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Abstract—Programming mobile robots can be a long, time- state of the worlds;, (which might include the internal state
consuming process. Specifying the low-level mapping from sen- of the robot) and chooses an actian, to take. After taking
sors to actuators is prone to programmer misconceptions, and ha action. the agent is given a reward,, ¢ R, reflecting

debugging such a mapping can be tedious. The idea of having . .
a robot learn how to accomplish a task, rather than being told how good, in a very short-term sense, that action was, and

explicitly is an appealing one. It seems easier and much more Observes the new state of the world, ;. The goal of RL is
intuitive for the programmer to specify what the robot should to take these experience tuplés;, a:, 711, st+1), and learn
bg doing, and 'tO let it learn the fine detaills ofhow to do it. .In a mapping from states (or states and actions, depending on the
this paper, we introduce a framework for reinforcement learning 4 icylar algorithm used) to a measure of the long-term value
on mobile robots and describe our experiments using it to learn L . .
simple tasks. of being in that state, known as tlogtimal value function

The particular reinforcement learning algorithm that we use
in this work is Q-learning [1]. The Q-learning optimal value
function is defined as

Index Terms— Mobile robots, machine learning, reinforcement
learning, learning from demonstration.

|. INTRODUCTION Q" (s,a) = E [3(87@ +ymax Q* (s',a")| .
Programming mobile robots can be a very time-consuming ¢

process. It often takes many iterations to fine-tune the lovhis represents the expected value of the reward for taking
level mapping from sensors to actuators. It is often difficult faction o from states, ending up in state’, and then acting
a programmer to translate knowledge about how to completptimally from then on. The parameter is known as the
a task into terms that are useful for the robot. Robot sensaliscount factor, and is a measure of how much attention we pay
and actuators are very different from those of humans, atalpossible rewards that we might get in the future. Once we
misconceptions about how they operate can cause control cbdge the optimal Q-functionp*(s, a), it is easy to calculate
to fail. The idea of providing some high-level specificatiothe optimal policy,7*(s), by simply looking at all possible
of the task and using machine learning techniques to “filictions from a given state and selecting the one with the largest
in the details” is an appealing one. It seems like it wouldalue,
take less time to write this high-level specification and the
learned control policy, if it uses empirical observations of the
world, should less prone to programmer bias than hand-writtenThe Q-function is typically stored in a table,

controrl].code would bbe: f inf | ) by state and action. Starting with arbitrary values, we can
In t IS paper we Drietly survey rein orcgment earning, ﬁ’eratively approximate the optimal Q-function based on our
machine leaming paradigm that is especially well-suited {90 ations of the world. Every time that the robot takes an

learning control policies for mobile robots. We discuss SOME&ion. an experience tuplés;, s, 741, s641), IS generated
of its shortcomings, and introduce a framework for effectively . tapie entry for state and 7acj[rio7n ;is' then updated

using reinforcement learning on mobile robots. We then go %cording to
to give experimental results of applying this framework to two
mobile robot control tasks. Q(sp,a;) — (1—a)Q(se,ae)+

a(ree1 +ymaxy Q (se41,a’)) .

7 (s) = arg m(?XQ (s,a).

indexed

II. REINFORCEMENTLEARNING N o
Under some reasonable conditions [1] this is guaranteed to

Re'?‘forcemer.“ Iearnlng (RL) IS a machine Ieam”.q%onverge to the optimal Q-functio®)*(s, a). One of the most
paradigm that is particularly well-suited for use on mobil€ T S .
. Important features of Q-learning is that it is what is known as
robots. It assumes that the world can be described by a se . ) : LT
. . an off-policy algorithm. This means that the distribution from
of states, s, and that the agent (the robot in this case) “Qhich the training samples are drawn has no effect, in the
take one of a fixed number of actiond, Time is divided 9 P '

into discrete steps. At each time step, the agent observes !{Wét’ on the policy that_ IS Iearneq. This will prove to be very
important for our algorithm, as discussed below.
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I11. REINFORCEMENTLEARNING ON ROBOTS *

Reinforcement learning, and Q-learning in particular, seems
to be a natural choice for learning control policies on mobile R| © ARl O A
robots. Instead of designing a low-level control policy, we can
design a much higher-level task description in the form of the P | SUPPIod Sontrol
reward function,R(s, a). Designing a sparse reward function
is generally easier than designing the low-level mapping
from observations to actions. Often, for robot tasks, rewards Learning ] :I Learning ]
correspond to physical events in the world. This makes is easy System p| System
to come up with simple rewa_rd functions for many tag,ks. For (a) Phase 1 (b) Phase 2
example, for an obstacle avoidance task, the robot might get a
reward of 1 for reaching the goal, and -1 for hitting an obstacléig. 1. The two learning phases.

In theory, this is all that is necessary for the robot to learn the

optimal policy. However, there are a number of problems with

simply using standard Q-learning techniques. We will call thidierarchically decomposing the problem by hand to make the
type of reward functiorsparse Sparse reward functions are€arning task easier [10].

zero everywhere, except for a few places (the obstacles and he other main problem is that of incorporating prior
goal in the above example). The contrast witnsereward knowledge into the learning system. The only way that Q-
functions, which give non-zero rewards most of the time. Jearning can find out information about its environment is to
dense reward function for obstacle avoidance might be, f@ke actions and observe their effects. In the early stages of
example, the sum of distances to the obstacles divided by {#@rning, the system knows nothing about the environment,
distance to the goal state. Dense reward functions give m&ehow to act in it. It is, therefore, forced to choose more-
information after each action, but are much more difficult t8r-less arbitrary actions. As more information, in the form of
construct than sparse functions. In this work, we will mostly b€wards, (s, a), arrives, Q-learning can iteratively improve
interested in sparse reward functions, since they are generflyapproximation of the value function. However, if no re-
much simpler to design. wards are observed, the value function approximation will

One problem with RL on mobile robots is that the statBEVEr change. This problem is compounded by sparse reward

space description of mobile robots is often best expressed{#ictions. If there are only a few rewards, and the state-action
terms of vectors of real values, Q-learning requires discretBace is large, the chances of finding a reward by chance are

states and actions. One approach to overcome this probl&§fy small indeed. In section IV, we introduce a framework

known as value-function approximation, replaces the tabulff RL on robots that addresses this problem.

representation ofQ)(s,a) with a general-purpose function
approximator. However, it has been shown that this will not IV. THE LEARNING FRAMEWORK
work for general function approximators, even in seemingly One of the major hurdles to implementing RL systems on
benign situations [4]. In previous work [5], [6], we presentegeal robots is the inclusion of prior knowledge in the learning
an algorithm, HEDGER  that addresses the problems associateglstem. Using a sparse reward function, and without some
with value-function approximation. The algorithm is based ggrior knowledge of the environment, the learning system is
the observation by Gordon [7] that a function approximatefimost certainly doomed to fail. Our solution to this problem
can safely be used to replace the tabular value functi@to supply example trajectories to the learning system and
representation if it never extrapolates from its training datsplit learning into two phases.
He showed that locally weighted averaging (LWA) is such In the first phase of learning, shown in figure 1(a), the
a function approximator. EDGER uses a more powerful robot is being controlled by a supplied control policy. This can
function approximator, locally weighted regression (LWR) [8ither be actual control code, or a human directly controlling
supplemented with extrapolation checks, for value-functiahe robot with a joystick. During this learning phase, the RL
approximation. For every query, it checks to make sure theystem is passively watching the states, actions and rewards
the query point is within the training data that it has alreadyiat the supplied policy is generating. It uses these rewards to
seen, and that the predicted value is within reasonable limigsotstrap information into its value-function approximation.
(given the rewards observed). If the query is outside of theThe key element of this phase is that the RL system is
training data, or the prediction is not reasonable, it returnsnat in control of the robot. At this point, we assume that
prediction using LWA (which is guaranteed safe). Otherwisehe value-function approximation is not complete enough to
the prediction using LWR is returned. This algorithm has beeflequately control the robot. Théle of the supplied control
shown to learn faster than one based only on LWA, and to pelicy is to expose the RL system to the “interesting” parts
robust across a number of test domains [6]. of the state space, those parts where the reward is non-zero.
In all of the work presented here, we usetbGERas part of It is important to note that we are not trying to learn the
our Q-learning implementation. Previous work has generalisajectories generated by the supplied policy, but simply using
solved this problem either by using domain knowledge tihe to generate experiences with which to bootstrap the value-
create a good discretization of the state space [9] or Eynction approximation.
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Once the value-function approximation is complete enough o
to control the robot effectively, the second learning phase Poomidor
starts. In this phase, shown in figure 1(b), the learned policy .
is in control of the robot, as it would be in a standard RL
implementation. If the supplied control policy is a piece of - @
software (as opposed to direct human control), it can be kept
running in the background to offer advice on control decisions
if needed.

By splitting the learning into two phases, we gain the ability.

) o . . . Fig.2. Th idor following task.
to bootstrap information into the value-function approxmatlon'g @ corndor foflowing fas

| |
! distance to end

before committing to using the learned policy to control 7

the robot. This allows us make sure that, once we move

to the second learning phase, the robot will be capable of corridor target
finding reward-giving states, and that learning will not stall. center line_ paint

By observing the example trajectories, we remove the need to
know about the robot sensor and actuator systems in detail.
If phase one learning is done by direct control of the robot,

the human controller does not need to know anything about
sensor systems, inverse kinematics or reinforcement learning. robot
!'m [11] used a Sl.mllar meth.Od to bootstrap Informatlorlli . 3. Calculating the angle for the corridor task.
into the value function, but relied on hand-coded sequence%

of experiences. This requires detailed knowledge about how

the robot moves and how the sensors work. If any of thig,ring poses. Our evaluation metric is number of steps taken
knowledge is incorrect, or based on faulty assumptions, th¢ reach the goal state. The performance graphs below show
learning system will fail to produce the desired results. By,o average number of steps to the goal, along with the 95%
observing actual traject_o_ries through the state-action space, Wffidence bound on this average. Training runs were also
are learning from empirical data, and are not subject t0 Oy rted from a variety of poses similar to, but not the same as,
own biases. those used for evaluation.

This sort of learning by demonstration has become quite|, g of the experiments presented here, the RL learning
popular recently [12], with the robots generally trying to leargyie s set to 0.2. In the corridor following experiments, the

the inverse kinematics of a task by observation [13]. Th§scount factory, is set to 0.99, and in the obstacle avoidance
closest work to that reported here is by Lin [11], who Usegxperiments it is set to 0.9.

example trajectories to accelerate learning. However, these

trajectories were assembled by hand and required a detailed ) .

knowledge of the robot dynamics and sensor systems. Cfyr Corridor Following

approach differs in the fact that we use the robot itself, underThe corridor following task is shown in figure 2. The
human guidance, to create the example trajectories from whichnslation speedy,, of the robot is controlled by a fixed policy
the RL system learns. that causes it to move quickly when it is in the middle of the
corridor and more slowly as it gets closer to a wall. The state
space of this problem has three dimensions, the distance to
the end of the corridor, the distance from the left-hand wall as
In this section, we present the results of using our framg-fraction of the total corridor width and the angle to a target

work to learn control policies for two simple robot taSkSpoint, shown in figure 3. The angle to the target pothis
corridor following and obstacle avoidance. The experiments

were carried out on a Real World Interface B21r mobile robot. 6 = tan~! @ +¢— E_

The robot has a synchronous-drive locomotion system and can d 2

rotate about its axis, and translate forwards and backwardsV¥¢ found that using the angle to a moving target point like

all of the experiments reported here, the translation speed Wai§ resulted in much smoother behavior than using the angle
either controlled by a fixed policy (for corridor following) orthat the robot heading made with the corridor. The robot gets
constant (for obstacle avoidance). Our goal is to learn a goddeward of 10 for reaching the end of the corridor, and a
policy for setting the rotation velocity of the robot. reward of zero in all other situations.

The robot uses a scanning laser range-finder to identifyFigure 4 shows the performance of the framework using
walls and obstacles in the world. Higher-level features, d@-Simple control policy for phase one learning. The supplied
scribed below, are computed from the raw laser informatidtPlicy was a simple proportional controller
and used as inputs to the control system.

Every five training runs, learning was temporarily disabled,
and the performance of the learned policy was evaluatékthe value of the gainy, was varied from run to run in order to
These evaluation runs were started from ten pre-specifigénerate a wider range of experiences for the learning system.

V. EXPERIMENTAL RESULTS

v, = ab.
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Fig. 4. Corridor following performance with simple policy examples.
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one training was done by directly controlling the robot with a
joystick, instead of using an hand-coded example policy. The
corridor used in this experiment is longer than in the previous
one, so the best possible performance will be different. Again,
the graph shows the average and shortest training runs used
during phase one, and the best one of the authors could do.
The phase one training runs are all longer than this “optimal”
value because no attempt was made to make them “good”
examples. In fact, the robot was driven quite sloppily during
phase one and, although it eventually reached the goal the path
was often far from the shortest possible.

The basic profile of the performance is similar to that shown
in figure 4, with two notable exceptions. There are fewer phase
one training runs, and the performance improvement in phase
one is much more rapid than in phase two. These are caused
by the nature of the training data generated. The experiences
generated by a human driving the robot are much more varied
than those generated by an example control policy. This variety
of training data means that our framework is able to generalize
more effectively, which tends to lead to better performance in
new situations.

As with the previous set of experiments, the slight perfor-
mance decrease just after the learning phase change is evident.
The final performance is, again, indistinguishable from the best

Training Runs | Training Runs

that one of the authors could do by directly controlling the
robot.

To see how effective phase one training is, in terms of
time spent, we also ran some simulations of the corridor
As can be seen from the figure, the performance of the learrfelowing task. Since we are dealing with a sparse reward
policy improves with more experience. After 30 phase orfanction, learning time is dominated by the time taken to
training runs, the performance is significantly better (at threach a reward-giving state for the first time. We simulated
95% level) than that of the shortest phase one training ranrobot in a corridor 10m long, approximately the length of
(labelled “best example” in the figure). the corridor in the first set of experiments described above,

After 30 phase one training runs, the learned policy wad timed how long it took to get to the reward states at
deemed to be competent enough to take over control of te end of the corridor. The simulated robot had the same
robot. The first evaluation, after five phase two training runs, iganslation speed policy as in the real experiments, and used
worse than the last phase one evaluation. After this, howewdae idealized forward model for synchronous-drive systems.
the performance of the learned policy continues to improveor each set of experiments, we started the robot in the middle
We have noticed this behavior in many domains, just aftef the corridor, pointing in a random direction in the half-
the change in learning phases. During phase one learning, ¢itele towards the goal. In each set of experiments, we limited
experiences generated by the example trajectories are likelfthte magnitude of the rotation velocity, (in the real robot
be fairly predictable. Thus, the number of novel experiencegperiments,—1 < v, < 1). Actions were chosen from
per run that he learning system must cope with is relativedy uniform distribution over the appropriate range. Figure 6
small. However, after the phase transition, when the learngliows the results from these simulations. The fastest that
policy is in control, a greater number of novel experiencébe simulation was able to reach the goal was slightly over
seem to be generated. This causes a temporary decreas@vinhours. Although it can be argued that a more informed
performance until the learning system has time to integraaetion selection policy could do better, we are assuming that
the new data properly. a standard RL approach will not have such domain-specific

After 35 phase two training runs, the performance of thghowledge. In this case we are forced to take more-or-less
learned policy is indistinguishable (at the 95% level) fromarbitrary actions. In both of the real robot experiments reported
the best that one of the authors could achieve by directypove, all of the training was accomplished in approximately
controlling the robot with a joystick (labelled “optimal” in thetwo hours. Since figure 6 shows the time until first reward
figure). The confidence bounds on the average performarigéound, it is clear that using phase one learning offers a huge
also narrow with more training. This corresponds to théme saving for this task.
performance of the robot becoming more predictable across
different starting poses. B. Obstacle Avoidance

Figure 5 shows the performance of the framework on aThe obstacle avoidance task that we used is shown in
another corridor following task. This time, however, phaskgure 7. The translation speed,, of the robot is fixed, and

Fig. 5. Corridor following performance with direct control examples.
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Fig. 6. Performance on the simulated corridor following task.
Fig. 9. Successful runs (out of 10) for the obstacle avoidance task.
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The goal is to have the robot drive to the goal state, while
avoiding the obstacles in the environment. A reward of gy 19, performance on the obstacle avoidance task.

is given for reaching the goal, a reward of -1 is given for

colliding with an obstacle and a zero reward is given in all

other situations. An experimental run terminates when thgys ysed and example trajectories were generated by direct
robot either reaches the goal, or hits an obstacle. The input§dgstick control of the robot.

the learning system are the direction and distance to the goatne ghstacle avoidance task is somewhat more difficult than
state and the obstacles, as shown in figure 8. The robot.{§igor following. The robot is contained by the walls of
started in a random pose approximately three meters from f@ corridor and constrained by the dynamics of the robot.
goal point for each experimental run. Our performance metiic s rejatively difficult for it to get seriously lost, and to

is the number of time steps needed to reach the goal stategifyt griving down the corridor in the wrong direction. This
all of the experiments reported in this section, one obstag&.4ns that it will (eventually) reach the reward-giving state
at the end of the corridor in most experiments. However, in
the obstacle avoidance task, there is no such help from the

environment. In fact, policies that are almost perfect might
d just miss the goal state, and be unable to recover. This is
s 1 reflected in figure 9, which shows the number of evaluation

runs (out of ten) that actually manage to reach the goal state.
Notice that th framework must see fifteen phase one example
trajectories before it is capable of reaching the goal on its own.
However, once it can find the goal state from one evaluation
starting position, it quickly learns to reach it from all of them.
As before, notice the slight performance decrease just after
the change in learning phases.

For those evaluation runs that were able to reach the goal,
figure 10 shows the average number of steps taken. The
Fig. 8. Features for the obstacle avoidance task. performance increase in the first learning phase is much




Starting distance

l [ Im [ 2m [ 3m | F'ir'1ally, the framework is capable of Iearnihg good control
Successtul 1T 46.2% | 25.0% | 18.7% policies more quickly than moderately experienced program-

Time (hours) || 2.03 | 6.24 | 6.54 mers can hand-code them, at least for the tasks that we looked

TABLE | at. Anecdotally, we have observed that novice programmers
PERFORMANCE ON THE SIMULATED OBSTACLE AVOIDANCE TASK can take up to a week to write a good wall-following program.

In the experiments above, we managed to learn a good policy
in approximately two hours.

We believe that our framework shows the promise of using
more dramatic than in the second phase. This is simiII::;\QrL techniques on real robots. However, there are sill many

to the previous task when direct control is used for phaggen questions. How complex a task can be leamed with

T : . : Lo sparse reward functions? How does the balance of “good” and
one training. Again, the final performance is not significantly

" ; : N
different (at the 95% level) from the best that the authors coulaad phase one trajectories affect the speed of learning? Can

i i i ?
achieve with direct control of the robot. As with the corridome automaﬂcally determine Wh?” to_change leamning phases
e are addressing these questions in our current work.

following task, the total time to reach the final performance
level shown in figure 10 was approximately two hours.

As before, we ran a simulation of this task to see how
long it would take the robot to reach the goal state withoutl]l Christopher J. C. H. Watkins and Peter Dayan, “Q-learninggchine

: s Learning vol. 8, pp. 279-292, 1992.
the benefit of phase one training. The robot was started Richard S. Sutton and Andrew G. Bart®einforcement Learning: An

various distances from the goal state, pointing straight at it." |ntroduction Adaptive Computations and Machine Learning. MIT Press,

No obstacles were present and rotation veloeityyas chosen Cambridge, MA, 1998. _
according to a normal distribution with mean zero and varianci! Leslie Pack Kaelbling, Michael L. Littman, and Andrew W. Moore,
Reinforcement learning: A survey,Journal of Atrtificial Intelligence

0.05. Table | shows the number of runs that reached the goal Researchvol. 4, pp. 237285, 1996.
within one week of simulated time, and the average timé4] Justin A. B_oyan and Andrew‘W. Moore, “Generaliza}tion i_n reinforce-
that these successful runs took. When starting at the same ment learning: Safely approximating the value function,” Advances

. ’ Lo in Neural Information Processing Systen®& Tesauro, D. S. Touretzky,
point as the real robot, less than one run in five was able and T. Leen, Eds. 1995, vol. 7, pp. 369-376, MIT Press.
to reach the goal state. Even those that did took an avera@é William D. Smart and Leslie Pack Kaelbling, “Practical reinforcement

; ; e learning in continuous spaces,” iRroceedings of the Seventeenth

of approxmgtely six and a ha!f hours. This is Ionger tha,n International Conference on Machine Learning (ICML-2002)00, pp.
the battery life of our robot. This demonstrates the necessity 993-910.

of example trajectories and phase one training when usirigl Wiliam D. Smart, Making Reinforcement Learning Work on Real
reinforcement learning on a real robot Robots Ph.D. thesis, Department of Computer Science, Brown Uni-
9 ’ versity, 2002.
[7] Geoffrey J. Gordon,Approximate Solutions to Markov Decision Pro-
cesses Ph.D. thesis, School of Computer Science, Carnegie Mellon
VI. CONCLUSIONS University, June 1999, Also available as technical report CMU-CS-99-

In this paper we have presented a framework for usingg} é?]?’" her 6. Atk § 4 Stefan Schal !
; : ; ; ristopher G. Atkeson, Andrew W. Moore, and Stefan Schaal, “Locally
reinforcement Ieammg Of? mobile I‘ObO.tS. The main featur weighted learning,” Artificial Intelligence Reviewvol. 11, pp. 11-73,
of the system described in the paper is the use of example 1997.
trajectories to bootstrap the value-function approximation, ani@] Minoru Asada, Shoichi Noda, Sukoya Tawaratsumida, and Koh Hosoda,

- ; h - : “Purposive behavior acquisition for a real robot by vision-based rein-
the splitting learning into two phases. In the first learning forcé’mem |earning,’Mac$1ine Learningvol. 23, pp. %/79_303, 1996.

phase, the robot is under the control of an example solution {@] sridhar Mahadevan and Jonathan Connell, “Automatic programming of

the task, or is controlled directly by a human. The reinforce- behavior-based robots using reinforcement learniktgthine Learning

ment learning system passively observes the st.at(.as, aCtiO,nS[? d\li(cj)lng5—?]| rli?r;,ng’e#ﬁfn%%c])-\;igSr’e‘]aucrt]i(\e/elggzelnts based on reinforcement

rewards encountered by the robot, and uses this information t0 |earning, planning and teachingMachine Learningvol. 8, pp. 293—

bootstrap its value-function approximation. Once the learned 321, 1992. _ . _

poliy is good enough to control the fobo, the Second phaseli i Eader e Yesto Knsosh, obotsee o dor 2 uervn

learning begins. The RL system is in control of the robot, and in Robots and AnimajsL996, pp. 3-11.

learning progresses as in the standard Q-learning framewd#] Stefan Schaal and Christopher G. Atkeson, “Robot learning by nonpara-
Using example trajectories through the space allows us to Tgegzc(lkegrses,g:;':/’_ ég;?g?g%’fglsggé'Bﬁ"'l‘q;;_tlgglt’ms and Systems

easily incorporate human knowledge about how to perform

a task in the learning system. The human guiding the robot

does not need to know about the sensor and effector systems,

or about reinforcement learning. They do not even have to

show the robot the best solution for the task. In the exper-

iments presented here, the final performance levels for both

of the tasks are significantly better than any of the example

trajectories used during phase one training. This underlines

the point that we are not learning the trajectories that we are

shown but are simply using them to generate experience that

is then used by the reinforcement learning system.
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