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Abstract— The mapping and localization problems have re-
ceivedconsiderableattention in roboticsrecently. The exploration
problem that dri ves mapping has started to generate similar
attention, as the ease of construction and quality of map is
strongly dependenton the strategy used to acquire sensordata
for the map.

Most exploration strategiesconcentrate on selecting the next
best measurement to take, trading off information gathering for
regular relocalization. What has not been studied so far is the
effect the robot controller hason the map quality while executing
exploration plans. Certain kinds of robot motion (e.g, sharp
tur ns) are hard to estimatecorrectly, and increasethe lik elihood
of errors in the mapping process.We show how reinforcement
learning can be used to generate good motion control while
executing a simple information gathering exploration strategy.
We show that the learned policy reduces the overall map
uncertainty by reducing the amount of uncertainty generated
by robot motion.

I . INTRODUCTION

Simultaneouslocalizationandmapping(SLAM) is theprob-
lem of how to take noisy measurementsof the environment,
noisyestimatesof sensorpositions,andrecover anestimateof
the true stateof the world. SLAM is fundamentalto mobile
robotics; an accurateand consistentmodel of the world is
essentialto ensuringthe ef�cient andsafeoperationof robots
in structuredenvironments or where purposeful navigation
is required. Under a set of common assumptions,in the
limit of in�nite time and observations,a perfectmap can be
attained[3]. However, the speedwith which the estimated
mapconvergesto the true map is stronglydependenton how
observationsof theenvironmentaretakenandby thetrajectory
of the robot.Following the considerableattentionthat SLAM
estimationtechniqueshave received in the literature,SLAM-
basedexplorationalgorithmshave beendevelopedspeci�cally
to selecthow observationsare taken and improve the conver-
gencerateof the mapestimation.

Most exploration algorithmscomputethe next best mea-
surementto be taken (or in somecasesthe bestsequenceof
measurements[10], [8]), wherethe “best” measurementor set
of measurementstypically are chosento maximizethe infor-
mationgain with respectto the currentmapestimate.Oncea
measurementor sequenceof measurementshasbeenchosen,
the task of executing the plan is given to somelower-level

controller that tries to achieve the goal stateor trajectory in
minimumtime or distance.However, thespeci�c kinodynamic
trajectorythata robot takesin executingexplorationplanscan
have a large impact on the posteriormap accuracy. Certain
kinds of motion that are optimal for conventional,distance-
optimal trajectoriesare undesirablewhen collecting data to
build a map.In a holonomicrobot, point turnsare frequently
employed beforeexploring in a new direction,but estimating
the true angleof a fastpoint turn is dif�cult in comparisonto
a curved path with large radiusof curvature.An exploration
algorithm with many point turns increasesthe likelihood of
errorsin the resultingmap.

Our methodhere will generatetrajectoriesthat minimize
the posterioruncertaintyof the robot position,independentof
the measurementsreceived during that trajectory. We expect
this controllerto bea goodheuristicfor generatingtrajectories
thatminimizemaperror. We will assumein this paperthatwe
areusingExtendedKalmanFilter SLAM [14] with rangeand
bearingmeasurements,althoughthis formalismis not critical
to the methodsthat we employ in that any measureof the
expectederror of the distribution would work.

Theoptimalsolutionto this problemmight involve arbitrary
trajectorieswith arbitrary turning rates.For our solution we
approximately�x the translationalvelocity. Further, we �x
the classof trajectoriesto be drawn from cubic splines.The
�nal constraintis the assumptionof a controller to follow the
trajectory. The beautiful aspectof reinforcementlearning is
that we can plug in any controller and any robot model and
optimize the trajectoriesaccordingto this controller.

There does not unfortunately exist a computationally
tractable way to optimize the posterior uncertainty of an
extendedrobot trajectory (with or without integrating mea-
surements);standardoptimizationtechniquesfrom thecontrol
literature will grow exponentially in complexity with the
number of measurements.Our approachwill therefore be
to use reinforcementlearning to �nd policies that minimize
the posterior uncertainty given an ordered sequenceof k
future points that an explorationplannerhasselectedfor data
gathering.Given this setof points,our algorithmcangenerate
the best k step policy for visiting thesepoints. The success
of our approachdependson careful parameterizationof the



action space.We use cubic splines(an example spline is in
�gure 1), which allows us to ensurethat the derivative of the
splinematchesthe currentorientationof the robot at the start
andendpoints.

We will show that our reinforcementlearnersuccessfully
generatesmotion trajectoriesthat minimize the posteriorco-
varianceof the robot in contrast to a standardhand-tuned
controller that minimizes distance.We will also show that
the posteriormap learnedfrom datacollectedby our policy
learnsmoreaccuratemaps.Finally, wewill show thatwhenthe
uncertaintygeneratedby turning is high, thenthe learnerwill
generatemorecurvedpaths.Conversely, whentheuncertainty
for translationis high, the learnergeneratestrajectoriesthat
arecloseto the distance-optimaltrajectory(see�gure 1).

I I . SIMULTANEOUS LOCALIZATION AND MAPPING

The slam problemtakes measurementsof the environment
andnoisy estimatesof sensorpositionsto recover an estimate
of the true stateof the world. Here,we assumea holonomic
robot that has two types of measurements:landmark and
location (odometry).A location measurementis the internal
position measureddirectly from the wheel encodersin the
form of a displacementut = (� tr ans ; � � ). The landmark
measurementszt at time t includeranger andbearingb from
the robot to each of n landmarks,zt = (r 1; b1; : : : r n ; bn ).
Examplesof landmarksincludestereoimagefeatures,corners
andlines in a rangescan.Fromthesequenceof measurements
u0; z0; u1; z1; : : : ; ut ; zt , we wish to computethe robot pose
(x; y; � ) and the (x i ; yi ) co-ordinatesof eachlandmark,that
is, the state� = (x; y; � ; x1; y1; : : : ; xn ; yn ).

Giventhat themeasurementsut andzt arenoisy, we cannot
know thetruestate� t . Wecan,however, computeadistribution
over possiblevaluesof � t using the Bayes' �lter:

p(� t jzt ; ut ; zt � 1; ut � 1; : : :) = (1)

� p(zt j� t )
Z

p(� t j� t � 1; ut ) p(� t � 1; jzt � 1; ut � 1; : : :)d� t � 1:

Fig. 1. Examplesof controllersfor differentdynamics.Top left: is anexample
splineaction.Bottomleft: anexampletrajectorychosenby thecontrollerwhen
the error introducedby rotations is large. Top right: an example distance-
optimal (hand)controller. Bottom right: an exampletrajectorychosenwhen
thereis little error introducedby rotations.

Note that p(zt j� t ) encapsulates our sensor model,
p(� t j� t � 1; ut ) encapsulatesour motion model and � is
a normalizationterm.

The particular assumptionsabout the form of p(� t ) and
the mechanismfor estimating this posterior is one of the
major differencesbetweendifferent SLAM techniques.The
ExtendedKalman Filter provides an ef�cient techniquefor
estimatingp(� t ) under the assumptionthat the posteriorcan
be approximatedreasonablywell by a Gaussiandistribution
over � such that p(� jz1::: t ; u1::: t ) = N (� t ; � t ). Additional
assumptionsare that the sensormodelandmotion modelcan
be linearized and that the noise models are Gaussian;see
[13] for a complete introduction to the Kalman �lter and
EKF. Undertheseassumptions,theexpectederrorof themean
estimatecan be quanti�ed by a function of the covariance
matrix suchas the traceor determinant.

I I I . REINFORCEMENT LEARNING (RL)

During exploration,a plannercanonly observe the current
estimateof the state,rather than the true stateof the world,
which is a form of partial observability that often leads to
computationalintractability in �nding good plans.However,
we will assumea high-level planner has chosenwaypoints
for information gathering,and will focus on the problemof
controlling the robot's uncertaintyduring travel betweeneach
waypoint. Becausewe can directly observe the stateof the
exploration processat all times, we can phrasethis control
problem as a Markov Decision Process(MDP). Brie�y , an
MDP is a tuple hT; A; S; R; 
 ; s0i whereS is the statespace,
s0 is the start state,A is the set of actionsavailable to the
agent,andR(s;a; s0) is therewardfor takingactiona in states
andendingin states0. p(s0js; a) = T(s;a; s0) is theprobability
of transitioningto states0 given a prior states and action a.
Finally 
 2 [0; 1] is a discountfactor.

Standardtechniquesof solving MDPs include value and
policy iteration. The optimal policy provides a mapping of
states to actions such that the long-term expected reward
of the policy is maximized. However, most practical tech-
niques assumediscretestate and action spacesand access
to a completedescriptionof the transition model T. In our
exploration problem, the robot has a continuousstatespace
(poses)and action space(motor commands).These issues
arenot necessarilyfatal in that usingintelligent discretization
techniquesfor continuousstateand action spaceshave been
usedwith successin other MDP settings.Most importantly,
however, we do not have a closed form representationof
the reward function, as the reward of eachstateand action
is effectively a predictedEKF updatefrom the robot pose
for the speci�c action. Instead of solving for the optimal
policy directly, we turn to reinforcementlearningto map the
currentstateto an appropriateaction.We will show that our
policy optimizesthemulti-steprobottrajectoryandreducesthe
overall mapuncertaintyby reducingtheamountof uncertainty
generatedby robot motion.



A. Policy Search by DynamicProgramming(PSDP)

Policy SearchDynamic Programming[1] learns policies
by decomposingthe reinforcementlearningalgorithm into a
seriesof one-steppolicies. The algorithm operatesby �rst
learninga one-steppolicy at time T (e.g., the end time) by
samplingstatesandactions,and learningto predictan action
that maximizesthe immediateone-stepreward. A new one-
steppolicy for theprevious time stepT � 1 is thenlearnedby
samplingstatesandactions,obtaininganimmediaterewardas
before.Using thepolicy previously obtainedat time T, a two-
stepvalueis obtainedfor eachstateandactionat T � 1. Thus,
thevalueassociatedwith eachstateandactionis accumulated
from the immediatereward at time T � 1 and the reward
received by running the learnedpolicy for time T.

The learner iteratesat each time t generatinga sample
states( i ) andactiona, propagating eachsamples( i ) forward
throughto time T using the policies � i for i 2 t : : : T . After
samplingall of the actionsin states at time t, the bestaction
a

0
is selectedat states. For eachstates, thereis thusa best

action a
0
. Theseare used as training pairs in a supervised

learningproblemat time t and the result is a classi�er that,
for any states, provides an optimal action a. Bagnell et. al.
give theoreticalguaranteesthat the algorithmcorrectlysolves
the reinforcementlearningproblem.

The speci�c policy learnerwe usefor eachone-steppolicy
is the multi-classSupportVectorMachine[2]. This algorithm
is a discriminative learnerthat assignsa label (i.e., optimal
action) to eachinstanceto be classi�ed. We usean SVM to
learnour one-steppolicy for two reasons:the SVM allows us
to learna classi�er over an in�nite input space,which allows
us to use a continuousstatespace(x; y; � ; xg; yg), and the
SVM is generallyan ef�cient learnerof large input spaces
with a small numberof samples.However, the SVM canonly
learn to label instancesfrom a discreteset of labels; since
we are associatingoptimal actionswith eachstate,we must
discretizeour actionspaceappropriately.

PSDP also requiresthat we have a proposaldistribution
from which to sampleinitial states.For our purposeshere,we
sampleuniformly over the possibledestinations.It shouldbe
notedthat the PSDPalgorithmproducesa non-stationaryde-
terministicpolicy, which is a moregeneralclassof policy than
is usuallyusedandPSDPis known to minimizeapproximation
errorscomparedto value function techniques.The complete
PSDPalgorithmis given in �gure 2.

IV. PSDP FOR TRAJECTORY CONTROL

The control problemwe wish to solve is how to generate
a motion trajectory for the robot from its current estimated
pose(x; y; � ) to a destinationposition (xg; yg) (or sequence
of destinations,(x0

g; y0
g ; x1

g; y1
g ; : : : ; xn

g ; yn
g ). We thereforeneed

to de�ne a statespace,actionspaceandreward function.

A. StateSpace

The state space of the controller is the current
robot pose (x; y; � ) and a sequence of destinations

PSDP(m1, m2, � t +1 ;:::T � 1, A)
1) for i = 1 to m1

� Samples( i ) uniformly over the sizeof the world
� 8a 2 A:

– Usem2 MonteCarlo simulationsto estimatethe
valueof actionai froms( i ) : Va i ;� t +1 ;:::;� T � 1 (s( i ) )

� � t (s( i ) ) = argmaxa(V )
� Learn a multi-classSVMwith s( i ) as instancesand

� t (s( i ) ) as labels
2) Returnthe SVMas � t

Fig. 2. Policy Searchby DynamicProgramming

(x0
g; y0

g ; x1
g; y1

g ; : : : ; xn
g ; yn

g ) chosenby somehigh-level explo-
rationplannerto maximizeinformationgain1. Notethatby our
choiceof PSDP, we will decomposethe larger reinforcement
learning problem into a seriesof horizon-oneproblemsand
rely on PSDPto learn a controller that generatestrajectories
that move smoothlyacrossa sequenceof waypoints.

B. Action Space

In orderto expressmotionbetweenwaypointsasa one-step
learningproblem,we cannotusedirect motor commandsas
the actions.We insteaduseas the action spacethe simplest
polynomial that both interpolatesthe start and end goal and
allows us to constrainthe start orientation.This is the space
is of cubic splinesbetweenthe current location of the robot
and the sequenceof information waypoints.(A cubic spline
consistsof a set of cubic polynomialsinterpolatinga set of
control points.)The spline is �x ed suchthat the derivative of
the splineat the startcontrol point matchesthe orientationof
therobotat its currentposition.Theorientationwith which the
robot arrives at the goal point and the magnitudeat the start
and end locationsare not �x ed. The spline is parameterized
as follows (t 2 [0; 1]):

x(t) = ax t3 + bx t2 + cx t + dx (2)

y(t) = ay t3 + by t2 + cy t + dy (3)

Using this parameterizationand providing values for the
x and y positions (x; y)j t =0 , (x; y)jt =1 and derivatives
( @x

@t ; @y
@t )jt =0 ), and( @x

@t ; @y
@t )jt =1 ) at t = 0 andt = 1, onecan

solve for the speci�c constants.Although therearenominally
eight total parameters,� ve of these parametersare �x ed.
(x; y)jt =0 is the start position of the robot and (x; y)j t =1

is the destinationposition (xg; yg). Further, we maintain the
orientationconstraintof the robot by requiring that

@y
@t jt =0
@x
@t jt =0

= tan(� ): (4)

Thus, we have one free parameterat the start point (the
magnitudeof the derivative at t = 0) andtwo free parameters

1For the purposesof clarity, and without loss of generality, we describe
the systemin Euclideanco-ordinates.In practice,we implementedthe state
representationin polar co-ordinatesin the robot frameof reference,reducing
the numberof variablesrequired to expressthe joint robot poseand goal
position.



(the orientationof arrival and the magnitudeof this ratio) at
the destination.

The kinematic trajectory of the spline does not directly
provide motor control commands.To convert the spline into
an actual motor sequence,we use a simple P � D control
loop on the currentrobot positionestimateanda point on the
splinea distanced in front of the robot.

C. Statetransitions

Assuming that we have an ordered set of n points
pt (the current state) that we want to visit at time t:
hpt ; pt +1 : : : pt + n i . Our new set of points (the new state)
will behpt +1 ; pt +2 : : : pt + n ; pt + n +1 i , wherept + n +1 is chosen
uniformly over some maximum distancethat we expect to
travel. In situationswhere the high-level exploration planner
were choosing information waypoints in some predictable
manner, thestatetransitionsmight not necessarilybeuniform.
However, this is fully transparentto PSDPandreinforcement
learningtechniquesin general.

D. Reward

The reward for eachaction is computedfrom the change
in uncertaintyof the posteriorrobot poseestimate.If ut = k is
the original uncertaintyand ut = k+1 is the �nal uncertainty,
then r t = k = ut = k � ut = k+1 , encouragingthe policy to
introduceas little uncertaintyas possiblethroughthe motion
of the robot. Sincewe are using an ExtendedKalman �lter ,
the posterioris given by a Gaussianwith covariance� and
mean � , and a good measureof uncertaintyin a Gaussian
distribution is the trace of the covariance matrix; the use
of the trace (in contrastto the determinant)for information
gatheringin exploration problemshasbeenshown elsewhere
to improve performance[8]. While any matrix norm may
work as a metric, the trace correspondsintuitively to the
sum of the magnitudesof the principal componentsof the
Gaussiandistribution. Similarly, the determinantcorresponds
approximatelyto the volume.

We have not speci�cally incorporatedobstacleavoidance
into the trajectory generation,but in order to model the
costof potentialcollisions,we would provide a penaltyterm
for leaving a corridor and a penalty term for running into
obstacles.In particular, we would de�ne a corridorof width r
on a straightline between(x; y) and(xg; yg) that is assumed
to befreeof obstacles.In moving from (x; y; � ) to (xg; yg) the
robot would be penalizedwith a very large negative reward
if at any instant it moves further than w away from the
straight-line vector betweenthe start and goal points. This
obstacleavoidancemeasurewould modeltheeffect of corridor
environments;notethat we could usethe obstaclesalreadyin
our map to generatelarge punishment.We could also replan
immediatelyupondiscovering new obstacles.

E. Motion Model

In addition to the componentsrequiredby PSDPto learn
goodcontrollers,we alsorequirea motionmodelof therobot.
This motionmodelis theprincipal reasonfor usingintelligent

control to minimize uncertainty, but the model is not used
by the learner;the learnerinsteadusesdata to learn how to
minimize the uncertaintycapturedby the model.We usethe
motionmodelto simulatetheoutcomeof robotmotionandto
updatethe EKF posterior, but do not give knowledgeof the
robot motion to the reinforcementlearningalgorithm.

We use a common motion model that representseach
motion asa combinationof a translationanda rotation,

�
0

tr ans = � tr ans + N (0; � tr ans � tr ans ) (5)

�
0

� = � � + N (0; � � � � ); (6)

where each action has some (unobserved) noise addedac-
cording to normal distribution. In the above, � tr ans is the
commandedtranslationfrom the previous location and � � is
the commandedrotation from the previous location, and the
standarddeviation of eachnoise term is proportionalto the
commandedtranslationor rotation.A similar but moregeneral
motion model would include systematicbias terms in the
inducednoise[4].

From the translationandrotation,we cancomputethe new
positionof the robot as

x0 = x + � 0
tr ans cos(� ) (7)

y0 = y + � 0
tr ans sin (� ) (8)

� 0 = � + � 0
� : (9)

This model is equivalent to sayingthat the robot �rst moved
directly forward by � tr ans + N (0; � tr ans � tr ans ) and then
turnedby � � + N (0; � � � � ).

Note that good techniquesexist for learningrobot motion
modelsfrom data[4], which allows usto performthe learning
processof�ine in simulation.The n SVMs correspondingto
the policy of lengthn canthenbe useddirectly on a physical
robot.

V. EXPERIMENTS

We usedreinforcementlearningto learnthe besttrajectory
for a robot tracking its position with an ExtendedKalman
�lter in a world of size 35 � 35 with point features.We
usedPolicy SearchDynamicProgrammingto learnmulti-step
policies; each one-steppolicy was learnedusing a support
vectormachinewith a Gaussiankernel,C = 5, and 
 = 0:2.
Theseparameterswerecomputedby doinga parametersearch
with onestepinput/outputpairs.Eachlearningproblemused
m1 = 1; 000 sampleswere taken with m2 = 1 roll-out
samplesfor each start sample.A total of 160 actions for
eachsamplewere consideredby samplingfrom the spaceof
possiblecubic splines.Both the landmarklocationsand the
goal positionswerechosenat random.Training eachhorizon-
oneproblemwith 1,000samplestakesaboutanhour. Thetime
to classifyactionsusingan SVM takes milliseconds,making
it viable for usein online SLAM.

A. One-steppolicies

Looking at �gure 3(a), we can seethe improvementover
thedistance-minimizinghandcontrollerin termsof theoverall
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Fig. 3. A comparisonover all destinationsof the RL controller and the
handcontroller (a) in termsof poseandmapuncertaintyand(b) in termsof
the proportionof time that the RL controller is betterfor variousnumbersof
randomlyselectedlandmarks.

mapandposeuncertainties.In �gure 3(b), it is clear that the
mapandposeuncertaintiesarebetterthanthe handcontroller
nearly98%of thetime. Further, up to 80%of thetime theRL
controller will obtain betteroverall sum squarederror in the
maps.Note that �gure 3 re�ects destinationsat least7 meters
from the currentlocation of the robot and randomlyselected
landmarks.

Theseresultsshow thatminimizing theone-stepposeuncer-
tainty indeedprovides trajectoriesthat will help to minimize
the total map uncertaintyas well as the sum squarederror.
Further, asthe numberof landmarksincreases,the proportion
of timesthesumsquarederroris betterincreases.Wespeculate
this is becausethe position of the robot has fewer jumps
in it, thereby enabling the controller to generatea path
that more closely resemblesthe target spline. Note that the
averageuncertaintyof the map increaseswith the number
of landmarks,becausemore landmarksaredistributedfurther
from the robot, contributing to the overall uncertainty. The
salientfeatureof �gure 3 is thedifferencebetweencontrollers.

Fig. 4. Exploration trajectories:a sequenceof 4 exploration points are
given by a high-level plannerfor exploration.On the left is the true four-step
trajectorygeneratedfrom the learnedcontroller. On the right is the trajectory
of the distance-minimizingcontroller.

Note from �gure 1 that whenthe variancein the turn error is
very low, the trajectorywill converge to the distanceoptimal
trajectory.

B. Multi-steppolicies

Thecreationof multi-steppoliciestakespolynomialtime in
the numberof stepsthat we want to optimize. In particular,
the numberof simulation stepsthat we have to perform is
O( 1

2 n(n + 1)akv), for n thehorizon,a thenumberof actions,
m1 the numberof samplesat a given timestepand m2 the
numberof approximationsof the valuefunction that we need
to perform.

Sincethe computationof the t th policy takest2 simulation
stepsfor a �x ed problem,the the bottleneckof generatinga
multisteppolicy residesin the training.Computinga one-step
policy correspondsto simply setting t = 1, and thereforeis
signi�cantly fasterthangeneratinga true multi-steppolicy. In
our experiments,the total training time for a one-steppolicy
is about30 minutes,while a four-steppolicy cantake 5 hours.
Thetrainingof eachSVM is trivial; in our experimentsit takes
well lessthan a minute per SVM. Finally, when we needto
evaluatea state (perform classi�cation using an SVM), the
computationaltime remainsat milliseconds,making it viable
for usein online SLAM.

In �gure 5, we seethe resultof learningmulti-steppolicies
versusone-steppolicies.Clearly theone-steppoliciesperform
signi�cantly worsethanthemulti-steppolicies.Thereasonfor
this is that thereis no lookahead.For example,the two step
policy cananticipatethe needto be at the �rst destinationat
a certainangle,wherethe one-steppolicy is oblivious to this
need.

C. MultistepPolicy Evaluation

As a proxy for investing the computationaltime into cre-
ating an n step policy for an n step problem, we decided
to comparethe bene�ts of using a true four-steppolicy over
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(b) True four-steppolicy for horizon4

Fig. 5. Comparisonof a (a) one-steppolicy run for 6 destinationsand (b)
a true 4-steppolicy.

repeatingthe one-steppolicy six times. Further, we perform
a comparisondirectly to the hand controller for eachset of
landmarksand destinations.Figure V-B shows an example
trajectory chosenby the controller, and the corresponding
trajectorygeneratedby thehandcontroller. In thisexample,the
uncertaintyof themaplearnedby theRL controllercompared
favorably to the map learnedby the handcontroller.

In �gure 5(a) we useda 1 step policy over 6 stepsand
comparedthis to the handcontroller. We canseea reduction
in thesumsquarederrorsomeof thetime, theposeuncertainty
about80% of the time and the mapuncertaintyalmostall of
the time. This shows that a one-stepcontroller can improve
overall uncertaintysomewhat.

For the true four-steppolicy, we performeda quantitative
comparisonof the learned policies and hand-craftedcon-
trollers. We usedm1 = 1000 samplesand we test on 300
trials consistingof four stepseach,whereactionsare chosen
eitherby thehandcontrolleror by thelearnedRL policy. Here
we useda true four steppolicy andnot a four steppolicy that
is generatedvia chaining four one-steppolicies. The results
arepresentedin �gure 5(b).Clearly, theRL controlleris doing

betterthan the handcontroller.
Comparing�gure 5(a) and5(b) we seethat the true 4 step

policy resultsin a reducedmap uncertaintynearly all of the
time and lower sum squarederror in the map up to 80% of
the time. In contrastto the iteratedone-steppolicy, we notice
thatthetrue4-steppolicy signi�cantly outperformstheiterated
1-steppolicy.

Theseresultsindicatethat the SLAM problemcan greatly
bene�t from the use of trajectory planning as we have pre-
sentedit here.In particular, whentaking into accountthenext
n destinations,the RL will producea policy muchbetterthan
a standardhandtunedpolicy.

VI . CONCLUSIONS

We have shown a novel approachto trajectorycontrol for a
mobile robotperformingexploration.Givendestinationpoints
for informationgathering,we have shown that reinforcement
learning can be used to learn a control policy that �nds
actionsto minimize the increasethe posterioruncertaintyof
therobotpose.We have furthermoreshown that this is a good
heuristicfor generatingbettermaps.Using this techniquewe
can generatearbitrary k-step policies that can optimize the
full trajectory given knowledge of k destinations.While in
the future real datawill be obtainedfrom real environments
to ensurethat our simulationsareaccurate,theseresultsshow
ways in which the robot can createbetter maps by taking
differentactions.
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