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Workshop on Planning under Uncertainty
for Autonomous Systems

Preface

Autonomous systems UAVs, UUVs, UGVs, planetary rovers and space probes among
them operate with limited human intervention in changing and partially known environ-
ments. These systems must plan and control internal behaviour while responding to
mission updates and environment changes. The promise of greater mission capability
at lower cost is leading to increasing interest in autonomy across a spectrum of scienti-
fic, commercial and military application domains. The papers accepted for this workshop
form a representative sample of real-world autonomous systems, operating in air, sea,
space and ground environments.

Since simple heuristic approaches dramatically reduce the operational scope of au-
tonomous systems, planning problems appear to be system centric and critical for the
success of challenging missions. Various theoretical and practical aspects of planning
for such systems are considered in the workshop. Extensions to classical modelling
techniques are explored, based on constraint programming or probability representa-
tions. Combining uncertainty and resource management highlights the borderline bet-
ween stochastic and non-stochastic modelling approaches. Multiple approaches to al-
gorithms are also investigated to target search problems relevant to autonomous sys-
tems, such as path planning in navigation, and planning the mode of operations for
equipment and on-board systems management. These works provide a strong basis
to architect systems which deliver good plans just in time, finding the right balance
between off-line and reactive methods. Lastly, managing multiple systems with some
degree of autonomy constellations of spacecraft and swarms of UAVs introduces un-
certainty, biased and incomplete data. Papers in the workshop provide perspectives to
tackle part of these problems at planning time.

In addition to the seven accepted technical papers, the workshop features two short
position papers, and the invited talk Intelligent Mission Planning and Control of Autono-
mous Underwater Vehicles by Roy Turner from the Maine Software Agents and Atrtificial
Intelligence Laboratory, University of Maine.

We would like to thank members of the Programme Committee who provided ex-
cellent, timely, and constructive reviews. Special thanks are due to Gerard Verfaillie for
managing the commentary process. We are also grateful to the ICAPS conference and
workshop chairs for their help in organizing this workshop.

Organizers

= Christophe Guettier (SAFRAN, France)
= Neil Yorke-Smith (SRI, USA)

Programme Committee

= Christopher Beck (University of Toronto, Canada)
m Patrick Fabiani (ONERA, France)

= Karen Haigh (Honeywell, USA)

= Detlef Koschny (ESA ESTEC, Netherland)

m Juliette Mattioli (Thales, France)

= Nicola Muscetolla (NASA AMES, USA)

= Yi Shang (University of Missouri-Columbia, USA)
= Roy Turner (University of Maine, USA)

m Gerard Verfaillie (ONERA, France)

= Wheeler Ruml (PARC, USA)
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lems together: oversubscription planning, uncertainty, and algorithm, and so, for notational convenience, we model the
limited continuous resources. Of these, the most essential discrete component as a single variahle
features of our algorithm are its ability to handle hybrid A Markov states € S is a pair(n,x) wheren € N is
state-spaces and to utilize the fact that many states are un-the discrete variable, and= (z;) is a vector of continuous
reachable due to resource constraints. variables. The domain of eaahis an intervalX; of the real

In our approach, resources are included in the state de- line, andX = ), X; is the hypercube over which the con-
scription. This allows decisions to be made based on re- tinuous variables are defined. We assume an exmicial
source availability, and it allows a stochastic resource con- state denoted(ng, %), and one or more absorbirgrmi-
sumption model (as opposed to constrained MDPs). Al- nal states One terminal state corresponds to the situation in
though this increases the size of the state space, we assumevhich all goals have been achieved. Others model situations
that the value functions may be represented compactly. We in which resources have been exhausted or an action has re-
use the work of Feng etl. (2004) on piecewise constantand sulted in some error condition that requires executing a safe
linear approximations of dynamic programming (DP) in our sequence by the rover and terminating plan execution.
implementation. However, standard DP does not exploitthe  Actionscan have executability constraints. For example,
fact that the reachable state space is much smaller than thean action cannot be executed in a state that does not have its
complete state space, especially in the presence of resourceminimum resource requirements., (x) denotes the set of
constraints. Our contribution is to show how to use the actions executable in state, x).
forward heuristic search algorithm called AO* (Pearl 1984; State transition probabilitiesre given by the function
Hansen and Zilberstein 2001) to solve MDPs with resource Pr(s’ | s,a), wheres = (n,x) denotes the state before
constraints and continuous resource variables. Unlike DP, actiona ands’ = (n’,x’) denotes the state after actian
forward search keeps track of the trajectory from the start also called the arrival state. Following (Feagal. 2004),
state to each reachable state, and thus it can check whethetthe probabilities are decomposed into:
the trajectory is _feasible or violates a resource co_nstra_int. o the discrete marginalBr(n’|n,x,a). For all (n,x,a),
This allows heuristic search to prune infeasible trajectories > Pr(n'|n, x,a) = 1:
and can dramatically reduce the number of states that must n'eN B ’
be considered to find an optimal policy. This is particularly e the continuous conditionalBr(x’|n,x,a,n’). For all
important in our domain where the discrete state space is  (n,x,a,7'), [, x Pr(x'|n,x,a,n")dx" = 1.
huge (exponential in the number of goals), yet the portion any transition that results in negative value for some contin-

refa;;:]hable from any |tn|t|_alt stal';e_ IS relllal'ilvely stnr’:ail r?eca“t_se uous variable is viewed as a transition into a terminal state.
of the resource constraints. 1t 1S well-known that NeUrisic — rha reward of a transition is a function of the arrival

search can be more efficient than DP because it leverages agiaie only, More complex dependencies are possible, but
search heuristic and reachability constraints to focus com- i< is sufficient for our goal-based domain models. We let

putation on the relevant parts of the state space. We show p 'y > denote theewardassociated with a transition to
that for problems with resource constraints, this advantage state(n_x).

can be even greater than usual because resource constraints In our application domain, continuous variables model

further limit reachability. _ . non-replenishable resources. This translates into the general
The paper is structured as follows: In Section 2 we de- 5qgumption that the value of the continuous variables is non-
scribe the basic action and goal mo*del_ _In Section 3 We jnereasing. Moreover, we assume that each action has some
explain our planning algorithm, HAO*.  Initial experimen-  inimym positive consumption of at least one resource. We
tal results are described in Section 4, and we conclude in 4o not yiilize this assumption directly. However, it has two

Section 5. implications upon which the correctness of our approach de-
o . pends: (1) the values of the continuous variables are a-priori
Problem Definition and Solution Approach bounded, and (2) the number of possible steps in any execu-

Problem Formulation tion of a plan is bounded, which we refer to by saying the
problem has d&@ounded horizonNote that the actual num-

We consider a Markov decision process (MDP) with both  per of steps until termination can vary depending on actual
continuous and discrete state variables (also calléy-a resource consumption.

brid MDP (Guestrinet al. 2004) or Generalized State Given an initial statgn, xo), the objective is to find a
MDP (Younes and Simmons 2004)). Each state corresponds pojicy that maximizes expected cumulative rewArith our

to an assignment to a set of state variables. These variablesappjication, this is equal to the sum of the rewards for the
may be discrete or continuous. Continuous variables typ- goals achieved before running out of a resource. Note that
ically represent resources, where one possible type of re- there is no direct incentive to save resources: an optimal
source is time. Discrete variables model other aspects of the gg|ytion would save resources only if this allows achiev-
state, including (in our application) the set of goals achieved jng more goals. Therefore, we stay in a standard decision-
so far by the rover. (Keeping track of already-achieved theoretic framework. This problem is solved by solving

goals ensures a Markovian reward structure, since we re- ge|man’s optimality equation, which takes the following
ward achievement of a goal only if it was not achieved in

the past.) Although our models typically contain multiple 1Our algorithm can easily be extended to deal with an uncertain
discrete variables, this plays no role in the description of our starting state, as long as its probability distribution is known.
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> Pr(n' | ;n.x.a)

Vit (x) = max l
n'eN

a€A, (x)

)
/ Pr(x" | n,x,a,n') (R (x') + V' (X)) dx’

Note that the index represents the iteration time-stepof

DP, and does not necessarily correspond to time in the plan-
ning problem. The duration of actions is one of the biggest
sources of uncertainty in our rover problems, and we typi-
cally model time as one of the continuous resources

Solution Approach

Fenget al. describe a dynamic programming (DP) algorithm
that solves this Bellman optimality equation. In particular,
they show that the continuous integral owércan be com-
puted exactly, as long as the transition function satisfies cer-
tain conditions. This algorithm is rather involved, so we will
treat it as a black-box in our algorithm. In fact, it can be
replaced by any other method for carrying out this compu-
tation. This also simplifies the description of our algorithm
in the next section and allows us to focus on our contribu-
tion. We do explain the ideas and the assumptions behind
the algorithm of Fengt al. in Section 3.

The difficulty we address in this paper is the poten-
tially huge size of the state space, which makes DP in-
feasible. One reason for this size is the existence of con-
tinuous variables. But even if we only consider the dis-

crete component of the state space, the size of the state

space is exponential in the number of propositional vari-

since the best action is likely to depend on how much en-
ergy or time is remaining. To address this problem and still
find an optimal solution, we associate a value estimate with
each of the Markov states in an aggregate. That is, we at-
tach to each search node a value function (function of the
continuous variables) instead of the simple scalar value used
by standard AO*. Following the approach of (Feegal.
2004), this value function can be represented and computed
efficiently due to the continuous nature of these states and
the simplifying assumptions made about the transition func-
tions. Using these value estimates, we can associate differ-
ent actions with different Markov states within the aggregate
state corresponding to a search node.

In order to select which node on the fringe of the search
graph to expand, we also need to associate a scalar value
with each search node. Thus, we maintain for a search node
both a heuristic estimate of the value function (which is used
to make action selections), and a heuristic estimate of the
priority which is used to decide which search node to expand
next. Details are given in the following section.

We note that LAO*, a generalization of AO*, allows for
policies that contain “loops” in order to specify behavior
over an infinite horizon (Hansen and Zilberstein 2001). We
could use similar ideas to extend LAO* to our setting. How-
ever, we need not consider loops for two reasons: (1) our
problems have a bounded horizon; (2) an optimal policy
will not contain any intentional loop because returning to
the same discrete state with fewer resources cannot buy us
anything. Our current implementation assumes any loop is
intentional and discards actions that create such a loop.

Hybrid AO*

ables comprising the discrete component. To address this A Simple way of understanding HAO* is as an AO* variant

issue, we use forward heuristic search in the form of a
novel variant of the AO* algorithm. Recall that AO* is

an algorithm for searching AND/OR graphs (Pearl 1984;
Hansen and Zilberstein 2001). Such graphs arise in prob-

where states with identical discrete component are expanded
in unison. HAO* works with two graphs:

e Theexplicit graphdescribes all the states that have been
generated so far and the AND/OR edges that connect

lems where there are choices (the OR components), and each them. The nodes of the explicit graph are stored in two

choice can have multiple consequences (the AND compo-
nent), as is the case in planning under uncertainty. AO* can
be very effective in solving such planning problems when
there is a large state space. One reason for this is that AO*
only considers states that are reachable from an initial state.
Another reason is that given an informative heuristic func-

lists: OPEN and CLOSED.

e The greedy policy(or partial solution) graph, denoted
GREEDY in the algorithms, is a sub-graph of the explicit
graph describing the current optimal policy.

In standard AO*, a single action will be associated with each

tion, AO* focuses on states that are reachable in the course node in the greedy graph. However, as described before

of executing a good plan. As a result, AO* often finds an
optimal plan by exploring a small fraction of the entire state
space.

The challenge we face in applying AO* to this problem is
the challenge of performing state-space search in a contin-
uous state space. Our solution is to search iaggregate
state spacehat is represented by a search graph in which
there is a node for each distinct value of the discrete com-

ponent of the state. In other words, each node of our search
graph represents a region of the continuous state space in

which the discrete value is the same. In this approach, dif-
ferent actions may be optimal for different Markov states in

multiple actions can be associated with each node, because
different actions may be optimal for different Markov states
represented by an aggregate state.

Data Structures

The main data structure represents a search nodiecon-
tains:

e The value of the discrete state. In our application these
are the discrete state variables and set of goals achieved.

e Pointers to its parents and children in the explicit and

the aggregate state associated with a search node, especially greedy policy graphs.

Workshop on Planning under Uncertainty for Autonomous Systems
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e P,(-) —a probability distribution on the continuous vari- 1: Create the root nodeg which represents the initial
ables in node:. For eachx € X, P, (x) is an estimate of state.

the probability density of passing through statex) un- 2: P,, = initial distribution on resources.
der the current greedy policy. It is obtained jpgress- 3: Vi, = 0 everywhere irX.
ing the initial state forward through the optimal actions of | 4: g,, = 0.
the greedy policy. With eack,,, we maintain the proba- 5. OPEN= GREEDY = {n}.
bility of passing throug under the greedy policy: 6: CLOSED= .
7: while OPENN GREEDY # () do
M(Fy) = / Pr(x)dx . 8 n = arg Max,/cOPENNGREEDY (Jn’)-
xexX 9:  Moven from OPEN to CLOSED.

e Hy,/(-) —the heuristic function. For eashe X, H, (x) is 10: for all (a,n') € A x N not expanded yet in and
a heuristic estimate of the optimal expected reward from reachable undeP, do
state(n, x). 11: if n’ ¢ OPEN U CLOSED then

e V,(-) — the value function. At the leaf nodes of the ex- | 12: Create the data structure to represeénand add
plicit graph,V,, = H,,. At the non-leaf nodes of the ex- the transition(n, a, ') to the explicit graph.
plicit graph,V, is obtained by backing up the€ functions 13: GetH,, .
from the descendant leaves. If the heuristic functifn 14: Vo = Hy, everywhere inX.
is admissible in all leaf nodes, thenV;,(x) is an upper 15: if n” is terminal:then
bound on the optimal reward to come fram, x) for all 16: Add n’ to CLOSED.

x reachable under the greedy policy. 17: else )

e g, — a heuristic estimate of the increase in value of the 185 Add,r? to OPEN. . -
greedy policy that we would get by expanding node 19: else if n’ is not an ancestor of, in the explicit
If H, is admissible thery,, represents an upper bound ] graphthen . , -
on the gain in expected reward. The gainis used to 20: grda(?:)hthe transition (n,a,n’) to the explici

determine the priority of nodes in the OPEN ligf, (= 0 o1 if . , ded at . l
if n is in CLOSED), and to bound the error of the greedy : if some pair(a,n) was expanded at previous step

: ; : : (10) then
solution at each |terat|.on. of the qlgor!thm. 22: UpdateV, for the expanded nodeand some of it$
Note that some of this information is redundant. Nev-

L . o . ancestors in the explicit graph, with Algorithm 2.
ertheless, it is convenient to maintain all of it so that the | 5. UpdateP, andg,  using Algorithm 3 for the node
algorithm can easily access it. HAO™ uses the customary n’ that are children of the expanded node or of a node
OPEN and CLOSED lists maintained by AO*. They encode where the optimal decision changed at the previous
the explicit graph and the current greedy policy. CLOSED step (2). Move every node”’ € CLOSED whereP
contains expanded nodes, and OPEN contains unexpanded changed back into OPEN.

nodes and nodes that need to be re-expanded.

The HAO* Algorithm

Algorithm 1 presents the main procedure. The crucial steps

are described in detail below. in (n,x) (a € A,(x) ) for some reachable (P,(x) > 0),

and all arrival states’ that can result from such a transi-
tion (Pr(n’ | n,x,a) > 0).2 If n was previously expanded
(i.e. it has been put back in OPEN), only actions and arrival
nodes not yet expanded are considered. Inlineve check
whether a node has already been generated. This is not nec-
essary if the graph is a tree (i.e., there is only one way to get
to each discrete staté)n line 15, a noder’ is terminal if no
action is executable in it (because of lack of resources). In
our application domain each goal pays only once, thus the
nodes in which all goals of the problem have been achieved
are also terminal. Finally, the test in lin® prevents loops

in the explicit graph. As discussed earlier, such loops are
always suboptimal.

%)

Algorithm 1: Hybrid AO*

Expanding a node (lines 10 to 20):At each iteration,
HAO* expands the open nodewith the highest priorityy,,

in the greedy graph. An important distinction between AO*
and HAO* is that in the latter, nodes are often only partially
expanded (i.e., not all Markov states associated with a dis-
crete node are considered). Thus, nodes in the CLOSED
list are sometimes put back in OPEN (lieg). The reason

for this is that a Markov state associated with this node, that
was previously considered unreachable, may now be reach-
able. Technically, what happens is that as a result of find-
ing a new path to a node, the probability distribution over
it is updated (line23), possibly increasing the probability of
some Markov state from 0 to some positive value. This pro-
Cess IS |Ilustr_ated in Figure 3 Thus.’ while standard AO™ ex- 2We assume that performing an action in a state where it is not
pands only tip nodes, HAO* sometimes expan_ds nOdPTS that allowed is an error that ends execution with zero or constant re-
were moved from CLOSED to OPEN and are “in the middle 5.4

of” the greedy pollcy subgraph. . , 3Sometimes it is beneficial to use the tree implementation of
Next, HAO* considers all possible successoisn’) of AO* when the problem graph emosta tree, by duplicating nodes

n given the state distributio®,,. Typically, whenn is ex- that represents the same (discrete) state reached through different

panded for the first time, we enumerate all actiop®ssible paths.

60 Workshop on Planning under Uncertainty for Autonomous Systems



(a) Initial GREEDY graph. Actions have multiple possible (b) GREEDY graph withn, expanded. Since the path

discrete effects (e.gao has two possible effects ino). (no, n2,n3) is optimal for some resource levels i,
The curves represent the current probability distribution P,, has changed. As a consequenag,has been re-
P and value function/ over z values fornz. no is a expanded , showing that nodeg is now reachable from
fringe node. ns3 underas, and actioru, has become do-able ig.

Figure 1: Node re-expansion.

Updating the value functions (lines 22 to 23)As in stan- n, we consider all its parents in the greedy policy graph,
dard AO*, the value of a newly expanded node must be up- and all the actiona that can lead from one of the parents to
dated. This consists of recomputing its value function with n. The probability of getting ta with a continuous compo-
Bellman’s equations (Eqn. 1), based on the value functions nentx is the sum over al{n’, a) and all possible values of
of all children ofrn in the explicit graph. Note that these  x’ of the continuous component over the the probability of

backups involve all continuous states= X for each node, arriving fromn’ andx’ undera. This can be expressed as:
not just the reachable values &f However, they consider

only actions and arrival nodes that are reachable according to . ’ It

P,. Once the value of a state is updated, its new value must Pp(x) = Z - P (X') Pr(n [ ', X', a)

be propagated backward in the explicit graph. The back- (n",a)€82n

ward propagation stops at nodes where the value function is Pr(x | n/,x',a,n)dx' . (2)
not modified, and/or at the root node. The whole process is

performed by applying Algorithm 2 to the newly expanded Here, X' is the domain of possible values faf, and(2,, is

the set of pairgn’, a) wherea is the greedy action in’ for

node.
some reachable resource level:
1: Z = {n} Il nis the newly expanded node. Qp ={(n,a) e N x A:Ix € X,
2: while Z # () do Py (x) >0, i (x) =a, Pr(n|n,x,a) >0} ,
3:  Choose anode’ € Z that has no descendantih _ o
4:  Removen’ from Z. wherep (x) € A is the greedy action ifn, x). Clearly, we
5. UpdateV,, following Eqgn. 1. can restrict our attention to state-action pairglp, only.
6: if V,,, was modified at the previous stiépen Note that this operation may induce a loss of total proba-
7 Add all parents of.’ in the explicit graph toZ. bility mass ¢, < 3_,, P,) because we can run out of a
8: if optimal decision changes for some’,x), resource during the transition and end up in a sink state.
P,/(x) > 0 then When the distribution?,, of a noden in the OPEN list
9: Update the greedy subgraph (GREEDY yéif is updated, its priorityy,, is recomputed using the following
necessary. equation (the priority of nodes in CLOSED is maintained as
10: Mark n’ for use at line23 of Algorithm 1. 0):
Algorithm 2: Updating the value functionis),. gn = / Py (x)Hy (x)dx ; 3)
x€S(P,)—Xold

where S(P) is the support of P: S(P) =
Updating the state distributions (line 23): P,’s represent {x € X:P(x) >0}, and X% contains allx € X
the state distributionnder the greedy poligyand they need such that the staten, x) has already been expanded before
to be updated after recomputing the greedy policy. More (X4 = ) if n has never been expanded). The techniques
precisely, P needs to be updated in each descendant of a used to represent the continuous probability distributions
node where the optimal decision changed. To update a node P,, and compute the continuous integrals are discussed
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in the next sub-section. Algorithm 3 presents the state
distribution updates. It applies to the set of nodes where the
greedy decision changed during value updates (including
the newly expanded node, i.ein HAO* — Algorithm 1).

1: Z = children of nodes where the optimal decisjon
changed when updating value functions in Algorithm 1.

2: while Z # () do

3:  Choose anode € 7 that has no ancestor .

4:  Removen from Z.

5.  UpdateP, following Eqgn. 2.

6: if P, was modified at step then

7 Move n from CLOSED to OPEN.

8 Update the greedy subgraph (GREEDY)aif

necessary.
9:  Updateg,, following Eqgn. 3.

Algorithm 3: Updating the state distributioris, .

Handling Continuous Variables

Computationally, the most challenging aspect of HAO* is
the handling of continuous state variables, and particularly
the computation of the continuous integral in Bellman back-

ups and Eqgns. 2 and 3. We approach this problem using the

ideas developed in (Fergt al. 2004) for the same appli-
cation domain. However, we note that HAO* could also be
used with other models of uncertainty and continuous vari-

ables, as long as the value functions can be computed exactly

in finite time. The approach of (Feret al. 2004) exploits
the structure in the continuous value functions of the type of

problems we are addressing. These value functions typically
appear as collections of humps and plateaus, each of which
corresponds to a region in the state space where similar goals

are pursued by the optimal policy (see Fig. 3). The sharp-

ness of the hump or the edge of a plateau reflects uncertainty

of achieving these goals. Constraints imposing minimal re-

source levels before attempting risky actions introduce sharp

cuts in the regions. Such structure is exploited by grouping

states that belong to the same plateau, while reserving a fine

discretization for the regions of the state space where it is
the most useful (such as the edges of plateaus).

To adapt the approach of (Femg al. 2004), we make
some assumptions that imply that our value functions can

from it. The state-space partition is kept as coarse as possi-
ble, so that only the relevant distinctions between (continu-
ous) states are taken into account. Given the above condi-
tions, it can be shown (see (Feagal. 2004)) that for any
finite horizon, for any discrete state, there exists a partition
of the continuous space into hyper-rectangles over which the
optimal value function is piece-wise constant or linear. The
implementation represents the value functions as kd-trees,
using a fast algorithm to intersect kd-trees (Friedraaal.
1977), and merging adjacent pieces of the value function
based on their value. We augmented this approach by rep-
resenting the continuous state distributidfsas piecewise
constant functions of the continuous variables. Under the
set of hypotheses above, if the initial probability distribution
on the continuous variables is piecewise constant, then the
probability distribution after any finite number of actions is
too, and Egn. 2 may always be computed in finite time.

Properties

As for standard AO*, it can be shown that if the heuristic
functions H,, are admissible (optimistic), the actions have
positive resource consumptions, ahd continuous backups

are computed exactlyhen: (i) at each step of HAO¥, (x)

is an upper-bound on the optimal expected returfmirnx),

for all (n, x) expanded by HAO*; (ii) HAO* terminates after

a finite number of iterations; (iii) after terminatioW, (x) is
equal to the optimal expected return(im, x), for all (n, x)
reachable under the greedy polidy,(x) > 0). Moreover,

if we assume that, in each state, there thoaeaction that
terminates execution with zero reward (in a rover problem,
we would then start a safe sequence), then we can evaluate
the greedy policy at each step of the algorithm by assum-
ing that execution ends each time we reach a leaf of the
greedy subgraph. Under the same hypotheses, the error of
the greedy policy at each step of the algorithm is bounded by
> neGREEDYNOPEN In- THiS property allows trading com-
putation time for accuracy by stopping the algorithm early.

Heuristic Functions

The heuristic functionH,, helps focus the search on truly
useful reachable states. It is essential for tackling real-size
problems. Our heuristic function is obtained by solving a
relaxed problem. The relaxation is very simple: we assume

be represented as piece-wise constant or linear. Specifically, deterministic transitions for the continuous variables, i.e.,
we assume that the continuous state space induced by everyPr(x'|n,x,a,n’) € {0,1}. If we assume the action con-
discrete state can be divided into hyper-rectangles in each sumes the minimum amount of each resource, we obtain an

of which the following holds: (i) The same actions are ap-
plicable. (ii) The reward function is piece-wise constant or
linear. (i) The distribution of discrete effects of each action
are identical. (iv) The set of arrival values or value varia-
tions for the continuous variables is discrete and constant.
Assumptions (i-iii) follow from the hypotheses made in our
domain models. Assumption (iv) comes down to discretiz-
ing the actions’ resource consumptions, which is an approx-
imation. It contrasts with the naive approach that consists of

admissible heuristic function. A non-admissible, but proba-
bly more informative heuristic function is obtained by using
the mean resource consumption.

The central idea is to ughe same algorithrto solve both
the relaxed and the original problem. Unlike classical ap-
proaches where a relaxed plan is generated for every search
state, we generate a “relaxed” search-graph using our HAO*
algorithmoncewith a deterministic-consumption model and
a trivial heuristic. The value functiolt,, of a node in the

discretizing the state space regardless of the relevance of the

partition introduced. Instead, we discretize the action out-

4A deterministic starting statgo is represented by a uniform

comes first, and then deduce a partition of the state space distribution with very small rectangular support centerestgn
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relaxed graph represents the heuristic funcfibnof the as- @
sociated node in the original problem graph. Solving the
relaxed problem with HAO* is considerably easier, because
the structure and the updates of the value functighand
of the probabilitiesP,, are much simpler than in the original ﬂb
domain. However, we run into the following problem: deter- T1(5)
ministic consumption implies that the number of reachable
states for any given initial state is very small (because only
one continuous assignment is possible). This means thatin a
single expansion, we obtain information about a small num-
ber of states. To address this problem, instead of starting
with the initial resource values, we assume a uniform distri-
bution over the possible range of resource values. Because
it is relatively easy to work with a uniform distribution, the
computation is simple relative to the real problem, but we
obtain an estimate for many more states. It is still likely that
we reach states for which no heuristic estimate was obtained
using these initial values. In that case, we simply recompute Figure 2: Case study: the rover navigates around five target
starting with this initial state. rocks (T1 to T5). The number with each rock is the reward
received on testing that rock.

Lose T4

[20,30]
[15,20] \ Lose T2, T5

=- Re-acquire T4
Lose T1 —=
[15,18]

T4 (15)
T3 (10)

Experimental Evaluation

We tested our algorithm on a slightly simplified variant of
the rover model used for NASA Ames October 2004 Intelli-

gent Systems demo (Pedersairal. 2005). In this domain, ing simple admissible heuristid?,, is the constant function

a planetary rover moves in a planar graph made of locations equal to the sum of the utilities of all the goals not achieved
and paths, sets up instruments at different rocks, and per- .

: : : Cinn
forms experiments on the rocks. Actions may fail, and their We varied the initial amount of resource available to the
energy and time consumption are uncertain. Resource con-

sumptions are drawn from two type of distributions: uniform :g:ca:;ab'lbésaﬁ\cljari%?frersvz%rggnIggregieesd ‘Injr?ée gr?gfrﬁaﬁz:ee
and normal, and then discretized. The problem instance used 9 ' P

in our preliminary experiments is illustrated in figure 2. It of the algorithm is pre_sented in Table 1. We see that the
contains 5 target rocks (T1 to T5) to be tested. To take a number of reachable discrete states is much smaller than the

% .
picture of a target rock, this target must be tracked. To track [0tal number of state2(*) and the number of nodes in an

a target, we must register it before doing the first move. OPtimal policyis surprisingly small. This indicates that AO
Later, different targets can be lost and re-acquired when nav- is particularly well suited to our r_over_problems. However,
igating along different paths. These changes are modeled asthe number of_nodes expanded is quite close to the numb_er
action effects in the discrete state. Overall, the problem con- of reachable discrete states. Thus, our current simple heuris-

tains 43 propositional state variables and 37 actions. There- tic is only sh_ghtly effective in reduc!ng the sear(;h space,
fore, there ar@* different discrete states, which is far be- and reachability makes the largest difference. This suggests
yond the reach of a flat DP algorithm. that much progress can be obtained by using better heuris-

The fesfs preserted here were obained using aprlm- 6%, 111251 coin measures e ot number ofeachable
inary implementation of the piecewise constant DP approx- ! 9 P

imations described in (Fenet al. 2004) based on a flat " (Fengetal. 2004). This is the space that a forward search
representation of state partitions instead of kd-trees. This algorithm manipulating Markov states, instead of discrete

is considerably slower than an optimal implementation. To Stat€s, would have to tackle. In most cases, it would be im-
compensate, our domain features a single abstract contin- possible to explore such space with poor quality heuristics

uous resource, while the original domain contains two re- such as ours. This indicates that our algorithm is quite ef-

sources (time and energy). Another difference in our imple- Iﬁgtls\,/t?uguizallpegsgﬁtég E)’ergoﬁgﬁo%rso?éi?jrggseXplo't'ng
mentation is in the number of nodes expanded at each itera- ; P y C -
tion. We adapt the findings of (Hansen and Zilberstein 2001) . Figure 3 shows the converged value function of the ini-

that overall convergence speeds up if all the nodes in OPEN tial state of the problem. T_he value function is comprise_d of
are expanded at once, instead of prioritizing them based on several plateaus, where different sets of goals are achieved.

g» values and changing the value functions after each ex- FOr €xample, the first plateau (until resource level 23) corre-
sponds to the case where the resource level is insufficient for

pansiorf Finally, these preliminary experiments do not use
the sophisticated heuristics presented earlier, but the follow-

STherefore, starting to track some targets is atypical exampleof
set-up actiongthat is, actions that are not necessary in the nominal 81n this implementation, we do not have to maintain exact prob-
plan but that we must have performed before if we want to devi- ability distributionsP,,. We just need to keep track of the supports
ate from this plan, for instance, by changing goals if the current of these distributions, which can be approximated by lower and
resource levels are below the expectations. upper bounds on each continuous variable.
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A B C D E G H Initial Execution # nodes # nodes
30 0.1 39 39 38 9 1 239 resource | € time created by AO* | expanded by AO*
40 0.4 176 163 159 9 1 1378 130 0.00 426.8 17684 14341
50 1.8 475 456 442 12 1 4855 130 0.50 371.9 17570 14018
60 7.6 930 909 860 32| 2 12888 130 1.00 331.9 17486 13786
70 13.4 1548 1399 1263 22 2 25205 130 1.50 328.4 17462 13740
80 324 2293 2148 2004 | 33 | 2 42853 130 2.00 330.0 17462 13740
90 87.3 3127 3020 2840 | 32 | 2 65252 130 2.50 320.0 17417 13684
100 | 119.4 4673 4139 3737 | 17 | 2 102689 130 3.00 322.1 17417 13684
110 | 151.0 6594 5983 5446 | 69 | 3 155733 130 3.50 318.3 17404 13668
120 213.3 12564 | 11284 9237 39 3 268962 130 4.00 319.3 17404 13668
130 423.2 19470 | 17684 | 14341 | 41 3 445107 130 4.50 319.3 17404 13668
140 843.1 28828 | 27946 | 24227 | 22 3 17113 130 5.00 318.5 17404 13668
150 | 1318.9 | 36504 | 36001 | 32997 | 22 | 3 | 1055056 130 5.50 320.4 17404 13668
130 6.00 315.5 17356 13628

Table 1: Performance of the algorithm for different initial

resource levels. A: initial resource (abstract unit). B: exe- Table 2: Complexity of computing axroptimal policy. The
cution time (s). C: # reachable discrete states. D: # nodes optimal return for an initial resource of 130 is 30.
created by AO*. E: # nodes expanded by AO*. F: # nodes in

the optimal policy graph. G: # goals achieved in the longest ]

branch of the optimal solution. H: # reachable Markov Conclusions

states. We presented a variant of the AO* algorithm that, to the best
of our knowledge, is the first algorithm to deal with: lim-
ited continuous resources, uncertainty, and oversubscription
planning. We developed a sophisticated reachability analy-
sis involving continuous variables that could be useful for
heuristic search algorithms at large. Our preliminary imple-
mentation of this algorithm shows very promising results on
a domain of practical importance. We are able to handle
problems with2*® discrete states, as well as a continuous
component.

In the near future, we hope to report on a more mature ver-
sion of the algorithm, which we are currently implementing.
It includes: (1) a full implementation of the techniques de-
scribed in (Fenget al. 2004); (2) a rover model with two
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. continuous variables; (3) a more informed heuristic func-
Initial resource . . . .
tion, as discussed in Section 3.
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Abstract

The ReSSAC project, an autonomous exploration ro-
torcraft project at ONERA, motivates our research on
decision-theoretic planning in large state spaces. Recent
work on Markov Decision Processes make it possible
to address more realistic stochastic planning problems,
thanks to factored models and implicit state representa-
tions. Decomposition and factorization techniques en-
able to plan using state and action variables. Decision-
theoretic exploration problems comprises several inter-
mediate goals and are structured in two components.
A graph of enumerated states represents the navigation
component of the problem, as in gridworld MDPs. A
set of state variables describes, in a compact and im-
plicit way, the other features of the problem, includ-
ing the intermediate goals to be achieved in sequence.
The solution of an academic instance of an exploration
problem is presented. A family of gridworld explo-
ration problems is used to compare Heuristic Search
Dynamic Programming algorithms on such large scale
MDPs. A common algorithmic scheme is used to com-
pare LAO* with a sub-optimal Symbolic Focused Dy-
namic Programming (SFDP) policy iteration algorithm.
SFDP quickly finds sub-optimal solutions when LAO*
cannot tackle the problem. The originality of SFDP is
that both the optimization time and the solution qual-
ity are controlled by planning for a partial subset of se-
lected planning goals. An even faster version sfDP is
presented that quickly finds solution in larger problems.
The incremental version IsfDP incrementally improves
the current solution thanks to iterative calls of sfDP with
an increasing list of planning subgoals to be taken into
account. We compare all these algorithms on a set of
problems of different sizes.

Introduction

The approach and the algorithms presented in this paper
are developed for decision-theoretic planning in large state
spaces. This work is motivated by an application to planning
under uncertainty for autonomous exploration or “search
and rescue” aircraft within the ReSSAC ! project at ONERA.

Markov Decision Processes (MDPs) (Puterman 1994) are
a reference framework for sequential decision making un-

Copyright (© 2005, American Association for Artificial Intelli-
gence (www.aaai.org). All rights reserved.
"http://www.cert.fr/dcsd/RESSAC

der uncertainty: in order to deal with the uncertain effects
of the agent’s actions, a policy is computed on the state
space. It is a function giving, for every enumerated possible
state, the action to be performed next. The optimal policy
maximizes the probability of success, or the mathematical
expectation of reward: the value function defined on every
state. Classical stochastic dynamic programming algorithms
are based on an explicitly enumerated and unstructured state
space. The size of the state space is an exponential func-
tion of the number of features that describe the problem.
The state enumeration itself may rapidly become intractable
for realistic problems. More generally (Boutilier, Dean, &
Hanks 1999) provide an extensive discussion on complex-
ity and modeling issues. (Boutilier, Dearden, & Goldszmidt
2000) show the benefits of factored representations in or-
der to avoid state enumeration, to reason at a higher level
of abstraction as in (Dearden & Boutilier 1997) and to take
into account non-Markovian aspects of the problem, such as
historic dependent rewards or goals as shown in (Bacchus,
Boutilier, & Grove 1997). Other approaches, as in (Dean &
Lin 1995), introduce a state space hierarchical decomposi-
tion into sub-regions. Local policies are then computed in
each sub-region and become the macro-actions applicable
in the macro-states of a global abstract and factored MDP.
(Teichteil & Fabiani 2005) propose to combine both decom-
position and factorization techniques. Other important con-
tributions, such as the SPUDD library (Hoey et al. 2000),
have improved the efficiency of factored MDP solution algo-
rithms, using decision diagrams, borrowed from the Model
Checking community. Recently, heuristic search schemes
have been proposed such as LAO* (Hansen & Shlomo 2001),
or LRTDP (Bonet & Geffner 2003b).

Symbolic Focused Dynamic Programming (SFDP) heuris-
tic search algorithm is an original contribution of ours.
SFDP conforms, like LAO*, with a two-phased scheme of
planning space expansion-and-optimization. The planning
space expansion is based on a reachability analysis using the
current policy and planning goals. The optimization stage
is a dynamic programming phase applied within the previ-
ously expanded planning space: this actually enables to fo-
cus more or less the search and thus to control the optimiza-
tion process. This enables to quickly find a first solution
that is later improved if time is available. In the follow-
ing, we first present our motivations for symbolic heuris-
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tic decision-theoretic planning : we present the family of
gridworld exploration problems. Our approach exploits the
problem structure in terms of both decomposition and factor-
ization (see also (Teichteil & Fabiani 2005)) : issues about
exploration planning problems naturally motivate the de-
composition of the navigation space on the one hand and the
use of a factored model of the mission variables on the other
hand. We propose a common heuristic scheme for the so-
Iution of decision-theoretic exploration problems. Our work
is inspired by LAO* (Hansen & Shlomo 2001) and LRTDP
(Bonet & Geffner 2003b) value iteration algorithms. We
describe our implementations and comparisons of the pol-
icy and the value iteration SFDP algorithms. The scala-
bility of SFDP is presented through performance compar-
isons with LAO* and SPUDD. We implemented a policy it-
eration SPUDD together with symbolic value and policy it-
eration LAO*. A suboptimal faster sfDP version of SFDP
is presented. An incremental version IsfDP iteratively calls
sfDP in order to incrementally improve the solution. No
optimal version of the SFDP scheme is presented here. Ex-
periments were conducted on the same family of gridworld
exploration-like problems. We conclude about further work
on Heuristic Search Dynamic Programming algorithms.

Motivations

Our research is motivated by an application to exploration
or “search and rescue” autonomous aircraft. We aim at con-
trolling the optimization process, the solution quality and the
optimization time, through the enforcement of specific goals
to be achieved with maximum priority. A solution should
be rapidly available in case of replanning, to be further im-
proved if time is available, up to the optimal solution. On
the other hand, some specific subgoals of the problem may
require to be imposed in the solution whatever happens with
the other subgoals.

An exploration mission comprises a problem of naviga-
tion (see Figure 1) in a partially known environment on
the one hand, and a problem of online information acqui-
sition and replanning on the other hand. Several final, alter-
native or intermediate goals may be imposed to the agent,
either as alternative choices (the agent may reach its final
goal Oy either via the prior achievement of Oy or through
O3). Some final goals, such as landing in a safe area, must
be achieved in all possible plans. Some goals, such as ex-
ploring or searching a region, are the pre-conditions to be
achieved before seeking to realize further goals. Some of the
agent’s rewards and goals are historic dependent, and there
may exist ordering constraints between the goals, e.g. the
agent must take information in region I?) and transmit it to
its ground control center before proceeding with its naviga-
tion to the neighboring regions. Other state variables, such
as the agent’s energy autonomy level A, are clearly orthog-
onal to the navigation components, yet not at all decoupled
from it: each aircraft move consumes some energy, which is
modelled as a probability of transition to a lower value of the
energy autonomy variable. An insufficient energy autonomy
level can force the agent to Abort its mission and return to its
base, or to land on an emergency or security crash base. An-
other stochastic variable of the problem concerns the aircraft
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vertical distance above the ground (and obstacles) : consid-
ering that the terrain is partially known, the aircraft’s action
of going to a waypoint may result in different resulting verti-
cal distance to the ground and obstacles at that point. There
are constraints on the possible vertical motions of the air-
craft, such that transitions from “cruise altitude” to “land-
ing” can only be achieved through intermediate “approach
altitude” at which terrain observation and exploration can
be performed prior to a safe “landing”. Emergency land-
ing may result in a direct transition to the ground level, but
with associated possible damages. Similarly, the airspeed
of the rotorcraft must be adapted to the vertical distance to
the ground and obstacles in order to avoid damages. Differ-
ent possible actions of transition between the possible way-
points can be generated either by optimizing the transition
time, the energy consumption or the achievement of some
perception tasks.

Last but not least, it may be specified, as in our simple
example, that rewards can only be obtained once: so that
having achieved goal O; in region R; nullifies the corre-
sponding reward and thus completely changes the optimal
strategy in that region. Computing a strategy for each pos-
sible combinations of goals O; being achieved or not, leads
to perform a number of solution that is exponential in the
number of such possible intermediate goals. Ordering con-
straints could also be imposed on the sequence of achieve-
ment of some sub-goals.

Such a problem is not Markovian. This context is pre-
cisely addressed in (Bacchus, Boutilier, & Grove 1997),
where a temporal logic is used to describe and reason
on such constraints and generate the required “additional
variables” to take this into account. Today, we introduce
these additional state variables “by hand” in the problem
imperfectly sketched on Figure 1. We encode the above
constraints using Dynamic Bayes Nets (DBNs) (Dean &
Kanazawa 1989) as shown in Figure 3.

Figure 1: Navigation component of the problem : 3 regions
and 3 rewards that can be obtained once and in turn

Throughout this paper, we use a family of similar grid-
world problems of different sizes and complexity, with
weakly coupled regions and additional state variables, es-
pecially variables that describes which goals have been
achieved or not.

Gridworlds are used because they make it easier to gen-
erate large scale problems as in (Bonet & Geffner 2003b).
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Simple problems are used to explain the approach and more
complex ones to demonstrate the scalability.

Markov Decision Processes (MDPs)

A MDP (Puterman 1994) is a Markov chain controlled by
an agent. A control strategy 7 that associates to each state
the choice of an action is called a policy. Each action trig-
gers a stochastic transition to neighbor states. The Markov
property means that the probability of arriving in a particu-
lar state after an action only depends on the previous state of
the chain and not on the entire states history. Formally it is
atuple (S, A, 7, R) where S is the set of possible states, A
is the set of actions, 7 and R are respectively the transition
probabilities and rewards functions of the MDP.

T(s,a,s") =T(s|a,s)

/
Va8 €5xAXS, { R(s,a,s") = R(s'|a, s)

T and R values depend on the starting state, the ending state
and the chosen action (probabilities and rewards are stored
in matrices or tables).

The most frequently used optimization criterion consists
in maximizing the value function V™ = E (> .2, ' r7),
i.e. the infinite sum of expected rewards 7 obtained while
applying policy 7, discounted by a factor 0 < 8 < 1. §in-
sures the sum’s convergence, but can also be interpreted as
an uncontrolled stopping probability (system failure or mis-
sion end) between two time points. Two main classes of it-
erative dynamic programming algorithms are classically ap-
plied to MDPs, based on Bellman equations (Bellman 1957)
for the value V'™ of a policy 7 :

V7™(s) = Z T(s,m(s),s") - (R(s,m(s),s") + BV (s")) (1)
s'esS

The Value Iteration scheme consist in computing the opti-
mal value of V' by successive approximations. The proof of
convergence is a fixed point theorem: a unique optimal V' * is
reached when V stabilizes. Vi, is computed on each state
s atiteration k + 1 as the maximum achievable value assum-
ing that Vj, is then obtained in any state s’ that is reached by
applying an action a from state s:

’ ’ /
Vit1(s) = max Z T(s,a,s"). (R(s,a,s") + B.Vi(s')) (2)
s'eS
The Policy iteration scheme requires to assess V;, for the
current policy m: approximate solutions of equation 1 are
obtained by linear programming, or successive approxima-
tions techniques. 41 is then the greedy policy based on

Tk

Te+1(s) = arg max Z T(s,a,s"). (R(s,a,s") 4+ B.Vx, (s))

s'esS
(3)
Compared to value iteration, the policy iteration algorithm
converges in fewer iterations, but each policy assessment
stage may be computationally costly. A large discussion
about criteria and resolution algorithms is proposed in (Put-
erman 1994).

Decomposition of our exploration MDP

The decomposition of an MDP is based on a state space par-
tition II into non empty distinct regions. Enumerated states

are thus grouped into weakly coupled regions, i.e. with
fewer transitions between the exit and entrance states of the
regions. An abstract MDP (Dean & Lin 1995) is then con-
structed, on the basis of macro-states resulting from the de-
composition into regions. For each region r, Sper(r) is the
set of the exit states of the region r :

Sper(r)={seS—r/3s' e€r,Jac A, T(s,a,s)#0}

We found two main possible options for the definition of
macro-states. In (Hauskrecht ef al. 1998), macro-states are
the exit states of the regions, i.e. the state space of the ab-
stract MDP is | J,.c; Sper(r). In (Dean & Lin 1995), macro-
states are the aggregate states of the regions. The first model
leads to possibly sub-optimal policies, because it only con-
siders strategies leading from a macro-state to a different
macro-state. This model does not allow a local strategy to
try and reach a local sub-goal by staying within the same
macro-states (absorbing macro-states are not possible). This
aspect of the problem leads us to choose the second model
for our exploration problem (like in Figure 1): each region
possibly contains a local sub-goal to be achieved by a spe-
cific locally optimal strategy before leaving the region with
another strategy. For our navigation MDP in Figure 1, we
obtain the kind of decomposition shown in Figure 2.

Figure 2: Example of abstract MDP (from figure 1)

More generally, an abstract MDP (Dean & Lin 1995) is a
tuple (S’, A’, 7', R’). The actions of the abstract MDP are
then the local policies generated in each region and the tran-
sitions in the abstract MDP are computed from these local
policies:

e =,
rell

o A= {WI,...W;T},
rell

o T'(r,7,7") and R'(r,m},r") depend on a discounted
macro-transition model.
Though our decomposition model is borrowed from (Dean
& Lin 1995), our decomposition algorithm is based on the
techniques proposed by (Hauskrecht er al. 1998) because
they are more adapted to factored resolution algorithms.
In order to adapt a coherent discounted macro-transition
model, we simply applied the computation methods bor-
rowed from (Hauskrecht et al. 1998) and matched it on
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the macro-state decomposition borrowed from (Dean & Lin
1995). As a result, in our implementation, the macro-
probability of transition from r to 7’ applying macro-action
m; is computed as the average probability of moving from
somewhere in a region r (assuming a uniform probability
distribution on starting states in 1) to an entrance state of a
region r’. The macro-reward for the same macro-action and
the same transition is computed as the exactly corresponding
average reward.

|~

o T(r,m},r') = > T(s,7},s")

s’€Sper(r)nr! s€r

[— =

o R(r,m},7') =

> T(s,m},s") - R(s,m},s")
|7’| s'€Sper(r)nr! s€r
T'(s,my,s") and R(s,m},s') are iteratively computed like
the value function in a Gauss-Seidel value iteration algo-
rithm (Puterman 1994) (see also (Teichteil & Fabiani 2005)).

As a result, the proofs in (Hauskrecht et al. 1998) still
apply in our case with respect to local policies. In each
macro-state, local policies are optimized for local MDPs,
that include the local states of the macro-state itself, in our
case r U Sper(r), and an absorbing state «, connected to
each exit state s € Sper(r) and standing for “the rest of the
world” from the viewpoint of the local MDP. Special reward
functions are defined on the transitions from the exit states
in Sper(r) to these absorbing states (called peripheral val-
ues) that correspond to the total sum of expected rewards for
the agent if it escapes the local MDP, averaged on all what
can happen “outside the local MDP”. This is why « is an
absorbing state. This is also why the value of reaching « is
not straightforward to compute, and why Sper(r) has to be
included in the macro-state. Let the reward obtained in the
transition from exit state s € Sper(r) to the absorbing state
a be A(s): note that V(s) = A(s). However, it is also clear
that each possible combination of the peripheral values \(s)
for all s € Sper(r) will change the obtained optimal local
policy. As a result, peripheral values must be taken as pa-
rameters.

Our local MDPs (S',A',T',R’)u(s))SESW‘(” are then
defined, for each region r and for each as follows:

e S’ =1ruSper(r) U {a} , Where « is an absorbing state,

o A=A,
o T(s,a,s') = T(s,a,s’) if(s,s’) €rx (rUSper(r))
T 1 if (s,s") € (Sper(r) U {a}) x {a}
R(s,a,s’) if(s,s’) €r x (rU Sper(r))
e R(s,a,s') = A(s) if (s,s”) € Sper(r) x {a}
0 if (s,s") € {a}?

For each combination of peripheral values, there is an opti-
mal local policy. However, a same local policy can be opti-
mal with different combinations of peripheral values. As a
result, for each local MDP, we need to generate a set of local
policies that should be as small as possible, but still exhaus-
tive since at least one local policy per region should match
the global optimal policy restricted to this region.

The following theorem is proved in (Hauskrecht et al.
1998): for any local policy w) on a local MDP, if it
is locally optimal for a combination of peripheral values
(A(8))sesper(r) that corresponds to the actual optimal value
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function of the global MDP restricted to the corresponding
exit states in Sper(r), then it matches the optimal policy 7*
of the global MDP in this region.

A first resolution method (Hauskrecht et al. 1998), named
coverage technique (CT), consists in constructing a mesh
of peripheral values covering an interval [V, V. ] and
whose spacing § is chosen such that the value of a lo-
cal policy is within g of the optimal policy value. This
method requires to set bounds on the optimal value func-
tion V*, which is generally not a problem. It is however
rather ineffective in the sense that it requires to generate at
least T [ e sper(r) Viraa () Vanin () g1id points in total, with
as many resolutions of the local MDP. Besides, the corre-
sponding resolutions are mostly redundant: a same optimal
local policy can be obtained through different resolutions
and the method even generates redundant dominated poli-
cies of equivalent local value that need to be eliminated.

A second resolution method is proposed in (Parr 1998)
which is based on Linear Programming (LP). For each local
policy 7, on the macro state r U Sper(r), the value function
on the internal states s € r is a linear combination of the val-
ues on the exit states s € Sper(r), i.e. A(s). Thus, the dom-
inating policies at any state s form a piecewise-linear convex
function of the peripheral values, so that the necessary and
sufficient set of local policies that are optimal for each com-
bination of peripheral values can be generated (Parr 1998)
with methods inspired from the resolution of Partially Ob-
servable MDPs (Cassandra 1998). Yet no numerical results
are provided in (Parr 1998).

We thus had to compare experimentally these two meth-
ods on our exploration problems: numerical results obtained
on problems similar to Figure 1 are presented in (Teichteil
& Fabiani 2005). The LP method appears to be the most
effective. First, the complexity of LP is polynomial in the
number of exit states whereas the one of CT is exponential.
Second, CT produces useless policies that are dominated
by the others contrary to LP policies that are all non domi-
nated policies. Third, CT generates more than 99% policies
that have the same values and that must be also eliminated.
Fourth, CT sometimes constructs less policies than LP be-
cause some optimal policies for given peripheral values on
exit states lie between two points of the grid. Therefore, we
have implemented the LP technique in our approach in order
to decompose the navigation state sub-space into regions and
compute navigation macro-actions for our factored abstract
global exploration MDP.

On our simple instance, LP produced respectively 7, 6 and
2 local policies respectively in regions 1?1, 2 and R3. The
computed macro-transitions for each generated local policy
for region R; are shown in Table 1. Three local policies
(one in each region) are actually depicted in Figure 1. The
probabilities of the macro-transitions in Table 1 give a good
idea of the local behaviors.

Decomposition of our simple instance

The decomposition of the problem is motivated by optimiza-
tion time concerns. Work by (Teichteil & Fabiani 2005)
propose to factorize such problems through a hierarchical
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Origin region | Local policies | End region | Probability Value
Ry 71 Ry 1 17.6327
wa Ry 0.111317 | 2.21295
Ro 0.888683 0
3 Ry 0.211306 | 4.00467
Ro 0.788694 0
I Ry 0.433556 | 8.18566
Ro 0.566444 0
s Ry 0.666778 | 11.5589
Ro 0.333222 0
s Ry 0.988889 | 17.1386
Ro 0.0111111 0
s Ry 0.446756 | 8.21195
Ro 0.553244 0

Table 1: Local policies and macro-transitions for region R,

decomposition into an abstract factored MDP, and show the
benefits of it in terms of efficiency. (Hauskrecht ez al. 1998)
or (Parr 1998) have proposed two candidate algorithms for
the computation of local policies during the MDP decom-
position step. According to (Teichteil & Fabiani 2005) the
latter approach (LP by (Parr 1998)) based on linear program-
ming, is the one that offers the better performances and flex-
ibility. In order to take into account the fact that rewards can
only be obtained once, we have to adapt R. Parr (1998) algo-
rithm to our problem. We need to optimize the regions local
policies conditionally to the status of the goals of the region:
in practice this limits greatly the number of cases since the
combinatorics is splitted into the regions. In our simple ex-
ample, we only have one goal per region, which leads to
optimize 2 sets of conditional local policies per region : one
if the local goal has not been achieved yet by the agent, and
one if it has already been. The direct benefit driven from
decomposition comes from the fact that if there are k re-
gions and one goal per region, only 2k local policies are
computed. Without decomposition 2* global policies should
be optimized. After the decomposition phase, the naviga-
tion graph component of the gridworld exploration problem
is splitted into macro-states, each one corresponding to a
sub-region (see Figure 2, and combined with the other or-
thogonal state variables. The resulting abstract MDP is in
a factored form and may be represented by Dynamic Bayes
Nets as in Figure 3. The state variable R stands for the re-
gion, O1, Oy and Oj stand for the goals, and A for the agent
energy autonomy level. For simplicity, we assumed a binary
energy autonomy level with constant consumption over the
regions, the function f giving the probability of “loosing the
minimal energy autonomy level” between two time steps:
f(Ri, R;j,m) =[0.650.35 ] forall 4,j and .

Algebraic Decision Diagrams

Our concern about encoding efficiency is related to the op-
timization time issue in our research context. In DBNs, the
transition probabilities and rewards are represented by Con-
ditional Probability Tables, i.e. large matrices, one for ev-
ery post-action variables. However, these probability and
reward tables are sparse in most problems and can be en-

R R
I
A A VH(R,.R,)
Ol _— 0[ $2
1-p
R VAR ,R,) R,
O,
$
GG———— 0 $3 Ry

t t+1

Figure 3: Action networks and transitions of the abstract
MDP with the local policies of the region R;

O probability tree | A*+! probability tree

10 01
Ry Ry Ry Ry Ry Ry
| ]
01 01 10 10
1 0 R R Ry
v
p(-p) 01 F(RyRuor)  f(RyRem) 10

R™! probability tree Reward tree

¥
p(1-p0 100 V™(Ri,Ry) 0

1 0

0 VT(Ri.Ri)

Figure 4: O'*!, A*! and R'*! probability trees, and re-
ward tree (from R;)

coded in “decision trees” as in (Boutilier, Dearden, & Gold-
szmidt 2000), or as “algebraic decision diagrams” (ADDs)
as in (Hoey et al. 2000). Figure 4 shows instances of tran-
sition probability trees (vectors at the leafs) and transition
rewards trees for the macro-actions of our instance of ab-
stract MDP. For each post-action variable state, every leaf of
the probability tree stores a list containing the probabilities
to obtain every possible value xf“ of this variable, know-
ing the values of the other variables !, 2, 2" along the
path zt A (A (¢85 A2l™!)) from the root of the tree to
the considered leaf. The reward tree on Figure 4 expresses
the fact that, in order to obtain the reward associated with a
given goal, this goal must not be already achieved and the
agent must first reach the corresponding region with a suf-
ficient energy autonomy level. Goals in the other regions
cannot be achieved from “outside” and the corresponding
decision tree is equivalent to a NO-OP. ADDs offer the ad-
ditional advantage that nodes of a same value are merged,
thus leading to a graph (see Figure 5) instead of a tree. Af-
ter testing and comparing Decision Trees and ADDs imple-
mentations of our policy and value iteration algorithms, the
conclusion was that ADDs offer a much more efficient en-
coding, even if they are limited to use binary conditions:
some state or action variables may have to be splitted into
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several binary variables to fit in the model. As a matter of
fact, state variables with large range of values considerably
increase the computation time necessary in order to solve
factored MDPs. This is either due to the width of the cor-
responding trees when using Decision Trees, or otherwise
due to the number of binary variables required when using
ADDs. It is moreover noticeable that position or navigation
variables typically take a large number of possible values.
This is another way of getting convinced that it is a good
idea to decompose the navigation component in our explo-
ration problem into fewer more abstract aggregate regions.
Algorithms for the solution of factored MDPs using ADDs
are based on simple algebraic and logical operations such
as AND, OR, PRODUCT, SUM, etc. Some technicalities
specific to ADDs are explained in (Hoey et al. 2000), espe-
cially with respect to the implementation of value iteration
in SPUDD, on which our own value iteration algorithms are
based. The development of the policy iteration versions of
the compared algorithms demanded to apply some similar
technicalities: in order to improve the efficiency of our algo-
rithms, we apply for each action a mask BDD on the com-
plete action diagram ADD and the reward ADD of the ac-
tion, representing the states where the action can be applied.
Furthermore, BDDs and ADDs are restricted to the current
reachable state space in order to save memory and to speed
up the ADD operations.

Figure 5: Optimal policy ADD of the MDP of Figure 3

Symbolic Heuristic Search

Symbolic heuristic search dynamic programming algo-
rithms seem to conform to a common two-phased scheme,
shown in Figure 6:

e a first reachability analysis and heuristic computation
phase,

e a subsequent dynamic programming phase.

It constitutes our common algorithmic basis for developing
and comparing different heuristic search dynamic program-
ming algorithms that conform to it such as sSLAO* (Feng &
Hansen 2002) and sRTDP as in (Feng, Hansen, & Zilber-
stein 2003).
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Init

Ry «— Reachable(1, A, G)

Iy « ShortestStochasticPath(Ro — G)

So « FilterStates(Ro, P(s) < e- P(I))
— (Ho7 Vo7 So)

k<0

repeat
Sk+1 — Reachable(I, Sk, i, G)
DynamicProgramming(Ilx, Vi, Sk+1)
k—k+1

until convergence over Sy,

Figure 6: Heuristic Search Dynamic Programming Scheme

Reachability analysis

One strong idea is simply that the algorithm cannot apply
dynamic programming on the full state space because this
is intractable. The working space is thus carefully extended
at each iteration, keeping it small but still sweeping the full
state space. Heuristic computations, such as the proposed
shortest stochastic path analysis intervene in this first phase,
essentially to provide an admissible estimation of the value
function or equivalently, a default policy on the border of
the planning space. The “planning space expansion” phase
enables to control the optimization process. sLAO* incre-
mentally augments its working space until all the pertinent
rewards have been collected and the processes converges.

Deterministic reachability analysis We call
Reachable(I,11 4, Stop) a function that takes as in-
puts the sets of initial and goal states I and G, uses the
set of applicable actions II4 C A (II4 can be a policy
or A itself) and computes the set Ry of all the states
that are reachable from I with successive applications of
deterministic actions in A in an iterative loop that stops
as soon as the Stop condition is reached : e.g. Stop can
be G C Ry or 1steplookahead. The actions are made
deterministic by setting the maximum transition probability
to 1 and the other one to 0, which enables us to convert
the ADDs into BDDs (Binary Decision Diagrams) that are
more efficient. The idea here is that the planning space
expansion is controlled via the Stop condition, linked to the
achievement of specific planning goals.

Shortest stochastic path analysis At this stage, we can at
the same time compute an initial heuristic policy (or value
function) and reduce — if possible — the initial reachable state
space. We call ShortestStochasticPath(Ry — G) a func-
tion that takes Ry and G as inputs and computes a short-
est stochastic path from every state in Ry, using stochas-
tic actions from A without their rewards. Better simplifica-
tion schemes should certainly be studied, but this heuristic
seems efficient in many problems, such as navigation grid
MDPs in (Hansen & Shlomo 2001) and in (Bonet & Geffner
2003b). We call FilterStates(Ro, P(s) < €-P(I)) afilter-
ing function that filters the states that have a very low proba-
bility of reachability when the non-deterministic actions are
applied along the shortest path trajectories. Low probabil-
ity of reachability is assessed compared to the probability
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of the initial states. This stage is represented in Figure 7.
Stochastic reachability filtering seems very comparable in
its results, with the effect of random sampling in LRTDP
(Bonet & Geftner 2003b).

- Filtered state space
Deterministic state space P:

Whole state space

Figure 7: SFDP focuses when no goal constraints are set

SFDP and sLAO*

During that stage the solution of the MDP is optimized
on the current reachable state space . The expansion of
the current reachable state space results from the func-
tion Reachable, applied either from I (SFDP) or from the
previous reachable state space (sLAO¥*). The Reachable
function expands the set of reachable states until all the
states that satisfy the goal conditions are reached. The
DynamicProgramming function of the main algorithm
(see Figure 6) can be Valuelteration or Policylteration.
We used the latter during the competition since it seems to
be more original and sometimes more efficient than the for-
mer. SFDP Policy Iteration is implemented by the algo-

Init

Ry < Reachable(1, A, Q)

Iy «— ShortestStochasticPath(Ro — G)

So « FilterStates(Ro, P(s) < e- P(I))
— (Ho7 So)

k<0

repeat
Sk+1 < Reachable(I,11x, G)
Policylteration(Ily, Sk+1)
k—k+1

until convergence over Sy,

Figure 8: SFDP Policy Iteration

rithm shown in Figure 8: the generic function Reachable
is applied from the initial state set I at each iteration, us-
ing actions from the current policy Iy, until G is reached.
As a matter of fact, the working space Si of SFDP is abso-
lutely not guaranteed to grow : on the contrary, SFDP has
been designed to focus on coherent parts of the state space
as shown in Figure 7. As a consequence, SFDP will not give
the optimal solution to the problem, rather the “shortest so-
Iution”, unless SFDP is compelled to visit all the rewards of
the state space because all the rewards of the problem have
been given as planning goals constraints prior to the opti-
mization. For sSLAO*, we implemented the algorithm shown

Init

Ry «— Reachable(1, A, G)

IIy «— ShortestStochasticPath(Ro — G)

So «— FilterStates(Ro, P(s) < e- P(I))
— (Ho7 So)

k<0

repeat
Sk+1 — Reachable(Sk, Ik, 1 step lookahead)
PolicyIteration(Ily, Sk+1)
k—k+1

until convergence over Sy,

Figure 9: sSLAO* Policy Iteration

in Figure 9, where the generic function Reachable is applied
from S}, at each iteration, using actions from the current pol-
icy IIx, with 1 step lookahead. Contrary to SFDP, S}, in
sLAO* is always supposed to grow, which in that context
gives sSLAO* a guarantee of optimality.

Whole state space Whole state space

Reachable state space Reachable state space

sLAO * SRTDP
Whole state space Whole state space
Reachable state space Reachable state space
sfDP IsfDP

Figure 10: Reachable state spaces of SLAO*, sSRTDP, sfDP
and IsfDP

Experimentations

We conducted our experiments on gridworld exploration
problems inspired from the example shown in figure 1. The
number of nodes of the navigation graph is 45 x 45 = 2025
and the total number of states grows exponentially in the
number of additional state variables: goals, regions in the
problem (+1 for the energy level).

We first performed the comparison between the factored
MDP and enumerated MDP approaches. In linear problems,
each region is only linked with a previous and a next re-
gion. In concentric problems, each region is linked to a cen-
tral region. Results are presented in Figure 11 that shows
that state space modeling is really a crucial issue. Columns
are for problems type (either “linear” or “concentric”), state
space size, number rg. of regions, model of the MDP (F'
for factored MDP and E for enumerated MDP), time B. for
building the MDP, time D. for decomposition, number 7, of
macro-actions (local policies computed), total solution time
T'.. The time required for the building of the state transition
data structures for the enumerated MDP illustrates handicap
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of the enumerated approach. Problems of larger size could
not be solved in comparable time: this is why they do not
appear in the table. The complexity burden is apparently
higher for “concentric problems” than for “linear problems”
(compare the complexity step between the “linear problems”
and the “concentric problems”).

[ type [ size T rg. [ model T B. [ D. [ w | T ]
linear 384 3 F < 0.01 0.08 10 0.02
E 0.03 — — 0.01
6107 6 F 0.01 0.38 33 1.51
E 120 - — 0.38
7107 9 F 0.03 0.56 47 26.8
E 587.62 — — 5.03
concentric 8. 10° 9(9s./r) F 0.02 0.13 21 0.12
E 746.98 - — 2.25
7-10% 9 (81s./1) F 0.02 40.61 61 16.77
E > lhr — — —

Figure 11: Comparison between the factored MDP and enu-
merated MDP approaches (elapsed time in seconds)

We then present a comparison of six algorithms that have
been implemented on the basis of the SPUDD/VI value iter-
ation algorithm: 1.SPUDD/VI — 2.SPUDD/PI — 3.sLAO/VI
— 4.sLAO/PI — 5.SFDP/VI — 6.SFDP/PI. Note that the al-
gorithm number 4 participated in the ICAPS’04 competi-
tion but it was not as mature as today. We present results
obtained with stochastic exploration-like problems because
they are closer to our research projects than the competition
problems. Yet, the complexity of such exploration problems
is comparable with the ICAPS’04 probabilistic track com-
petition problems. We have compared the solution quality

29 o SFLAQ
258 + SFDP

Value of the initial region
s
8

20 T T T T 1
1] 1 2 3 8 ]

Number of goals to achieve (diagonal trip)

Figure 12: SFDP Solution quality (Value at starting point)
compared with sLAO* while increasing the number of plan-
ning goals to achieve

of SFDP policies when a growing number of constraints are
imposed on both algorithms concerning the planning goals.
It appears that SFDP appears as much more sensitive to goal
constraints than sSLAO*. Imposing on SFDP to achieve ALL
the goals leads the algorithm to behave like SLAO*, con-
tinuously extending its planning space without focusing, as
long as the corresponding problems remains tractable. On
the contrary, sLAO* tends to try and reach all the rewards
and goals of the problem even when it is not asked so. The
corresponding computation time grows in proportions with
the number of combinations of alternatives.
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Figure 13: SFDP Solution time compared with sLAO* and
SPUDD for different starting points

We have similarly compared the computation time for
sLAO* and SFDP on problems of growing complexity (vary-
ing the starting and goal points). The conclusion is that
SFDP, still finds quite quickly (sub-optimal) solutions for
the most complex problems that we could decompose in
reasonable time (248s) and without swapping, which corre-
sponds to the diagonal trip. By contrast, sSLAO* cannot give
any answer after more than one hour on the fourth problem.
Such comparison should be analyzed carefully: SFDP can-
not be considered as “better” nor “preferable” on the basis
of this comparison. On the other hand, Figure 12 shows that
it is possible to establish a quality response profile for SFDP
on some classes of problems. The quick answer given by this
algorithm could be reused in order to initiate an admissible
heuristic policy, or value function for another algorithm.

Faster solution, weaker value

Following the previous ideas, another version of the focused
dynamic programming scheme was developed by weaken-
ing the stopping condition of the Reachable function. The
new stopping condition holds as soon as at least one state is
reached where the required goal conditions are achieved.
This new stopping condition is obviously weaker and the
new algorithms, called sfDP and sfLAO still follow the
schemes respectively presented in Figure 8 and 9, but with
the new Reachable function. The sfDP and sfLAO algo-
rithms are obviously not optimal, but show interesting prop-
erties in terms of incremental behavior, as shown in Fig-
ures 14 and 15. Experimental results presented in Figure 16
show that sfL.AO finds better solution than sfDP, with similar
computation times. Interestingly enough, sfLAO still shows
the same behavior exhibited with SFDP: the solution qual-
ity grows with the number of goal conditions imposed up
to the optimal solution. As a consequence, the computation
time required in order to obtain the optimal solution is also a
growing function and reaches the elapsed time obtained with
sLAO%*, as shown in Figure 14.

As a matter of fact, we used this idea to develop an in-
cremental version of both sfDP and sfLAO algorithms, with
respectively the IsfDP and IsfLAO algorithms that are de-
scribed in Figures 17 and 10. Experimentations shown in
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Figure 14: sfDP and sfLAO optimization time while increas-
ing the problem size
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Figure 15: Percentage (%s) of explored reachable states and
variation (%r) for sfDP and sfLAO

Figures 18 and 19 show that IsfDP clearly outperforms Is-
JLAO. In conclusion, sfLAO algorithms is interesting for im-
proving the quality of the solution and could be used in a last
iteration on the basis of previous optimization performed by
IsfDP. An optimal scheme could be designed on this basis.

Related Work

The heuristic search dynamic programming schemes dis-
cussed in this paper have common features with for exam-
ple recent work on sRTDP (Feng, Hansen, & Zilberstein
2003), a symbolic on-line version of RTDP. However, the
SFDP algorithm and the way its behavior can be controlled
through planning goals constraints is a fully original contri-
bution to our knowledge. Previous comparisons (Teichteil
& Fabiani 2005) between LAO *-like algorithms and RTDP-
like algorithms have shown that LAO* would be better when
the problem topology is “open” and RTDP-like algorithms
would be more efficient in “corridors”., as it seems to be the
case in (Bonet & Geffner 2003b). Both heuristic schemes
lead to limit the size of the explored state space before con-
vergence. Their respective application in (Feng & Hansen
2002) and (Aberdeen, Thibaux, & Zhang 2004) show that
they improve the efficiency of value iteration dynamic pro-
gramming for structured MDPs. Different implementations
of these heuristic search value iteration algorithms were in-
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Figure 16: sfDP and sfLAO Solution Quality (Value at start-
ing point) while increasing the problem size

Lsy «— List of subgoals to achieve
So «— I
n «— 1
while L, non empty do
Iy «— Sh-1
Gy «— head of Lgg
Sp «— SFDP(I,,G,)
remove head of L,
n+«——n+1
end while

Figure 17: IsfDP algorithm for on-line planning

dependently compared on navigation grid MDPs in (Hansen
& Shlomo 2001) and in (Bonet & Geffner 2003b), where
LRTDP outperforms LAO*. On symbolic stochastic prob-
lems, results in (Feng & Hansen 2002) and (Feng, Hansen,
& Zilberstein 2003) show that sSRTDP presents a faster on-
line performance while SLAO* shows a better off-line con-
vergence efficiency. Furthermore, (Bonet & Geffner 2003a)
propose a general heuristic dynamic programming scheme
FIND-and-REVISE that is different but might be confused
with our two-phased scheme: planning space expansion-
and-dynamic programming.

Conclusion

We have proposed an original algorithm SFDP for which the
optimization time and the solution quality can be controlled
through the definition of planning goals constraints. The de-
sign of SFDP, and the principles of the proposed underlying
focused dynamic programming scheme, meet the challenges
of planning under uncertainty in large state spaces for au-
tonomous systems that rather need a current solution quite
rapidly, and an optimal one if possible. Goal conditions can
be adapted off-line or on-line, thus opening interesting direc-
tions for future work on decision under time and ressources
constraints. This is particularly interesting in our applica-
tion perspectives on autonomous aircraft. Among possible
perspectives, we will consider carefully deriving an on-line
version OSFDP that would adjust on-line the number of goal
constraints to satisfy in response to the available time for
finding a solution to the problem. We will also consider
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Figure 19: sfDP, IsfDP, sfLAO and IsfLAO Solution Qual-
ity (Value at starting point) compared with SPUDD while
increasing the number of planning goals to achieve

the coupling of SFDP with a higher level optimization con-
troller in order to reuse the sub-optimal solution obtained
with SFDP in a higher level optimization process. This was
shown in the development of the incremental IsfDP algo-
rithm, based on sfDP, an even faster, but weaker, version
sfDP of the focused dynamic programming scheme. sfDP
presented that quickly finds solution in larger problems. The
incremental version IsfDP incrementally improves the cur-
rent solution thanks to iterative calls of sfDP with an in-
creasing list of planning subgoals to be taken into account.
We have compared all these algorithms on a set of problems
of different sizes. We will now develop an optimal version
of the focused dynamic programming scheme, that would
provide rapidly a current solution even on large state space
problems, but would improve it up to the optimal solution as
time is available.
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Abstract

This paper shortly presents some aspects of the ARTEMIS project dedicated to the development and testing of algorithms
for distributed planning with bounded time resources. The ARTEMIS project addresses the problem of future mission
management systems (MMS) for uninhabited air combat vehicles (UCAVs) acting in cooperation (possibly with other
inhabited aircraft) in combat mission such as the attack of an enemy target. The challenges for such MMS are related to
both the architectures and the algorithms for autonomous decision and information processing onboard such UCAVs. We
present the distributed re-planning problem under time constraints and a sketch of our approach to solve it.

INTRODUCTION

Significant research efforts have been devoted to new
technologies needed for the development of onboard
mission management systems for uninhabited air vehicles
(UAVs). As a matter of fact, current UAV systems are
mostly remotely controlled by an operator that can
control the aircraft flight plan by choosing way-points or
targets to be achieved by an on-board auto-pilot. Current
concepts of use of UAVs are very close to the use of
aircraft in the early years of aviation: missions of
reconnaissance, observation, etc. These concepts of use
are very likely to change with progress in the area of
UAYV autonomy.

Constraint model-based planning is a promising
framework for such applications [1]. The MISURE
project [2] addresses the feasibility of a mission
management  system  using  similar  constraint
programming techniques for a package of UCAVs
involved in an attack mission. However, limited
computation time resources and distribution constraints
are not addressed in MISURE.

The ARTEMIS project [3] takes into account these two
constraints. We develop algorithms for distributed re-
planning with bounded computation time resources. We
also consider the possible intervention of the operator,
but rather as an external event that may cause the MMS
to re-plan the mission. Our efforts are more focused on
the necessity of bounded time cooperation schemes
among distributed planning agents in order to achieve
coordination and collaboration towards common goals
while dealing with communication limitations. The agent
decisional architecture, inspired from autonomous robots,
was prototyped using ProCoSA [4].
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MISSION

The mission considered in the ARTEMIS project roughly
consist in the attack by a package of 4 to 8 UCAVs of a
number of targets in enemy zone. The UCAVs can
organize their cooperation at planning time. The package
can split in sub-groups of UCAVs that can realize sub-
tasks before rejoining other Due to communication
limitations

Figure 1 shows a sketch of the problem situation. Before

the mission starts, a mission pre-planning phase always

occur, during which :

e primary (and secondary) targets are designated,

e  known threats are identified,

e the airspace is divided into a number of zones that
expresses tactical constraints such as : the "attack
zone", "flight corridors", etc. Corridors are 3D
volumes associated with time constraints.

CONSTRAINT BASED RE-PLANNING

The constraint model-based planning problem is defined
in a form similar to the work in [1] and [2], but in a
distributed re-planning context. The implementation of
each agent re-planner is made using the CHOCO [5]
library. A mixed integer programming version of the re-
planning problem using CPLEX [6] was also developed
in order to have a reference solution on simple instances,
so as to study the possible loss of performance caused by
the computation time and distribution constraints in the
solution of the re-planning problem. Each agent re-plans
in bounded time by applying the decision-repair
paradigm proposed in [7], combining a local-search
scheme (such as Tabu search [8]), the management of
explanations and constraint propagation techniques.
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COOPERATION BETWEEN PLANNERS

The cooperation between distributed agents is based on
the coordination of the distributed planners within a
communication group: a group of UCAVs that can
communicate with each other without limitations during
the bounded time re-planning process.

Different cooperation schemes have been envisioned for
the ARTEMIS project. Few of them can be efficiently
controlled in order to guarantee a bounded time response
in all circumstances. The scheme that we selected is
based on a selection of propositions [9] [10] by a
planning coordinator within a communication group.
This type of method is not iterative and involves
basically two steps. The group coordinator initiates the
re-planning process. Each agent formulates a finite set of
propositions about the actions it could perform. The
coordinator selects a single proposition per agent such
that interaction constraints are satisfied and optimizes a
global criterion, at the group level. Further refinement are
possible if more time is available.

CONCLUSION

We have presented the ARTEMIS project, its current
status and the ongoing developments. Uncertainties are
partly taken into account, for instance via some
probabilities of kill or of survival. Beyond ARTEMIS, a
more thorough combination of constraint based planning
and a planning under uncertainty framework should be
studied in order to better address real world problems.
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Abstract

A future trend in the operation of spacecraft and other space
vehicles is the increasing system autonomy, also in the area
of mission planning. Increased autonomy leads to reduced
reaction times and more optimized usage of spacecraft
resources. It can also reduce the amount of human
interaction in ground based space operation centers.

The German Space Operations Center (GSOC) developed
and used its own ground based mission planning system
since several years. In a next step a system will be
developed to allow mission planning on-board of a
spacecraft. The Autonomous On-board Mission Planning
System (AOMPS) should demonstrate the possibility to
autonomously plan activities and react in changing
environments during the mission (real-time replanning).
First usage is planned for BayernSat, a technology
demonstration satellite developed by Technische Universitat
Munchen.

Development Background

Spacecraft operations are increasingly autonomous
operations. On-board autonomy in terms of mission
planning is mainly driven by the available on-board data
processing capabilities. Current spacecraft systems are
equipped with processor power in the range of up to
approx. 100 MHz and several tens of MB of RAM.
Mission planning needs exponentially growing computing
power with each added degree of freedom. The availability
and usage of better hardware components for spacecraft
on-board data processing is therefore mandatory to allow
for higher processing capabilities in orbit, a basic
prerequisite for the usage of a mission planning software
like AOMPS.

BayernSat (developed and built by the Technische
Universitdt Minchen) as a technology demonstration
satellite offers the possibility to develop and test an
autonomous on-board mission planning system. A
PowerPC will be used on-board with planned 800 MHz
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(1800 MIPS) processing power and approx. 256 MB of
RAM. The satellites orbit is a low earth orbit without any
on-board propulsion. During its lifetime the telepresence
technique is demonstrated by sending live video streams
down to earth. A portion of the available PowerPC
computing power is not used by the satellite and a
therefore available to the AOMPS.

Development of AOMPS will be based on the existing
GSOC mission planning tools. The software has been
developed since the 90’s. Tool development was driven
and accompanied by the feedback from operational usage
during different missions. MIR97, GRACE and SRTM are
examples for successful prepared and planned missions.
The mission planning system consists mainly of different
tools for activity modeling (PINTA), activity scheduling
(PLATO) and visual publication of the planned activities
(TimOnWeb). Mission planning with these different parts
of software has been done on ground during mission
preparation and during the mission itself. Common to all
these missions is the relatively high involvement of ground
operations staff for planning. Autonomous working on-
board software can reduce the needed staff, decrease
reaction time and increase spacecraft resource utilization.

Autonomous On-Board Mission Planning
System Development

With the background of higher processing capabilities on
BayernSat and the experience with the actual GSOC
mission planning system the aim is to develop as far as
possible an autonomous on-board mission planning
system. Because the satellite uses RTEMS as the operating
system (OS) for the PowerPC boards the software will also
be developed for this OS. C or C++ will be the used
programming language which should allow for easily
porting the software to other OS. Development for a real
time operating system as RTEMS is should also reduce the
programming overhead to a minimum. Based on past
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experience not more than 5 MB of on-board satellite
memory should be needed for AOMPS.

The planning process of the software could be split into
system planning and payload planning. An example for a
system planning activity is charging of batteries or the
desaturation of reaction wheels. Payload related activities
focus on the operation of the spacecrafts payloads. This
may include heating or cooling of an instrument and
positioning of the satellite in advance to the imaging
opportunity. Distinction between system and payload
related activities are not each time possible as shown in the
last example. It includes also system activities as changing
attitude by usage of thrusters or reaction wheels.

The focus of the BayernSat on-board planning software is
primary on payload activity planning. This focus has been
selected to allow for a staggered approach due to security
issues of the satellite.

In difference to conventional planning systems the on-
board planning system should be capable to react on
planning relevant events in real time within some seconds
after occurrence of the triggering event.

As an example, a data take should be replanned
automatically if the instrument sends an error status or the
satellite batteries are discharged and not able to support a
payload operation. Another problem often experienced in
earth observation missions with optical sensors is the
problem of cloud coverage. This event can also trigger the
real time replanning process of the system.

To realize mission planning in advance and intelligent real-
time reaction on changing environmental (mission
planning) conditions its necessary to have the planning
software integrated in the other on-board software
packages. In principle this means to get all the required
system and payload status data. On the other site it’s
necessary to have an interface to command the satellite in
order to execute the planned activities.

Communication Command
Interface Interface

A

A

Send Satellite Commands &
Mission Planning Data/Status
A 4

Autonomous On-Board Mission
Planning Software

A A

Read Status &
Attitude Data

System & Payload Attiude Control

Monitoring

Figure 1: Principle integration of an on-board mission
planning system

Figure 1 depicts the principle integration approach used for
integration of AOMPS into the on-board software of
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BayernSat. The software is integrated into the other
software additionally to make conventional operation
modes possible. AOMPS receives monitoring data for
payload and system. Attitude data is received from the
attitude control software. All the information is used by the
software to determine the health status of the satellite and
derive adequate changes in activity planning.

Besides receiving status information from satellite it also
necessary to send commands to the satellite. As for normal
ground based commanding a layer of abstraction is used
for security reasons. Commands from ground are received
by the command interface and processed. This interfaces
checks validity of commands and executes them only if
possible. The autonomous mission planning agent also
uses this interface. This reduces the risk of causing satellite
bus and payload failures by directly sending commands to
the hardware. Also command execution information is
received via this interface.

All data exchange with the ground is done with help of the
communication interface. The mission planning software
uses this interface for downlink of satellite status
information and results of the activity execution (e.g.
images or other payload data). Also information about the
mission planning software itself is send down to ground.
This allows for analysis of the software function.
Operation of AOMPS is optional and can be switched on
and off during mission.

Conclusion

System development has been started beginning 2005
together with the satellite project BayernSat. The
satellite offers a unique capability due to its
technology demonstration approach and computer
performance. Nevertheless reliability and on-board
interface definition needs special attention during
software development. Therefore a staggered
approach has been chosen for AOMPS, allowing the
software to be operated optionally and with different
stages of autonomy. Software will be developed in the
C or C++ language for RTEMS as the satellites
operating system. It is assumed that the software code
for AOMPS needs less than 5 MB of the satellites on-
board memory.
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