Contributions

o formalism for multi-objective probabilistic planning: MOSSP

e heuristic search algorithms for solving MOSSPs: (lMOLAO",
MOLRTDP

e new MOSSP heuiristics
e assumptions for convergence of MOVI for MOSSPs

o A multi-objective stochastic shortest path problem (MOSSP) is a tu-
ple (9, sy, G, A, P,C') where:
» S is a finite set of states
» 5o IS an initial state
» G C S'is a set of goal states,
» A is a finite set of actions,
» P(s'|s,a) is the probability of reaching s’ after applying action a in s, and
» Cla) € R%, is the n-dimensional vector representing the cost of action a.

e generalises planning problems to involve:

1. multiple objectives (MO)
2. stochastic actions (SSP)
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Heuristic Search

e heuristic search powerful for (optimal) planning
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e heuristic search algorithms:

SO MO
A*, BiA* etc. NAMOA*
(I)LAO*, LRTDP etc. ()MOLAO*, MOLRTDP

determinstic
stochastic
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Algorithm: IMOLAO*

Data: MOSSP problem P = (S, s0,G, A, P, 6), heuristic H, and

consistency threshold ¢

1 VH T+ 0; F<{so}; I+ 0; N+ {so}
2 while (FNN)\ G # 0) A (maxsen res(s) < €) do

3 | F=10
// Step 1.

4 N < postorderTraversal DFS(sy, IT)
// Step 2.

5 for s € N in the computed order do

// Step 3.
II(s) = getActions(s, V)

I =1U{s}

10 return V

V(s) < BellmanBackup(s)

if s¢ I then F=FU{s};

3

1. collect states NV of the current best partial
solution II in postorder traversal DFS order

2. run MO Bellman Backups once on each
state in the collected order

3. update new current partial solution IT; go to
1. and repeat until covergence criteria met

Algorithm: MOLRTDP
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Data: MOSSP problem

P = (8,s0,G, A, P,C), heuristic H,
and consistency threshold ¢

procedure MOLRTDP(P,c,H)
V+H
while —sg.solved do

visited < ()
S < So
// Step 1.
while —s.solved do
visited. push(s)
if s € G then break ;
V(s) + BellmanBackup(s)
a < sampleUnsolvedGreedyAction(s)
s <— sampleUnsolvedNextState(s, a)

// Step 2.
while —wisited.empty() do
s + wvisited.pop()
if —checkSolved(s) then break ;

| return Vv
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routine checkSolved(s)
v < true; open < 0; closed <
if —s.solved then open.push(s) ;
// Step 2.1.
while —open.empty() do
s < open.pop()
if res(s) > ¢ then
v < false
continue

for a € getActions(s, V) do
for s’ € successors(s,a) do
if —s’.solved A s’ & open U closed
then open.push(s’) ;

// Step 2.2.a.
if rv then for s € closed do
s.solved = true ;
// Step 2.2.b.
else
while closed # 0 do
s + closed.pop()
V(s) + BellmanBackup(s)

return rv

1. random greedy walk to the goal on

unsolved states if possible, while performing

backups along the way

2. update if states are solved in reverse order
of the trialled walk using checkSolved; go to 1.

and repeat until s is solved

2.1. collect all greedy ancestor states of s
under the current partial solution

2.2.a. if ancestor state values have
converged, set state and ancestors as solved

2.2.b. else run backups on the state and all its
ancestors

MOSSP heuristics

» MOSSP heuristic for a state is a finite set of vectors H(s) C R%,

e H is an admissible heuristic if Vs € S\ G, for all v € V*(s) there ex-
ists « € H(s) such that « < v where V* is the optimal value function,
and Vg € G, H(g) = {0}.

Domain independent MOSSP heuristics

» no heuristic: the zero heuristic defined by He/(s) = {0}
e can leverage (stochastic) SO heuristics

- apply an SO heuristic h; to each objective in isolation, resulting in
a single vector: Higea/(s) = {[h1(s), ... ha(s)]}

e can leverage (deterministic) MO heuristics

- construct determinised problem by replacing each probabilistic ef-
fect with a deterministic action

e can use abstraction heuristics
- combine values from solving smaller projections of the problem
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Experimental results

5 planners, 10 heuristics, 7 domains, 610 problems;
5 x 10 x 610 = 30500 possible experimental configurations
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