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Abstract— We explore the advantages of representing hier-
archical partially observable Mark ov decision processes(H-
POMDPs) as dynamic Bayesiannetworks (DBNs). In particular ,
we focus on the special caseof using H-POMDPs to represent
multi-r esolution spatial maps for indoor robot navigation. Our
resultsshow that a DBN representationof H-POMDPs can train
signi�cantly faster than the original learning algorithm for H-
POMDPs or the equivalent �at POMDP, and requiresmuch less
data. In addition, the DBN formulation can easily be extended
to parameter tying and factoring of variables, which further
reducesthe time and samplecomplexity. This enablesus to apply
H-POMDP methods to much larger problems than previously
possible.

I . INTRODUCTION

Partially observed Markov decision processes(POMDPs)
have becomea popularmodelin AI in general,andin mobile
roboticsin particular[1], [2]. Unfortunately, standardmethods
for planning, inference,and learningwith POMDPsall take
time exponentialin thenumberof (discrete)states,S, making
themimpracticalfor large problems.

A hierarchicalextensionto POMDPswasintroducedby [3].
SuchH-POMDPs,which representthe state-spaceat multiple
levelsof abstraction,scalemuchbetterto largerenvironments.
In particular, they simplify theplanningandlearningproblems.
Planningis simpler(requireslesstime) in H-POMDPsbecause
abstractstates(at the coarse-level of resolution)have lower
entropy, i.e., are more deterministic[4]. Learning is simpler
(requireslessdata)in H-POMDPsbecausethenumberof free
parametersis reduced,andthestructureof themodelprovides
a way of encodingprior knowledge.In this paper, we focus
on the learningproblem,anddo not addressplanning,i.e., we
assumea �x ed (given) control policy.

To learn the parametersof an H-POMDP (usinge.g.,EM)
requiresan inferencealgorithm, since the true state of the
world is not observed.The inferencealgorithmthat wasused
in [3] was basedon the one proposedin [5] for hierarchical
HMMs, andtakesO(ST 3) time, whereT is the lengthof the
sequence.This madeit intractableto train the modelon long
datasequences,which is essentialfor learninglarge environ-
ments. (Long sequencesare necessaryto reduceperceptual
aliasing.)

In thispaper, weshow how to doinferencein H-POMDPsin
O(S1:5T) time by representingthe H-POMDP as a dynamic
Bayesiannetwork (DBN); this is an extensionof [6]. This
allows us to learn much larger modelsmuch faster, without
requiring manualsegmentationof the training data.In addi-
tion, we exploit the DBN formalism to factor the robot state
into locationandorientation;this furtherdecreasesthesample
and time complexity.

We explain andtestour modelin thedomainof maplearn-
ing androbot localization.However, the techniquesaremore
general,and can be applied to any POMDP which exhibits
hierarchicalstructure.As such,this techniqueis not directly
comparableto morespecializedmaplearningtechniquessuch
as SLAM (e.g., [7]), which are harderto generalizeto other
problems,but which have the advantageof performingonline
structurelearning.

The structureof the paperis as follows. In SectionII, we
de�ne H-POMDPsmoreprecisely;in SectionsIII andIV, we
discusshow to performinferenceandlearningin suchmodels;
in SectionV, we show someexperimentswhich demonstrate
the superiority of hierarchicalPOMDPsover �at POMDPs,
and factoredH-POMDPsover unfactoredH-POMDPs,both
in termsof accuracy (for a �x ed amountof training data)and
speedof learning. Finally, in SectionVI, we concludeand
discussfuture work.

I I . REPRESENTATION

A. Hierarchical HMMs

HierarchicalHMMs [5] are like HMMs except the states
of the stochasticautomatoncan emit single observations or
stringsof observations.(For simplicity of exposition,we shall
assumeall observations are discretesymbols,but HHMMs
caneasily be generalizedto handlecontinuousobservations.)
Thosethatemit singlesymbolsarecalled“productionstates”,
and thosethat emit stringsare termed“abstractstates”.The
stringsemittedby abstractstatesare themselvesgovernedby
sub-HHMMs,which canbe calledrecursively. Whenthe sub-
HHMM is �nished, control is returnedto wherever it was
calledfrom; thecalling context is storedusinga depth-limited
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Fig. 1. Statetransitiondiagramof a three-level HHMM. Theovals represent
abstractstates,thesmallcirclesrepresentconcretestates.Dottedarcsrepresent
return of control. Seetext for details.In this example,the sub-HMMs have
a left-to-right structure,but this neednot be the casein general.Absentarcs
have zeroprobability. Somearcswhich areshown alsohave zeroprobability;
this is just to ensurethat the corresponding�at model in Figure2 is not too
complex.
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Fig. 2. A �attened versionof Figure1.

stack.1 The result is a setof nestedsequences.An HHMM is
thus a generalizationof a segment(semi-Markov) model [8]
to multiple levels, wherethe durationwithin eachsegmentis
controlledby an HMM.

We illustrate the generative processwith the example in
Figure 1. We start in the root node, s1, and then make a
“vertical transition” to either s2 or s3; supposewe choose
s2. From there,we make anothervertical transition,until we
end up at one of the concretenodesat the leaves, say s6.
From state s6, we emit the �rst symbol. We then make a
“horizontal transition”, say to the exit statee2 (which cannot
emit any symbols);this causescontrol to be returnedto the
calling state,s2. From s2, we make a horizontaltransitionto
s3, andthena vertical transitionto, say, s7, andemit another
symbol.And so on.

Any HHMM can be convertedto an HMM by creatinga
statefor every possiblelegal stackcon�gurationX 1

t ; : : : ; X D
t .

(If the HHMM transition diagramis a tree, as above, there
will be oneHMM statefor every HHMM productionstate;If
the HHMM transitiondiagramis a DAG (i.e., it hasshared
substructure),this structuremust be duplicatedin the HMM,
generallyresultingin a largerstate-space.)Then,for everypair
of states(s1; s2), the �at transitionprobabilitiy is the sumof

1The fact that the stackhas a ®xed depth,D , meansthat an HHMM is
a ®nite-statemodel; it is thereforeless expressive, but more ef®cient, than
stochasticcontext-free grammarsandrecursive transitionnetworks.

theprobabilitiesof all pathsthat transitionbetweens1 ands2

in the HHMM. For example,considerconverting Figure1 to
Figure 2. The probability of the self-transitionfor s8 in the
�at model is 0:3 + 0:7 � 0:5 � 0:1 = 0:335, correspondingto
the pathss8 ! s8 and

s8 ! e3 ! s3 ! e1 ! s1 ! s3 ! s8

(Note that the s8 ! e3 ! s3 ! s8 path is illegal, sinces3

doesnot have a self-loop; the only legal transition from s3

is to e1 and then up to the root.) The resulting �at model
is clearly morehighly interconnected(becausetheextra paths
inducedby passingthroughabstractnodesmustberepresented
explicitly asnew edges),andhenceis harderto learn.

B. Hierarchical POMDPs

A hierarchicalPOMDP [3] extendsan HHMM by condi-
tioning all statetransitions(and optionally, observations)on
the action that is performed.In this paper, we restrict our
attentionto a two-level hierarchicalmodeldesignedfor robot
navigation. The statesare as follows: X 2

t (an abstractnode)
representswhich corridor the robot is in, andX 1

t (a concrete
node)representswhich grid cell within the corridor, plus the
orientation.SeeFigure3 for an example.

The actions(controls),Ut , represent“go forward by 1m”,
“turn left by 90deg”, or “turn right by 90deg”. In this paper,
we ignore the problemof how to chooseactions,andsimply
model them as exogeneousinputs. Finally, Yt representsthe
observations (sensormeasurements).In our simulations,we
assumethis representsthe presenceor absenceof a wall
(obstacle)on the front, back,left andright sidesof the robot;
thus Yt can be representedby four bits. In our actual robot
experiments(seeSectionV-D), we use a neural network to
convert laserrange�nder readingsinto this form.

In the original HHMM model, when we exit from a sub-
model,we “pop” the old concretestateoff the call stack;the
new concretestateis chosenaccordingto what is left on the
stack,namelyjust thecurrentabstractstatenumber. However,
in the robot navigation domain, the concretestatewe enter
dependson which exit statewe used;i.e., which end of the
new corridor we enterdependson which endof the previous
corridor we exited from. Hencewe must condition the new
concretestatenot only on the new abstractstate,but also on
thepreviousconcretestate.However, this is equivalentto a �at
model,sinceit allows full interconnectivity betweenconcrete
states.Hencewe introducethe notion of “bottleneck” states,
which in our domainaretheendsof corridors;informationcan
only �o w from onesub-HMMto anothervia thesebottlenecks.
In particular, we allow multiple exit states,which summarize
thepreviousconcretestate;thenew concretestateis allowedto
dependon thepreviousexit state,but not thepreviousconcrete
state.We will make this moreprecisebelow.

Every H-POMDP can be convertedto a �at POMDP in a
mannersimilar to �attening an HHMM (seeFigure 4 for an
example).However, the �attening operationlosesmostof the
structure,making learningmuchharder, aswe show below.



Fig. 3. Statetransitiondiagramof the H-POMDP usedto model corridor
environments.Throughoutthepaperwereferto thismodelastheªhierarchical
modelº.Large ovals representabstractstates;the small solid circles within
themrepresententry states,andthe small hollow circlesrepresentexit states.
The small circles with arrows representconcretestateand orientation.Arcs
representnon-zerotransition probabilities as follows: Dashedarrows from
concretestatesrepresentconcretehorizontal transitions,dottedarrows from
exit statesrepresentabstracthorizontaltransitions,andsolid arrows from entry
statesrepresentvertical transitions.

Fig. 4. State transition diagram for a �attened version of Figure 3.
Throughoutthis paperwe refer to this modelas the ª�atº model.Transition
matricesfor eachaction can be computedfrom the hierarchicalmodel as
follows: for each pair of concretestatess1 ; s2 , we need to sum up the
probabilitiesof all the pathsthat transitionfrom s1 to s2 undersomeaction
a.

C. RepresentingH-POMDPsas DBNs

A DBN modelfor HHMMs wasintroducedby [6]. We can
extend this to the H-POMDP caseby making threechanges:
we add action nodes,Ut , we add orientationnodes,� t , and
we allow exit nodes,E t , to be multi-valued(not just binary).
SeeFigure5.

The action nodes representthe movement made by the
robot.Theorientationnodesarepresentbecausewenow factor
X 1

t into concretelocation,L 1
t , andorientation,� t , insteadof

having to duplicateeach(concrete)location four times as is
donein Figures3 and4. We will denotethe abstractlocation,
X 2

t , by L 2
t . Theexit nodeE t cantake on � ve possiblevalues,

representingno-exit, north-exit, east-exit, south-exit, andwest-
exit. If E t = no-exit, thenwe make a horizontaltransitionat
the concretelevel, but the abstractstateis requiredto remain
the same.We will explain the model in moredetail below.

1) Notation: Lower caseletters denotevaluesof random
variables.To shortennotation,we will sometimesdenotethe
probability of eventslike P(� t = � ; L 2

t = a; L 1
t � 1 = i; L 1

t =
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Fig. 5. A 2-level factoredH-POMDP representedas a DBN. Throughout
thepaperwe refer to this modelastheªfactoredhierarchicalDBNº. Thearcs
from the actionnode,Ut , areshown dottedmerelyto reduceclutter. The L 2

t
nodesdenotethe abstractstate,the L 1

t nodesdenotethe concretelocation,
the � t nodesdenotetheorientation,theE t nodesdenotethestateof theexit
variable,andYt denotesthe stateof the observation variables.

j ) by P(� ; a; i; j ), i.e., we will use� t to denoteanassignment
to � t , a for L 2

t , j for L 1
t and i for L 1

t � 1.
2) Transition model: We now de�ne the conditionalprob-

ability distributions(CPDs)of eachtype of nodein the DBN.
All distributions,except for the observations,areconditioned
on the input Ut � 1; this is not shown explicitly, to simplify
notation.For the abstractnodes,

P(L 2
t = j jL 2

t � 1 = i;E t � 1 = e)

=
�

� (i; j ) if e = no-exit
H 2(i; e;j ) otherwise

where H 2(i; e;j ) is the abstracthorizontal transition matrix
throughexit of type e and � is the Kronecker delta function.
(This correspondsto the connectionsbetweenthe big ovals in
Figure3.) For the concretenodes,

P(L 1
t = j jL 1

t � 1 = i;E t � 1 = e;� t � 1; L 2
t = a)

=
�

H 1(i; � t � 1; a; j ) if e = no-exit
V (e;a; j ) otherwise

where H 1(i; � t � 1; a; j ) is the concretehorizontal transition
matrix (the horizontal connectionsbelow each oval in Fig-
ure 3), andV (e;a; j ) is theconcreteverticalentry vector(the
downward pointing arcsin Figure3). For the exit nodes,

P(E t = ejj; � t ; a) = X (j; a; � t ; e)

where X (j; a; � t ; e) is the probability of concretestate j
enteringexit statee given that it is in abstractstatea and
hasorientation� t (the upward pointing arcsin Figure3).



3) Observation model: Although the observations are
shown asa singlenodein Figure5, in factwe make thenaive
Bayesassumptionthat P(Yt jX t ) =

Q 4
i =1 P(Y i

t jX t ), where
Y i

t arethe four differentobservations,andX t = (L 1
t ; L 2

t ; � t )
is the entirestate.

Our observationmodelis theprobabilityof seeinga wall or
openingon eachof the four sidesof the robot. However, we
must �rst mapthe global coordinateframeof the mapto the
robot's local coordinateframeby takinginto accountits orien-
tation. We cando this asfollows. Let B (a; j; � ; y)def= P(Y �

t =
yjL 2

t = a; L 1
t = j ) for all t, where � 2 f N ; E ; S;W g,

B (a; j; N ; y) is the probability of observingy to the north
of cell (a; j ), etc. Then:

P(Y F
t = yjL 1

t = j; � t ; a) = B (a; j; � t ; y)

P(Y B
t = yjL 1

t = j; � t ; a) = B (a; j; R180 � t ; y)

P(Y L
t = yjL 1

t = j; � t ; a) = B (a; j; R� 90 � t ; y)

P(Y R
t = yjL 1

t = j; � t ; a) = B (a; j; R90 � t ; y)

whereR180 representsa 180 degreerotationmatrix, mapping
north to south,etc. For example,P(Y B

t = yjL 1
t = j; � t =

E; L 2
t = a) = B (a; j; W; y), i.e., if the robot is facing east,

what the robot seesin its backsensoris determinedby what
is on the westedgeof the cell. This form of parametertying
allows usto learnabouttheappearanceof a cell in all possible
directionsat once, even if we only approachit in a single
direction.

I I I . INFERENCE

There are at least two kinds of inference:online �ltering
andof�ine smoothing.By online�ltering we meanrecursively
computingthebelief stateP(X t jy1:t ; u1:t ); this is thenpassed
to the controller (policy), in order to choosethe next action.
By of�ine smoothing,we meancomputingP(X t jy1:T ; u1:T );
this is necessaryfor parameterestimation(seeSectionIV).

The of�ine inference algorithm used by [5], [3] takes
O(K D T 3) time, where K is the number of statesat each
level of the hierarchy, D is the depth of the hierarchy, and
T is the length of the sequence.This makes it intractable
to train models from long, unsegmentedsequencesof data.
In addition,no online inferencealgorithmwaspresented:the
resulting model had to be �attened before being used in a
controller. For the DBN representation,on the otherhand,we
canapplyany standardBayesnet inferencealgorithm,suchas
junction tree,to perform�ltering or smoothing.Exactof�ine
algorithms take � DK 1:5D T time; the factor of 1.5 arises
becausethe largestclique in the junction treecontainsall the
statenodesin slice t � 1, andhalf of the statenodesin slice
t [6]. (This is a generalresult for the DBN representationof
H-POMDPs,and is not speci�c to this application.)

Although it may seem that O(DK 1:5D T) is not much
improvementon O(K 2D T), the time required to do infer-
encein the �at model, note that inferencein the �at model
cannotbe usedto computethe expectedsuf�cient statistics
neededto learn the hierarchicalmodel (seeSectionIV). So
althoughinferencein �at modelsis fast,they arenot practical,

becausethey require exponentially more data to learn. The
DBN representationof H-POMDPs, by contrast, has low
sampleandtime complexity. Furthermore,we canexploit the
structureof the DBN even more if we are willing to use
approximateinference,suchasassumeddensity�ltering [9] or
loopy belief propagation[10]. Suchapproximations,together
with restrictedforms for the CPDs (so that the number of
parametersfor the bottom level nodesis lessthan K D ), can
reducethe time complexity to O(DK T).

The variousinferencealgorithmshelp us to understandthe
basic differencebetweenhierarchicaland �at models. In a
hierarchicalmodel, a transition to an abstractstateat time t
haszeroprobabilityunlesstheabstractstateis ableto produce
a completesub-sequence(you cannotentera corridor unless
you are sure you will exit it again); this is what enables
the algorithm to work at a higher level of abstraction(since
the algorithmdoesnot needto “think” aboutwhich concrete
statethe systemmay be in). The inferencealgorithm in [5],
[3] achieves this by consideringall possiblesubsequencesof
observations under the different abstractstates,which takes
O(T 3) time.2

In the DBN representationwe can achieve the samere-
sult by assertingthat at the last time slice, all sub-HMMs
must be �nished. Since we do not know which exit state
they will use, just that ET 6= no-exit, we assign“soft” or
“virtual” evidenceto theET node:thelocal evidencebecomes
(0; 0:25; 0:25; 0:25; 0:25), which encodesthe fact that we can
exit by any direction with equal likelihood, but the no-exit
conditionis impossible.If we do not addthis virtual evidence,
the hierarchical DBN behaves the same as the �at model
(before the �rst iteration of EM; thereafter, the hierarchical
modelwill outperformthe�at model,sinceit canlearnbetter,
aswe discussbelow.)

A. Spacerequirements

In addition to running time, spaceis an important issue
when training on long sequences:when learning, we need
to compute the smoothedbelief states for all time-slices;
this requires storing all the forward �ltered estimatesfor
t = 1 : T until the backwards pass.For the �at model,
this takes O(ST) space,where S = O(K D ) is the number
of states(one per leaf in the calling graph); for the O(T 3)
algorithm, the spacerequirementsare O(ST 3); but for the
DBN algorithm,the spacerequirementsareO(S1:5T), which
can be prohibitive for large T. Fortunately, thereis a simple
divide-and-conqueralgorithm that can perform inferencein
any DBN in O(S1:5 logT) space,if onewaitsO(S1:5T logT)
time [12], [13]. Furthemore,approximateinferencecanreduce
S from O(K D ) to O(K D).

2Theoriginal inferencealgorithmfor HHMMs is very similar to the inside-
outside algorithm for SCFGs(see e.g., [11]), which computesP (N i !
N j N k jOt :t + k ), where P (N i ! N j N k ) is the probability that non-
terminal i expandsinto non-terminalj followed by non-terminalk. If there
are N non-terminalsin the grammarand the training sequenceis of length
T , thenthe Inside-OutsidealgorithmrequiresO(N 3T 3 ) time.



IV. LEARNING

We can computemaximumlikelihood parameterestimates
using the EM algorithm(or gradientascent)in the samewas
asfor any Bayesnet. In particular, in the E step,we compute
the expectedsuf�cient statistics,

P
t P(Vt ; Pa(Vt )jy1:T ; u1:T ),

for eachnodeVt with parentsPa(Vt ); in the M step,we use
theequationsin thesectionsbelow. (Parameterlearningin �at
POMDPsmodelswasstudiedin the context of map learning
in e.g.,[14].)

Thetopologyof theenvironmentis encodedin thestructural
zeros of the transition matrices. (Note that if an element
is set to 0, EM will leave it as 0.) In this paper, we pre-
specify a noisy version of the topology, e.g., we specify
that the go-forward action moves to the adjacentstatewith
high probability. However, the robot still has to learn the
observationprobabilities,i.e., theappearanceof eachgrid cell;
without these,the robot will suffer from severe perceptual
aliasing,andwill not be able to estimateits state.

A. Estimatingthe transitionmodel

To shortennotation,let O = (y1:T ; u1:T ) representall the
observed data,and let n be the value of E t representingno-
exit. Theparameterscanbeestimatedby normalizingmatrices
of expectedcounts,just asin a regularHMM. For example,for
theabstracthorizontaltransitionmatrix, thematrixof expected
countsis

H 2(t; i; e;j )def= P(L 2
t � 1 = i; L 2

t = j; E t � 1 = ejO)

where e 6= n; the correspondingmaximum likelihood
estimate(MLE) is given by

Ĥ 2(i; e;j ) =

P T
t =2 H 2(t; i; e;j )

P
j 0

P T
t =2 H 2(t; i; e;j 0)

:

The equationsfor the other parametersare very similar,
so we will just de�ne the count matrices; to compute the
corrspondingMLEs, simply sumupover t (the�rst index) and
then normalizewith respectto the last dimension(to ensure
the result is a stochasticmatrix).

For the concretehorizontaltransitionmatrix, we condition
on the event E t � 1 = n, meaningwe are still in the same
sub-HMM:

H 1(t; i; � t � 1; a; j )def=

P(L 1
t � 1 = i; E t � 1 = n; � t � 1 = � t � 1; L 2

t = a; L 1
t = j jO)

For theverticaltransitionvector, weconditiononE t � 1 6= n,
meaningthat we just exited from a sub-HMM at the previous
step:

V (t; e;a; j )def= P(E t � 1 = e;� t � 1; L 2
t = a; L 1

t = j jO); e 6= n

Finally, for the exit probabilities:

X (t; j; � t ; a; e)def= P(L 1
t = j; � t ; L 2

t = a; E t = ejO)

B. Estimatingthe observationmodel

The robot can learn about the appearanceof the world
simultaneouslyin all four directions:if it knows which way it
is facing,it canmapits local observationsinto world-centered
coordinates.For example,theprobabilityof observingy when
facing North in cell j can be estimatedby counting the
(expected)numberof times y is observed in front when in
j and facing north, plus the numberof times y is observed
to the left when in j and facing east,etc. We also sum up
thesecountsover all time to computethe following expected
suf�cient statistic:

B (t; a; j; N ; y) =

P(L 2
t = a; L 1

t = j; � t = N; Y F
t = yjO)

+ P(L 2
t = a; L 1

t = j; � t = E; Y L
t = yjO)

+ P(L 2
t = a; L 1

t = j; � t = S;Y B
t = yjO)

+ P(L 2
t = a; L 1

t = j; � t = W; Y R
t = yjO)

Normalizing this yields the maximumlikelihoodestimate:

B̂ (a; j; N ; y) =
P T

t =1 B (t; a; j; N ; y)
P

y 0

P T
t =1 B (t; a; j; N ; y0)

Theappearanceof theotherdirectionsareestimatedsimilarly.
(Note that we arecon�ating the true appearanceof the world
with the sensornoisemodel; separatingthesecan yield still
lower samplecomplexity, at the cost of a harder learning
problem.)

V. EXPERIMENTAL RESULTS

To investigatetheadvantagesof learningH-POMDPsrepre-
sentedasDBNs,we performedexperimentsusinga simulation
environmentshown in Figure6. First we createdarti�cial data
usinga goodhand-codedmodel(which we call the “original”
model ) for which all transitionsto the correctstatewereset
to 0:9 and the rest of the probability mass,0:1, was divided
betweenself andovershoot-by-onetransitions.For the sensor
modelswe initialized theprobabilitiesof perceiving thecorrect
observation to be 0:99 and all probabilitiesof perceiving an
incorrect observation to be 0:01. The control policy was a
randomwalk.

We then used the arti�cial data to train four different
models:a �at POMDP, a hierarchicalPOMDP, a hierarchical
POMDPwith factoredorientation,anda hierarchicalPOMDP
with factoredorientationandfor which we alsodo parameter
tying on the observation model (as in Section IV-B). We
used“uniform” initial modelsfor training,whereall non-zero
parametersin the “original” model were changedto uniform
(e.g., h0:1; 0:9i was changedto h0:5; 0:5i ). Also, we useda
uniformDirichlet prior onall non-zeroprobabilities,to prevent
us from incorrectly settingprobabilitiesto zero due to small
training sets.

For testing, we created500 sequencesof length 30 by
samplingthe “original” model using a policy that performs
a random walk. We evaluated the different models using
threedifferentmeasures:log-likelihoodrelative to theoriginal
model, localizationaccuracy, andcomputationtime.
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A. Log-likelihood

We meaured the “distance” between a learned model,
with parameters � L , and the generating (original)
model, with parameters � G , using the relative log-
likelihood [15]: D (� L ; � G ) = (log P(y1:T ju1:T ; � L ) �
logP(y1:T ju1:T ; � G ))=T:

If D (� L ; � G ) > 0, then P(y1:T ju1:T ; � L ) >
P(y1:T ju1:T ; � G ), meaning that the learned model has
higher likelihood than the generatingmodel, which usually
indicatesover�tting.

Our results are shown in Figure 7. It is clear that the
hierarchicalmodelsrequiremuchlessdatathanthe�at model.
Furthermore,factoringandparametertying help even more.
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B. Localization

To assessthe ability of the modelsto estimatethe robot's
position after training (a more relevant criterion than likeli-
hood),we computedthe total probabilitymassassignedto the
true statesequence(which is known, sincewe generatedthe
data from a simulator):

P T
t =1 bt (s), wherebt (s) = P(X t =

sjy1:t ; u1:t ) is the belief stateat time t. If the belief statewas
a deltafunction,andput all its masson the correctstate,thenP T

t =1 bt (s) = T ; this is thescorethatanalgorithmwith access
to an oraclewould achieve. The bestscorethat is achievable
without accessto anoracleis obtainedby computingthebelief
stateusing the original generatingmodel; this scoreis 87%.
Thescoresof theotheralgorithmsareshown in Figure8. (This
is the total probability massassignedto the true statesin all
the test sequences.)

The rank orderingof the algorithmsis the sameasbefore:
the �at model performs the worst, then hierarchical, then
factoredhierarchical,and the factoredhierarchicalwith tying
is the best.
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C. Speed

To investigatethe scalability of our algorithm, we also
plotted the time per training epochwith respectto the length
of the trainingsequence(seeFigure9). The resultsareshown
in Figure 9. The O(T 3) behavior of the original H-POMDP
algorithmis clear; the �at andDBN algorithmsareall O(T),
althoughtheconstantfactorsdiffer. The�at algorithmwasim-
plementedin C, andthereforerunsfasterthanthehierarchical
DBN (althoughnot by much!); the factoredhierarchicalDBN
is the fastest,even though it is also implementedin Matlab,
sincethe statespaceis muchsmaller.

D. Real robot results

To verify the applicability theseideas to the real world,
we conducedan experimentwith a B21R mobile robot. We
createda topological map by hand of the 7th �oor of the
AI lab; this has about 600 production states(representing
1m � 1m grid cells), and 38 abstractstates(representing
corridors,junctionsandopenspace).We manuallyjoysticked
the robot aroundthis environment,and collecteddata using
a laser-range �nder. The data was classi�ed using a neural
network to indicate the presenceof a wall or opening on



0

50

100

150

200

250

300

350

0 10 20 30 40 50 60 70 80 90 100

T
im

e 
: s

ec
/e

po
ch

Training sequence length

Training times

hierarchical
flat

hierarchical DBN
factored hierarchical DBN

Fig. 9. Runningtime (in elapseduserseconds)vs sequencelength for the
differentalgorithms.Thecurvesfrom bottomto top are:factoredhierarchical
DBN (Matlab), �at (C), hierarchicalDBN (Matlab), original hierarchicalH-
POMDP(C).

the front, left, right and back sides of the robot. We then
createdseveral initial models,basedon the true topologybut
with unknown (uniform) observations,andtried learningtheir
parametersfrom severaltrainingsequencestotalling about600
observations(correspondingto about3 lapsaroundthe lab).

Theresultsarequalitatively similar to thesimulationresults.
However, a lot dependson the quality of the initial model:
if we start from a good initial model, there is little left to
learn,soall methodsperformsimilarly. Thetied modelalways
does signi�cantly better, however, since it is able to learn
the appearanceof all 4 directions in a single passthrough
a corridor.

VI . CONCLUSIONS AND FUTURE WORK

We have shown how to representH-POMDPsasDBNs,and
demonstratedthat this allows us to learn large modelswith
lessdataandmuch lesstime thanpreviously needed.We can
further reducethe time by using approximateinference,and
can further reducethe samplecomplexity by doing yet more
parametertying (e.g.,factoringtheobservationmodelinto the
appearanceof the world and the sensornoise,and factoring
themotion modelinto the locationof obstaclesandthemotor
reliability).

Themainopenproblemis to learnthestructureof theenvi-
ronment.In this paper, we assumedthe topologywasknown.
In [16], they show that it is possibleto learn the structureat
theabstractlevel just by doingparameterestimationin theH-
POMDP:the initial abstracttransitionmatrix wasalmostfully
interconnected(ergodic), but with the constraintthat corridor
statescouldonly connectto junctionstates,andviceversa.The
resultingparameterss,whenthresholded,recoveredthecorrect
topology. (By contrast,attemptsto learn �at HMM topology
using EM have generallybeenconsideredunsuccessful,with
the notableexceptionof [17], who usesa minimum entropy
prior to encouragestructuralzeros.)

Ratherthanattemptingto learnthestructureat theconcrete
level, we can recognizethat all sub-HMMs that model corri-

dors have the sameleft-right structure;the only uncertainty
is the length and the appearance(assuminga tied motion
model).Similarly, sub-HMMsthat model junctionsconsistof
a single state,and only differ in their appearance.Learning
this kind of structuresharessomesimilarity with approaches
to unsupervisedlearningof hierarchicalstructurein language
(seee.g., [18]), which we hopeto explore in the future.
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