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Abstract

Navigationmethodsfor of®cedelivery robotsneedto
takevarioussourcesof uncertaintyinto accountin orderto
get robustperformance.In previouswork, we developed
a reliablenavigationtechniquethat usespartially observ-
ableMarkovmodelsto representmetric,actuator, andsen-
sor uncertainties.Thispaperdescribesan algorithm that
adjuststheprobabilitiesof theinitial Markovmodelbypas-
sivelyobservingthe robot's interactionswith its environ-
ment.Thelearnedprobabilitiesmoreaccuratelyre¯ectthe
actual uncertaintiesin the environment,which ultimately
leadsto improvednavigationperformance.Thealgorithm,
anextensionof theBaum-Welchalgorithm,learnswithout
a teacherandaddressesthe issuesof limited memoryand
thecostof collectingtraining data.Empirical resultsshow
thatthealgorithmlearnsgoodMarkovmodelswith a small
amountof training data.

1 Intr oduction
Navigationmethodsfor of®cedelivery robotsneedto

takevarioussourcesof uncertaintyinto accountin order
to get robust performance. We havedevelopeda navi-
gation techniquefor the Xavier mobile robot (Figure 1)
thatexplicitly representsuncertainmetricinformation(e.g.
ªcorridor X is between2 and 9 meterslongº), actuator
(dead-reckoning)uncertainty, andsensoruncertainty[13].
The techniqueusespartially observableMarkov decision
process(POMDP)modelsto estimatethe position of the
robot in the form of probability distributions. Experi-
encewith the techniquehasshownit to producereliable
navigation. The resultsare better, however, when the
probabilitiesof thePOMDPmorecloselyre¯ect theactual
environmentof therobot. In thispaper, wedescribeatech-
niquethatlearnsmoreaccurateprobabilities,thusreducing
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uncertaintyaboutthe lengthsof corridorsand improving
the accuracyof the actuatorandsensormodels. Our ap-
proachis fairly general,and is applicableto other robot
navigationsystemsthatusePOMDPs(e.g.,[9]).

Wedesirethatthelearningbeunsupervisedandpassive.
Unsupervisedlearningmeansthat therobotgetsno infor-
mationfrom a teacher, suchaswhereit really is or what it
reallyobserved.Thisis desirablebecausethenthelearning
can be doneautonomously. Passivelearningmeansthat
the robot learnswhile it is performingother tasks± the
learningalgorithmdoesnotneedto controltherobotatany
time. Thisis desirable,sincetherobotdoesnotneedasep-
aratetrainingphase±learningtakesplacewhile therobotis
performingits delivery tasks.Consequently, trainingdata
is obtainedwheneverthe robot movesand it re¯ects the
environmentin which therobothasto perform.

Unsupervisedandpassivelearningis dif®cult,however:
thereis noªgroundtruthº to compareagainst,andtherobot
cannotexecutestrategiesthatwould likely maximizeits in-
formation.For example,therobot's positionaluncertainty
preventsit from simply learningcorridor lengthsby ®rst
moving to the beginningof a corridor andthento its end
whilemeasuringthedistancetraveled,andtherobotcannot
reduceits uncertaintyby askinga teacheror by executing
localizationactions.In addition,robotlearningis hardbe-
causeit mustrun within theCPUandmemoryconstraints
of the robot's computers,andmustdealwith the fact that
collectingdatais timeconsuming.

OurPOMDPlearningalgorithmaddressesall thesecon-
cerns. It is an unsupervised,passivemethodbasedon
the Baum-Welch algorithm [11], a simple expectation-
maximizationalgorithm for learningPOMDPsfrom ob-
servations. To enablethe algorithm to run on-boardthe
robot,wehaveextendedtheBaum-Welchalgorithmto use
a¯oating windowof trainingdata.Thisdecreasesitsmem-
ory requirements,while producingcomparableresultsto
the traditionalBaum-Welchalgorithmandmaintainingits
ef®ciency(run-timesof secondsto minutes). Since the
algorithmmerelyupdatestheprobabilitiesassociatedwith
thePOMDP, ratherthanchangingitsactualstructure,learn-
ing is transparenttoall othercomponentsof therobotarchi-
tectureandthe learnedPOMDPcanbe usedimmediately



Figure1: Xavierandits simulator

to improvethenavigationperformanceof therobot. While
all threekindsof uncertainty(metricuncertainty, noisyac-
tuator models,and noisy sensormodels)can be adapted
simultaneously, if desired,any subsetof the probabilities
canbeheldconstantin orderto reducetheamountof train-
ing dataneeded.To further reducethe needfor training
data,the extendedBaum-Welch algorithmcanutilize ad-
ditional constraints,suchasthat the left andright sensors
areidenticalor thattwo corridorshavethesame(although
unknown)length.

The next two sectionsdescribethe inputs neededby
our learningalgorithm± an executiontraceandan initial
POMDPdescribingtheenvironment.ThestandardBaum-
Welch algorithmis describedin Section4, andSection5
describesour extensionsto dealwith limited memoryand
limited trainingdata. Section6 presentsour empiricalre-
sults,whichdemonstratethatourlearningmethodacquires
goodmodelswhenbeingsuppliedwith a smallamountof
trainingdata.

2 Input: The ExecutionTrace

The learningalgorithm tries to ®ndthe POMDP that
best®tsthedatacollectedastherobotmovesaround.This
data,calledtheexecutiontrace, is generatedautomatically
by thenavigationalgorithm.A tracebeginswith theinitial
probability distributionof the robot's positionandorien-
tation. As therobotmoves,it issuesa sequenceof action
andsensorreports. Let A be a setof actionsandVSbe
a setof (virtual) sensors.An actionreportconsistsof the
actiona � A executed.Beforeeachactionreport,theex-
ecutiontracecontainsonereportfor eachsensorvs � VS.
Thatreportconsistsof aprobabilitydistributionrvs overall
featuresf � F(vs) that thesensorcandetect. rvs(f ) is the
degreewith which sensorvs believesthat it hasdetected
featuref .

For Xavier, we instantiatethis frameworkas follows
[13]: We discretizeits location (with a resolutionof 1
meter)andorientation(into the four compassdirections).
Consequently, we distinguishthreedifferentactions:turn-
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Figure2: Fourstatesrepresentingonelocation
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Figure3: Corridorof length2 to 4 meters

ing right 90degrees(r), turningleft 90degrees(l), andgo-
ing forwardonemeter(f ). Thus,everytimeXaviertravels
a meteror turns, it addsan actionreport to its execution
tracealongwith the associatedsensorreports. Currently,
threevirtual sensorsare modeled: a front sensorreports
whetherthereis a wall directly in front of Xavier; a left
sensoranda right sensorreportwallsandopeningsof var-
ioussizes(small,medium,andlarge)to theimmediateleft
andright, respectively, of Xavier. Alternatively, a sensor
canreportthefeaturedont-know if it is uncertainabout
how to interprettheraw sensordata.

3 Input: The Markov Model

Theinitial POMDPis automaticallycompiledfrom ac-
tuator and sensormodelsand a topological map that is
augmentedwith uncertainmetric information [13]. The
POMDPis speci®edas(1) a ®nitesetof statesS, (2) a set
of actionsA thatcanbe executedin eachstate,(3) transi-
tion probabilitiesp(s s a) for all s s Sanda A (the
probabilitythatthesuccessorstateiss if therobotexecutes
actiona in states), and(4) sensorprobabilitiespvs(f s) for
all vs VS, f F(vs), ands S (the probability that
sensorvs reportsfeaturef when the robot is in states).
Thetransitionprobabilitiesareobtainedfrom theactuator
modelsanduncertainmetric information, and the sensor
probabilitiesareobtainedfrom thesensormodels.

For Xavier, we instantiatethis frameworkas follows:
Eachstateencodesboththeorientationandlocationof the
robot. Right and left turn actionsare de®nedfor every
state(Figure 2). Theseactionsare nearly deterministic,
but thereis a small chancethat the robot endsup in any
of the threeunintendedorientationsat the samelocation
(not shown in the ®gure). Forwardactionstransition



from location to location.1 We model corridors (or, to be
precise, the corridor parts between two adjacent junctions)
as sets of parallel chains that share their first and last states
(Figure 3). Each chain corresponds to one of the possible
lengths for that stretch of corridor, reflecting both metric
uncertainty and dead-reckoning error of the robot. From
each junction, forward actions have probabilistic outcomes,
indicating how likely the corridor is to be perceived of that
length (initially, we assume a uniform distribution). Each
forward transition after that is deterministic.

4 The Baum-Welch Algorithm
The Baum-Welch algorithm is a simple expectation-

maximization algorithm for learning POMDPs from ob-
servations [11]. To describe it, we assume that at time
t = 1 . . . T, just before executing action at (t �= T), the
robot is in state st and each sensor vs reports a proba-
bility distribution rvs� t over its features (T is the length
of the execution trace). We call the aggregate of all
sensor reports at time t the observation ot and define
p(ot � s) := � vs� VS � f � F(vs)[rvs� t(f)pvs(f � s)] for all s � S.

Given a POMDP and an execution trace, the Baum-
Welch algorithm estimates a POMDP that better fits the
trace, in the sense that the probability p(o1...T � a1...T � 1) with
which the POMDP explains (or, synonymously, generates)
the observations is increased. This bootstrapping process
is then repeated with the same execution trace and the im-
proved POMDP. The resulting hill-climbing process con-
verges eventually to a POMDP which locally, but not nec-
essarily globally, best fits the trace.

The Baum-Welch algorithm estimates an improved
POMDP in three steps: First, it calculates the “scaling fac-
tors” scalet, “alpha values” � t(s), and “beta values” 	 t(s)
for all s � S and t = 1 . . . T. Then, it uses these values to
calculate the “gamma values” 
 t(s � s � ) for all t = 1 . . . T 
 1
and s � s ��� S, and 
 t(s) for all t = 1 . . . T and s � S. Fi-
nally, it uses the gamma values to determine the improved
transition and sensor probabilities.

scalet := p(ot � o1...t � 1 � a1...t � 1)

�
t(s) := p(st = s � o1...t � a1...t � 1) =

p(o1...t � st = s� a1...t � 1)

� t � =1...t scalet �
�

t(s) :=
p(ot+1...T � st = s� at...T � 1)
p(ot...T � o1...t � 1 � a1...T � 1)

=
p(ot+1...T � st = s� at...T � 1)

� t � =t...T
scalet �

1To be precise: forward actions can only be executed in states that do
not face walls, and a successful execution of a forward action conveys
information. This is not a problem for the learning algorithms discussed
in this paper, but would complicate our notation for their derivation. We
therefore ask the reader to assume that forward actions are defined for all
states (resulting in self-transitions for states that face walls) and that the
information normally provided by them is instead provided by a special
virtual sensor that is part of VS.

�
t(s� s� ) := p(st = s� st+1 = s� � o1...T � a1...T � 1)�

t(s) := p(st = s� o1...T � a1...T � 1)

The alphavalues� t are essentially what our navigation
system uses to estimate the state of the robot. They can be
calculated on the fly, because they are only conditioned on
the part of the execution trace that is available at the current
time. The gammavalues
 t, on the other hand, are more pre-
cise estimates of the same state distribution, because they
also utilize information that became available after time t.
For example, going forward three meters and seeing a wall
ahead at time t provides strong evidence that at time t 
 3
the robot was three meters away from the end of the corri-
dor. The scalingfactorsare used to prevent the numerators
of the alpha and beta values from underflowing. They are
also convenient for calculating how well the POMDP fits
the execution trace, since p(o1...T � a1...T � 1) = � T

t=1 scalet.
The Baum-Welch algorithm uses the following dynamic

programming approach (“forward-backward algorithm”),
that applies Bayes’ rule repeatedly, to calculate the scaling
factors, alpha values, and beta values efficiently [3]:

A1. Set scale1 := � s � S[p(o1 � s)P(s1 = s)].
A2. Set � 1(s) := p(o1 � s)P(s1 = s) � scale1 for all s � S.
A3. For t := 1 to T � 1 (ªforward propagationº)

(a) Let tempt(s) = � s � � S[p(s � s� � at) � t(s� )] for all s � S.

(b) Set scalet+1 := � s � S
[p(ot+1 � s)tempt(s)].

(c) Set � t+1(s) := p(ot+1 � s)tempt(s) � scalet+1 for all s � S.

A4. Set
�

T(s) := 1 � scaleT for all s � S.
A5. For t := T � 1 downto 1 (ªbackward propagationº)

(a) Set
�

t(s) := � s � � S[p(s� � s� at)p(ot+1 � s� ) � t+1(s� )] � scalet

for all s � S.

Next, the Baum-Welch algorithm calculates the gamma
values as follows:

A6. Set � t(s� s� ) := �
t(s)p(s� � s� at)p(ot+1 � s� ) � t+1(s� ) for all t =

1 . . . T � 1 and s� s� � S.
A7. Set � t(s) := scalet

�
t(s)
�

t(s) for all t = 1 . . . T and s � S.

Finally, the algorithm uses the following frequency-
counting re-estimation formulas to calculate the improved
initial state probabilities, transition probabilities, and ob-
servation probabilities (the overlined symbols represent the
probabilities that constitute the improved POMDP):

A8. Set �p(s1 = s) := � 1(s).
A9. Set �p(s� � s� a) := � t=1...T � 1 � at =a

�
t(s� s� ) � � t=1...T � 1 � at =a

�
t(s)

for all s� s� � Sand a � A.
A10. Set �p(o � s) := � t=1...T � ot =o

�
t(s) � � t=1...T

�
t(s) for all s � S

and all observations o.

When implementing the Baum-Welch algorithm as part
of our learning method, we made the following design
decisions:

Updating the SensorProbabilities: We are not really
interested in updating the observation probabilities p(o � s)



asis doneby theBaum-Welchalgorithm± we wantto up-
datethesensorprobabilitiespvs(f � s) instead.Our learning
methodthereforeusesthefollowing re-estimationformula:

A10'. Set �pvs(f � s) := � t=1...T[rvs � t(f ) � t(s)] ��� t=1...T � t(s) for all
vs � VS, f � F(vs), ands � S.

In¯uence of the Initial POMDP: BecausetheBaum-
Welch algorithmconvergesto a local optimum, the ®nal
POMDPcan,in theory, dependon theinitial POMDP. We
found that the Baum-Welch algorithm is very robust to-
wardsvariationsof the initial probabilities. Our learning
methodthereforeappliestheBaum-Welch algorithmonly
to the initially givenPOMDP(afterhavingaddeda small
amountof noise).

Extr emeTransition Probabilities: The re-estimation
formulasdonotchangetransitionprobabilitiesthatarezero
or one. This meansthat transitionsthat were impossible
(or certain)in theoriginal modelremainsoin theupdated
model. Our learningmethodusesthis property to save
computationtimeby calculating	 t(s
 s� ) and �p(s�
� s
 a) only
if p(s��� s
 a) �= 0.

5 Problemsand Solutions

Despiteits theoreticalelegance,theBaum-Welchalgo-
rithm hastwo de®cienciesthatmakeit impracticalfor real
robots: its memoryand training datarequirements.We
addresstheseproblemsby extendingthe Baum-Welchal-
gorithm.

5.1 Memory Requirements

Standardimplementationsof theBaum-Welchalgorithm
needarraysof ¯oating pointnumberswhosesizesareonthe
orderof theproductof thenumberof statesandthelength
of the executiontrace. Evenour smallestPOMDPshave
thousandsof states,andweneedexecutiontraceswith hun-
dredsof actionexecutionstogetsuf®cientdata.Sincemany
otherprocessesarerunonthesameon-boardcomputer, the
memoryrequirementsof alearningmethodshouldberather
smallandrelativelyconstant.TheextendedBaum-Welch
algorithmstill calculatesthe alphavaluesprecisely, since
theycanbecalculatedincrementallywith only two arrays
the sizeof the numberof states:one for the currental-
phavaluesandanotheronefor thealphavaluesof thenext
timestep.Thebetavalues,however, areapproximatedus-
ing a sliding ªtime windowº on the executiontrace. The
gammavaluesarethencalculatedusingthealphaandbeta
values,asbefore. Approximatingthe gammavaluesthis
way is reasonablebecausēoors of buildingsareusually
constructedin a way that allows one to obtain suf®cient
cluesaboutthe currentlocationfrom pastexperienceand
thelocalenvironmentonly. Otherwisenotonly robots,but
alsopeople,wouldeasilygetconfused.

The values � t(s) are approximatedwith p(ot+1...t � � st =
s
 at...t ��� 1) ��� t � � =t...t � scalet � � . This resultsin 	 t(s
 s� ) being
approximatedwith p(st = s
 st+1 = s��� o1...t � 
 a1...t ��� 1) and
	 t(s) beingapproximatedwith p(st = s� o1...t � 
 a1...t ��� 1). The
extendedBaum-Welchalgorithmguaranteestheªeffective
look-aheadºt ��� t of thebetavaluestobeatleastlamin, where
the ªminimal look-aheadºlamin � 0 is chosenso that the
gammavaluesareapproximatedclosely. For the calcula-
tions,thealgorithmusesatimewindowof sizex � lamin+2,
wherex is independentof thelengthof theexecutiontrace.
A time window that startsat tstart can storethe scaling,
alpha,andbetavaluesfor all t = tstart . . . tstart + x � 1. It
only needsarraysof ¯oating point numberswhosesizes
areontheorderof x timesthenumberof statesandthusits
memoryrequirementsdo no longerdependon the length
of theexecutiontrace.

Thewindow-basedBaum-Welchalgorithmoperatesas
follows (for simplicity, wedonotshowhowtheinitial state
distributionis updatedor 	 T(s) is calculated):

B1. Set �p � (s ��� s � a) := 0 for all s � s ��� S anda � A.
B2. Set �p �vs(f � s) := 0 for all vs � VS, f � F(vs), ands � S.
B3. Initialize scale1 usingA1 and  1 usingA2.
B4. Settstart := 1 andtend := x.
B5. While tstart ! T:

(a) If tend " T, thensettend = T.
(b) Calculatescalet and  t for t = tstart . . . tend (if theyhave

not beencalculatedalready),working forward from
scaletstart and  tstart usingA3(a),A3(b), andA3(c).

(c) Approximatethe betavalues # t for t = tstart . . . tend ,
initializing # tend(s) := 1� scaletend for all s � S and
working backwardusing A5(a). (Previouslycalcu-
latedbetavaluescannotbere-used.)

(d) If tend = T, then set tnewstart := T elseset tnewstart :=
tend $ lamin.

(e) Forall t = tstart . . . tnewstart $ 1:
i. Calculate� t(s � s � ) for all s � s � � S, using  t and

theapproximationof # t+1 in A6.
ii. Calculate � t(s) for all s � S, using  t andthe

approximationof # t in A7.
iii. Set �p � (s � � s � at) := �p � (s � � s � at) + � t(s � s � ) for all

s � s �%� S (thesevalueswill be normalizedin
B6).

iv. Set �p �vs(f � s) := �p �vs(f � s) + rvs � t(f ) � t(s) for all vs �
VS � f � F(vs), ands � S (thesevalueswill be
normalizedin B7).

(f) Forgetall scalet and  t for t = tstart . . . tnewstart $ 1,and
all # t for t = tstart . . . tend .

(g) Settstart := tnewstart andtend := tnewstart +x $ 1 (i.e. move
thetime window).

B6. Set �p(s � � s � a) := �p � (s � � s � a) ���
s ��& S

�p � (s � � s � a) for all s � s � � S
anda � A (i.e. normalizethetransitionprobabilities).

B7. Set �pvs(f � s) := �p �vs(f � s) �'� f & F(vs) �p �vs(f � s) for all vs � VS,
f � F(vs), ands � S (i.e. normalizethesensorprobabili-
ties).



With the extendedBaum-Welch algorithm, there is a
tradeoff betweenmemoryrequirements,run time,andpre-
cisionof theimprovedPOMDP. Run-timeoverheadis in-
curredmostly for calculatingthe betavaluesrepeatedly.
While thetraditionalBaum-Welchalgorithmcalculatesev-
ery statedistribution � t once,the extendedBaum-Welch
algorithmcalculatesit on averagex� (x � lamin � 1) times
for long executiontraces. Its precisionincreaseswith its
effectivelook-ahead,whichis,onaverage,(lamin+x) � 2 for
longexecutiontraces.Thus,theprecisioncanbeincreased
by increasingthe minimal look-aheadlamin or the win-
dowsizex. Increasingtheminimal look-aheadproducesa
smallamountof run-timeoverhead,but leavesthememory
requirementsunchanged;increasingthe window sizede-
creasestheoverhead,but increasestheamountof memory
needed.We thereforesuggestto makethewindow sizeas
large aspossibleandto settheminimal look-aheadbased
on the averagelengthsof the corridors,becausethe most
usefulsensorreportsareobtainedwhentherobottraverses
junctions.
5.2 Training Data Requirements

ThetraditionalBaum-Welchalgorithmrequiresa large
amountof trainingdata:asthedegreesof freedom(settable
parameters)increase,sodoestheneedfor trainingdata,to
decreasethelikelihoodof over®ttingthemodel.Giventhe
relatively slow speedat which mobile robotscan move,
we wantour learningmethodto learngoodPOMDPswith
asfew corridor traversalsaspossible. Thus,we usesev-
eralmethodsto decreasethenumberof modelparameters
thatmustbe learned.The initial structureof thePOMDP
alreadyreducesthemodelparametersconsiderablyby dis-
allowing transitionsthat are clearly impossible(such as
teleportingto distantlocations).Weemploytwo additional
techniquesto reducethedegreesof freedomfurther:

Leaving Probabilities Unchanged: Our learning
methoddoesnot adjustparametersthat we believeto be
approximatelycorrect. Actuator and sensormodels,for
example,are often similar in differentenvironmentsand
consequentlyneedonly belearnedonce.

Imposing Equality Constraints: Our learningmethod
constrainssomeprobabilitiesto be identical. This hasthe
advantagethattheBaum-Welchalgorithmcannowupdate
a probabilityusingall the informationthat appliesto any
probabilityin its class.Considerthefollowing examples:

� Metric Uncertainty: We constrain the transition
probabilities of the forward actions for ªjunctionº
statesthat lead into the samecorridor to be identi-
cal (e.g.,statesX andY in Figure3). This forcesthe
lengthestimatesfor a corridorto bethesamein both
directions.In general,wegroupall junctionstatesthat
areknownto leadinto equallylongcorridorsegments
(suchasthoseintersectedorthogonallyby twoparallel
corridors± seeFigure4).

� Actuator Models: We assumethat the modelsfor
the left and right turn actionsare the samefor all
states. We further constrainthe left and right turn
probabilitiesto besymmetrical.

� SensorModels: Insteadof learningseparatesensor
modelsfor eachstate,we learn them for classesof
states(wall, ªnearwallº, junctionopening,open-door,
closed-door).Theseclassesre¯ect our prior knowl-
edgeabouthow the sensorsaresupposedto operate
± theyarecurrentlyprede®nedandnot learned. For
example,all statesthat havea wall on their left are
construedto havethe sameleft sensormodel. Our
learningmethodalsoassumesthat the left and right
sensorsbehaveidentically, so their modelsare con-
strainedto havethesameprobabilities.

ThesetechniquesenabletheBaum-Welchalgorithmto
operatewith a smalleramountof trainingdata. However,
frequency-basedestimatesarenot very reliableif thesam-
plesizeissmall. Tounderstandwhy, considerthefollowing
analogy:If afair coinwere¯ipped onceandcameupheads,
the frequency-basedestimatewould setp(heads) = 1. If
thismodelwereusedtopredictfuturecoin¯ips, onewould
bevery surprisedif thecoincameup tails nexttime ± this
would be inconsistentwith the learnedmodel. To avoid
thisproblem,wechangethere-estimationformulasA9 and
A10' to useBayes' rule (Dirichlet distributions)instead
of frequencies(bothmethodsproduceasymptoticallythe
sameresultsfor longexecutiontraces).Forexample,there-
estimationformulafor thetransitionprobabilitiesbecomes
(probabilityclassesarenotshown):

A9'. Set �p(s � � s � a) := (k � p(s ��� s � a) + �
t=1...T � 1 � at =a � t(s � s � )) � (k +

�
t=1...T � 1 � at =a

� t(s)) for all s � s � � S anda � A.

In this formula,p(s��� s
 a) arethetransitionprobabilities
beforelearningandk � 0 is a constantwhosemagnitude
indicatesthe con®dencethat onehasin the initial proba-
bilities (we usek = 1). Notethattheoriginal re-estimation
formulaA9 is aspecialcaseof A9' wherek = 0. Similarly,
leavingthe transitionprobabilitiesunchangedis a special
caseof A9' wherek is large.

6 Experimental Evaluation
The world cannotbe expectedto satisfy the indepen-

dencepropertiesthat POMDPsand the Baum-Welch al-
gorithm assume. In the end, one hasto test empirically
whetherthey are satis®edwell enoughfor our learning
methodto yield plausiblemodels.We thereforeperformed
severalexperimentswith theXaviersimulator, ahighly re-
alistic simulationof Xavier. Figure1 showsa snapshotof
the simulatoroperatingon the prototypical corridor en-
vironmentthat we usedin our experiments.(The circles
showthe probability masswith which the robot believes
itself to be in a certainjunction or corridor.) The initial



left andright sensors original humanestimates learnedprobabilities
reality reality

sensorreport wall near-wall opening wall near-wall opening
wall 0.90 0.54 0.05 0.784432 0.669705 0.010528
small-opening 0.03 0.01 0.20 0.000010 0.000010 0.001762
medium-opening 0.02 0.15 0.40 0.000649 0.000010 0.146208
large-opening 0.01 0.25 0.30 0.001779 0.000010 0.291644
dont-know 0.05 0.05 0.05 0.213130 0.330265 0.549859

front sensor original humanestimates learnedprobabilities
reality reality

sensorreport wall near-wall opening wall near-wall opening
wall 0.98 0.50 0.02 0.034271 0.057838 0.000010
dont-know 0.02 0.50 0.98 0.965729 0.942162 0.999990

Table 1: Original and learned sensor probabilities

®t(closerto zerois better)
1 � T � ln p(o1...T � a1...T � 1)

ªhow well amodelexplainsanexecutiontraceº

actuatorandsensormodels
metricmodel original learned
original -3.188194 -1.917637
learned -2.917535 -1.684340

entropy(closerto zerois better)
1 � (T ln � S � ) ��� t=1...T

�
s � S

[ � t(s) ln( � t(s))]
ªhow certaintherobotis aboutits positionº

actuatorandsensormodels
metricmodel original learned
original -0.101616 -0.050821
learned -0.049178 -0.044137

Table 2: Quality of the learned models
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Figure 4: Actual and learned metric models

metric uncertainty of each corridor part was characterized
by a uniform distribution over the lengths from 2 to 9 me-
ters, yielding a POMDP with 2472 states. Unless stated
otherwise, we used the extended Baum-Welch algorithm
with a minimal look-ahead of 5 time steps and a window
size of 20 time steps.

In the first experiment, we simultaneously learned the
metric model, actuator models, and sensor models using
an execution trace that consisted of ten smaller execution
traces with various start locations of the robot. In total,
every corridor of our environment was traversed five times.
The purpose of this experiment was to learn good actuator
and sensor models for use in the subsequent experiments.

Table 1 lists the learned sensor model together with the
human estimates that the navigation system used originally
(open and closed doors are omitted, since they do not appear
in the test environment). Note that the sensors are reason-
ably accurate when they issue a report. The relatively high
probability of dont-know observations is partly due to
the virtual sensors being quite conservative: they don’t re-
port features until they have collected sufficient evidence.

It is also partly due to the fact that the sensor and action re-
ports are generated asynchronously, and the execution trace
fills in a dont-know whenever a sensor has not issued a
report in time.

The second experiment fixed the previously learned ac-
tuator and sensor models and learned the metric model only,
this time using an execution trace that was generated by
traversing every corridor only once. The extended Baum-
Welch algorithm needed 15 iterations to converge and pro-
duced the metric model shown in Figure 4(B). Even with
only one traversal per corridor, the learned metric model
is very accurate. In general, it is our experience that
the Baum-Welch algorithm can learn good models with
about one to three corridor traversals, depending on how
confusing the corridor environment is. It is unrealistic to
expect the Baum-Welch algorithm to learn the distances
perfectly: the estimates are actually the perceived corri-
dor lengths, and the perception can be distorted by dead-
reckoning uncertainty, the discretization granularity used,
and how sharply the robot turns at junctions (which may
change the distance traveled by up to a meter).



differencebetweenapproximatedandcorrectgammavalues
1 � T � �

t=1...T
�

s � S
[p(st = s � o1...t+la � a1...t+la � 1) �

�
t (s)]

2

look-aheadla difference look-aheadla difference

1 4 � 0 � 10 � 03 7 2 � 1 � 10 � 09

2 4 � 5 � 10 � 05 8 4 � 9 � 10 � 10

3 6 � 5 � 10 � 05 9 3 � 8 � 10 � 10

4 4 � 7 � 10 � 05 10 1 � 4 � 10 � 10

5 1 � 1 � 10 � 05 . . . . . .
6 1 � 4 � 10 � 06 50 1 � 4 � 10 � 19

Table 3: Approximation errors due to time windows

To determine how good the learned models are, we cal-
culated how well they fit a (different) long “evaluation”
execution trace. We used a transformation of the fit to
make it independent of the length of the execution trace.
Learning improves the models if the value of this transfor-
mation gets closer to zero. Table 2 shows that this is indeed
the case both for the learned actuator and sensor models
alone, for the learned metric model alone, and for their
combination. To determine how much the learned models
improve Xavier’s on-line position estimation capabilities
(and thus it navigation performance), we calculated the av-
erage entropy of the alpha values (the state distributions
used during navigation) after every action execution of the
“evaluation” execution trace. The entropy is a measure for
how certain the robot knows its current state, ranging from
0 (absolute certainty at every point in time) to -1 (absolute
ignorance, a uniform state distribution). If learning im-
proves the models, we expect the entropy to get closer to
zero. Table 2 shows that this is indeed the case.

To determine how well the extended Baum-Welch al-
gorithm does, we compared the true gamma values and
the approximate gamma values for various (strict) effec-
tive look-aheads. Table 3 shows that the errors start out
small to begin with and then quickly become negligible for
increasing look-aheads. This means that the gamma val-
ues can indeed be closely approximated with small window
sizes. Not surprisingly, then, our experiments confirm that
the window-based and windowless Baum-Welch algorithm
learn the same models.

To test the power of the equality constraints, we repeated
the second experiment without the techniques introduced
in Section 5.2 except that we required each corridor to be
equally long in both directions. Now, there were six cor-
ridors where the most probable length was not the correct
one. Even if we used an execution trace that was twice as
long (starting with the original execution trace), the result
did not improve dramatically, see Figure 4(C). This is also
reflected in the statistics: when using this learned model,
the fit of our “evaluation” execution trace was -1.797074
and its entropy was -0.054793. Table 2 shows that the same
values are only -1.684340 and -0.044137 when using the

learned model from the second experiment instead. Thus,
the former model is somewhat inferior, despite the larger
amount of training data. We conclude that the techniques
from Section 5.2 are an effective means for reducing the
amount of training data required to learn good models.

The corridor environment used in this example was rela-
tively small and thus one could have used distance learning
methods with exponential run-time (such as methods that
match the routes probabilistically against the topological
map). The extended Baum-Welch algorithm, however, has
been used successfully to learn in more complex environ-
ments than the one used here. Consider, for example, the
slightly more difficult environment shown in Figure 5. We
let the robot traverse parts of the corridor seven times such
that it passed each landmark (doors and corridor junctions)
a total of about three times. However, we did not inform
the robot of its start locations, the status of the doors (all
of which were open), or any distance constraints. The ini-
tial metric uncertainty from one landmark to the next was
given as a uniform distribution over the lengths from 1 to
10 meters. Note that each traveled route can be matched
in numerous ways against the topological map. Further-
more, doors are hard to detect: the robot cannot detect
closed doors, misses open doors 22 percent of the time,
and can confuse them with corridor openings. Neverthe-
less, the extended Baum-Welch algorithm (using a minimal
look-ahead of 20 time steps) learned all distances but two
correctly (it placed the corridor marked X one meter to the
left of its correct position).

7 Related Approaches
Our method learns metric information passively, to-

gether with actuator and sensor models, using prior topo-
logical (and other) knowledge of its environment. In con-
trast, most other approaches in the literature use active
exploration to learn either metric or topological maps from
scratch (sometimes assuming perfect actuators or sensors)
with the goal either to map the environment completely or
to reach a given goal location. Approaches whose prop-
erties have been analyzed formally, for example, include
[5], [10], [12], [7], and [15]. Approaches that have been
demonstrated experimentally include [6], [8], and [14]. The
approaches of [1] and [2] learn Markov models of the en-
vironment, as we do, but they use active exploration, while
our approach is passive. The learning approach of [4] does
use a passive learning approach, but it learns a topological
map only. These approaches also differ from our learning
method in that they learn their models from scratch.

8 Conclusion
This paper has presented a method that can simultane-

ously learn more accurate metric, actuator, and sensor mod-
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Figure 5: A long corridor with doors

els for robot navigation It is unsupervised (does not require
a teacher) and passive (does not need to control the robot at
any time). The training data are generated in the course of
normal robot navigation. The learning method can update
the models selectively, efficiently, and incrementally. The
quality of the models improves as the amount of available
training data increases.

Our learning method is an extension of the Baum-
Welch algorithm, an expectation-maximization algorithm
for learning partially observable Markov models from ob-
servations. To reduce the amount of training data needed,
we augmented the Baum-Welch algorithm to take advan-
tage of prior knowledge, such as symmetry in the map and
of the sensors. This reduces the number of parameters that
must be adjusted. To decrease the amount of memory re-
quired, our learning method uses a sliding “time window”
on the execution trace. Time windows add a small over-
head to the run time and cause a small loss in precision of
the improved models, but allow the memory requirements
to be dynamically scaled to the available memory.

Our experimental results confirm that the method pro-
duces good metric, actuator, and sensor models with a small
amount of training data. The resulting models help the
robot to determine its position more accurately, and to nav-
igate more efficiently and reliably.
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