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Motivation based Behavior Sequence Learning for
an Autonomous Agent in Virtual Reality

VVeiSongﬁ Kyungeun Choﬁﬂl<yhvun Um™

ABSTRACT

To enhance the automatic performance of existing predicting and planning algorithms that require
a predefined probability of the states’ transition, this paper proposes a multiple sequence generation
system. When interacting with unknown environments, a virtual agent needs to decide which action
or action order can result in a good state and determine the transition probability based on the current
state and the action taken. We describe a sequential behavior generation method motivated from the
change in the agent’s state in order to help the virtual agent learn how to adapt to unknown environments.
In a sequence learning process, the sensed states are grouped by a set of proposed motivation filters
in order to reduce the learning computation of the large state space. In order to accomplish a goal with
a high payoff, the learning agent makes a decision based on the observation of states’ transitions. The
proposed multiple sequence behaviors generation system increases the complexity and heightens the
automatic planning of the virtual agent for interacting with the dynamic unknown environment. This

model was tested in a virtual library to elucidate the process of the system.
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1. INTRODUCTION

When a virtual agent attempts to explore an un—
known environment, he does not know how to op-
timally interact with the environment. Given the
selective action interfaces, the agent needs to de-
cide which action or action order can lead to a new
state with high rewards and update the transition
probability according to the result of the action
taken.
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Sequential behavior generation involves arrang—
ing the action order to accomplish the goal state
or a good state. Recently, many researches have
indicated that creating an autonomous agent is
necessary to approach planning without a priori
knowledge. The aim of this paper is to help the
agent decide how to maintain balance among the
internal variables without any predefined states
and probabilistic transition. Given the selective ac-
tion interfaces, the agent needs to decide which ac—
tion order can result in a good state and estimate
the transition probability based on the current state
and the action taken.

After the autonomous agent attempts some
fresh actions in an unknown environment, the dy—
namic states and probabilistic transitions are up—
dated over time. If the number of perceptive states
increases, the computation of sequence learning
will involve a considerably high n—step sequence
prediction.

To reduce the calculations, this study proposes
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a filter to group the sensed states into several sub-
sequences by specific motivations. Then, the state
space in the sequence learning becomes smaller,
and the computational cost is lower.

Some approaches provide the solution to predict
and learn about the next states from the previous
states. Typically, an agent always selects an action
or transition that may lead to a reasonable state
with a higher reward.

This study can be applied to adaptive agent gen-
eration in an unknown environment, prediction in
a real-time strategy game, dynamic learning for
a virtual agent with a large state space, and so on.

In section 2, we explain related works on se-
quential behavior learning and prediction. In sec-
tion 3, we describe the generating system for mul-
tiple sequential behaviors. In section 4, we provide
details on the experiment of the proposed system
in a virtual restaurant environment. In section 5,
we present the conclusion.

2. RELATED WORKS

When adapting to an unknown environment,
agents must perceive their virtual world and learn
how to make better decisions to achieve a good
state. There have been broad theories and game
Al researches on sequence behavior learning and
planning.

The existing learning and planning algorithms
always depend on predefined state transition prob—
ability, which is not given in unknown environment.
Ron Sun [1] presents a two-stage, bottom-up
process for planning without a priori knowledge.
He suggests a plan extraction algorithm is to de—
termine the relationship between generated Q-val-
ues and the probabilities of attaining the goals.

Because the agent continues to observe new
states and perceive more sensed states, the com-
putation of learning and prediction processes will
be larger. Even when a game is simple, the agent’s
state space is very large due to the dynamic

perceptions. To reduce the computational cost,
Kwiatkowska [2] proposes an abstraction method
for the state partition of the nondeterministic
MDPs which is used to make choices for two
players. Siddigi [3] introduces a Dense-Mostly-
Constant (DMC) transition matrix to enhance
speedups for learning an optimal state transition
sequence for the observations.

When making planning, instantaneous rewards
may result bad situation in future. T.M. Gureckis
[4] discusses relationship between short-term and
long-term rewards in dynamic planning by testing
some learning model.

Without state grouping method, the computation
of Ron Sun’s work will be very complicated. We
propose a state grouping method to reduce compu-
tation of sequence planning and learning process.
Different from Kwiatkowska’s research of limited
state grouping method, we design a motivation fil-
ter to classify dynamic observed state into parallel
subsequences.

According to Gureckis's testing result of
Q-learning model, we propose a probability esti-
mation algorithm that can provide an n—step evalu-
ation based on generated transition probability dis-
tribution in sequence learning. The main focus is
to help the agent make motivation-oriented plans
from undefined states and probabilistic transition.

3. MULTIPLE SEQUENCE BEHAVIOR

In this chapter, we propose a coherent system
for multiple sequential behavior generation. The
system includes sequential behavior learning, pre—
diction, and planning processes. In the learning
process, a motivation filter system to group the
sensed states into a motivation-oriented sequence
is adopted in order to reduce the computational
cost. We suggest an algorithm to evaluate the dy—
namic probability of the states’ transition from the
generated Q-learning values. According to percep—
tive states transition probability, the agent can plan
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to achieve a state with high cost as well as main-

tain a balance within the internal states.

3.1 Sequence learning using motivation filter

Due to the continuous sensing of the environ-
ment, an agent may perceive a huge number of
states that need to be stored in the long-term
memory. To reduce the computations, we design
a motivation filter to group states for multiple se-
quential leaming due to stimulated motivation. The
sensed states are grouped into different sequences
by the proposed motivation filter. Each abstracted
sequence can provide special motivation so as to
maintain a balance between the agent’s internal
states. The data flow of the motivation filter is il-
lustrated in Fig. 1.

The input of the filter is the change in internal
variables (7« .5), and the output is the change in
motivation (Aa). First, the agent is affected by the
stimulation (S) due to interaction with the virtual
world, which may change his internal variables.
According to the tendency (I) of his character—
istics, this filter enables the agent to determine
which motivation is stimulated. From motivation
alteration (AM), a reward is estimated for the
learning process. Finally, the agent groups ob-
served the state into sequence memory with a
learned probability of the states’ transition.

We define the characteristics tendency matrix I
with the elements denoting what an agent likes or
what type of estimation can lead him to a better
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Fig. 1. Data flow chart of the motivation filter

situation. Equation (1) is an n*n square matrix
with all off-diagonal elements equal to zero, where
n denotes the number of the agent’s characteris—
tics. The parameter 4 denotes whether the agent's
state is good when the jth internal variable is high.
When 4; is equal to 1, the agent has a tendency
to be satisfied when the jth internal variable
increases. When equal to -1, the agent has a ten-
dency to be unsatisfied when the jth internal varia—
ble increases. The situation that ¢; is equal to 0 im-

plies that this internal variable does not influence

the agent.
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We define the stimulus from the environment as
a one-column vector in eghiation (2), which repre-
sents the change in the internal variables. The pa—
rameters of S denote the changes in the internal
variables after the agent acts. The element s, af-

fects the nth internal variable defined in equation

(1.
S= [517527"'75'”], (2)

We design the motivation filter as the m#n ma-—
trix F in equation (3). In the motivation filter ma-
trix, m denotes the number of motivation catego—
ries, and n, the number of internal variables given
in equation (1). The elements equal to -1 in the
n row denote that this internal variable has a rela-
tionship with the mth motivation. Agents can ob—
tain a decreasing motivation value from the pro-
duction of the input and the filter matrix. If Iy
equals to 0, the nth internal variable does not affect
the mth motivation and will be filtered out.
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The output of the motivation filter in equation
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(4), the product of F« (1 + 9), generates which mo—
tivations are stimulated from the agent’s changing
internal variables. If the mth element in the output
is negative, the resultant state will be inserted into
the mth sequences, because this action can reduce
the filtered mth motivation. Because the action
taken can affect more than one motivation, the new
state may insert more than one sequence according
to the filtered result.

"
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Equation (5) represents the characteristics ten-
dency matrix of a virtual agent, which is én in-
stance of equation (1). All the diagram elements
denote the internal variables of anger, thirst, hun-
ger, sleepiness, relaxation, and safety. We know
that when the degree of hunger is low, the situation
of the agent is better, and the relevant parameter
is —1. The internal variables of anger and thirst al-
so follow this rule. We define that if the internal
variable for relaxation increases, the situation of
the guest improves and the relaxation parameter
is 1. We define that the agent never cares about
sleepiness and safety in the restaurant, and these
elements are equal to 0.

-1 0 anger
-1 thirst
-1 hunger
sleepiness
1 relaxation ®)

0 0 safety

After the guest makes a call, if the waitress
serves him, he will receive an internal changing

signal 8., denoted by equation (6). This stim—

lling
ulus signal indicates that the values of anger and
relaxation will decrease by -5. Because the guest
orders dinner during the serving event, the thirst

and hunger variables will decrease by -1.

However, this action will cause a slight increase

in the sleepiness variable.

-5 anger
-1 thirst
s - -1 hunger
calling 1 sleepiness
—5 relaxation ©
0 safety

Equation (7) denotes the guest’s motivation filter
matrix, wherein the filtered motivation choices are
MI1] = serving need, M[2] = food need, and M[3]
= rest need. The matrix indicates that the changes
in the anger, thirst, and hunger variables affect the
service need, thirst and hunger variables affect the
food need, and sleep and relaxation variables affect

the rest need.

-1 -1 -1 0 0 0 servingneed
F=0 -1 -10 00 foodneed )
0o 0 0 -1 -120 restneed

Equation (8) denotes the filtered result of the
change in each guest’s motivation after receiving
service on call. The product result implies that the
calling action can maintain a balance in the moti-
vations of the serving and food needs, but ag-
gravate the motivation for the rest need. Thus, the
calling action and the new observed state are added
into the sequences linked with the motivation of

the serving and food needs.

FeoI Satiing = = 1= 2,8 (8
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3.2 Sequence updating method

‘When perceiving an environment without a pri—
ori knowledge, a virtual agent has many action
choices and observes many new states and tran-—
sitions that result in a dynamic update to the be-
havior sequence. A dynamic sequence extension is
necessary to adapt to the environment.

The sensed information comprises the current
state, possible actions, and a new sensed state.
When updating the sequence, the agent estimates
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the stochastic transition probability using the
Q-learning result. If the action results in a new
state, the stimulated sequence will be updated with
the new transition and state.

A sequence is defined as a tuple
M=(8,A,P,(s,s")), where S denotes a set of states;
A, a set of selective actions and P,(s,s’), the proba-
bility that a transition is occurring in state s and
leading to state s’

The transition probability of the sequence is ini-
tialized evenly by equation (9). The element p, (i,5)
represents the transition probability from state i to
state J.

T(i,j
p(h1)= ZZH(Taj(z,k) 9)
k a

where T (i,k)= 1, if the transition from state i
to state k happens b3} action a.

In game AI programming, the agent always ran-
domly selects an action from the probability dis-
tribution of the states’ transition. According to the
learning theory, it is necessary for the agent to
make an optimal decision with more rewards in the
next state. We propose a transition probability
evaluating algorithm by integrating behavior plan-
ning with a learning algorithm.

After taking an action, the agent may acquire
a signal for changing his motivation. By calculat-
ing the action’s contribution to the stimulated mo-

tivation, the reward is estimated as follows:
R(s,,a) = f(AM) (10)

where s, denotes the state at time ¢, and g, the
action taken at state s,. The reward R(s,a) is eval-
uated according to the motivation’s variation AM,
derived from equation (4).

With the calculated reward, the Q-learning al-
gorithm (11) is applied to evaluate the taken ac-
tion’s contribution to motivation satisfaction. For
state s, and action taken a from action set A, we
can calculate an action cost using the following ex-

pression [5]:

Q(s,,aﬁ) = Q(Snat) + a[l?(st,at) +ymax Q(St+17at) - Q(Sﬂat)]

11

The coefficient « denotes the learning rate
(0<a<1), and 7, the discount factor (0 <~y=<1).
The generated Q-value supports the leaming agent
to update the transition probability to an optimal
value. If the action taken improves the agent’s sit—
uation, the probability of this action occurring is
higher in state s,. Therefore, we suggest the fol-

lowing probability updating algorithm:

p, (8,8, 1) = Bk (s,,0)p, (58, 1)+ (1—B)p, (5,5, 1)

(12)

where § denotes the discount factor of the

Q-value influence. In equation (12),
Bk (s,,a)p, (s,,5,,,) denotes the discount value of
the learned probability and (1—8)p,(s,s,. ), the
part for the previous perceived probability. The
transition probability of the next state is updated
with these two parts. Because the agent cannot de-
termine the relationship between the probability
and the Q-value at the beginning of the learning
process, we suggest a coefficient k as the ratio of
the Q-value to the probability.

Based on the quality of Markov Chains, the
transition probability from s, to s,,, can be finally
calculated by equation (13) as follows:

Pl =S ey Tt
s (13)

According to the calculations for the Q-values
of the optional actions and the current stage’s
probability distribution, the agent can estimate
the transition probability 2,'(s;»s,.;) for the next
stage.

In the behavior planning process, we propose
that the agent selects an action randomly according
to calculated probability distribution p, (s,,s,. ) to

achieve a good state with the highest cost.
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4. SYSTEM EXPERIMENT AND ANALYSIS

To elucidate the mechanism of the stochastic
process learning system using a motivation filter,
we tested the proposed algorithm in a virtual li-
brary, where the learning agent is a virtual student
who wishes to borrow books with several internal
variables, such as thirst, hunger, and a tendency
to study.

Fig. 2 illustrates some examples of possible
transitions in the virtual library simulation. Each
planning sequence begins with a special
motivation. (a) illustrates the sequence of the moti-
vation for book need. In order to decrease the moti-
vation for book need, the virtual agent can take ac-
tions such as using a computer, checking the shelf,
and finding a book. After taking these actions, the
agent may complete the possible transition and re—
ceive a reward ‘r’ from the environment. (b) and
(c) illustrate the sequences of drink and study need
motivations separately.

Fig. 3 shows the training result of the action se-
lection probabilities from the knowing—book-in—
formation state to the knowing-book-location
state in the book need sequence, which are denoted
bY Perecksher (2:3), Pusecomputer (2:3), and Pfindboor(2:3),
respectively. From Fig. 3, which illustrates the
training curves for 0~400 times, we can note that
Deecksherr (2,3) is higher than any other transition
probability. It conforms to the reality that if a
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Fig. 2. Possible actions and states for different
motivations

48

b

§

ks P check sholl
: :
H

&

i
0?-’

oify iy

W B o W &
teaining tme
Fig. 3. Probability p(2,3) of the training performance
in the virtual library
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Fig. 4. Simulation screenshot for the learned sequence
of book need

virtual agent has information about the book, he
will first try to find the book on a particular shelf
rather than start finding the book randomly.

Fig. 4 illustrates the demo for long-term learn—
ing action sequence for book need motivation., the
agent attempts to check information on the book
in the computer room. Then, she goes to the place
where the bookshelves are located and searches for
the hook there.

5. CONCLUSION

This paper proposes a multiple sequence behav-
ior generation system for an autonomous agent to
learn, predict, and plan without a priori knowledge.
When interacting with an unknown environment,
the observed state space is very large due to the
dynamic perception. To reduce the computation for
the learning and prediction processes, motivation

as a states’ filter is used to classify the sensed
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states into several subsequences. After receiving
a reward from the environment, the virtual agent
evaluates the action taken using a Q-learning
algorithm. The probability of each transition in the
sequence is updated in proportion to the learning
result. According to the perception result, a virtual
agent can make an optimal decision with a high
payoff. The proposed system increases the com-—
plexity and heightens the automatic planning of the
virtual agent.

In case that the sensed state presents a result
combined with the several subsense states, we will
enhance this learning system with detailed defi-

nitions of the states in the future.
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