Teaching Robots to Coordinate their Behaviours
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Abstract—Behaviour co-ordination is one of the major problemsin
behaviour-based robotics. This paper presents a teaching method
for mobile robots to learn the behaviour coordination. In this
method, the sensory information is abstracted into a limited
number of feature states that correspond to physical eventsin the
interactive process between a robot and its environment. The
continuous motor actions are abstracted into a limited number of
behaviours. Then, the goal of the behaviour co-ordination isto map
the feature states into the behaviours in the light of environment
rewards. The teaching process consists of an imitation stage and an
autonomous learning stage. Both stages employ Q-learning
algorithmsto implement the mapping. Theimitation stage serves as
a preliminary stage for the teaching method. The learning result
will be used to bootstrap the autonomous learning stage.
Experiments are conducted in the domain of soccer playing of Sony
legged robots. Experiment results show that the robot can acquire
the behaviour coordination ability.

Keywords-Robot learning, Reinforcement learning, Behaviour co-
ordination

|. INTRODUCTION

In the behaviour-based robotics, a robot is equipped with a
group of basic behaviours or skills [1][3]. Each of these
behaviours uses sensory information to produce immediate
actions. The robot accomplishes its goa through coordinating the
behaviours [3]. To coordinate behaviours, the robot needs to take
into account the physical events occurred in the interaction
between the robot and its environment. These events can be
described by feature states extracting from sensory information.
The dynamics of the behaviour coordination can be characterized
by the behaviours and the feature states, which can be formulates
as a MDP. Once the MDP is modeled, the robot can map the
events into behaviours to achieve the behaviour coordination.

InaMDP, Q-learning [14][6] can be employed to acquire the
behaviour co-ordination mechanism through the continuous
interaction between the learning robot and its environment [8].
The learning objective is to find the optima Q vaues that
represent the predicted accumul ative payoffs for the feature state-
behaviour pairs.

During the Q-learning process, although the abstraction of
states and actions into feature states and behaviours enables Q-
learning a gorithms to operate within alimited discrete space, the
learning system knows nothing about the interaction between the
robot and its environment at the early stage. The learning system
has to choose arbitrary behaviours to try until a payoff is
received. Long time could be lost before useful and important
areas are explored. An efficient way to improve Q-learning
algorithms is to incorporate prior experiences into the learning
algorithms. The teaching method is one of the best ways to

incorporate prior experiences [2][12]. In the teacher method, a
teacher shows severa lessons to the learner. The learner converts
the lessons into Q values and uses them to bootstrap next stage
learning. A teacher could be a human operator or a control
algorithm.

Using a neural network as the knowledge representation to
implement the teaching method was reported in [11]. Its god is
to control areal vehicle moving on highway. A human driver is
employed to provide the lessons for the learner. In [7], Lin used
hand-coded sequences of experiences to bootstrap vaue
functions of reinforcement learning agorithms in order to speed
up the learning process. Other similar researches are carried out
for learning individual behaviours[4][13].

In this paper, a teaching method is employed to incorporate
prior experiences into Q values. A two-stage Q-learning is
developed. In the first stage, a human operator chooses
behaviours for the robot to run. During the running, the robot
accumulates the human operator’s experiences in the form of Q
values. In the second stage, the robot treats these prior Q values
as an initid setting. A standard Q-learning is then employed to
autonomously update the prior Q valuesto find final results.

This paper is organised as follows. Section Il presents how to
model the behaviour coordination, including a brief introduction
to the learning model, the learning task, and the environment
setting. Section 11l describes the learning method for the
behaviour coordination, which includes an imitation stage and an
autonomous learning stage. Section IV reports the evauation
experiments, including the experimental set-up and results. The
conclusions and future work are summarised in section V.

I1. Q-LEARNING SETTING

A. Learning Model

A MDP is defined to formulate the behaviour coordination,
which includes an action space (behaviour set) and a feature state
space. The coordination purpose is to find optimal rules or
functions to map the feature states into the behaviours. The robot
observes the current feature state ps, takes a behaviour by, moves
into next feature state ps.1, and gains a payoff r; from the
environment. The optimal policy can be found by maximising the
accumulated rewards:
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where yis adiscount factor.

When a robot interacts with its environment, it can collect a
data vector (ps, b, ry) a each time step t. After alearning trial is
completed, a set of data vectors is collected. In the Q-learning,



the collected data is compressed into a table Q(ps, by), in which
each item is an estimated accumulative reward for the robot in
the feature state ps, taking the behaviour b,. The Q table can be
updated during the learning when more trids are run. The Q
values of al feature state-behaviour pairs are updated by
following learning rule:

QP ) = QP )+ A(k + NaXQ(PS.2 ) ~ QP ) 1) @

The digibility trace e(ps, b) is a record of the occurrence of
visiting the feature state-behaviour pair (ps, b), which can be
used to solve the credit assignment problem[14]. It can be
updated by following:

_ 1 ps = ps,bh =b 3
e(ps.b) = {e( ps,b)A  otherwise 3
where 4 is the recency factor, representing the exponential decay
rate of the eligibility trace. After the learning, the final optimized
behavour b; at the feature state ps; can be acquired by:

h*(ps)=argnlaxQ(ps,h) (4)

B. The Task

For a specific task, a group of primary behaviours can be
developed according to domain knowledge about the task. These
behaviours are the basic skills that the robot has to have in order
to accomplish the task. The following five behaviours are pre-
designed for Sony legged robot to play soccer:

» Find-bal behaviour (b,=FB): The robot starts to scan the
field through its head motion. Simultaneoudy the robot
rotates its body to increase its view and gradually moves
towards the centre of the field.

» Chase-ball behaviour (b,=CB): The robot moves its head
to track the ball. It moves towards the ball and triesto go
behind the ball to face the goa in order to kick the ball.

» Align with goal behaviour (b;=AG): The robot slightly
adjusts its position to align the ball, its orientation with the
goa and in order to kick the ball into the goal.

» Kick-ball behaviour (b,=KB): some specidised kick skills

are applied.

» Dribble-ball behaviour (bs=DB): The robot kicks the ball

by using its feet and keeps its body moving.

Often, for robot tasks, some significant physical events are
existed. These events represent critical points in sensory state
space and can be described by binary values. The combination of
the significant physical events forms a feature state space. Many
behaviour-based robot systems adopt this concept to design
learning algorithms. In [8], two physical events are used to define
a conceptua state space for Q-learning. In [9], five physical
events are used to define the behaviour conditions for Q-learning.
In [5], a predicate state space is defined for the low level gait
controllers.

Formally, each physical event can be represented by a binary
state p (p=1 for the event occurring). For a specific task, there
are n physical events (p,..., pn) can be defined to characterise

the task. The combination of these events or binary values
constitutes a feature state ps = p;...pn. There are 2" feature tates
in total in the feature state space. Decision tree or other
clustering techniques can be used to map the sensory physica
states into the feature states. In this research, four physical
events are defined for a robot to play soccer, p;: the ball is
found, p,: the ball is near enough, ps: the robot is behind the
ball, and ps: the robot is aigned with the goal. For example,
ps=1010 represents the robot find the ball and is behind the ball,
but not near enough and not aligned with the goal .

C. Enviornment rewards

In Q-learning, rewards can be singular values to indicate if
goals or sub-goals are achieved and usually cannot be obtained
immediately. These rewards are sparse in both temporal and
spatial senses. For complex tasks, Q-learning would take long
time to obtain sparse rewards. To avoid wasting time, the dense
rewards [13] or progress estimators [9] are necessary for red
robots.

The rewards are the payoffs returned from environment to
indicate the effect of robot's actions taken so far. Due to noisy
sensory data, the dense rewards may contain uncertainty as well
or be wrongly interpreted by perceptual algorithms. Therefore, it
is necessary to provide accurate information about the interaction
between robots and environments to robots. The information
should be produced from those sources that act as assessors to
evaluate the robot behaviours.

In this research, the experiment environment includes a
playing pitch, a Sony legged robot, a ball, and a global monitor
system (see figure 1(a)). The monitor system is adopted to act as
the assessor and consists of an overhead camera, a desktop
computer, and visud tracking software. The monitor recognises
the robot and the ball according to their colours and tracks them.
The tracking results and the judgment about if a goa is scored
are transferred to the robot. The monitor and the robot form a
client-server architecture. The robot works as a client and
continuously asks for information from the server (the monitor).
Since the monitor system updates its image and tracking results
in the rate of about 30 frames per second and the robot operates
in the rate of about 10 frames per second, the monitor system has
no significant effect on the learning process. Figure 1 (b) shows a
top view of the playing pitch from the overhead camera. The
goals are centred on both ends of the field. Six unique coloured
beacons are placed around edges of the pitch, with one at each
corner and one on each side of the halfway line.

The robot adopts both the sparse and dense rewards during its
learning and these rewards come from both on-board sensors and
the monitor system. They include:

» Task reward: this is the most significant reward for the
learning robot. It is rewarded for their achievement
toward the task goals. For the soccer playing robots,
shooting a god is designed as a task reward and will be
rewarded by the monitor system.

*  Sub-task rewards. these rewards are provided to evaluate
the performance of individua behaviours. They can be
sub-task goals denoted by sparse values or progress



estimation in a dense form. Two sub-task rewards are
used in the soccer playing robots. One is the distance
between the robot and the ball, which is provided by the
monitor system. Another is the angle between the robot
and the ball, which is taken from the on-board sensors.
These rewards can continuously evauate the robot
performance.

Figure 1 The learning environment

I1l.LEARNING SCHEME

Teaching robots is different to programming robots. Most
programming methods are designed for specific tasks. Changes
of the tasks require re-programming. In contrast, the teaching
methods provide a structure for domain knowledge
representation. This structure can be a table in Q-learning, a
weighted network in neura network learning, or other
parameterised function approximators. The lessons or prior
experiences received from teachers will be compressed into the
structure representation.

Using reinforcement learning, and Q-learning in particular, to
acquire control algorithms for robots enables human designers to
concentrate on task description in the form of rewards. Generally,
designing rewards is easier than designing the control algorithms,
especially in noisy and unpredictable environments. The control
algorithms are acquired automatically through learning guided by
the rewards.

In the teaching method, the task specifications are first
interpreted into rewards. It is followed by leading the robot to
some interesting areas through the imitation stage. Based on the
learned knowledge about the interesting aress, the robot
autonomously explores the environment to update the utility
values of state-action pairs in the autonomous learning stage.
Finally, the robot simply searches the Q table to find those state-
action pairs with maximum utility values.

A. Imitation Sage

This stage is to provide initial Q values to the Q-leaning
algorithms of the second stage in order to guide the learning to
search interesting areas rather than blindly explore solution
spaces a early learning stage. With these prior experiences, the
robot could behave reasonably.

The teaching consists of severa lessons, each of which is a
trial starting from the robot's initial position and running until
terminal conditions are met. The termind conditions are either a
goal is shot or the time for this trial is up. Figure 2 shows the
flowchart of the imitation stage. There are two loops that are run

on both the robot (left loop) and the computer of the monitor
system (right loop) asynchronously and communicate with each
other through the Internet. In the left loop, when the robot is
started, it localises itself first in order to extract the environment
information. The feature states are then sent to the monitor
system to help the teacher to select the behaviours. The robot
executes one step of the behaviour selected by the teacher. Next
it checksif the termina conditions are met. If not, the robot goes
to send the feature states and run the loop again. Finally the robot
stops moving and starts to run an off-line Q-learning algorithm to
update the Q table. The fina Q table is sent back to the monitor
system. The robot completes its current lesson and goes back to
localization again for next lesson.

Sadtrading resits

Figure 2 The flowchart of teaching stage

In the right loop, the monitor starts from the object-tracking
algorithm that searches the bal and robot in the images and
provides their positions to the robot. The teacher selects one of
behaviours according to his view of the pitch and the feature
states received from the robot. The selected behaviour and the
tracking results are both sent to the robot for its learning process.
The monitor system aso records al of the learnt results, i.e. Q
tables, when one lesson is compl eted.

During this stage, the Q table contains the knowledge learned
from lessons. The robot completely follows the instructions and
collects whole data set of the behaviours, feature states, and the
rewards. After one lesson, it employs an off-line Q-learning
algorithm to update the Q table. The teacher plays a key role in
this stage, who decides which behaviour is to run next. Since a
behaviour is atemporal extended action (not a single action), the
teacher has time to make the decisions. The instructor may make
mistakes (the wrong behaviour is selected). It means the lesson



may contain wrong data. However, the knowledge obtained in
this stage is only used for initial values in the next Q-learning
stage.

The off-line Q-learning agorithm is listed in figure 3. The
updating of the Q valuesis only executed when atrid is finished
(at step f).

1) Initialisation. Theinitial behaviour is set as the find-ball
behaviour.
2) If enough learning trials are completed, exit
3) Sf-localisation.
4) Loop.
a. Perceive environment.
b. Extract the feature states.
c. Receivethe behaviour instructed by teacher.
d. Runthebehaviour.
e. Sorethefeature state, behaviour, and reward.
f. If theterminal conditions are met
i. Qvalueupdating using (2) (3) for all collected
data.
ii. Send Q table back to the monitor system for
recording.
iii. Backto step 2) for next trial.
g. Otherwise, back to step 4) for next loop.

Figure 3 The off-line Q-learning algorithm.

B. Autonomous Learning Stage

In this second stage learning, the robot starts to learn
autonomously without the teacher’s help. It is a standard Q-
learning process, in which the robot needs to explore the solution
space and exploit the learned experiences. The monitor systemis
still required to provide the rewards to the robot and save the Q
table, but without the need to send the instructions. The learning
system till follows the similar procedure as figure 3. Only three
different steps are taken.

* The robot has to select its behaviour rather than follow
the received one. The &greedy method is employed to
balance the exploration and exploitation. With the prior
experiences learned in the imitation stage, the robot can
act reasonably rather than randomly during the early
stage though some behaviours are selected randomly
with asmall exploration probability.

* Anon-line Q-learning version is implemented (see figure
4) to replace the off-line Q-learning. In the on-line
version, the Q values are updated when the robot changes
from one feature state to another. There is no need to
wait for the terminal conditions.

» There is no teacher to intervene the learning process at
the monitor system’s side. The monitor system works as
aserver to supply the rewards to the robot client.

The on-line Q-learning agorithm is listed in the following.
The updating of the Q value is not carried out at the end of each
loop. It is executed when the feature states changes (at step c).

1) Initialisation. Theinitial behaviour is set as the find-ball
behaviour.

2) If enough learning trials are completed, exit
3) Sdf-localisation.
4) Loop.
a. Perceive environment.
b. Extract the feature states.
c. If the feature states have changed
i. Calculating the rewards.
ii. Q valueupdating using (2)(3).
iii. Select a behaviour using the &greedy
algorithm.
d. Run the behaviour.
e. If theterminal conditions are met
i. Send Q table back to the monitor system for
recording
ii. Backto step 2) for next trial.
f.  Otherwise, back to step 4) for next loop.

Figure 4 The on-line Q-learning algorithm.

IV.EXPERIMENT RESULTS
A.  Experiment Setting

The experiments are conducted on the real Sony legged robot,
which is designed for RoboCup competition. The robot and the
ball are placed on the pitch. The robot needs kick the ball into a
goa. The behaviours and feature states defined in section 11-B
are used to achieve this task.

All experiments are conducted in five situations, each of
which is caled a play and has different setting for initial ball
position and initial robot position. Figure 5 shows these five
plays with the arrows pointing to theinitial positions.

Theinitia Q tableis acquired first through the imitation stage
in which the learning algorithm (figure 3) is run based on the data
set. After the first stage learning, the learning robot is run based
on the Q-table to evaluate the performance. Then, the
autonomous learning is conducted. Finally the learning robot is
run again based on the final Q table to evaluate the performance.
The experiment procedureis as following:

Phase 1: Five teaching lessons are taken during the imitation

stage. For each play, one lesson is run. The off-line Q-
learning is run at the end of each lesson.

Phase 2: Demonstration after the teaching: 30 trias are run after
the imitation stage (the off-line Q-learning) by using
those behaviours whose Q values are maximal. For
each play, six trials are run.

Phase 3: Autonomous learning stage: 30 trials are run by using
the on-line Q-learning algorithm shown in figure 4. For
each play, six trials are run.

Phase 4: Demonstration after the autonomous learning: 30 trials
are run after the on-line Q-learning by using those
behaviours whose Q values are maximal. For each play,
six trials are run.

In the Q-learning agorithms, the &greedy algorithm uses
&1% to explore the action space, i.e. 99% behaviours are
selected by maximizing Q values and only 1% behaviours are
selected randomly. The discount factor is selected as J=0.9. The



larger the discount factor, the more the learning agorithm
exploits the Q value predictions. The recency factor A is selected
as 0.9, which indicates the exponential decay rate of the
eligibility trace. The learning rate of the Q vaues is sdected as
B=0.1. The Q-learning terminal conditions are either a goal is

scored or 2000 steps are executed.
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Figure 5 Five plays
B. Results

The phase 1 is an off-policy learning process where the
executed behaviours are selected by the teacher, which may not
be necessarily same as the behaviours that the robot wants to
learn. The phase 3 is an on-policy learning process where the
behaviours executed are determined by the &-greedy method and
only 1% behaviours are selected randomly.
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Figure 6 The average received rewards
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Figure 6 shows the increasing trend of the average rewards
received during the phase 3. Severa decreasing points in the
curve reflect the exploration mechanism. The number of the
policy changes is also decreased as shown in figure 7, indicating
that the learning is going toward the steady resullts.

The estimated payoffs are distributed into the Q table. Figure
8 shows the Q value changes of afeature state during the learning
process. The first five trials are run during the imitation stage
(phase 1) and other 30 trias are run during the on-line Q-learning
(phase 3). The CB behaviour wins at the end of the imitation
stage. However, the situation changes during the on-line Q-
learning where the FB behaviour outperforms the CB behaviour.
The decreasing of the maximum Q valuein figure 8 demonstrates
that the knowledge acquired during the imitation stage can be
corrected by the Q-learning at the autonomous learning stage.
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Figure 8 Q value changes in afesture state.

At the autonomous learning stage, the 30 learning trials are
run in six rounds with the order playl, play2, play3, play4, and
play5. The average steps in each round are calculated and
displayed in figure 9. It indicates that the average steps in six
rounds are gradually decreased and the standard derivations are
also decreased. The robot gradually scores a goa in less steps or
shorter time.

2500

2000

1500

Steps

1000

i hn

1

Round

Figure 9 The average steps of atria in six rounds.

The experiments are further evaluated in terms of the average
steps of a tria, average rewards of a tria, and the number of
failures for shooting a goa in 2000 steps. In figure 10, the
average steps of atria for both phase 2 and 4 are compared. The
white bars represent the results after imitation stage (phase 1) and
the grey bars represent the results after the autonomous learning
stage (phase 3). Due to the different situations in five plays, they
are separately compared. In all five plays, the average steps used
to score a goal after the autonomous learning are less than those
used after the imitation stage. The grey bars also show that the
average steps used in five plays increase in the order of playl,



play2, play5, play4, and play3. This order coincides with the
difficulties in the initial settings shown in figure 5. Figure 11
shows the average received rewards of atrial. Againin each play,
the results after the autonomous learning stage are better than
those after the teaching stage.
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The robot may fail to score a goal during a trid due to the
uncertain nature of the experiments. Figure 12 shows the tota
number of the failures after 1500 steps for each round. The
number in each round after the autonomous learning stage is less
or equal to the number after the imitation stage.
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Figure 12 The total number of failures after 1500 steps for each
round

The five successful plays are displayed in figure 5. The dark
curves represent the robot's trgjectories and the light curves
represent the ball's trgjectories. The robot can move to the ball
and manoeuvre the ball into the god. It demonstrates that the
robot acquires the behaviour coordination strategy after the
learning.

V. CONCLUSION

This paper focuses on how to use Q-learning agorithms to
learn the behaviour co-ordination. The continuous operation
spaces are converted into discrete spaces. It is implemented by

the behaviours design for motor actions and the feature states
extraction for sensory physical states. A teaching method is
developed to speed up the learning process for real robots, which
includes two learning stages. In the first stage, the robot gains
prior experiences through teacher's instructions. These
experiences can then lead the robot to explore interesting areas in
the solution space rather than randomly searching without any
experiences at the early stage of learning. In the second stage, the
robot makes use of the learned Q values to effectively learn the
behaviour coordination mechanism. The experiment results show
therobot can achieve this god.

Further investigation on this method for behaviour
coordination should be carried out on larger or more complex
systems to evaluate its effectiveness. Exploring if the imitation
stage would lead to the learning converging to loca minima
could be an interesting topic for the future work.
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