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Abstract.
challenging tasks in the artificial intelligence. Althougblution
methods to this class of problems are intractable in gensoahe
promising approximation methods have been proposed fgcént
particular, point-based planning algorithms for solviragtally ob-
servable Markov decision processes (POMDPSs) have deratedtr
that a good approximation of the value function can be obthin
by interpolating between the values of a selected set oftmoithe

agent must make a choice as to how to sample these pointflyldea bounded and it can be decreased by expanding the set ofshelief

we need to sample in order to build an accurate approximéaton
less time. In this paper, we relate this problem to the expion-
exploitation tradeoff in the space of POMDP reachable Eelieur-
thermore, we show that there exists an influential contrchipater
for this tradeoff. As a result, we provide a controllablehtigy bound
for the point-based value iteration (PBVI) approximatidh pased
on knowledge about the domain. We study two criteria desidne
improve point-based value iteration algorithms when selgecandi-
date points. The first is based on reachability analysis tt@rgiven
initial belief state. The second criterion is based on thgree of
stochasticity of the problem domain and the topologicalcitrre of
possible beliefs experienced by the agent. We present airieahp
evaluation illustrating the effect of these criteria on pegformance
of point-based value iteration.

1 Introduction

Partially Observable Markov Decision Processes (POMDRs)i¢e
a standard framework for studying decision making underernc
tainty. In a POMDP, the state of the system in which the dentsi
take place is never fully observed. Only observations tlegtedd
probabilistically on the hidden state are available. POMDRve
gained a lot of attention in the Al and operations researamgonity
and several planning algorithms have been developed. Howne
best exact algorithms for POMDPs can be very inefficient imge
of both space and time requirements. Therefore a huge obsefr
fort has been devoted to developing approximation teclasiquthis
field.

Most planning algorithms attempt to estimate values foiebel
states, i.e. probability distributions over the hiddenestaf the sys-
tem. Recent research has been devoted to algorithms treagthik
vantage of the fact that for most POMDP problems, a large gfart
the belief space is never experienced by the agent. Sucbagms,
which are known as point-based methods, consider only & féeit
of belief points and compute values for the different actionly for
these points. The generalization over the entire simpldaiie based
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Decision making under uncertainty is among the moston the assumption that “nearby” points (in terms of the L Inmowill

have close values. This assumption is based on the fachehapti-
mal value function ia a piecewise linear and convex functieer the
continuous belief space. Point-based value iteration ogstthave
been used very successful in solving problems which arererfe
magnitude larger than classical POMDP problems. This #hgor
performs point-based updates on a smallBet {bo, b1, ...,bm }

of reachable points. The error of the approximation is ptoebe

However, value improvement depends to a large extent onhidge
lief points are added to this set. Hence, the choice of bpbéfts is a
crucial problem in point-based value iteration, espegiathen deal-
ing with large problems, and has been discussed by severairau
Spaan and Vlassis [8] explored the use of a large set of ralydyen-
erated reachable points. Pineau et al. discussed severatios for
sampling reachable belief states. Smith and Simmons [5§cdes a
heuristic search value iteration algorithm which mairgaam upper
and lower bound on the value function to guide the searchdodg
beliefs.

In this paper we address the issue of dynamically genetaiting
an efficient way, a good ordering of beliefs that should besibn
ered. We explore the point-based value iteration algorithrmmom-
bination with a number of belief point selection heuristiEsst, we
make some corrections to the reachability metric propoge@nbith
and Simmons [6] which were discovered via private commuitna
with the authors. This metric is designed to give more pijasf be-
ing selected to points that are reachable in the near fullre.in-
tuition is that in discounted reward problems, belief pgititat are
only reachable in many time steps do not play an importarttipar
the computation of the value function approximation and e ig-
nore them. We compare this metric to the 1-norm distanceienetr
previously suggested by Pineau et.al [4] and study the egdglity
of this metric to the point-based value iteration algorithm

Our study also points out the fundamental exploration \®eesu
ploitation dilemma that appears throughout decision theorthe
context of sampling the reachable beliefs for which to doeddack-
ups. We propose and investigate a new strategy for pointtsate
in PBVI. The main idea is to give priority to beliefs that asach-
able in closer future while still considering the distantéhe candi-
date point to the current s&. This way, we avoid the overwhelming
complexity of considering all reachable belief states imeadth-first
manner, but at the same time we try to pick points that canigeov
a better approximation. This is motivated by the observatiat the
complexity of the optimal value function can be inferred aptme
extent from the difference between the number of belieéstheing

backed up|B;|, and the number of alpha vectors representing the

current approximate value functiofl;;|. Whenever this difference



is large, a lot of points share the same optimal policy. Tioees we
can sample points in a more sparsely, imposing a largerttblgésn
their distance to the current set of beliefs. A small (or ydifference
between B;| and|T';| indicates that for a more accurate approxima-

tion we need to sample more densely form the space of reachabl

beliefs, because different beliefs have different optipwlicies.

We provide empirical results comparing these two appraaoche
set of standard POMDPs. The results suggest that the secethdan
is the winning approach.

2 Background on POMDPs

Formally, a POMDP is defined by the following components: a fi-
nite set of hidden stateS; a finite set of actionsA; a finite set of
observationsZ; a transition functiorll’ : S x A x S — [0,1],
such thatT'(s, a, s') is the probability that the agent will end up
in states’ after taking actiom in states; an observation function
O : Ax S xZ — [0,1], such thatO(a, s, z) gives the proba-
bility that the agent receives observatiomfter taking actioru and
getting to states’; an initial belief statebg, which is a probability
distribution over the set of hidden stat§s and a reward function
R:Sx Ax S — R, such thatR(s, a, s') is the immediate reward
received when the agent takes actioim hidden state and ends up
in states’. Additionally, there can be a discount facter,e (0,1),
which is used to weigh less rewards received farther intduhee.

The goal of planning in a POMDP environment is to find a way of
choosing actions, or policy, which maximizes the expected sum of
future rewards
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mality equation for computing the optimal value functi®;:
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whereby,,, is the unique belief state computed based,om and z,
as in equation (2). As in MDPs, the optimal policy that therade
trying to learn is greedy with respect to this optimal valugadtion.
The problem here is that there is an infinite number of betats,
so solving this equation exactly is challenging.

Exact solution methods for POMDPs take advantage of the fact
that value functions for belief MDPs are piecewise-linead aon-
vex, and thus can be represented using a finite number of -hyper
planes in the space of beliefs [7]. Value iteration updates loe
performed directly on these hyperplanes. Unfortunatelgcevalue
iteration is intractable for most POMDP problems with mdnart
a few states, because the number of hyperplanes definingthe v
function can grow exponentially with each step. For any fiked-
zon n, the value function can be represented using a set-of
vectors. The value function is the upper bound over albthectors:

Vo (b) = max, Y a(s)b(s). GivenV,_1, V,, can be obtained us-
ing the following backup operator:

Va(b) = max} P(z]a,b) ) (Z b(s)bha-(s")R(s,a,s")
€ 2€Z sES \s'eS
+ 7 max Z bbaz an 1( I))
an—1
s’eS

wherea,,—1 are thea-vectors used to represevif_ .

whereT is the number of time steps in an episode (typically assumed Exact value iteration algorithms, e.g. [7, 1, 9] perfornsthackup

finite) andr; 41 denotes the reward received at time step 1. The
agent in a POMDP does not have knowledge of the hidden states,
only perceives the world through noisy observations as eéflyy

by manipulating directly the-vectors, using set projection and prun-
ing operations. Although mang-vectors can usually be pruned
without affecting the values, this approach is still pratile for

the observation functioy. Hence, the agent must keep a complete large tasks. Approximate methods attempt instead to appet& the

history of its actions and observations, or a sufficienistiatof this
history, in order to act optimally. The sufficient statistia POMDP
is the belief staté, which is a vector of lengthS| specifying a prob-
ability distribution over hidden states. The elements @ trector,
b(7), specify the conditional probability of the agent being fats
s;, given the initial belieby and the history (sequence of actions and
observations) experienced so far.

After taking actiona and receiving observatios, the agent up-
dates its belief state using Bayes’ Rule:

O(a: 517 Z) Zses b(S)T(S, a, SI)
P(z|a,b)

where denominator is a normalizing constant and is givetégtm
of the numerator over all values gf € S:

=2 _bs) D 7

sES s'es

Ba:(s") = P(s'|b,a,2) =

@)

(z|a, b) (s,a,s)O(a, s, z)

We can transform a POMDP into a “belief state MDP” [1]. Under
this transformation, the belief staidbecomes the (continuous) state

value function in some way. These solution methods usualiyon
maintaining hyperplanes only for a subset of the belief gmDif-
ferent methods use different heuristics in order to definielvbelief
points are of interest, e.g., [3, 4, 5].

3 Point Based Value lteration

The computational inefficiency of exact value updates lgadbe
exploration of various approximation methods that can jsle@good
control solutions with less computational effort. Poirisbd value
iteration (PBVI) is based on the idea of maintaining valued a-
vectors for a selected set of belief points. This approadessgned
based on the intuition that much of the belief simplex wilt e
reachable in general.

The algorithm starts with a set of beliefs and computegectors
only for these beliefs. The belief s& can then be expanded, in
order to cover more of the belief space. Nawectors can then be
computed for the new belief set, and the algorithm continues

The update function with a fixed set of belief poirfiscan be
expressed as an operafdron the space of value functions, such that

of the MDP. The actions of the belief MDP are the same as in thd/;1; = HVj, as defined above. In order to show the convergence of

original POMDP, but the transition and reward functions taa@s-
formed appropriately, yielding the following form of Belan opti-

such algorithms, we need to show tHdtis a contraction mapping,
and that each estimafé is an upper bound on the optimal value



function. If both of these conditions hold, the algorithnilwbnverge
to a fixed point solution}* > V*.

Given a fixed belief seB, the error over multiple updates in point-
based value updates in thih value function estimate (horiza, is
bounded by:

(Rmaz
1—v

Vi = VP < S ep ®)

wheree g depends on the maximuiy distance from any reachable
belief to B:

¢p = maxmin||b—b'||:
b €A bEB

4)

whereA is the set of all reachable beliefs.

4 Bdief Point Selection

In the PBVI algorithm, the selection of the belief pointstthall be
used to represent the value function is done in an anytinfedias
with the goal of covering as densely as possible the set ahrea
able beliefs. The belief sé® is initialized with just the initial belief

4.1 Sdecting Belief States Based on Reachability

In order to reason about the space of reachable beliefs,amean-
sider the initial belief vectoio, and all possible one-step sequences
of actions and observations following it. Equation (2) thdefines
the set of all beliefs reachable in one step. By considerihgne-
step action-observation sequences that can occur frora teefs,
we can obtain all beliefs reachable frdmin two steps, and so on.
This will produce a tree rooted at the initial belief stageThe space
of reachable beliefs consists of all the nodes of this trdedfwis in-
finite in general, but cut to a finite depth in finite-horizosks). The
discounted reachability is a mapping from the space of reachable
beliefsA to the real numbers, defined ggb) = v~ wherelL is the
length of the shortest sequence of transitions from thelrielief
stateb, to b. This definition implies that
p(baz) > vp(b) (5)
because eithel,,, is obtained in one step fror (in which case
we have equality), or if not, it may be obtained along a shgréh.
Based on the definition of discounted reachability, Smitth &im-
mons [6] define a generalized sample spacing measeréd <

statepo. Then, the space of reachable beliefs is sampled by a forward < 1)- Their argument is that they want to give more weight to

simulation, taking one action and receiving one obserwatiiffer-
ent heuristics for sampling points have been proposed inbjdf
the Stochastic Simulation by Explorative Action heurig8SEA) is
considered to perform best in general. In this approactpassible
actions at a given belief state Biare considered. One observation is
sampled for each action and the new belief states are cothpsieg
(2). Then, the algorithm greedily picks the belief state thdarthest
away fromB, in the sense of th&; distance. Hence, the number of

points in B at most doubles at each iteration, because at most one

extra belief point is added for each existing belief. Thigrstic is
motivated by (4) and attempts to greedily redugeas quickly as
possible. The authors also discuss other approaches fangibe-
lief states, such as picking beliefs randomly (similarhgta-based
methods), or sampling reachable beliefs by using eithedaanor
greedy actions. In all of these cases (with the exceptioraoflom
sampling), the space of reachable beliefs is covered gligdas the
algorithm progresses. This is due to the fact that at eaafit,pibie
candidate beliefs that are considered are reachable inimeestep
from the current beliefs. Moreover, because PBVI is greedyick-
ing the next belief state to add, it can potentially overloakleast
for a few iterations, belief states that are important fréw point of
view of estimating the value function. Spaan and Vlassipf8pose
a different way of choosing belief points in the PERSEUS atgm,
which is aimed at addressing this problem. They sample & lset)
of reachable belief® during a random walk, but then only update a
subset of ofB, which is sufficient to improve the value function esti-
mate overall. The core belief selection heuristic propdsetradi et
al. [2] tries to start a point-based value iteration with acdebeliefs
which span the whole simplex of reachable beliefs. Althotlgh
will help the algorithm converge to a good approximation imyo
a few iterations, finding this set of desired beliefs is cotapan-
ally demanding, and the approach is problematic for largélpms.
Heuristic search value iteration (HSVI) [5] keeps the véflugction

beliefs that are reachable in the near future, becausevihleies in-
fluence the value function estimates more. To do this, thagdelthe
L; norm of the beliefs by(p(b))”. However, this division actually
has an opposite effect, emphasizing more beliefs that ateeinlis-
tant future. The problem was discovered via private compatigns
with the authors. To correct this problem, the sample sjgagira-
sure should be:

6 B) = i b_b/ b P
#(B) = max i b — s o)

(6)
where P is a parameter if0, 1). Note that if P = 0, we obtain
exactly the heuristic described in [4], and given here inatign (4).
However, the theoretical development for that case has diffeeent
than the one we will give here. In this case, an equal weiggitven
to beliefs that are at equal distance to the current set adftints,
regardless how easy or hard they are to reach. The thedmettdts
and arguments stated in [6] hold with the above definitiodidfB).
For clarity, we present these results in here.

First we need to show that the update operator on the selseted
of points by the above metric is a contraction mapping. Tohi®, t
consider the following weighted norm:

IV = Vlle = max{V(b) = V(b)[£(b) @)
In other words, this is like a max norm but the elements arghited
by weightst.

We can show that the following theoretical results hold fust
norm. Note that the proofs are very similar to the ones in {#tith
the new metric plugged in; therefore we do not include theme he
due to the space limit.

Theorem 1 The exact Bellman update is a contraction mapping un-
der the norm (7) with contraction facter' = 7.

bounded between an upper bound and a lower bound, an approach

aimed at ensuring good performance for the candidate dquatic
cies. The algorithm was improved in [6], by designing a tiglttound
and much smaller size controllers, which make HSVI bettéeims
of planning time and values achieved.

As a side note we need to mention that equation (10) in [6] bhad t
contraction factor as stated there should be fixed as well.

The next theorem bounds the error of a policy based on an@ppro
imate value functiof.



Theorem 2 The expected error introduced by a poligynduced by
an approximate value functiow, starting at the initial belieb is
bounded by:

2y~

1—~l-r

V" =Vl

Theorem 3 Let Hp be the update operator applied using only be-
liefs from setB. Then the error induced by a single application of

Hp instead of the true operatdf is bounded irp” norm as:

(Rmaz - Rmin )6P (B)

|HV — Hp V|, < S Snin

Theorem 4 The error||V; — V;?|| at any update stepis at most:

(Rmaz - Rmzn)(SP (B)
(1 —=y'=7)?

Algorithm 1 Average-norm Belief Expansion (Initial belief sB)
for all b € B do
for all a € A do
Sample the current statdrom b
Sample the next staté from T'(s, a, -)
Sample the next observatiarfrom O(a, s', )
Compute the next beligf,,, reachable frond
end for
b* = arg may, minyicp [[bhax — " [|1 [p(bhas)]”
B =BU{b'}
end for
return B

Algorithm 1 presents an approach for expanding the belief se

using the reachability heuristic. Note that instead of logkat all
reachable beliefs, we just sample, for each belief in theeotirset,
one possible successor. Of course, this algorithm coulchbaged
to take more samples, or to look farther into the future. Hawefar-
ther lookahead is less likely to matter, because of the wieiglised
in the heuristic. The drawback of this approach is that adtéew
cycles the strategy will sample points from a rather restdset of
points and that could lead to smaller and smaller improvesaétor
instance, for domains with deterministic observationsteaukitions,
this approach gives very similar results to the stochasticiigtion
with explorative actions (SSEA) heuristic [4], becausehef harrow
distribution of reachable beliefs. Considering that PB¥hweerges
to a good approximation in just a few expansions, and thafettter
~ is usually between 0.75 to 0.99, the effectdef(B) is not much
different, in Algorithm 1, compared to the effect €fB) in SSEA-
PBVI.

4.2 Topological Distance Selection Criterion

A more extreme alternative to the reachability heurissasiinclude
all the beliefs that are reachable in the near future in the sbeof
lief points. Theoretically, this should provide the begpapximation
in terms of the weighted norm that we are considering. But amyn
problems this is not feasible, because the size of the frofghe
belief tree grows exponentially. Besides, not all the tiglieachable
in one time step are good candidates to improve the valudiumc
estimate, and including all of these beliefs in the pointBetsults
in many unnecessary value updates or backups. Theorgtizallib-
set of these points which are farther away from the currenbke

beliefs (in theL; norm sense) has more potential to provide an im-
provement to the current approximation, due to the basigtiah
that nearby points have nearby values. In order to get ongrpo
tially useful points, we consider adding all candidate éfghointsb’
that are reachable for some possible action A from some belief
b € B, butonly if b is farther fromB than a threshold parameter
e€0,2]:
U . /
d(b,B)—IbIélgHb—bH1>e (8)

Algorithm 2 summarizes this idea. Note that in this algarittthe
size of B can be more than doubled at every iteration. However, be-
cause this approach is expected to add better beliefs asegmhwve
would expect it to obtain a good approximation in a smallenbar

of expansions. But we want to ensure that the number of kekef
also small enough to enable efficient value function backtipsre-
fore the threshol@ should be selected based on two parameters: 1)
the stochasticity of the domain (i.e. degree of stochagtigiaction
transitions and observation emissions), which indicates Hense

or sparse the space of reachable beliefs is expected to bee 2x-
pected complexity of the value function that is captured ant by

the size of current optimal policy. The intuition for the ficsiterion

is that if there is a lot of stochasticity, the optimal valumdtion is
likely to be smoother. As a result, fewer beliefs should basad

for a good approximation and the parametean be set higher. The
intuition for the second criterion is that if the current iopal pol-

icy is much smaller than the current optimal value functidwen a
coarse approximation of the value function is likely to b#isient,

and agaire can be set higher. While the amount of stochasticity can
be determined having the model of the world, it is not obvibaw

to measure the second criterion before computing the optiatae
function. We tried different values efin the empirical study of this
approach, in order to evaluate this aspect inn more detail.

Algorithm 2 Distance Based Belief Expansion (Initial belief d&t
thresholde)
for all b € B do
for all a € A do
Sample current statefrom b
Sample next staté from T'(s, a, -)
for all z € O do
Compute the next beliéf,,, reachable frond
if d(b},,, B) > ethen B = BU{bj..}
end for
end for
end for
return B

It should be noted that the PBVI-SSEA heuristic is the most co
servative version of the distance-based expansion andieasily
overlook critical points in each expansion by considerimfy dhe
farthest point from currenB. The breath first heuristic for selecting
all one-step away points frol® can be considered as a special case
of the above algorithm in which = 0.

The error bound on PBVI equation (4) is quite loose, and is not
usually useful in practice. As we add more pointsBo naturally
the approximation error is expected to decrease. Howevere tis
still no theoretical guarantee that this happens. Althotighpoint
selection method in Algorithm 2 still does not make the daseein
error monotonic from one expansion to the next, it attempisetp
the valuee s as low as at all times. However, there is no theoretical
guarantee on this approach either.
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Figurel. Policy performance for belief points selected by AlgoritBrwith different values of distance threshold in hallway dom

5 Experiments

In order to compare the performance of the belief selectiethods
discussed in the previous section, we selected a few sthddarains
previously used in the literature: Hallway, Hallway2 andck®am-

ple.

We performed 5 iterative expansions®fusing Algorithms 1 and
2 and generated the approximate value function based oeshé-+
ing point setB. In each domain, we ran 250 trajectories starting from
a fixed given initial belief following the approximately amial pol-

As can be seen, on the Hallway and Hallway2 domains, the topo-
logical distance criterion is always better than both SSIEA the
reachability criterion, at all levels of, and the difference is signifi-
cant. On the RockSample domain, the performance of all tilgee
rithms is very close, at the best parameters level. It is lwodting
that RockSample is a deterministic domain.

The set ofa-vectorsI for the Hallway and Hallway2 problems is
always roughly equal to the number of beliéf§ his would indicate
that the optimal policy is large and we should sample morebel
points. Indeed, as seen in the table above, the best quabtyts

icy generated by each method. We measured the discountedfsum are obtained with a smaller value ef However, in this case, the

the rewards obtained on these trajectories. It should tedrtbat the
rewards here are computed based on following belief statéisei
trajectory rather than the usual way of following hiddenesathere-
fore, the results might be slightly different from what hagb previ-
ously reported in the literature. Table 1 shows this meazsvweeaged
over 10 independent runs, for the Hallway, Hallway2 and Fagk-
ple problems. We present average performance and standeird
ation over these runs. The first row in this table shows thedstal
PBVI algorithm in which Stochastic Simulation with Expltikee Ac-
tion has been used for belief set expansion. For the secgndtaim,
the parameteP is chosen such that the resulting value function fits
best the true value function according to the average-n@umistic.
The second row reports these results with= 0.99; however, we
experimented with many different settings Bfand all results are
very similar. The third, fourth, and fifth rows contain resufor the
distance-based heuristic with the values of the contltiirstance
thresholde equal t00.5, 0.7, 0.9 respectively. In our experiments
with Algorithm 2, we do not actually loop through all the obse

tions; instead, the observations are still sampled.

The complexity of the optimal value function can be measime

algorithm can generate too many samples, which can slow dog/n

progression of the algorithm. In order to further illusérétte impact

of the threshold parameteion the number of belief points and on the

quality of the obtained solution, we also plot the humber eifefs

vs the total reward obtained for different valuesepby running 7

iterative expansions of the belief set. The results areeptes in
g Figure 1 for Hallway and Figure 2 for Hallway2. As can be seen,
after 7 expansions, the valee= 0.9 provides performance that is
very close to that of the other methods, while building a igantly
smaller representation. The difference in quality thatlmaobserved
after 5 iterations disappears after 7 iterations. One caothesize
that there is a certain number of points that is needed foraa go
representation, and that the other points added for lowlaesafe
are not necessary.

In the RockSample domain, only a small proportion of belief
points offer distinct alpha vectors. This is mainly due te fact that
the almost deterministic dynamics makes it possible toigdize the
approximate optimal policy well enough on the whole spacetdan
a small number of points. This would suggest that highereshfe
g Would work better. However, the results still show largeuesl ofe

the number ofa-vectors used to represent it. PBVI keeps at mostPing worse than small values, after 5 iterations. An irgtng ob-

onea-vector for each belief state in the g8t In the domains Hall-
way and Hallway2, there are 5 possible actions and a high téve
stochasticity. In the RockSample domain, actions are ohtéstic,

and there is significantly less noise in the observations.

Table1l. The performance of various point-selection strategiesoomes

POMDP benchmarks

Domain Hallway Hallway?2 RockSample[4,4]
Method
PBVI-SSEA | 0.51+ 0.03 | 0.35+ 0.03 17.78+ 1.08
Reachability | 0.52+ 0.03 | 0.37+ 0.04 19.36+ 2.50
e=0.5 0.91+ 0.09 | 0.52+ 0.06 18.33+ 3.13
e=0.7 0.67+ 0.10 | 0.44+ 0.07 14.63+ 1.92
e=0.9 0.79+ 0.05 | 0.35+ 0.10 14.76+ 3.29

<& PBVI-SSEA O Reachability metricA distance threshold

servation is that as we change the threshotd higher values, the
difference betweefB| and|I'| is decreased. This can be interpreted
as showing that more of the points that are added with thempeter
are actually useful. A closer examination of the number diefe
and solution quality for different values efis provided in Figure 3.
It is worth noting that the quality of the solution does nophove
uniformly by adding beliefs. We conjecture that this bebavé due
to the deterministic nature of the problem, and the fact ause
the currently greedy policy to gather data. Hence, theedsiteliefs
may not cover the space well enough. We conjecture that erelif
way of exploring the belief space would help attract bettgn{s in
B.

Overall, the average-norm heuristic is preferable to thertn,
as it uses roughly the same number of belief points but pesval
slightly better quality solution. We also tried consideriall beliefs
which are only one step away from our current set. The number o
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domain.
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Figure 3. Policy performance for belief points selected by AlgoritBrwith different values of distance threshold in RockSaifdptg domain.

backed up belief points is considerably larger in this cagén prin-
ciple this can allow a better approximation, although indkamples
we studied the control quality does not improve much.

In general the effect of the topological distance approasnms
to be quite promising. This method obtains a higher quality-s
tion with comparably smaller number of points. Howeverhiosld
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