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Abstract. Acting to complete tasks in stochastic partially observ-
able domains is an important problem in artificial intelligence, and is
often formulated as a goal-based POMDP. Goal-based POMDPs can
be solved using the RTDP-BEL algorithm, that operates by running
forward trajectories from the initial belief to the goal. These trajec-
tories can be guided by a heuristic, and more accurate heuristics can
result in significantly faster convergence. In this paper, we develop a
heuristic function that leverages the structured representation of do-
main models. We compute, in a relaxed space, a plan to achieve the
goal, while taking into account the value of information, as well as
the stochastic effects. We provide experiments showing that while
our heuristic is slower to compute, it requires an order of magni-
tude less trajectories before convergence. Overall, it thus speeds up
RTDP-BEL, particularly in problems where significant information
gathering is needed.

1 Introduction

Autonomous agents acting to achieve their goals in stochastic envi-
ronments often face partial observability, where important informa-
tion for completing the task is hidden, but can be sensed. The agent
must consider the value of information, that is, whether it is better,
in terms of expected cost, to invest effort in sensing for the hidden
information, or to try and reach the goal without the information.

Consider, for example, a robot navigating in an uncertain environ-
ment, where the ground may be unstable. The robot can either oper-
ate a sensor that examines the ground to check its stability, later al-
lowing it to move rapidly only over stable areas, or move slowly and
carefully without operating the sensor first. The choice as to whether
it is cost effective to use the sensor depends on the probability of un-
stable areas, the time it takes for the sensor to scan the ground, and
the cost of moving through possibly unstable areas. This tradeoff is
known as the value of information.

Partially observable Markov decision processes (POMDPs) [32]
are a mathematical model designed for properly estimating the value
of information over long planning horizons in such environments.
Goal-POMDPs [16] are a subclass where the agent must achieve a
goal, upon which the execution terminates. POMDPs can be either
specified using a "flat" representation, where each state is a unique
entity, or using a factored representation, where a state is composed
of state variables. We focus here on a particular factored representa-
tion using an extension of the PDDL (Planning Domain Description
Language) representation which is popular in the automated planning
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literature [17]. PDDL defines actions by preconditions and effects,
allowing for a compact representation of complex problems.

POMDP solvers often use the concept of a belief state, a distri-
bution over the currently possible world states, and compute a value
function, mapping a belief state b to the expected cost to the goal
from that belief. The RTDP-BEL (Real-Time Dynamic Programming
in Belief Space) algorithm [11] computes a value function by running
trajectories in belief space from the initial belief to a goal. It depends
on a heuristic to guide the trajectories towards goal states. Good tra-
jectories that visit belief states that are typically visited on an optimal
path to the goal can lead to much faster convergence. We develop
here heuristics that steer RTDP-BEL towards such good trajectories.

An advantage of using a PDDL representation is that it paves the
way to employing the multitude of heuristics developed for various
automated planning solvers. For example, the delete relaxation ap-
proach [6], that ignores negative effects, can be used to rapidly esti-
mate the distance to the goal using techniques such as Anq. [10] and
hg [19]. This paper suggests how these techniques can be used for
generating heuristic cost-to-go estimations for belief states.

More specifically, during the heuristic computation, we show how
in the forward exploration in relaxed space we can take sensing
actions into account, considering only actions whose preconditions
hold in all possible states. Thus, we can compute an heuristic estima-
tion of the information needed for achieving a particular plan. This
results in more accurate cost-to-go heuristic estimations.

We suggest here heuristics and test them in the context of the
RDTP-BEL offline POMDP solver, which has shown superior per-
formance compared to the popular point-based approaches in goal-
based domains [11]. We hence do not evaluate our methods here in
the context of point-based solvers. Although online POMDP solvers
[29] have gained much popularity, offline planning has a number of
advantages, mainly low online computational burden, allowing the
previously computed policy to be rapidly employed in weak end de-
vices. Our empirical evaluation compares our heuristics to popular
methods, such as the well known Q y/pp heuristic [9, 18], and focus-
ing only on the most likely state. We show that our heuristics, while
slower to compute, improves the convergence of RTDP-BEL such
that the overall runtime is significantly reduced, especially in tasks
that require costly information gathering action sequences.

2 Background

A goal Markov decision process (goal-MDP) [3, 5] is a tuple
(S, So, A, tr,G,C) where S is a state space, A is an action, tr :
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S x Ax S —[0,1] is a transition function. tr(s, a, s") is the proba-
bility of executing action a at state s and reaching state s’. So C S'is
a set of possible initial states, and G C S is a set of goal states, that
the agent must reach. C' : S x A — R is a cost function. C(s, a)
is the cost for applying action a at state s. In goal-MDPs for s € G,
C(s,a) = 0and C(s,a) > 0 otherwise.

A solution to a goal MDP is a policy 7 : S — A that assigns an
action to every state. One can create a policy by computing a value
function V' : S — R assigning a value for each state. This value
function is optimal if V'(s) is the minimal expected cost of reaching
a goal state from s. The Bellman backup:

V(s) ¢ minC(s,a) + %tr(s, a, sV (s') (1)

can be used to iteratively update the value function. Value iteration
applies the Bellman update over all states repeatedly, and converges
to the optimal value function.

Real Time Dynamic Programming (RTDP) [2] applies the Bell-
man update only along trajectories that start at a state in Sy and ter-
minate at a state in GG. Thus, RTDP is able to focus on states that are
visited along an optimal path to the goal, avoiding repeated Bellman
backups over other states, that are less important. This allows RTDP
to converge much faster than value iteration in many domains.

A goal-POMDP is a tuple (S, So, bo, A, tr,G,C,Q,O) where
(S, So, A, tr,G,C) is a goal-MDP, known as the underlying MDP.
bo is a distribution over the possible initial states in So, €2 is a set of
possible observations, and O(a, s, 0) is the probability of observing
o after applying action a and reaching state s. In this paper we focus
on deterministic observations, and hence, O(a, s,0) € [0, 1]. This
is not truly a limitation, because every POMDP with stochastic ob-
servations can be translated into a deterministic observation POMDP,
by adding a state variable whose value changes stochastically, yet ob-
served deterministically. Consider for example a noisy wall detection
sensor. Instead of observing a wall with stochastic errors, we can add
a red light to the sensor, which serves as the state variable. The red
light is stochastically lit by the sensor when there the sensor detects a
wall, but the agent observes whether the light is on deterministically.

A belief state is a distribution over states, where b(s) is the prob-
ability of state s. Given a belief b an action a and an observation o
one can compute the new belief state bj; using:

bo(s') = {Iﬂ', > b(s)tr(s,a,8") : O(a, s',0) =1 )
0:0(a,s’,0)=0

where « is a normalizing factor. A popular technique for solving
POMDRPs is by computing a value function over the belief space
MDP, defined over the all belief states. While this MDP has an infi-
nite amount of states, its value function is convex, which allows for a
convenient representation using a set of half-spaces called a-vectors.

In this paper, however, we do not use a-vectors. Instead, we use
RTDP in belief space, called RTDP-BEL [16, 9, 11] to focus the ex-
ploration of the belief space to beliefs that are likely to occur along
an optimal path to the goal. RTDP-BEL is presented in algorithm 1.
Lines 6-12 produce a forward trajectory. The values along that trajec-
tory are updated when moving forward, and thus, one can show that
the trajectory must terminate at a goal state. It is useful, however,
to also update the states after the trajectory has terminated moving
backward from the goal (lines 13-5).

In the value function update (lines 9,15) when V'(b) was not yet
computed, we can use a cost-to-go heuristic, to initialize it. If this
heuristic is well correlated with the optimal value of V'(b), it can

Algorithm 1: RTDP-BEL

1 RTDP-BEL

2 while V' has not converged do

3 b+ b()

4 s <— sample from bg

5 | < the empty list

6 while s ¢ G do

7 addbto!

8 a* < argming,C(b,a) + > pr(ola,b)V (b3)
9 V(b) < C(b,a*) + >, pr(olb,a*)V(b2.)

10 s + sample from tr(s,a*, )

11 o0 + the observation s.t. O(a, s’,0) = 1

12 b+ b2

13 foreach b € I in reversed order do

14 foreach a € A do

15 a*  argmingy,, pr(ola,b)V(b3)

16 V(b) + C(b,a*) + >, pr(olb,a*)V (b0.)

steer RTDP-BEL to chose good actions in line 8 that lead it faster
to the goal. The heuristic must be optimal (a lower bound) over the
optimal costs, otherwise, when an action may seem optimal, RTDP-
BEL will stop exploring alternative actions from that belief, and may
converge to a sub-optimal value function. As we shall later see, this is
a real problem for some heuristics. Our paper focuses on developing
strong heuristics for initializing V' (b).

Given a value function V' : B — R computed by RTDP-BEL, we
can define a policy using:

my (b) = argming,C(b,a) + Zpr(o|b, a)V(by) 3)

o

Unlike value functions represented using a-vectors, a value function
represented using a direct mapping from belief states to values, does
not generalize to other belief states. Thus, when computing the policy
for a belief b, it might be that some values V' (b7, ) are missing. In this
case, we can use the heuristic again for these missing values.

POMDPs can also be described in a structured manner, follow-
ing conventions developed in the planning community, specifically
for stochastic planning and contingent planning with sensing actions
[1]. We now provide such a specification. A stochastic, partially ob-
servable, contingent planning problem is a tuple (overloading previ-
ous definitions) (P, A, G, I). P is a set of facts. Each state is a truth
assignment for all facts.

A is a set of actions. Each action a € A is a tuple (pre, eff, obs)
where pre is the precondition, a set of facts that must hold before
applying the action. eff is a set of conditional effects of the form
(¢, e) where c is a set of facts that form the condition — if all facts
in ¢ hold then the condition is fulfilled. e is a probabilistic formula
— a set (e1, ..., ex) of possible probabilistic effects, where e; is a
set of facts. For each fact [ in e;, if [ was false prior to the execution
of the action, it would become true with probability pr(e;) after the
action is executed. obs is a set of facts whose value is observed in the
new state following the action. Action have a cost C(a), C(s,a) =
C(a),s ¢ G,and C(s,a) =0,s € G.

We assume here, as is often done in automated planning literature,
that all preconditions and conditions contain only positive facts. This
is not truly a limitation, as one can always maintain for every fact p
an auxiliary fact np, ensuring that p = —-np always holds.

I is a a set of probabilistic formulas over the facts, defining the
possible initial values of facts, thus also defining the initial belief
state. GG is a set of goal facts.

The agent operates in belief space. Hence, before applying an ac-
tion a in a belief b, the agent must ensure that the preconditions a.pre
hold in every state s such that b(s) > 0. This approach is useful for
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limiting the branching factor — the amount of actions that must be
considered at every belief state. As we assume here deterministic
observations, each observation effectively eliminates from the next
belief every state that does not agree with the observed value of one
of the facts in a.obs.

3 Related Work

In this paper we use our heuristics within the RTDP-BEL algorithm.
A popular alternative to RTDP-BEL is the point-based approach,
where a value function in the form of a set of a-vectors is computed
over a finite set of belief states [28, 30, 24, 23, 33, 25]. While RTDP-
BEL is well suited for goal-POMDPs, point-based methods may also
work well in such domains. It is quite possible that our heuristics can
be helpful in obtaining good belief states for point-based approaches
as well. That is, one may be able to design a new point-based algo-
rithm that uses our methods as a heuristic for collecting belief points.
We leave this for future research.

Another approach for acting in partially observable environments
is through online approaches, such as POMCP [29] and DESPOT
[31]. Online algorithms expand a belief tree from the current belief
state, and then choose an action. When constructing the tree, heuris-
tics are very useful. However, in many of the domains that we ex-
periment with, the number of possible actions at each belief is huge.
This renders online algorithms practically useless, because with a
huge branching factor, the trees grow beyond manageable sizes. At-
tempts at using such heuristics in POMCP over similar domains did
not scale beyond tiny problems [7, 8].

Bertoli et al. [4] consider similar motivations to our approach when
developing heuristics for search in belief space. They capture knowl-
edge at a higher degree than the state based level, estimating the prob-
ability that some formulas hold. They estimate a value for sensing
actions only at a myopic level, which RTDP-BEL already handles.

Bryce et al. [14, 15] extend methods for computing heuristics in
classical planning to belief space. They use the planning graph struc-
ture, which is a more elaborate construct than the simple layered
graph used for computing hg. To adapt the planning graph to belief
space, they show how to compute a heuristic estimate for multiple
states together. In this context, however, sensing action provide no
value. We evaluate this idea, although not the efficient computation,
in our experiments below, showing that it does not handle well do-
mains requiring information gathering.

Wang and Dearden [35] also provide a myopic value of informa-
tion estimation, estimating the long range effects of an immediate
sensing action. They do not, however, take into account sensing ac-
tions that will be needed later in the plan.

Our belief maintenance method is simple, maintaining the distri-
bution over all states that have a non-zero probability for each be-
lief. In many domains, the number of non-zero probability states is
not very large, so this representation is not very costly. We are also
caching state transitions once they were computed to avoid repeated
computations. Our attempts at using more sophisticated methods
(e.g. [13]) did not show any advantage. In any case, the bottleneck
in our algorithms is the heuristic computation, not the belief main-
tenance. That being said, many methods were suggested for more
efficient representations [12, 34], and we leave the examination of
such methods in the context of RTDP-BEL for future research.

Kim et al. [21] also investigate the use of heuristics in RTDP-BEL.
They suggest to use multiple heuristics together, one admissible, and
some non admissible, but more accurate. They show that they can
still guarantee convergence, while taking into account the more accu-

rate heuristic. In their experiments, they use domain-specific heuris-
tics, while we focus here on domain independent heuristics. One may
possibly aggregate some of the heuristics that we evaluate, e.g. our
belief-based, state-based, and Q p»pp together using their methods.
Saborio and Hertzberg [27] use subgoals to construct an heuristic
estimate in robotics environments. They compute problem features,
and evaluate how many features are satisfied in a given state. They do
not, hence, estimate the value of information in sensing actions that
require lengthy action sequences to execute from the current belief.
Subgoals were investigated in the classical planning literature, e.g.,
through the computation of landmarks [26], but to date have not been
able to substantially outperform other heuristics. We leave the inves-
tigation of subgoals in the context of RTDP-BEL for future research.

4 Heuristics In Belief Space

We now describe our main contribution — a heuristic in belief space
that takes into account the need for sensing actions. Most, if not all,
previous heuristics focus on computing a heuristic for each state,
and then aggregating these heuristic values. We, however, suggest
a method that directly computes a plan in a relaxed belief space.

Our methods currently assume unit costs. Extensions of our
heuristics to non-unit costs is left for future research.

4.1 State-based Heuristics

Initializing a heuristic optimistic bound for POMDPs was previously
suggested. Perhaps the most popular methods are based on the value
function for the underlying MDP [18]. Given a computed value func-
tion Vaspp one can define the heuristic value for a belief state by
either focusing on the most likely state: sy, = argmaxsb(s),
har(b) = V(smir), or the Qupp heuristic that uses the weighted
sum: hgupp(b) = >, b(s)V (s). More elaborate attempts, such as
FIB [18], did not show a substantial improvement over Q y;/pp.

In the planning community, there are many possible heuristics for
estimating the cost of reaching the goal. A popular choice is to com-
pute distances in a relaxed problem, known as delete-relaxation [19].
In delete-relaxation we ignore negative facts in the effects of actions.
Thus, once a fact is added to a state, no action can remove it.

We can hence compute, for a given state, layers of positive facts
iteratively (Algorithm 2). The first layer Fy contains all the positive
facts that hold in the input state s (line 2). Then, we apply all actions
that can be executed at Fy (line 7), and their positive effects are added
to the next layer F1 (line 8). This is continued until no new facts can
be added, or until all goal facts appear in F; (line 9). Then, we can
compute a heuristic estimate. For example, we can return the number
of layers until all goal facts were achieved (lines 12-13), known as
the Anmq. heuristic, or sum the indexes of the layers where each goal
fact appeared for the first time, known as the h,q4q heuristic [10].
However, hqqq is inadmissible, as it does not acknowledge that sev-
eral facts can be achieved together. For RTDP, this can be a serious
disadvantage, as inadmissible heuristics cause RTDP to converge to
a sub optimal solution.

The implementation shown in Algorithm 2 is simplistic, and there
are several ways to improve it. For example, one can add to F; only
new facts that did not appear in some Fj, j < <. Then, we can check
for the next level only actions that have some precondition in Fj,
because there is no reason to execute an action twice. This is inaccu-
rate for conditional effects that may have been inactive in past layers,
and are now becoming active. However, we can take each action with
conditional effects and create a set of actions, one for each condition.
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Algorithm 2: Classical Delete Relaxation Heuristic

Algorithm 3: Belief Delete Relaxation Heuristic

1 hmaz(s)
Fy <« all positive facts in s
140
done + false
while —done do
Fig < F;
foreach a € A s.t. a.pre hold in F; do
Apply a in Fj, add all positive effects to ;11
if G holds in F; or F; {1 = F; then
| done + true
14 i+1
if G holds in F; then
| returni
return oo

S I B N

_ e e
ol SR,

-
-

As in delete relaxation actions are executed in parallel, this is equiv-
alent to executing the original action with multiple conditions acti-
vated. Also, as we repeatedly estimate a heuristic for a state s from
different belief states, we can cache the state estimations. In many
domains, all possible states become cached, and hence, although new
beliefs are constantly generated, no new heuristic computations are
needed. We use these, and other, less important, modifications to ex-
pedite the computation, but leave them out of the pseudo-code for
ease of exposition.

Bryce et al. [15] suggested to extend this method to belief states,
by computing, e.g., hmas for each possible state. Then, a possible
heuristic can be the weighted sum of heuristic values: Amqz(b) =
> b(8)hmaz (s). They show how this computation can be done ef-
ficiently without handling each state independently, but in our im-
plementation we used a simple approach, computing h,q, for each
state and caching results for future computations.

An important disadvantage of h.,q is that it ignores actions that
are executed in parallel at the same layer. Thus, it often grossly un-
derestimate the cost to achieving the goal. The hy heuristic further
improves upon h.,q; in computing a plan in delete-relaxation space.
This plan can be computed by maintaining, for each fact [, the ac-
tion that first generated it. Upon reaching the goal, we trace back,
identifying for each goal fact the action that generated it, and then
continuing backwards to the precondition facts of that action, until
all preconditions are satisfied at the input state. Then, the length of
the plan becomes the heuristic estimate for that state. hpq, is admis-
sible in the stochastic sense, i.e. the value it computes is an optimistic
estimate of the real expected cost. gy however is inadmissible, but
in the domains that we experiment with, it does not over estimate.

In all the above heuristics, actions that only observe facts, but have
no effect, are completely ignored. That is, the heuristic value of ob-
servations, and hence, the value of information, cannot be computed.
This does not mean, though, that RTDP-BEL ignores these actions.
As it iterates over all actions, and over all observations, it computes
the myopic value of information of immediate actions. However,
these heuristics provide to value to sensing actions that are distant
from the current position of the agent.

4.2 Supporting Stochastic Effects

Delete-relaxation heuristics were originally designed for determinis-
tic domains, and thus ignore stochastic effects. We suggest the fol-
lowing straight forward method for handling stochastic effects. For
a fact [ identified at level ¢ that is a stochastic effect of an action
with probability pr(l), we insert the fact only at level F;., where
c= [p%(l)] . That is, we assume that the fact would only be achieved

1 hmaz (b)
Let spsz, be a most likely state in b
Valid = {s : b(s) > 0}
foreach s € Valid do
| F§ < all positive facts in s
140
done « false
while —done do
foreach s € Valid do
| Fiq < 7P
foreach a € A s.t. a.pre hold in Ngcv q1iq F; do
foreach s € Valid do
Apply a in F}?, add all positive effects to F, |
if a is a sensing action then
ifIpE€aobs: (p€F:p¢ F;ML)V (p¢
S
. ‘Ff,p € F; ML) then

e ® N kW

e
R I SR

Remove s from Valid

17 if G holds in NsevaiaFy orVs € Valid, Fpo=F;
then

18 | done + true

19 i—i+1

20 if G holds in NsevaliaFy then

21 | returni

22 return oo

after ¢ executions of the action. This is equivalent to the expected
number of times that a must be executed before [ is achieved.

When computing our delete relaxation heuristics, we wait until the
level where the fact is added, before deciding which action added it.
That is, there may be another action that achieved this fact, determin-
istically or with higher probability, earlier.

4.3 Belief-based Heuristic

We now describe a new heuristic that is based on the delete-
relaxation approach above, but extends it into belief space, allow-
ing us to assign a value for sensing actions. The main difference
from the classical method is in maintaining a set of achieved facts
for each possible state. An action can be executed only if all states
agree that it’s preconditions hold. The heuristic computation must
reach the goal given all possible states, or identify invalid states —
states that were observed to be inconsistent with the true world state.
We choose one state, e.g. a maximum likelihood state, and com-
pute the heuristic as if it is the real current state. Then, we can elim-
inate from considerations other states that do not agree with the as-
sumed real state about the value of some observation. As the obser-
vations in our model are deterministic, each observation may elimi-
nate some states, and thus may help us in enabling additional actions
whose precondition was not met in the eliminated states. This ap-
proach allows us to evaluate which sensing actions provide useful
information that allows us to identify the true world state.
Algorithm 3 presents the pseudo-code for this heuristic. We begin
by choosing a most likely state, denoted s/, to serve as the assumed
real world state (line 2). We then define a set Valid initialized to
all states with non-zero probability in the current belief state b. We
maintain for each valid state s the set of positive facts F;’ (lines 4-5).
We then begin computing the layers of positive facts for all states.
We iterate over all actions, whose precondition holds for all cur-
rently valid states. That is, we consider only facts that appear in the
intersection of all valid F;’ (line 13). Then, for all valid states, we
update F, ;. Due to conditional actions, different states may acquire
different new facts. For ease of exposition, we are not showing in the
pseudo-code the treatment of stochastic effects (Section 4.2).
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We now consider sensing actions (lines 14-16). For each such ac-
tion a that observes a set a.obs of facts, we check if there is a fact
p with different values in F;'* and F;® (line 15). If this is the case,
then, assuming sasr is the true state of the system, s must be impos-
sible, as observations are deterministic. Thus s is removed from the
set Valid of currently valid states (line 16).

This process ensures that, just as the sets F;’ only grow with addi-
tional layers, the set Valid can only become smaller. In many cases
Valid eventually consists only of sysr, and the rest of the layers are
computed in a similar manner to Algorithm 2. We also use the ap-
proach suggested above for handling stochastic effects.

For computing a plan in relaxed space for the hg heuristic, we
must again keep track of which action first generated a fact [. We
consider only facts that hold for all valid states. Such a new fact [
can be introduced in a number of ways; First, an action a can add
an effect [ to all states, due to unconditional effects. In that case we
mark a as the action that generated [.

Second, an action can add [ to some valid states due to conditional
effects. Then, it may be that several actions add [ for different valid
states until for all valid states F;’ contains [. In that case we mark
only the last action that added [ as the action that generated {. This
is imprecise, because it might be that many actions are needed for
different valid states. However, this is an optimistic assumption, and
thus it cannot cause the heuristic to become non admissible.

Third, it may be that due to an observation, several states have
become invalid, and [ holds in all remaining valid states. In that case
we attribute the achievement of [ to the sensing action. Again, this
is an optimistic assumption, because it might be that a set of sensing
actions, each eliminating some states, was required to ensure that
[ holds in all current states. As above, such optimistic assumptions
cannot cause the heuristic to become non admissible.

We now reconstruct the delete-relaxation plan backwards. Then,
we return the number of actions in the plan as the heuristic estimate.

Caching of heuristic computations here is more difficult, but still
useful. As h(b) does not depend on the distribution of b, we cache the
results given sy, and the set of states {s : b(s) > 0}. Hence, if we
encounter another belief state that has the same most likely state and
the same set of possible states, then we can use the cached heuris-
tic computation. This is much less effective than caching individual
state heuristic estimations. However, in stochastic domains, we of-
ten encounter beliefs with the same possible states, but with slightly
different probabilities. In such cases, caching is very effective.

Our belief delete relaxation heuristics use the same stochastic ef-
fects mechanism described earlier as the state-based approaches.

Complexity: Computing the delete relaxation graph requires
O(]A|?) operations, assuming a bounded number of action effects, as
any action can be executed only once. Hence, computing our heuris-
tics for a belief state b requires O(|b||A|*) operations, where |b| is the
number of states where b(s) > 0. This is needed for every heuris-
tic estimate computation. Classical heuristics such as Q s p p require
solving the underlying MDP, which is in theory polynomial (using
linear programming), but given the more practical value iteration re-
quires O(|S|?| A|k) operations, where k is the number of iterations.
Given the value function, computing a heuristic estimation requires
O(]b]| A|) operations.

5 Empirical Evaluation

‘We now report an empirical evaluation, comparing the performance
of the various heuristics that we suggest, in the context of RTDP-
BEL. All methods were implemented in C# within the unified

planning framework'. The experiments were conducted on an i7
3.40GHz CPU with 8 cores, and 64GB RAM.

Methods: We compare the following heuristics; First, we use two
MDP-based heuristics — Qypp and the value of the most likely
state (Section 4.1). These heuristics require the computation of a
value function for the underlying MDP. In some of our problems,
simple value iteration did not converge in under 5 minutes. Using
regular RTDP over the state space, on the other hand, is insufficient.
This is because RTDP focuses on states that are visited on good paths
to the goal in the MDP. However, in the POMDP, there are important
states that do not belong to any such path. This is most pronounced in
cases where information gathering is needed. We hence use the fol-
lowing compromise — we compute initially an MDP value function
using RTDP, and later, during the execution of RTDP-BEL, when
reaching a state that was not visited by the initial RTDP execution,
we run RTDP again for 100 additional iterations starting at that state.
‘When reporting runtime, we exclude the initial RTDP execution, as it
is not optimized, and other value function methods may be faster. Be-
low we denote the two MDP based methods as M L for most likely
state, and Q ppp.

We use two heuristics based on hg that we describe above — com-
puting the expected cost over the possible states using hg (s) (Sec-
tion 4.1), and computing hz (b) (Section 4.3). We also experimented
with A and hgqq for the two cases (state-based and belief-based),
but both performed much worse than A . To avoid overcrowding the
table below we do not report these experiments. We also use a flat
uninformative heuristic, that gives a cost of 1 to all non-goal beliefs.

Procedure: For each heuristic method we run RTDP-BEL for at
most 300 seconds of computation time. We stop the computation re-
peatedly to evaluate the current policy, to see if the algorithm has
converged. The time required for policy evaluation is not consid-
ered a part of the runtime of the algorithm. Policy evaluation is run
for each possible start state, or for 100 iterations, if there are less
than 100 initial states. Each iteration runs from a start state until the
current belief satisfies the goal. We stop an iteration if it exceeded
500 steps, assuming a loop. We select the action a with the best
C(a) + >, pr(o|b,a)V(b3), given the current value function V.
During policy evaluation (Eqn. 3), if a belief b is encountered for
which V (b) was not yet computed, we use the value that the evalu-
ated heuristic assigns to that belief instead. If 5 consecutive policy
evaluations succeeded reaching the goal in all iterations, and the av-
erage cost of the policy evaluation has not changed by more than
1%, we assume that RTDP-BEL has converged. We then run a pol-
icy evaluation over the final value function for 1000 iterations, and
compute the average cost, and the number of failed iterations. We
report averages over 50 executions.

Domains: While there exist a set of standard benchmarks for eval-
uating POMDP algorithms, such as RockSample, or LaserTag [28],
these benchmarks do not exhibit significant effort for information
gathering. As such domains are the focus of our attention in this pa-
per, we use a set of domains adapted from the contingent planning
literature [1] that exhibit these properties.

The Wumpus domain (denoted W in the tables below) is an in-
teresting domain where lengthy information gathering sequences of
actions are needed, together with multiple sensing actions are differ-
ent positions. While for each state there is a simple path to the goal,
many observations are needed to understand which path applies for
the current state. As such, it is a good testing bed for the ability of

1 https://github.com/aiplan4eu/up-cpor, upon acceptance.
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Table 1: Problem properties. D/S denotes deterministic / stochas-
tic transitions. U/N denotes uniform / non-uniform initial belief. L
denotes localize, EL denotes logistics, CB colorballs, B blocks, D
doors, M maze, and W denotes wumpus. |B| estimates the number
of beliefs observed during the execution of an optimal policy.

(Name [ Type [ [P[ [ [ST [ [A[ [ [B[ [ EICT ]
L5 DU 21 70 9 58 12.8
L5 SU 21 71 9 69 20.01
L7 DU 34 119 9 102 18.44
L7 SU 34 120 9 131 22.65
L9 DU 46 180 9 164 23.97
L9 SU 46 182 9 190 38.87
EL DU 19 24,000 96 1097 | 20.52
CB DU 14 4240 56 244 15.27
B7 DU 63 37,477 504 57 8.57
B7 DN 63 37,477 504 154 22.65
B7 SU 63 37,477 504 186 83T
D7 DU 70 9457 336 | 2532 | 30.89
D7 DN 70 9457 336 | 2597 | 29.27
D7 SN 76 8 x 10 426 19 20.45
MT7.1 DU 61 2368 308 [ 1526 30.2
M7.2 DU 63 4736 308 | 3046 | 32.05
W4 DU 38 540 81 82 12.33
W4 DN 38 540 81 94 12.22
W5 DU 47 4968 131 259 16.94
W5 DN 47 4968 131 318 1471
W6 DU 65 33,264 191 845 21.5T
W6 DN 65 33,264 191 993 20.21

heuristics to consider sensing actions. A parameter n defines the size
of the grid and the number of possible Wumpi, and hence, the amount
of needed observations. We create two versions — one where there is
a uniform distribution of possible states, and one where the Wumpi
are more likely to be on one side. Actions have deterministic effects.
Although Wumpus requires much information gathering, it does
not involve value of information, because sensing actions are manda-
tory. We hence create a maze domain, where the agent must reach a
goal position. In the maze there are several bottlenecks where the
agent must pass through one of two cells, one easy to traverse (suc-
cess probability of 1.0) and the other not. If the cell is hard, or if
the agent does not known whether the cell is easy, it can still move
through it, but the success probability drops to 0.1. For each possible
state there is a path that consists only of easy cells. There are a few
cells from which the agent can observe to see whether some cells
are easy. The agent must balance between the cost of visiting these
observation cells, and moving towards the goal.
Localize (denoted L) is a domain where the agent must navigate
a simple maze, with uncertainty about its position, observing nearby
walls. We add non uniform stochastic transitions, so the agent should
consider the expected cost to the goal. That is, some paths have a
higher probability of success than others. Localize domains are simi-
lar to the well known Hallway problems [20] which are still relatively
challenging for modern point-based solvers due to high uncertainty.
In the Colorballs (denoted CB) domain the agent must search col-
ored balls in a small grid and move them to designated positions. The
Elog domain (denoted EL) is a standard logistics problem. In these
two domains we have uniform initial states and deterministic actions.
Blocks (denoted B) is a standard Blocksworld problem, with un-
certainty about the positions of blocks, and stochastic outcomes
where blocks may fall on the table. In Doors an agent must move
through a grid, establishing which doors are open. We also add a ver-
sion where doors can be opened. Some doors are easier to open and
some more difficult, implemented using stochastic effects. For some
doors the agent cannot know whether they are easy or not to open,
but can deduce it from succeeding or failing to open a closed door.
Table 1 shows the properties of the domains. There are several
types of some problems, exhibiting either deterministic or stochastic
transitions (denoted D or S under Type), and either uniform or non-
uniform initial belief (denoted U or N). For problem size we report
the number of facts (|P) in the problem description, without facts

Table 2: Comparing the time (seconds) until convergence of delete
relaxation heuristics. For both state-based and belief-based we com-
pare hmaz, hadd, hﬁ”

Problem Belief-based State-based
ame ype ax ax
L5 DU 042 0.43 0.22 0.03 0.03 0.03
L5 SU 1.44 .47 1.23 0.2 0.18 0.29
L7 DU 3.04 3.08 1.38 0.11 0.12 0.12
L7 SU 22.8 21.6 8.3 2.89 2.54 9.27
L9 DU 16.1 15.3 10.1 0.28 0.27 0.29
L9 SU 744 72.9 56.4 32.1 31.8 64.4
EL DU 15.7 8.07 11.8 14 6.88 12.4
CB DU 1.72 1.18 1.27 1.72 1.65 1.69
B7 DU || 097 0.24 0.04 || T.18 042 0.27
B7 DN 1.15 0.33 0.03 1.25 0.49 0.3
B7 SU 231 2889 | 242 1936 | 291.8 | 2103
D7 DU 224 20.7 15.8 9.84 9.88 9.5
D7 DN 8.27 8.38 4.2 5.69 5.38 5.48
D7 SN 0.05 0.05 0.02 0.74 0.75 0.74
M7, 1 DU 234 22.2 244 8.05 82 7.99
M7.2 DU 99.1 62.5 3.79 27.7 31 31.1
W4 DU 0.22 0.22 0.16 0.21 0.2 0.2
W4 DN 0.16 0.15 0.07 0.21 0.2 0.2
W3 DU 6.8 7.05 492 857 8.58 7.33
W3 DN 6.4 6.64 33 6.02 6.13 6.16
W6 DU 1524 1271 [ 372 150.7 1332 133
W6 DN 14677 | 1243 | 252 1353 142.3 131.7

Table 3: Comparing the time (seconds) of hy to MDP heuristics.
Name | Type [[ hg(b) | hg(s) | Quor | ML [ Flat |

L5 DU 0.22 0.03 0.0T 0.003 0.02
L5 SU 1.23 0.28 0.03 0.02 0.27
L7 DU 1.38 0.12 0.05 0.01 0.1T
L7 SU 8.3 13.5 0.23 0.15 13.5
L9 DU 10.1 0.32 0.12 0.01 0.29
L9 SU 83.3 89.2 0.19 0.27 114.3
EL DU 12.1 17 6.02 5.56 18.1
CB DU 1.25 1.47 1.98 1.45 1.0
B7 DU 0.04 0.26 I.5T 0.73 7.18
B7 DN 0.03 0.3T 1.78 1.42 7.53
B7 SU 24.2 2103 X X X
D7 DU 15.8 9.95 30.9 16.9 273
D7 DN 4.2 5.32 25.4 9.7T 282
D7 SN 0.02 0.92 12.3 0.4 X
M7,1 DU 2.44 8.24 10.3 8.08 23.8
M7,2 DU 379 36.1 53.7 35.2 82.6
W4 DU 0.16 0.22 0.3 0.15 0.45
W4 DN 0.07 0.2T 0.27 0.17 0.43
W5 DU 4.92 7.26 9.17 5.16 57.6
W5 DN 33 5.22 7.19 4.44 51.6
W6 DU 37.2 260.7 246.9 128.5 X
W6 DN 25.2 239.1 2195 129.8 X

whose value is fixed, such as the representation of adjacent cells in
a grid. Potentially, there can be 217! possible states, and a naive rep-
resentation of the belief state would be unmanageable. However, but
due to dependencies between the facts the actual number of states is
much lower. For example, in Blocks, block A cannot be at the same
time on block B and on block C'. Also, we can never reach a state
where block A is on block B and block B is on block A. Hence, we
explicitly compute the number of possible states (|.S]) in each of the
problems. As can be seen, this number is substantially lower, allow-
ing us to represent the belief state efficiently.

The number of actions (|A|) may be misleading, because while in
some domains, such as Blocks, there are many actions, typically only
for a few of them the precondition hold at a given belief state. | B| is
the amount of belief states that were visited by any of the methods
while acting under the final policy. RTDP-BEL must visit at least
these beliefs, and their neighbors, before converging to an optimal
policy. E[C] is the average cost of the best policy. Methods that did
not reach this expected cost within the time limit were considered as
fail to converge.

5.1 Results

Table 2 shows the average runtime until convergence for our delete
relaxation heuristics. For both state-based (Section 4.1) and belief-
based (Section 4.3) we compare the 3 alternatives — Rmaz, Rada, Ry .
For Localize (L) problems, where all information gathering is my-
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Table 4: Comparing the number of RTDP iterations until convergence
of hg to MDP heuristics.

[ Name [ Type [[ hg(®) [ hg(s) [ Qupr [ ML | Flat |
L5 DU 106.2 141.2 141.8 44 136
L35 SU 384 770 162.6 135.2 886
L7 DU 138 2446 208.8 52.8 250.6
L7 SU 1942 18780 564 6442 23560
L9 DU 287.2 418 256.2 56.4 436
L9 SU 15800 91400 401 977 137800
EL DU 4610 7370 2800 2776 7990
CB DU 485 1662 1624 1554 2224
B7 DU 12.0 120.6 99.2 60.8 3999
B7 DN 174 229.4 216.4 151.8 9308
B7 SU 4782 X X X X
D7 DU 3456 6640 5948 4612 18060
D7 DN 1109 2904 2792 1672 45180
D7 SN 8.8 38.8 78.4 544 X
M7,1 DU 1414 2854 1818 2004 6440
M7.2 DU 234.6 12460 10630 14560 13520
W4 DU 45.6 220.8 201.4 136.8 706
W4 DN 93.6 215.4 179.6 190.6 575
W3 DU 600 3406 3416 2262 11920
W5 DN 858 2140 2100 1368 18640
W6 DU 2012 10830 10910 8280 X
W6 DN 2326 32020 29080 25040 X

opic, the state-based methods are best. State-based FF is less suc-
cessful, especially in the stochastic case. For the rest of the problems,
the belief-based FF heuristic using our belief-based method is better
on many domains, but truly excels on the more difficult problems —
the hardest version of Blocks, with stochastic transitions, the Maze
problems, that require much information gathering, and Wumpus. As
such, we continue our empirical estimation focusing on h.

Table 3 compares the runtime of hgy to MDP based methods and
a flat heuristic, that assigns the same heuristic value to all states. Ta-
ble 4 shows the number of RTDP iterations until convergence.

Localize (L) problems have relatively small state and action
spaces. The agent is unclear about its current state, but can gather
information without investing much cost. Observations are neces-
sary to achieve preconditions of actions, such as knowing that there
is no wall before moving in a particular direction, and hence must
be activated in the RTDP-BEL trajectories. Thus, in these problems
the MDP-based techniques excel. The most likely state heuristic is
best in the deterministic version, attesting to the relative simplicity
of these POMDPs. Logistics (EL) has similar properties.

We report the number of iterations as there is typically a tradeoff
between the ability to produce accurate heuristic estimates, and the
time it takes to compute these estimations. As can be seen, in local-
ize, hg (b) often requires less iterations, but it is still much slower,
because in this domain the MDP-based methods only need to take
the values from the MDP value function, requiring almost no com-
putation time.

In color blocks (CB), one must use many sensing actions, but al-
ways myopically, with no need to invest any effort in gathering infor-
mation. In this domain, the flat heuristic is best, because any heuristic
effort is wasted.

The blocks domain (B) is more difficult. It has a huge number of
actions, far more than any other domain, and also a large state space.
In this domain, the hg (b) and hg(s) methods, that allow RTDP-
BEL to avoid exploring many irrelevant actions, work better than
the the MDP-based methods. For the stochastic version, only hg (b)
converged in time.

In doors (D) the MDP-based techniques are inferior. The stochas-
tic version of doors has the largest state space, but the vast majority of
states need not be explored, and indeed, all heuristics (Flat excluded)
manage to avoid this needless exploration. Here, hg (b) is fastest.

The true value of our belief-based method is revealed in domains
that require significant information gathering effort — maze (M) and
wumpus (W). In these domains, kg (b), that manages to identify the
need for information gathering rapidly, is an order of magnitude bet-

ter than all other methods, in the larger instances. The advantage is
even more pronounced when observing the amount of needed itera-
tions until convergence. In domains such as maze, methods that do
not reason about the need for information realize the value of sensing
only after investigating all other options. In the larger maze problem,
e.g., all methods require more than 10,000 iterations before they ex-
plore the information gathering sequences, while hz (b) converges
after less than 150 iterations.

We also tried to run a popular point-based method, SARSOP [23]
on these problems. As SARSOP does not support preconditions, we
penalize executing an action is a state where the preconditions do
not hold by -10,000. SARSOP also implicitly assumes that the goal
state is observable. We hence add a “declare-goal” action that moves
the agent to a terminal state, with a -10,000 penalty if called from a
non-goal state. Unfortunately, SARSOP was unable to even load the
larger problems here. For localize 9 (L9), SARSOP took 7.1 seconds
to converge to the same average cost. For doors 7 (D7), SARSOP
was unable to load the problem, and on the smaller doors 5 prob-
lem, SARSOP needed 6.94 seconds to converge. On wumpus 5 (W5)
SARSOP took 12.11 minutes to converge, and on maze (M7,1) it
needed 2.6 hours (not including the 2 hours it took to load the model).

This is not a completely fair comparison. It might be that im-
plementing a point-based algorithm using the structured representa-
tion that we use, with action preconditions, may be competitive with
RTDP-BEL. We leave such investigations for future research.

To summarize, in domains where sensing is immediate and nec-
essary, although our hg (b) method is useful, it does not present a
significant advantage, if any, over the standard MDP-based meth-
ods. However, in domains where information gathering is critical,
which are arguably most appropriate for a POMDP formalization,
our method provides an order of magnitude improvement over MDP-
based methods, that are incapable of assessing the value of informa-
tion generated by long sequences of actions.

In most complex domains our method is better in terms of the
amount of required iterations, while the MDP-based methods require
less iterations on the simpler Localize problems. While the number
of iterations is often less important in model-based POMDP applica-
tions, it can be very important in reinforcement learning (RL) appli-
cations. In such applications one must often interact with the envi-
ronment, or a costly simulator, to run trajectories in the state space.
Reducing the amount of such interactions (or samples), is often more
important than reducing the internal computation time. This is known
as the sample complexity of an algorithm [22, e.g.]. It might be that
our heuristics can be even more important in RL, in cases where a
model can be specified, as we require, but the transition function is
unknown. We leave this to future research.

6 Conclusion

In this paper we suggested a new heuristic for estimating the value
of a belief state in a POMDP, formalized as stochastic partially ob-
servable contingent planning. Our heuristic is able to estimate the
cost of lengthy information gathering action sequences, and thus can
direct the planner to consider such sequences. While this computa-
tion requires more time than standard heuristics, such as the popular
@ mpp heuristic, we show that in tasks that require significant effort
for information gathering, it is worthwhile.

For future research we will investigate using our method in other
scenarios, such as in point-based POMDP methods, as well as in the
context of reinforcement learning.
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