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Abstract

Navigationmethodsfor of®cedelivery robots needto
takevarioussouicesof uncertaintyinto accountn orderto
getrobustperformance.In previouswork, we developed
a reliable navigationtechniquethat usespartially observ-
ableMarkovmodelgo represenimetric,actuator andsen-
sor uncertainties. This paperdescribesan algorithm that
adjustgheprobabilitiesoftheinitial Markovmodelby pas-
sively observingthe robot’s interactionswith its envion-
ment. Thelearnedprobabilitiesmorre accuratelyre ectthe
actual uncertaintiesin the envionment,which ultimately
leadsto improvednavigationperformance Thealgorithm,
an extensiorof the Baum-VéIchalgorithm,learnswithout
a teacherand addresseghe issuesof limited memoryand
thecostof collectingtraining data. Empirical resultsshow
thatthealgorithmlearnsgoodMarkovmodelswith a small
amountof training data.

1 Intr oduction

Navigationmethodsfor of®cedelivery robotsneedto
take varioussourcesof uncertaintyinto accountin order
to get robust performance. We have developeda navi-
gation techniquefor the Xavier mobile robot (Figure 1)
thatexplicitly representsincertairmetricinformation(e.g.
acorridor X is between2 and 9 meterslong®), actuator
(dead-reckoninglincertaintyandsensotuncertainty{13].
The techniqueusespartially observableMarkov decision
proces§YPOMDP) modelsto estimatethe position of the
robotin the form of probability distributions.  Experi-
encewith the techniquehasshownit to producereliable
navigation. The resultsare better however whenthe
probabilitiesof the POMDPmorecloselyre ect theactual
environmenbf therobot. In this paperwe describeatech-
niguethatlearnsmoreaccuratgrobabilities thusreducing
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uncertaintyaboutthe lengthsof corridorsandimproving
the accuracyof the actuatorand sensomodels. Our ap-
proachis fairly general,andis applicableto otherrobot
navigationsystemghatusePOMDPs(e.qg.,[9]).

We desirethatthelearningbeunsupervisedndpassive
Unsupervisedearningmeanshat the robot getsno infor-
mationfrom ateachersuchaswhereit reallyis or whatit
reallyobservedThisis desirablebecaus¢henthelearning
can be doneautonomously Passivelearningmeansthat
the robot learnswhile it is performing other tasks+ the
learningalgorithmdoesnotneedto controltherobotatany
time. Thisis desirablesincetherobotdoesnotneedasep-
aratetrainingphaset learningtakesplacewhile therobotis
performingits delivery tasks. Consequentlytraining data
is obtainedwheneverthe robot movesandit re ects the
environmenin which therobothasto perform.

Unsupervisedndpassivdearningis dif®cult,however:
thereis no@groundtruth® to compareagainstandtherobot
cannotexecutestrategieshatwould likely maximizeits in-
formation. For example therobot's positionaluncertainty
preventsit from simply learningcorridor lengthsby ®rst
moving to the beginningof a corridor andthento its end
while measuringhedistancdraveled andtherobotcannot
reduceits uncertaintyby askinga teacherr by executing
localizationactions.In addition,robotlearningis hardbe-
causeat mustrun within the CPUandmemoryconstraints
of the robot's computersand mustdealwith the fact that
collectingdatais time consuming.

OurPOMDPIearningalgorithmaddresseall thesecon-
cerns. It is an unsupervisedpassivemethodbasedon
the Baum-Welch algorithm [11], a simple expectation-
maximizationalgorithm for learning POMDPsfrom ob-
servations. To enablethe algorithmto run on-boardthe
robot,we haveextendedhe Baum-Welchalgorithmto use
a oating windowof trainingdata. Thisdecreaseits mem-
ory requirementswhile producingcomparableresultsto
the traditionalBaum-We&lch algorithmandmaintainingits
ef®ciency(run-timesof secondsto minutes). Sincethe
algorithmmerelyupdateghe probabilitiesassociatedvith
thePOMDR ratherthanchangingts actualstructure|earn-
ingis transparento all othercomponentsf therobotarchi-
tectureandthe learnedPOMDP canbe usedimmediately






from location to location.! We model corridors (or, to be
precise, the corridor parts between two adjacent junctions)
as sets of paralld chainsthat 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 probabilisticoutcomes,
indicating how likely the corridor isto be perceived of that
length (initially, we assume a uniform distribution). Each
forward transition after that is deterministic.

4 TheBaum-Welch Algorithm

The Baum-Welch algorithm is a simple expectation-
maximization agorithm for learning POMDPs from ob-
servations [11]. To describe it, we assume that at time
t = 1...T, just before executing action a; (t = T), the
robot is in state s and each sensor vs reports a proba-
bility distribution rys; over its features (T is the length
of the execution trace). We cal the aggregate of al
sensor reports at time t the observation o; and define
p(ot S) = v vs f F(Vs)[rvst(f )pvs(f S)] forals S

Given a POMDP and an execution trace, the Baum-
Welch agorithm estimates a POMDP that better fits the
trace, in the sense that the probability p(o;. v a1t 1) with
which the POMDP explains (or, synonymously, generates)
the observationsisincreased. 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 fitsthe trace.

The Baum-Welch algorithm estimates an improved
POMDP inthree steps: First, it calculates the “scaling fac-
tors’ scale, “dphavaues’ (s), and “beta vaues’ (9
forals Sandt=1...T. Then, it usesthese values to
cdculatethe“gammavalues’ (s s)foradlt=1...T 1
andss Sad ((s)fordlt=1...Tands S Fi-
nally, it uses the gamma valuesto determine the improved
transition and sensor probabilities.
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170 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. Thisis 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 specia
virtual sensor that is part of VS

p(S =S Ss+1 =S OL.T a.T 1)
p(st =s01.7 a1 1)

(s s)

t(s)

Thealphavalues ; 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 executiontracethat isavailableat thecurrent
time. Thegammavalues ¢, ontheother hand, aremorepre-
cise estimates of the same state distribution, because they
also utilize information that became available after timet.
For example, going forward three meters and seeing awall
ahead at timet provides strong evidence that at timet 3
the robot was three meters away from the end of the corri-
dor. Thescalingfactorsare used to prevent the numerators
of the alpha and beta values from underflowing. They are
also convenient for caculating how well the POMDP fits
the execution trace, sincep(oy..1 a1.1 1) = tT=1 scale.

The Baum-Wel ch a gorithm usesthefollowing dynamic
programming approach (“forward-backward algorithm™),
that applies Bayes' rulerepeatedly, to calculate the scaling
factors, aphavalues, and betavaues efficiently [3]:

Al Setscala = [p(0o1 S)P(s1 = 9)].
A2. Set 1(s) :=p(o1 S)P(s1 =) scale forals S
A3. Fort:=1toT 1 (®forward propagation®)
(@ Lettemp(s)=  S[p(ss a) «(s)]forals S

(b) Setscalgw:=  J[p(ow1 s)temp(s)].

(c) Set w1(s) := p(ow+1 Sitemp(s) scales« forals S
A4. Set 1(s) =1 scalerforals S
A5. Fort:=T 1downto1l (®backward propagation®)

(@ Set «(8):= , Jp(s s a)p(ows) wi(s)] scale
forals S

Next, the Baum-Welch algorithm cal culates the gamma
values asfollows:

A6. Set (ss) = «(9)p(s s a)p(om1 S) wa(s) for dl t =
1...T landss S
A7. Set ((s) :=scale (s) «(s)foralt=1...Tands S

Finally, the algorithm uses the following frequency-
counting re-estimation formulas to cal cul ate the improved
initial state probabilities, transition probabilities, and ob-
servation probabilities(the overlined symbol srepresent the
probabilitiesthat constitute theimproved POMDP):

A8. Setp(s1=9):= 1(9).
A9. Setp(ssa) = . 1aca (s s)
foralss Sanda A
Al0. Setplos) == . ; oo () w7 t@forals S
and all observationso.

t=1.T la=a «()

When implementing the Baum-Wel ch 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 the Baum-Weélchalgorithm+ we wantto up-
datethe sensoprobabilitiespyg(f ) instead.Our learning
methodthereforeuseghefollowing re-estimatiorformula:

A10'. Setpws(f 9) :=
vs VSf

ertlist) (] oy «(9) for all
F(vs),ands S

In"uence of the Initial POMDP: Becausehe Baum-
Welch algorithm convegesto a local optimum, the ®nal
POMDPcan,in theory dependon theinitial POMDPR We
found that the Baum-Welch algorithmis very robustto-
wardsvariationsof the initial probabilities. Our learning
methodthereforeappliesthe Baum-Welch algorithmonly
to theinitially given POMDP (after havingaddeda small
amountof noise).

Extreme Transition Probabilities: The re-estimation
formulasdonotchangeransitionprobabilitieghatarezero
or one. This meansthat transitionsthat were impossible
(or certain)in the original modelremainsoin the updated
model. Our learning methodusesthis propertyto save
computatiortime by calculating (s s) andp(s s a) only
if p(s sa)=0.

5 Problemsand Solutions

Despiteits theoreticalelegancethe Baum-Welch algo-
rithm hastwo de®cienciethatmakeit impracticalfor real
robots: its memoryand training datarequirements. We
addresgheseproblemsby extendingthe Baum-Welchal-
gorithm.

5.1 Memory Requirements

StandardmplementationsftheBaum-Welchalgorithm
needarraysof oating pointnumbersvhosesizesareonthe
orderof the productof the numberof statesandthelength
of the executiontrace. Evenour smallestPOMDPshave
thousandsf statesandwe needexecutiortraceswith hun-
dred=f actionexecutiongo getsuf®cientata. Sincemany
otherprocessearerunonthesameon-boardcomputerthe
memoryrequirementsf alearningmethodshouldberather
smallandrelatively constant. The extendedBaum-Welch
algorithmstill calculateghe alphavaluesprecisely since
they canbe calculatedncrementallywith only two arrays
the sizeof the numberof states:onefor the currental-
phavaluesandanothemnefor thealphavaluesof the next
time step. The betavalues howevey areapproximatedis-
ing a sliding 2time window® on the executiontrace. The
gammavaluesarethencalculatedusingthe alphaandbeta
values,asbefore. Approximatingthe gammavaluesthis
way is reasonabldecauseoors of buildings are usually
constructedn a way that allows one to obtain suf®cient
cluesaboutthe currentlocationfrom pastexperienceand
thelocal environmenbnly. Otherwisenotonly robots,but
alsopeople would easilygetconfused.

The values (s) are approximatedwith p(Ou1.t & =
Sa.t 1) . Scale . Thisresultsin (s s) being
approximatedwith p(s; = ss+1 = S 01t a1t 1) and

«(s) beingapproximatedvith p(ss =so1.; ai.x 1). The
extendedBaum-Wélchalgorithmguaranteetheeffective
look-ahead® tofthebetavaluesobeatleastani, where
the2minimal look-ahead9anmi, 0 is chosensothatthe
gammavaluesare approximatectlosely Forthe calcula-
tions,thealgorithmusesatimewindowof sizex  lamin+2,
wherex is independentf thelengthof theexecutiortrace.
A time window that startsat tsiot Can storethe scaling,
alpha,andbetavaluesfor all t = tgiart.. . tstar + X 1. It
only needsarraysof “oating point numberswhosesizes
areontheorderof x timesthenumberof statesandthusits
memoryrequirementsio no longerdependon the length
of theexecutiorntrace.

Thewindow-basedBaum-Welch algorithmoperatesas
follows (for simplicity, we donotshowhowtheinitial state
distributionis updatecbr 1(s) is calculated):

Bl. Setp(s sa):=0forallss Sanda A.

B2. Setp(f s):=0forallvs VSf F(vs),ands S
B3. Initialize scale; usingAl and 1 usingA2.

B4. Settgart := 1 andten := X.

B5. Wh”etstan T.

(@) Iftew T,thensetted = T.

(b) Calculatescale;and fort = tgar . . . tena (if theyhave
not beencalculatedalready),working forward from
scaléy,, and ., UsingA3(a), A3(b), andA3(c).

(c) Approximatethe betavalues  for t = tgart . .. tend,
initializing () := 1 scale,,, for alls Sand
working backwardusing A5(a). (Previouslycalcu-
latedbetavaluescannotbere-used.)

(d) If tes = T, thensettiewstat := T elseset thewstart =

ted  l@min.

Forall t = tstart - - - thewstart 1:

i. Calculate (s s)forallss
theapproximatiorof 1 in A6.

ii. Calculate (s) for all s S using  andthe
approximatiorof in A7.

iii. Setp(ssa) :=p(ssa)+ «ss) for all
ss S (thesevalueswill be normalizedin
B6).

iv. Sezp\,s(f S) == pus(f S) + rwst(f) «(s) for all vs
VSf  F(vs), ands S (thesevalueswill be
normalizedn B7).

(f) Fomgetall scalerand :fort = tgart . . - thewstart
all ¢fort=tsart...ted.

(9) Settsart := thewstart aNdtend := thewstart +X 1 (i.€. move
thetime window).

(e

~

S using ¢ and

1,and

B6. Setp(s sa):=p(s s a) s sh(ssaforallss S
anda A (i.e. normalizethetransitionprobabilities).

B7. Setpws(f 9) = pws(f 9) fFw pws(f s) forallvs VS
f  F(vs),ands S(i.e. normalizethe sensomrobabili-
ties).



With the extendedBaum-Welch algorithm, thereis a
tradeof betweermemoryrequirementssuntime, andpre-
cisionof theimprovedPOMDR Run-timeoverheads in-
curredmostly for calculatingthe betavaluesrepeatedly
While thetraditionalBaum-Weélchalgorithmcalculate®v-
ery statedistribution ¢ once,the extendedBaum-Welch
algorithmcalculatest on averagex (x lamin 1) times
for long executiontraces. Its precisionincreasewith its
effectivelook-aheadwhichis, onaverage(lamin+x) 2 for
longexecutiortraces.Thus,theprecisioncanbeincreased
by increasingthe minimal look-aheadlami, or the win-
dowsizex. Increasingheminimallook-aheadgroduces
smallamountof run-timeoverheadbutleaveshememory
requirementainchangedijncreasingthe window size de-
creasesheoverheadbutincreasesheamountof memory
needed.We thereforesuggesto makethe window sizeas
large aspossibleandto setthe minimal look-aheadbased
on the averagdengthsof the corridors,becauseahe most
usefulsensoreportsareobtainedvhentherobottraverses
junctions.

5.2 Training Data Requirements

ThetraditionalBaum-Weélch algorithmrequiresa large
amounbf trainingdata: asthedegreesf freedom(settable
parametersincreasesodoesthe needfor trainingdata,to
decreasthelikelihood of over®ttinghemodel. Giventhe
relatively slow speedat which mobile robotscan move,
we wantour learningmethodto learngoodPOMDPswith
asfew corridortraversalsaspossible. Thus,we usesev-
eralmethodgo decreas¢he numberof modelparameters
that mustbe learned. Theinitial structureof the POMDP
alreadyreduceghe modelparametersonsiderablyoy dis-
allowing transitionsthat are clearly impossible(such as
teleportingto distantlocations).We employtwo additional
techniquedo reducethe degree®f freedomfurther:

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

Imposing Equality Constraints: Ourlearningmethod
constrainssomeprobabilitiesto beidentical. This hasthe
advantage¢hatthe Baum-Welchalgorithmcannow update
a probability usingall the informationthat appliesto any
probabilityin its class.Considetthefollowing examples:

Metric Uncertainty: We constrainthe transition
probabilities of the forward actionsfor &unction®
statesthat lead into the samecorridor to be identi-
cal (e.g.,statesX andY in Figure3). This forcesthe
lengthestimatedor a corridorto be the samein both
directions.In generalywegroupall junctionstateghat
areknownto leadinto equallylong corridorsegments
(suchasthoseintersectearthogonallyby two parallel
corridorst seeFigure4).

Actuator Models: We assumethat the modelsfor
the left andright turn actionsare the samefor all
states. We further constrainthe left and right turn
probabilitiesto be symmetrical.

SensorModels: Insteadof learningseparatesensor
modelsfor eachstate,we learnthem for classesof

stategwall, 2nearwall®, junctionopening open-dooyr
closed-door). Theseclassese ect our prior knowl-

edgeabouthow the sensorsare supposedo operate
+ they are currently prede®ne@ndnot learned. For

example,all statesthat havea wall on their left are

construedto havethe sameleft sensormodel. Our

learningmethodalso assumeghat the left and right

sensorsbehaveidentically so their modelsare con-

strainedto havethe sameprobabilities.

Thesetechniquesnablethe Baum-Welch algorithmto
operatewith a smalleramountof training data. However
frequency-basedstimatesrenot very reliableif thesam-
plesizeissmall. Tounderstangvhy, considethefollowing
analogy:If afair coinwere ipped onceandcameupheads,
the frequency-basedstimatewould setp(head$ = 1. If
thismodelwereusedto predictfuturecoinips, onewould
bevery surprisedf the coincameup tails nexttime + this
would be inconsistenwith the learnedmodel. To avoid
thisproblem,wechangehere-estimatioriormulasA9 and
A10' to useBayes' rule (Dirichlet distributions)instead
of frequencies(both methodsproduceasymptoticallythe
sameaesultdor longexecutiortraces) Forexamplethere-
estimatiorformulafor thetransitionprobabilitiesbecomes
(probability classesrenot shown):

A9'. Setp(s sa):=(k p(ssa-+
«(s)) foralls s

1.7 1aza (5 S)) K+

t=1.T la=a Sanda A.

In thisformula,p(s s a) arethetransitionprobabilities
beforelearningandk 0 is a constanwhosemagnitude
indicatesthe con®dencé¢hat one hasin the initial proba-
bilities (we usek = 1). Notethatthe original re-estimation
formulaA9 is aspecialcaseof A9' wherek = 0. Similarly,
leavingthe transitionprobabilitiesunchangeds a special
caseof A9' wherek is large.

6 Experimental Evaluation

The world cannotbe expectedo satisfy the indepen-
dencepropertiesthat POMDPsand the Baum-Welch al-
gorithm assume. In the end, one hasto testempirically
whetherthey are satis®edwvell enoughfor our learning
methodto yield plausiblemodels.We thereforeperformed
severakxperimentsvith the Xavier simulator a highly re-
alistic simulationof Xavier. Figurel showsa snapshobf
the simulator operatingon 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






differencebetweerapproximatedindcorrectgammavalues

1T =11 s sP(& =501 i A1 e 1) (91°

look-aheada | difference || look-aheada | difference
1 40 10 % 7 21 10 %
2 45 10 % 8 49 10 10
3 65 10 °° 9 3g 10 10
4 47 10 % 10 14 10 10
5 11 10 %
6 14 10 % 50 14 101

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 “eva uation”
execution trace. We used a transformation of the fit to
make it independent of the length of the execution trace.
Learning improves the modelsif the value of thistransfor-
meation getscloser to zero. Table2 showsthat thisisindeed
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 thusit navigation performance), we cal culated the av-
erage entropy of the apha values (the state distributions
used during navigation) after every action execution of the
“evaluation” execution trace. The entropy isameasure for
how certain the robot knowsits 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 thisisindeed 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 negligiblefor
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-Wel ch algorithm
learn the same models.

Totest 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 Figure4(C). Thisisaso
reflected in the statistics: when using this learned model,
the fit of our “evaluation” execution trace was -1.797074
and itsentropy was-0.054793. Table 2 showsthat 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.

Thecorridor environment used inthisexamplewasrela
tively small and thus one could have used distance learning
methods with exponentia run-time (such as methods that
match the routes probabilistically against the topological
map). The extended Baum-Wel ch algorithm, however, has
been used successfully to learn in more complex environ-
ments than the one used here. Consider, for example, the
dlightly more difficult environment shown in Figure 5. We
let the robot traverse parts of the corridor seven times such
that it passed each landmark (doorsand corridor junctions)
atotal 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 topologica 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-Wel ch algorithm (usingaminimal
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
explorationto learn either metric or topol ogical 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], [201, [12], [7], and [15]. Approaches that have been
demonstrated experimentalyinclude[6],[8], and[14]. The
approaches of [1] and [2] |earn Markov models of the en-
vironment, as we do, but they use active exploration, while
our approach ispassive. 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-
oudly learn more accurate metric, actuator, and sensor mod-
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