a two-dimensional grid
environment in the simulation test. The results show that the
improved Q-learning algorithm is significantly faster than the
traditional Q-learning algorithm in achieving the optimal control
strategy with an average of 43.7 learning cycles. The validity of
the algorithm is verified.
Keywords—Reinforcement learning; Q-learning algorithm;
affective virtual human; behavioural decision-making;
environmental reward model; affective model

I. INTRODUCTION
The vigorous development of the current artificial

intelligence technology is widely used in all aspects of
people's lives, and it prompts the intelligent virtual human
technology [1]. In order to meet the rigid requirements of
human interaction, researchers are eager to develop a highly
intelligent virtual human. However, the intelligence of lacking
emotion cannot be called real intelligence. Therefore, it has
become a more and more important research direction for
intelligent virtual human to integrate artificial emotion in the
field of artificial intelligence [2]. At present, the main research
content of artificial emotion is emotion recognition, emotion
modelling and emotion expression [3][4]. The study of
artificial emotion should not be limited to this and the
influence of emotion on the autonomous learning and
behaviour decision of virtual human should be fully realized.
The introduction of artificial emotion in the virtual human
behaviour decision-making can make affective virtual human
simulate human behaviour more vividly.

Reinforcement learning is one of the effective methods in
machine learning [5]. The representation of the Q-learning
algorithm is introduced into the affective virtual human
behaviour decision. Affective virtual human with learning
ability could make more humanized and friendly decision than
general intelligent virtual human. First of all, affective virtual
human will gain emotion reaction based on external
environment, then choose an appropriate action according to
current emotional state, ultimately reach the target state. The
improved Q-Learning algorithm can strengthen the behaviour
decision-making of better learning cycle, weaken the
behaviour decision-making of worse learning cycle, and make
the affective virtual human possess the ability of autonomous
learning and behaviour decision.

II. EMOTION MODELING OF VIRTUAL HUMAN

Emotions are perceptual experience for human to view
objective things. It can help people to choose the appropriate
behaviour in different situations, and improve the adaptability
of humans in the complex environment [6]. Studies show that
human emotions play an irreplaceable role in autonomous
learning and behaviour decision-making[7]. If there is no
emotion, it may be a problem for people to decide what
clothes should wear when get up. The amygdala, which is
located in the limbic system of the cerebral cortex, is able to
quickly acquire sensory inputs and then respond. Emotions
can lead to the generation of behavioural actions without
relying on rational thinking. This rapid response can help
people to adapt to the external environment. This paper
follows the mechanism of emotion itself triggering behaviour,
and reach the function of emotion regulation and control of
affective virtual human, and construct a virtual human
emotion model based on event evaluation process [8].
Affective virtual human feels the external stimuli, encodes it
in the form of event object, and then carries on the cognitive
appraisal to the event object and transfer evaluation result to
the emotion model to produce corresponding emotion state.
The emotion output of the emotion model according with the
human emotion change rule. Emotional model system is as
shown in Figure 1.
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Figure 1. Emotional model system

At first, the external stimuli is encoded as event object te .
Then the event object is evaluated from five-dimension
(Desirability, Expectedness, Outcome Probability, Suddenness,
Cause Harm) [9]. te is converted to a five dimensional

cognitive evaluation vector ( , , , , )t t t t t tX d e s op ch .

Afterwards, ( , , , , )t t t t t tX d e s op ch is input into the
emotional model as a parameter, and the output is emotional
state. Affective virtual human will make appropriate
behaviour decision according to the emotional state.

III.Q-LEARNING ALGORITHM

The basic content of reinforcement learning is to achieve
the best mapping from state to action through finite trial-and-
error learning in order to obtain the maximum reward function
value [10].The Q-learning algorithm is widely used in the
search of the optimal behavioural control strategy for affective
virtual human. It is an evolutionary form of the Markov
decision process [11].The goal of Q-Learning is to find a
strategy π that maximizes the cumulative discount
reward dR

 obtained during the learning cycles:
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In the formula: (0 1)   is a discount factor; t is a

natural number, representing the learning cycle; tr is
immediate reward after implementation of each action; i is
the number of time steps and it represent the cost of reaching
the optimal strategy.
The Q-value is the mathematical expectation. Affective

virtual human get the reward discount by choosing action ta
according to the state ts .
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In the formula: 1 2[ , , , ]tS s s s  is the state set of the
affective virtual human in the environment;

1 2[ , , , ]tA a a a  is the action set for the corresponding

state; tr is the immediate reward of action at under state ts ;

1( , , )t t tP s a s  is the probability that the affective virtual

human performs the action ta from the state ts to the next

state 1ts .
The Q-Learning method is implemented by the following

recurrence formula:

1 1 1 1 1( , ) (1 ) ( , ) [ max ( , )]t t t t t t t t t tQ s a Q s a r Q s a            
(3)

In the formula:  is learning rate for controlling learning
speed. In a certain range of values, the greater the  , the
faster convergence, but  may lead to non-convergence when
 is too large. When t , the formula (3) carries on the
infinite iteration, and the ( , )tQ s a will converge to the optimal
policy with the probability 1 [12].

IV.THE Q-LEARNING ALGORITHM APPLIED TO THE
BEHAVIORAL DECISION-MAKING OF AFFECTIVE VIRTUAL

HUMAN

Q-Learning goal is to achieve the optimal control strategy
according to the reward signal in the unknown environment,
which can be understood as an online optimal decision
learning process. Q-Learning is a learning algorithm not
relying on the environment model. At the beginning, the
affective virtual human does not know the external
environment information at all, and it can only learn by
limited trial and error method [13]. In the traditional Q-
Learning algorithm, it is assumed that there are three adjacent
state S1, S2 and S3. If the state S1 wants to obtain the state
S3’s information feedback, it needs to go through 2 learning
cycles.
The first cycle: 2 1 1( ) ( ) ( )Q s Q s Q s 

3 2 2( ) ( ) ( )Q s Q s Q s 
The second cycle: 2 1 1( ) ( ) ( )Q s Q s Q s   
The traditional Q-learning algorithm is deduced that the

data transfer has obvious hysteresis. Q-value needs to go
through at least n times’ feedback learning to get the Q-value
from the n states. It needs to go through a lot of iterations of
learning cycle to feedback to the current state. If the follow-up
decision-making of affective virtual human is error, its
iterations will be very large, which is an important reason to
limit the convergence rate of traditional Q-Learning algorithm
[14].
In general, it would be reasonable to reward those better

learning cycles and punish those worse learning cycles
appropriately. The reward model of the traditional Q-learning
algorithm is relatively simple, and the reward for a single
learning cycle to reach the target state is constant R, which
cannot distinguish the quality of learning cycles.
Aiming at the data transfer lag and the problem that reward

model of the traditional Q-learning algorithm are too simple;
the Q-learning algorithm applied to the decision-making of
affective virtual human is put forward. According to the initial
emotional state 1S , the affective virtual human chooses the
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action 1a , the execution of state-action pair 1 1( , )s a reaches

another emotional state 2S .Instead of executing equation (3)

immediately, the state-action pair 1 1( , )s a is stored in the stack
structure. Affective virtual human select the corresponding
action 2a according to the state 2S , then execute 2 2( , )s a and

put 2 2( , )s a into the stack. Continue until the target state nS is

reached. Variable L of learning cycle step size and historical
minimum step size minL are introduced. If the current learning

cycle minL L ,then minL L . Three kinds of Self-reflection

reward 1 2 3, ,r r r of affective virtual human are introduced,
which correspond to the best, the better and the worse learning
cycle respectively. Assuming that R is a known reward to
reach the target state and 1 2 3r r r  , the reward function is:

1 min

2 min

3 min

R r L L
reward R r L L

R r L L

 
  
  

(4)

After reaching the target state, according to the reward of
current learning cycle, the improved Q-learning algorithm
updates the Q-value of state-action pair stored previously in
the stack.
The improved Q-learning algorithm enhances the state-

action pairs of the better learning cycle in the form of self-
reflection reward of affective virtual human, and speeds up the
feedback influence of the learning cycle reward to the
previous state-action pairs and improves the learning
efficiency of the affective virtual human. The Q-learning
algorithm applied to the behavioural decision-making of
affective virtual human is described as follows:
Algorithm 1:The Q-learning algorithm applied to the
behavioural decision-making of affective virtual human
1) Initialize mathematical expectation ( , )t tQ s a of each

state-action pair, initialize the discrete event te of the emotion
model;
2) Update 1 2( , , )t ne e e e and convert it to a five-

dimensional cognitive evaluation vector
( , , , , )t t t t t tX d e s op ch ;

3) The output value ts of the emotion state is updated

according to ( , , , , )t t t t t t tX d e s op ch S ;

4) Observe ts , if the target state is reached, skip to step 7,
otherwise go to step 5;
5) The virtual human performs the action ta selected by

rules of action selection in the environment model;
6) Put state-action pair ( , )t ts a into stack, jump to step 2;
7) Update the reward of reaching the target state according

to the formula (4);

8) Pop state-action pairs ( , )t ts a from the stack; Update
Q-value of each state-action pair according to formula (3);
9) End.

V. EXPERIMENTAL SIMULATION OF THE IMPROVED Q-
LEARNING ALGORITHM

A. Description of experimental simulation
Experimental environment is shown in Figure 2, the task of

the affective virtual human is path optimization in the two-
dimensional barrier-free 20 20 grid environment. In
addition to the boundary position, the basic actions of the
affective virtual human in the environment are: up, down, left
and right. Each grid represents a state of the affective virtual
human. In order to test the performance of the improved
algorithm more accurately and conveniently, grid coordinates
are substituted for the emotional states. The starting position
of the affective virtual human is (0,0)s and the target
position is (17,18)s .All things in the environment are static.
Initially, environment model is unknown for the affective
virtual human.
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Figure 2. Experimental environment

Affective virtual human can obtain fixed
reward 50R  when completing the navigation task. If the
current learning cycle is a better learning cycle min( )L L ,

then the self-reflection reward is 1 50r  , if it is a poor

learning cycle min( )L L ,then 3 100r   , if it is a general

learning cycle min( )L L ,then 2 30r   .Discount

factor 0.95  , learning efficiency 0.3  .

B. Simulation experiment result analysis
The affective virtual human uses the traditional Q-learning

algorithm and the improved Q-learning algorithm respectively
to complete the path optimization task in the two-dimensional
barrier-free grid environment .The average values of 10
groups were obtained separately from the experimental
data .The experimental results are shown in Figure 3.
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Figure 3. Experimental simulation results

In the first Learning cycle, the two Q-learning algorithms
know nothing about the environment, and they all have to go
through a long period of exploration to reach the target state.
In the subsequent learning cycle, the performance of the
improved Q-learning algorithm is far more superior than the
traditional Q-learning algorithm. The reason is that in
traditional Q-learning, data transfer between two states
separated by n needs to go through multiple learning cycles
and complete at least n feedbacks. However, the data transfer
between n states can complete in a learning cycle in the
improved Q-learning algorithm, thus greatly speeding up the
data transfer efficiency. This feature is very similar to human
learning habits that people tend to make decisions that have
been successful before. At the same time, in order to avoid
falling prematurely into the local optimum, the exploration
factor is introduced into the selection strategy. After 120
learning cycles, both algorithms converge to the optimal
strategy, but the former is significantly faster than the latter in
achieving the optimal control strategy with an average of 43.7
learning cycles. The improved Q-learning algorithm makes a
distinction of reward among the three kinds of learning
outcomes in a learning cycle. Therefore, the improved Q-
learning algorithm has less volatility than the traditional Q-
learning algorithm in the process of gradual convergence.
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Figure 4. The average learning cycle for the first occurrence of the optimal
step size

The average learning cycle for the first occurrence of the
optimal step size is shown in Figure 4. Compared with the
traditional Q-learning algorithm, the average number of
learning cycles for the first occurrence of the optimal step of
the improved Q-learning algorithm is reduced by 70.5.
Traditional Q-learning algorithms only rely on updating the
Q-value to carry out the exploration of the unknown
environment, but it does not fully exploit more useful
environmental information in the exploration process, while
the improved Q-learning algorithm is obviously "smarter".

VI.CONCLUSIONS

By analogizing the thought of human’s self-reflection, the
paper proposes an improved Q-learning algorithm and it can
be applied to the behaviour decision-making of affective
virtual human. The improved Q-learning algorithm also
knows nothing about the environment, but it can simply carry
out summary and self-reflection in the explored environment.
The experiment results show that the improved Q-learning
algorithm can greatly improve the learning efficiency of the
behaviour decision-making of affective virtual human, which
validates the effectiveness of the algorithm. The future work
will further verify the advancement and reliability of the
algorithm in a larger state-action set and promote the practical
application of the algorithm.
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