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Abstract— Navigation is one of the fundamental tasks for a
mobile robot. The majority of path planning approacheshasbeen
designedto entirely solve the given problem from scratch given
the current and goal con gurations of the robot. Although these
approachesyield highly ef cient plans, the computed policies
typically do not transfer to other, similar tasks. We proposeto
learn relational decision trees as abstract navigation strategies
from example paths. Relational abstraction has several interest-
ing and important properties. First, it allows a mobile robot to
generalize navigation plans from speci c examplesprovided by
users or exploration. Second,the navigation policy learned in
one ervironment can be transferred to unknown ervironments.
In several experiments with real robots in a real environment
and in simulated runs, we demonstrate the usefulnessof our
approach.

|. INTRODUCTION

For various tasks such as delivery, guidance,rescueetc,
mobile servicerobotsneedto plan their actions.In the past,
thevastmajority of approachefor computingnavigationpaths
have dealt with solving the given navigation problem that
the robot facesduring operationfrom scratch.Whereassuch
approacheyield highly ef cient paths[1], [2], they typically
do nottake into accountsolutionsto similar problemsIn addi-
tion, thesenavigation planscannoteasilybe communicatedo
humanswhich makesit hardto instructtherobotabouttypical
navigation behaiors. In this paper we considerthe problem
of learningabstractnavigation plansfor mobile robotsbased
on a setof trajectoriesn the con guration spaceof the robot.
The key idea is to utilize labels assignedto the individual
placesin the ervironmentandto generalizesequencesf these
labelscorrespondingdo the placestraversedby the robotwhile
performingits task.

The problemof planningtrajectoriesof mobile robotshas
been studied intensiely in the past, as the capability of
effectively planningits motionsis “eminently necessargince,
by de nition, a robot accomplishegasksby moving in the
realworld” [3]. The differenttypesof planningproblemscan
coarselybe classi ed accordingto the information provided
to the robot. The classical path planning problem is the
situationin which the robot hasperfectknowledgeaboutthe
ervironmentaswell asits startingpoint andits goal position.
More comple problemsemegewhentherobotonly possesses
partialknowledge For example whenthelocationof thetarget
is unknowvn, therobothasto searchor thetarget.In situations,
in which the environmentis unknawn but the target location
is known, D* [4] or LRTA* [5] are popular algorithmsto

guide the robot to the goal location. Throughoutthis paper
we considerthe more complex situationin which the location
of the target point is not given a priori. Sucha situation,for
exampleoccurs,whenarobothasto nd theentrancehall in a
hotelor in alargeof ce building. For suchproblemsdifferent
algorithmsincludingdepth- rst searcranduninformedLRTA*
(seeKoenig [6] for a comprehensie comparison)have been
proposedMoreover, in mostsituationsthe actionsof therobot
are non deterministic. Here, approacheshasedon Markov
decisionprocesse$MDPs)[7] have beenproposed8]. MDPs
provide a soundtheoreticaframenork to dealwith uncertainty
relatedto therobot's motor andperceptve actionsduring both
planningand plan executionphases.

Whereaghesetechniquegrovide highly elegantand often
alsoefcient solutionsto the correspondingroblems they do
not have the ability to improve their performanceby learning
from pastexperiencewithin similar tasks(e.g.,entrancehalls
found in otherof ce buildings). Our approachalleviatesthis
situation by adopting techniquesfrom relational reinforce-
mentlearning [9], [10], i.e., reinforcementearningwithin a
relational representatiorto learn generalsearchpreferences
for navigation problems.More precisely our techniquestarts
from a set of speci c example navigation plans, which can
either be computedby solving a relational MDP or can be
obtainedfrom a helpful teacherwhereit is assumedhata set
of labelscanbe assignedo eachpositionin the con guration
spaceof the robot. Suchlabels can be obtainedrobustly by
analyzingsensormmeasurementand their temporalevolution,
see[11], [12]. Theobsenedlabelsareusedto form (relational)
state descriptionsof a relational Markov decision process
(RMDP). We then apply relational learning techniquesfor
generatingabstractionsAs a result, we obtain a relational
decisiontree, which expressespreferencesabout navigation
actions. Thesepreferencesan then be usedby the robot to
generatenavigation actions. As our experimentsshawv, the
navigationalgorithmcandealwith noisein theobsenedlabels
andgracefullydegradego randomsearchwhenthe noiselevel
increases.

In the pastfew years,relationalrepresentations1 machine
learning and Al receved a lot of attention, see.e.g. [13],
and is known underthe name statistical relational learning
(SRL). This appeargo be an appropriatetime to apply SRL
techniqueswithin robotics. The adwantagesof the SRL ap-
proacharethreefold.First, the learnednavigation preferences
canbe directly transferedo alternatve instancesf the same
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Fig. 1. A mapof hotelh. Therobotin roomr s is supposedo nd its way
to the main entrancer 1 of the hotel.

navigation problem (e.g., searchingfor anotherexit in the

samebuilding). Additionally, they candirectly be transferred
from one environmentto anotheroneandin this way enablea

robotto efciently carry out similar navigation tasksin even

unknown ervironments.Finally, our approachcan be applied
to settingsin which the exampleplansare not generatedy a

robot but are provided by a humanandhave no guaranteesf

being optimal. This settingis often called behaioral cloning

or learning by imitation. Our experimentsshav that alsoin

suchcasesour approachcanbe bene cial.

The paperis organizedas follows. We rst briey review
MDPs and RMDPs. Then, we shov how to learn abstract
navigation policiesin the framevork of RMDPs, and how to
usethemto guide the searchof a mobile robot. SectionlV
reportson several experimentscarriedout on a real robot as
well asin simulation,which shows that our approacheadsto
efcient navigation plans.

Il. MARKOV DECISION PROCESSES

Our running example will be the hotel world where the
task of the robotis to nd its way out of an unknavn hotel.
Considerhotel h in Figure 1. The mobile robot is in room
rs. At eachtime, the robot cango from oneroomto another
sayrs to r4. Theactionis probabilistic,i.e., with probability
p the action succeedsand the robot will be in r4, and with
probability 1 p the actionfails andthe robot staysin r s.

A naturalformalismto encodethe hotel world are Markov
decision processes(MDPs) [14]. MDPs are tuples M =

A is asetof actionssuchasgoto(rs;rs), T:S A S!
[0; 1] atransitionmode] andR : S A S! [0;1] areward
model Thesetof actionsapplicablein astates 2 S is denoted
A(s). A transition from statei 2 S to ] 2 S causedby
someactiona 2 A(i) occurswith probability T (i; a;j ) anda
reward R(i; a;j) is receved, e.g., 10, when enteringr 5, and
0 otherwise.T de nesa properprobabiﬁ;y distribution if for
all states 2 S andall actionsa 2 A(i): i2s T(@;a;))= 1.
A deterministicpolicy : S! A for M species which
actiona 2 A(s) to executedwhenthe agentis in states 2 S,
i.e. (s) = a. Givenapolicy for M, anda discountfactor
2 [0; 1], the statevaluefunctionV :S! R representshe
value of beingin a statefollowing policy , w.r.t. expected
rewards.A policy isoptimalif V. (s) V 0(s) 8s2S
and 8 ° The optimal value function is denotedV . One of
the standardtechniquesfor exactly solving MDPs is value
iteration (VI). The VI algorithmassumeghat the statespace

is represente@sa table and canbe statedasfollows: starting
with a valuefunction Vy over all stateswe iteratively update
the value of eachstateaccordingto

T(s;a;I[R(s;a;s) + Vi (sD)]

s0

Viar (8) = max @)
to getthe next (t = 1;2;3;:::). VI is guaranteedo corverge
in the limit towardsV .

TraditionalMDPs and VI asexpressedy Equation(1) are
essentiallypropositionalin thateachstatemustbe represented
usinga separatgroposition.Therefore they areseverely lim-
ited in expressvenessanddo notreally capturethe structureof
the underlyingclassof problems As a consequencat is hard
to generalizepolicies acrossdomainswith similar properties.
For instance,propositionalpolicies for the hotel in Figure 1
cannotdirectly be appliedin otherhotels.

I1l. LEARNING RELATIONAL NAVIGATION POLICIES

RelationalMDPs (RMDPs, seebelow) combinerelational
logic with MDPs. Using RMDPs, it becomespossible to
generalizesuchpoliciesevenfor thosecasesvherethe hotels
may possesa varyingnumberof objects(rooms)andrelations
(connectionsamongthem.

A. RelationallLogic

The hotel world can elegantly be representedusing
relational logic. Reconsiderhotel h in Figure 1: there
are rooms ro(ri),
nected: con(r1;r2), con(rq;rg), con(ro;rs), con(ro;ra),
con(rg4;rs), con(rg;re) togetherwith the symmetricfacts.
There are several types of rooms such as horizontal,
hPasg(r4), andvertical passagessPass(r ») andvPass(rg).
Furthermore there are emegengy exits, eExit (r3), and en-
trancehalls, main(r ;). At eachtime the robot is in a room,
in (rs), therearesereralactionstherobotcantake. Onetypical
suchactionis going from a room R into a horizontalpassage
H goto _RHIPR H). With someprobability actionsmight fail,
i.e., therobot staysin the currentroom. The taskfor the robot
isto nd its way out of a hotel, i.e., to “enter” main(r ;).

In relational logic, expressionsof the form p(t 1;:::tm),
where a relation symbol p followed by a bracketed m-tuple
of termst;, are called atoms A term is either a variableR
or a constantr ;. We follow the corventionthat variablesstart
with an uppercaseand constantswith a lower casecharacter

The mainideaunderlyingRMDPsis to replacethe propo-
sitional symbolsusedin MDPs by abstractstates.An ab-
stract state is a conjunction Z of logical atoms, i.e., a
logical query and representsa set of states.Consider e.g.,
the abstractstate Z in (R;con(RR);ro(R;ro(R). It
summarizesituationsin which arobotis in aroomconnected
to anotherroom. An instancez of Z is for example z
in (rs);con(rg;rs); hPasy(r4);ro(r4);ro(rs); thereexists a
substitution  such that Z z. A substitution is an
assignmenbf termsto variablesf X;=t 1;: : : X,=t ,g whereX;
arevariablesandall t; areterms.A term,atomor conjunction
is called groundif it containsno variables.Conjunctionsare



implicitly assumedo beexistentiallyquanti ed. A conjunction
A is said to be subsumedby a conjunctionB, denotedby
A B, if thereexists a substitution suchthatB A.

B. RelationalMarkov DecisionProcesses

Using thesenotionsfrom relational logic, we now brie y
review the key ingredientsof RMDPs: abstiact actions and
abstiact rewards For more details,we referto [15].

An abstactactiont isaruleH °”* B whereA is anatom
representinghe nameand the agumentsof the action and
B is an abstractstatedenotingthe preconditionsof A. H is
an abstractstateand representshe successfubutcomeof A.
The value p is the probability that the action succeedsThe
semanticsof an abstractaction are: If the current state b is
subsumedy B, i.e., b B, thentaking action A will result
in[bnB ][ H with probability p. With probability 1 p the
action fails, i.e., we stayin b. As anillustration, consider

in (R);con(RR); in (R; con(R R):
hPasyR);ro (R 0:9:0t0-RHER ) hPassl(F);ro (R
ro(F);R6 R ro(F);R6 R

which describesthat a robot is going from room R into a
horizontal passageR® with probability 0:9. Applied to the
above state z the action goto RHRPr;r9 will yield z°

in (r4); con(r4;rs); hPasy(r 4); ro(r4);ro (r5) with probabil-
ity 0:9 andz with probability 0:1.

The abstract reward model speci esthe rewardsgenerated
by enteringabstractstates.It is speci ed as a nite list of
valuerules of theform ¢~ B were B is an abstractstate
andc 2 R. To ary abstractstateZ, V assignsthe maximal
value ¢ of all matchingvalue rules c B to Z asvalue.
A rule matchesif Z B. Considere.g.10 in(r9 and
0 true . It assigns0 to z but 10 to z% Using true in the
lastvaluerule assureshatall statesareassigned value.This
simplereward modelis expressive enoughfor the hotelworld,
which s basicallya shortest-pathproblem the goalto reachis
main. Whenmain is enteredthe processnds.Suchepisodic
tasksareencodedising so-calledabsorbingstates which can
be speci ed by a setof queriesge.g.,main(R). In our example,
z is not absorbingbut z° is. In addition, integrity constraints
canbe employedto exclude impossiblestatescf. [15].

C. RelationalNavigationPolicies

Let us now discusshow to compute(navigation) policies
from RMDPs.Thekey obsenationis thateachRMDP induces
a traditional MDP [15], which can be obtainedby starting
in someinitial ground stateand then applying eachabstract
transitionuntil no more new groundstatescan be computed.
Thus,the existenceof anoptimal policy for each(resulting)
ground MDP is guaranteedin the hotel world, a navigation
patternmight be

in (r4); hPasH(r 4); ro(r 4)

goto _RHRr 51 4) con(r4;rs);ro(rs);ra 6 rs

)

1For the sale of simplicity, we will consideronly actionswhich succeed
or fail and which do not causeary costs. The more general casesare
straightforvard.

in(R;ro(R
con(R R); hPasg R°)
[goto RHER ) ] [goto RRR ) |

lowestconnected (R R)

backgroundnowledge [ goto .VPLCR F?) ] [goto_VPHE’R F@) ]

Fig. 2. A relationaldecisiontreerepresenting relationalnavigation policy
for the hotel world.

which stateghattherobotwill goto the horizontalpassage 4

whenit is in roomr 5. Of course suchpoliciesareextensional
or propositionalin the sensethatthey specifyfor eachground
state separatelywhich action to execute.Instead,we would

like to learnan abstmact policy, which intentionally speci es
theactionto take for anabstracstate,.e., for the setof ground
statesit malkes abstractionfrom. More formally, an abstact,

i.e., relational navigation policy, is a nite setof relational

navigationrules of theform A Z whereA is an abstract
actionand Z is an abstractstate.For instance the relational
navigation rule

in (R; con(R R); hPassy(R)
ro(R;ro(F);R6 R

generalizeg2) over ary roomsR andR°.

To learn a relational navigation policy, we startfrom a set
of tracedt;, i.e., groundsituation-actiorsequencethatleadto
a goal state.Thesespeci ¢ situation-actionsequencesan be
optimal (for instancejf they were obtainedby computingthe
optimal policy for a fully known map of the ervironment)or
not (for instance|jf they are provided by a humanthat shovs
therobothow to proceedrom a particularinitial goalto agoal
state).Whereaghe rst casecould correspondo the situation
where the model is known, the secondone correspondgo
a model-freecase,and also allows to learn from imitation or
performwhatis calledbehavioal cloning Thekey ideais that
eachtracet; describes situation-actiorsequencepr instance
for leaving a hotel. More precisely eacht; consistsof ground
navigationrulessuchas(2). Eachrule describesaninterpreta-
tion, in (rs); con(r4;rs); hPass(r4);ro(r4);ro(rs);r4 6 rs,
i.e, asimpleenumeratiorof all groundfactsthe robotneedso
know —therooms,the connection@mongtherooms,thetypes
of the rooms,i.e., room, horizontalpassageyertical passage,
elevator, etc.— in orderto take the associateaptimal actions
goto _RHFr 5;r4). Thetaskthenis to inducea relationalnav-
igation policy basedon thesesituation-actiorpairsthat makes
abstractiorof theexperienceprovidedto theagent.This canbe
realizedusing the learning from interpretationssettingswell
studiedin the eld of inductivelogic programming[16] where
relationalprogramsareinducedfrom interpretation-claspairs.
One standardapproachto employ during generalizationare
relationaldecisiontrees.

A relational decisiontree [17] (seeFigure 2) is a binary
decisiontreein which eachnodecontainsa conjunctionsuch
as in (R;ro(R. Each node capturesa logical test, which
either succeedr fails when appliedto a particularstate. If

goto _RHPR R 3)



it succeedsthe left subtreeis consideredptherwisethe right
one.Moreover, nodesmay sharevariableswith their ancestor
nodessuchcon(R R); hPass(R). Thetestto be performedat
eachnode consistsof its conjunctiontogetherwith the con-
junctionson the succeedingathfrom the root to the nodefor
instancein (R;ro (R; con(R R); hPasyR). Leafs represent
the action to be taken in the abstractstate consistingof the
conjunctionsalong the pathto the leaf. For instance the tree
essentiallyencodegherelationalnavigationrule (3) in its left-
mostpathandalsosuggestso take actiongoto _RHRPr 5; r4) in
statez. To inducethe tree, we essentiallyemploy Quinlan's
well-known C4.5 [18] schemewith the information gain as
splitting criterion, for more details see[17]. To summarize,
our approachworks asfollows:

1) Obsene a number of successfulground state-action
sequences

2) Induce a relational navigation policy in the form of a
relationaldecisiontree from this experience.

The resulting abstractnavigation policy typically — asin our
experiments— useslocal information only, i.e., the environ-
mentdoesnot needto be completelyknown.

Indeed, this is akin to explanation-basedearning (EBL)
[19], [20], wheresubsequento a successfuproblemsolving
sessiona proof is constructedhat explains the successThe
proof is then generalizedto a descriptionof stateswhich
can be solved in the sameway. In state-spaceproblems
— as we are investigating— proofs correspondto shawing
that a sequenceof actions achieves a goal and EBL cor
respondsto goal regressionover an state-actionsequence.
Therefore,it is not surprisingthat EBL has been used as
generalizationalgorithm within the Prodigy system[21] to
learngeneralcontrol rulesfrom speci ¢ examplesof problem
solving episodesLater, Dietterich and Flann [22] combined
this idea with reinforcementlearning by associatingthese
generalizedstatedescriptionsvith valuesobtainedfrom value
iteration. SubsequentlyBoutilier et al. [23] and Kersting et
al. [15] generalizedietterich and Flann's approachto rela-
tionaldomainsj.e.,RMDPs.Recently MausamandWeld [10]
suggestedo approximatethe value function by inducing a
relationalregressiontree from obsened traces.Unfortunately
the relationaldescriptionof statesthat sharea value becomes
increasinglycomplex as thesestatesget farther and farther
from thegoalwhile thenumberof statescoveredby anabstract
statereducesdramatically This resultsin a large numberof
valuerules. Indeedthis hasbeenobsenred to be the casein
earlyEBL systemsandhasbeencalledthe utility problem[22].
To avoid this problem, our approachworks directly with
state-actionsequencesnd inductively generalizeghem into
relationalpolicy trees.At the sametime, this hastheadwantage
that— in contrasto EBL — no modelis required which allows
to apply our techniquesonto behaioral cloning.

One particularly interestingcase,on which we will focus
in the experiments,is concernedwith learningfrom optimal
state-actiorsequencesThesecan actuallybe generatedf the
model,i.e.,the RMDP R is fully known. To obtainanoptimal

Fig. 3. Map of the real of ce environmentin which the experimentswith
our robotwerecarriedout. Whenthe robotwasin room”C”, only threenode
labelswereobserable (black).All otherlabelsaswell asthe overall topology
of the ervironmentwere unknavn (gray). The usednavigation policies were
learnedfrom differentreal buildings.

state-actiorsequencene hasto groundthe RMDP andthen
computean optimal navigation policy for the resultingMDP

using ary MDP solver. Thus, our approachdoes not face
the utility problem and, thus, typically learn more compact
policiesthan approachespproximatingthe value function.

IV. EXPERIMENTS

Ouralgorithmhasbeenevaluatedn experimentscarriedout
with a real ActivMedia Pioneer2-DX8 robot equippedwith
two SICK laserrange nders aswell asin simulation.Thegoal
of the experimentsis to demonstrateéhat the abstractnaviga-
tion planscanbe usedto effectively controla mobile robotto
reachits target locationeven in unknonvn ervironments.

A. ImplementatiorDetails

In our currentsystem,we usethe systemSPUDD [24] to
solve the MDPs andto generateexamplenavigation plans.To
executethe navigation plans on the robot and in simulation
runs, we usedthe Robot Navigation Toolkit CARMEN [25].
We assumethat the robot can identify the type of place at
its currentlocation as well asthe type of placea door leads
to [11], [12]. We do not requirethis informationto be free of
noiseas one of our experimentsdemonstrates.

Under these assumptionswe perform a forward search
guided by the learned navigation policy. That is, we start
in some state and then determinewhich action to perform
next by evaluatingthe relationaldecisiontree on the current
state.We performthe action,obsene the next state andrepeat
the overall process.Since relational (navigation) policies are
not deterministic,the systemneedsto chooseamongseveral
equallylikely actions We chooseuniformally amongall possi-
bilities andputtheonesnotchosenn alist AltS. Wheneverthe
robotencounters loop or adeadend,it calculateghe shortest
pathfrom its currentstateto every statein AltS and chooses
the one with the shortestdistanceto the currentlocation. In
caseAltS is empty we put every stateconnectedo an already
visited stateinto AltS

B. Navigationin an Of ce Environment

The rst experimentsare designedto demonstrateéhat our
approachresults in effective navigation behaiors in real-
world scenariosThe experimentshave beencarried out with
a real mobile robot in a typical of ce ervironment (see
Figure 3). The task of the robot wasto nd the entrance



Fig. 4. Application of an abstractpolicy for nding the entrancehall of a
building. The robot rst leavesthe room andentersthe corridor (left image).
Thenit samplesrandomly and moves to the corridor further down (middle
image).At the samestepin a differentexperiment,it chosethe uppercorridor
directly (right image).

hall of the building usinga navigation policy thatwaslearned
by abstractingfrom optimal trajectoriescalculatedgiven the
oor plans of two other buildings. The actual map of the
ervironment was unknown to the robot and just the labels
of neighboringroomscould be obsened.

In the two experimentsdescribedhere, the robot started
in the upper seminarroom, labeled S. According to the
navigation policy, the rst action of the robot was to leave
the room and to enterthe corridor labeledF . The situation
after carrying out this action togetherwith the part of the
ervironmentobsened by the robot thusfar is depictedin the
left image of Figure 4. At this point, the navigation policy
outputstwo equallylik ely alternatves:corridor C andhallway
H. In the rst experiment,it choseto turn right andenterthe
corridorlabeledC. Sincethe placelabeledO is nota corridor,
the robot decidedto returnto F andto choosethe alternatve
corridor adjacentto F, which was corridor H. From thereit
proceededo the arealabeledE, which correspondgo the
entrancehall. The resultingtrajectoryof the robotis depicted
in the middle image of Figure 4. The rightmostimage of
Figure 4 shows the resulting trajectory in casethe optimal
corridorH is sampleddirectly whenthe robotis in F.

C. SimulationExperiments

To quantitatvely evaluatethe performancenf our approach,
we comparedit with the optimal pathsas well as real-time
searchmethodswhich interleave planning(via local searches)
and plan execution. A popular real-time searchmethod for
robot navigation in unknown terrain is uninformed LRTA*
with maximumlookahead5].

We ran several simulation experimentson maps of real
buildings such as the onesdepictedin Figure 5. From the
outlines of thesebuildings we manually generatedan anno-
tated topological map which then was used for calculating
paths.To evaluatethe performancewe randomly chosethe
starting locations. These starting locations are indicated by
yellow/gray labelsin Figure 5. The goal of the robot in all
taskswasto nd the exit of the building asindicatedin the
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Fig. 5. Mapsusedfor the secondsetof experiments.The uppertwo maps
were usedfor learningandthe lower onefor testing.

gure. On average,the optimal plan lengthwas 3:1  0:99
(mean standarddeviation). Our methodachieved4:9 2:18,

whereasuninformed LRT performed30:7 1825 stepsto

reachthe exit. Thus,our approachrequiredsubstantiallyfewer
stepsthanuninformedLRTA*. Notethatin theseexperiments
we count eachroom visited as a step. More over, LRTA*

performedn no casesuperiorto our approachThisillustrates,
that our approachsubstantiallyincreaseghe ef ciency of the
resultingnavigation plans.At the sametime the plansareonly

1:8 1:55 stepslongerthan the optimal plans.In additional
experimentsnot reportedhere, a two-sampledt-test revealed
thatthe improvementobtainedby the abstractpolicy searchis

signi cant onthe = 0:05 level.

D. Behavioal Cloning

One importantaspectof our approachis that the training
instanceslo not needto bethe optimal paths.Rather they can
alsobe generatedy manuallysketchingpossibletrajectories.
The nal experiment describedhere has been carried out
to analyzethe degradationof the performancein the case
the systemhasto learn from sub-optimaltraining instances.
To evaluatethis, we performedan experimentin which we
used20 mapsof hotelswhereeachhotel had 15-20 different
areas.In a leave-one-outcross-alidation we testedhow the
performanceof our approachcomparedo that of the optimal
policy andthe real-timesearchalgorithm. The generalpolicy



leave one out cross validation noise experiment
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Fig. 6. Normalized successrates (see text) for different maximal steps
allowed to reachthe goal (left). Normalizedsuccesgatesfor a varying level
of noisein the obsered labels(right).

was learnedon 19 mapsand than evaluatedon the one left
out. We performed5 restartsand startedrandomlyin one of
the areas Figure 6 shavs the normalizedsucesessate of the
differentapproachesvhich is de ned as 1=N iN:l I =l rl
whereN = 20 5 is the numberof runs,| is the length
of the optimal path,|; the length of the pathin the i-th run,
and r! indicateswhetherthe goal has beenreachedwithin
j steps.All differencesare signi cant (two-sampledt-test,
= 0:05). Again, our approachis substantiallybetter than
uninformedLRTA*. Additionally, the policy learnedfrom sub-
optimal and hand-dravn trajectoriesis only 10% worsethan
the policy learnedfrom optimaltrajectories Note thatwe also
found that the policy abstractedrom hand-dravn trajectories
still yields betterpathsthan manuallygenerategaths,which
wherealmost1.8 timeslongerthanthe optimal oneswhereas
thosegeneratedy our algorithmshaved only 25% overhead.

E. Observationnoise

A robots perceptionof the world is never perfect. Our
algorithm is able to cope with noisy label obsenations and
gracefully degradesto uninformed LRTA* when the noise
level increasesWe implementedtwo stratgies for dealing
with situationswhere the belief about place labels has to
be revised. WhereasStratgyy 0 always returnsto the pre-
vious place when an inconsistentplace label was detected,
Stratgy 1 staysin the new room, updatesthe faulty label
information, and continuesnavigating from there. The right
diagramof Figure 6 shavs how the navigation performance
changeswith a varyinglevel of obsenation noise.The results
were obtainedfrom 1470 simulatedrunsin ve hotels. The
noise level species the probability with which a label is
obsenedasa differentone. It canbe seenin the diagramthat
Stratgyy 1 outperformsStrateyy O for all noiselevels andthat
its performancesmoothlydegradesto the one of uninformed
LRTA* whenthe noiselevel approached.

V. CONCLUSIONS

This paperpresentsa new approachHor generatingabstract
navigation policies using relationallearning. The key ideais
to learn a relational decisiontree from sequence®f places

traversedby a robotwhile it carriesout its task. The resulting
tree canthenbe usedto guide the searchof the robot for the
sameand similar tasks.The advantagesof our approachare
thatrelationalabstractiorallows to generalizefrom previously
plannedpaths and to transfer policies acrosstasksin even
previously unseerervironments.

Our algorithm hasbeenevaluatedin experimentswith real
robotsaswell asin simulationruns. The resultsdemonstrate
that the learnedpolicies are highly ef cient and outperform
uninformed LRTA* with maximum lookahead.Additionally,
we have presentednexperimentin whichwe learntrajectories
from sketchedexamplesprovided by users.
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