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Abstract

In many planning problems there are non-deterministic ac-
tions for which the outcome cannot be fully controlled by the
planning agent. For critical tasks, we need to find a strategy
that achieves the goal within a predictable time-frame and/or
cost. Thus, we consider an adversarial planning setting and
compute optimal policies that optimize the worst-case cost to
reach the goal.
In this work, we introduce domain-independent optimal
heuristic search algorithms for this adversarial setting. To
guide the search, we show how to leverage classical plan-
ning heuristics by applying single-outcome determinization.
We also generalize dominance techniques, that analyse when
a state is as good as another, to the non-deterministic setting
and apply them to prune the search space. Our experimen-
tal analysis shows that both methods greatly help to compute
optimal policies across multiple domains.

Introduction
Fully Observable Non-Deterministic (FOND) planning, is a
well-established research area that concerns finding a pol-
icy to reach the goal in environments where actions taken by
the agent may have multiple outcomes (Daniele, Traverso,
and Vardi 1999; Cimatti et al. 2003). A common objective
is to find strong cyclic policies that guarantee to reach the
goal under the fairness assumption (if an outcome is possi-
ble infinitely often, then it happens infinitely often). There
are plenty of domain-independent approaches to compute
such a policy by leveraging a compact description of the en-
vironment (Younes and Littman 2004), e.g., based on deter-
minization (Kuter et al. 2008; Muise, McIlraith, and Beck
2012, 2024). However, none of these approaches optimize
the cost to reach the goal.

An option to do so, is to find the policy with minimal ex-
pected cost to reach the goal (Bertsekas and Tsitsiklis 1991),
which has also been extensively studied (Hansen and Zilber-
stein 2001; Trevizan, Thiébaux, and Haslum 2017; Klößner
et al. 2022b,a). However, this still requires to assume fair-
ness, and a known probability distribution over the outcomes
of the actions. Furthermore, in critical applications optimiz-
ing the expected cost may not be enough. In some cases,
we may be dealing with adversarial agents manipulating the
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outcomes and thus preventing us from ever reaching the goal
(e.g., if we are playing a zero-sum game). In other cases,
even if the environment is not entirely adversarial, we may
want guarantees on what is the worst-case cost to reach the
goal. Cyclic policies, such as the ones found by FOND or
probabilistic planners have an unbounded worst-case cost,
so they are not desirable in such applications.

In this paper, we consider Adversarial FOND, the prob-
lem of finding a policy that minimizes the worst-case cost to
reach the goal. This means that we do not assume fairness,
and instead we want strong acyclic policies, i.e., that guar-
antee reaching the goal without passing twice over the same
state, no matter the non-deterministic outcomes. This setting
has barely been studied in the planning literature. The only
exception is the work by Bonet and Geffner (2005, 2006),
which introduced the Learning Depth-First Search (LDFS)
framework; a general algorithm that can be applied to multi-
ple settings and generalizes several classical algorithms such
as IDA∗ for deterministic settings (Korf 1985), or Alpha-
Beta search for games (Plaat et al. 1996). They show that
Bounded LDFS is able to find optimal policies for the ad-
versarial setting we consider. Out setting is also similar to
that of 2-player quantitative reachability games (Brihaye,
Bruyere, and Pril 2010). Yet, no domain-independent meth-
ods have been proposed to leverage access to a compact de-
scription of the environment in this setting.

We fill this gap in two different ways. First, we consider
how to compute heuristics in this setting using determiniza-
tion. Besides the well-known all-outcome determinization,
which is often used in probabilistic planning (Keller and Ey-
erich 2011), we show that in this setting we can use single-
outcome determinization to produce more informative, and
still admissible, heuristics. Second, we introduce dominance
pruning techniques that can reduce the search space by elim-
inating alternatives that are dominated by others. In classical
planning, which is fully observable and deterministic, so-
called dominance analysis techniques (Hall et al. 2013; Tor-
ralba and Hoffmann 2015) have been used to analyse when
one state is at least as good as another. We extend those tech-
niques to the adversarial non-deterministic setting and use it
to prune the search space. Our results show that both tech-
niques can be used to significantly improve the performance
of heuristic search algorithms to find optimal policies.
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Background
We start by defining non-deterministic planning tasks,
whose semantics are described by non-deterministic labelled
transition systems.

Definition 1. A non-deterministic labelled transition system
(NDLTS) is a tuple Θ = (S,LA, LO,L, T, s0, SG, c) where

1. S is a set of states;
2. LA, LO are sets of action labels and outcome labels, re-

spectively;
3. L : LA → (2LO \ ∅) is a function mapping action labels

to a non-empty set of outcome labels;
4. T ⊆ S × LA × 2LO×S is a set of transitions, satisfying

for each (s, ℓ, O) ∈ T :

(a) ∀(s, ℓ, O′) ∈ T : O = O′, and
(b) ∀o ∈ L(ℓ) : ∃!(o, s) ∈ O;

5. s0 ∈ S is an initial state;
6. SG ⊆ S is a set of goal states;
7. c : LA ∪ LO → N is a cost function over the labels,

satisfying
(a) ∀ℓ ∈ LA : ∀o ∈ L(ℓ) : c(ℓ) + c(o) > 0

The justifications for the restrictions are as follows. 4a en-
sures that there is at most one transition with a given action
label per state. This simplifies some definitions and avoids
confusion with different types of non-determinism. 4b simi-
larly ensures that there is exactly one outcome for each out-
come label associated to the action label in a transition. 7a
ensures that there are no zero cost transitions. This is not a
strictly necessary requirement as long as there are no zero-
cost cycles, but it also makes the definitions easier. However,
it requires non-trivial changes to allow for zero-cost cycles.

We write s ⇒ℓ O whenever (s, ℓ, O) ∈ T and further
s →ℓ,o s′ when (o, s′) ∈ O. We write s ̸⇒ when there
exists no transition from s.

The synchronized product of two non-deterministic
labelled transition systems over the same la-
bels and cost function is Θ ⊗ Θ′ = (S ×
S′, LA, LO,L, T ′′, (s0, s

′
0), S

G × SG′, c), where
((s, s′), ℓ, O′′) ∈ T ′′ iff ∃(s, ℓ, O) ∈ T, (s′, ℓ, O′) ∈
T ′ : O′′ = { (o, (s′′, s′′′)) | (o, s′′) ∈ O ∧ (o, s′′′) ∈ O′ }.
Intuitively, the transitions in each transition system need to
match both on the action label and the outcome labels.

Definition 2. A factored non-deterministic planning task
(FNDPT) is a tuple of non-deterministic labelled transition
systems T = (Θ1, . . . ,Θn) over the same labels LA, LO

and cost function c. The state-space of a planning task is
given by the synchronized product of all transition systems,
ΘT = Θ1 ⊗ · · · ⊗Θn. A state of the state-space thus corre-
sponds to a tuple of states for each factor, i.e. (s1, . . . , sn).

An example FNDPT can be seen in Figure 1. We choose
this formalism as it is a better fit for the dominance analysis.
It has been previously used in classical planning (Helmert
et al. 2014; Torralba and Sievers 2019; Büchner et al. 2024)
and for stochastic shortest paths problems (Klößner et al.
2023). Often in FOND planning a SAS+ FOND task repre-
sentation is used (Muise, McIlraith, and Beck 2012). This
representation is easily translatable into a FNDPT.

Definition 3. A strategy is a function π : S ⇀ T that maps
states to a transition that is applicable in that state. A strat-
egy is complete if it is defined for all states and partial oth-
erwise. A strategy is closed for s if it is defined for s and for
any state reachable from s under the strategy.

A strategy is strong if all choices of non-deterministic out-
comes lead to a goal state. In this paper we consider adver-
sarial non-determinism. By this, we consider that the out-
comes are chosen by an adversarial player that tries to max-
imize the cost of reaching a goal state. Therefore, the non-
determinism is unfair and thus if any sequence of outcomes
results in a cycle, the strategy will not guarantee to reach the
goal. We therefore require acyclic strategies.

The solution to adversarial non-deterministic planning
tasks are described by the Bellman equation (Bellman 1957)

V (s) =


0 if s ∈ SG

∞ if s ̸⇒
mins⇒ℓO c(ℓ) +QV (O) otherwise

,

where QV (O) = max(o,s′)∈O c(o) + V (s′). There is a
unique minimal solution to this equation V ∗ (allowing for
∞ value). An optimal solution to our problem is a strong
closed acyclic strategy that achieves this value for the initial
state. The value of a strategy V π(s) is given by replacing the
mins⇒ℓO operator by the choice of the policy, and ∞ when
there is no (applicable) choice defined.

Observe that, for a policy to be optimal, it is enough to
achieve the optimal value for the initial state. This means we
do not compute an optimal solution for all reachable states,
only that the cost of any run does not exceed the value of
the initial state. The same holds for other algorithms, like
alpha-beta pruning for the minimax algorithm (Russell and
Norvig 2020). This can potentially save considerable search
effort when concerned about the worst-case. Sometimes, the
worst-case cost must be paid in any case, and thus not im-
portant to be optimal in non-worst-cases. It can also be used
to determine the required worst-case cost, so that you can
guarantee to be within this cost, and then afterwards try to
improve the remaining strategy as much as possible within
the allowed time, or as part of an online planning procedure.

The BLDFS algorithm can be used to solve this prob-
lem (Bonet and Geffner 2005, 2006). The algorithm works
by maintaining for each seen state a lower bound V (s)
and an upper bound U(s) for the true value V ∗(s). It then
performs a depth-first search from the initial state within
the bound V (s0), attempting to find a solution within that
bound. During backtracking, it updates either the upper or
lower bound for each state. If no solution is found within the
bound, V (s0) is increased to at least V (s0) + 1. Eventually
V (s0) = V ∗(s0) and an optimal solution will be found.

Heuristics for Adversarial Planning
To our knowledge, no research has been done on heuris-
tics for this type of planning task. We propose to use single
outcome determinization to utilize deterministic heuristics.
Let d : LA → LO be a determinization function, mapping
each action label to a single outcome, s.t. d(ℓ) ∈ L(ℓ). This
induces the labelled transition system Θd over the labels
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(b) Package factor. The ’drive’ action is not
shown, but it is a self loop everywhere.
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(c) Dominance hierarchy of Package factor. For
Truck there is no dominance. The transitive clo-
sure is the full dominance, e.g. PU ⊑ PA.

Figure 1: Planning task (1a and 1b) of a logistics example with a truck that has to deliver a package from either location A or
C to location A. The ’place’ action has two outcomes, placing the package either at A or C. In the truck factor these outcomes
have the same target, so we do not show them explicitly. In 1c the label-dominance relation for the package factor is shown.

L = { (ℓ, d(ℓ)) | ℓ ∈ LA } and with c((ℓ, o)) = c(ℓ) + c(o).
We can then use any classical planning heuristic on Θd to
obtain heuristic values for Θ.

Theorem 1. Let Θ be a NDLTS, d : LA → LO be a de-
terminization function and h : S → N0 be an admissible
classical planning heuristic for Θd. h is also an admissible
heuristic for Θ.

Proof. Let V ∗
Θd(s) be the optimal goal distance for Θd.

Since h is admissible for Θd, h(s) ≤ V ∗
Θd(s). We show that

V ∗
Θd(s) ≤ V ∗

Θ(s). By definition, QV always selects the max-
imum outcome, therefore, removing outcomes cannot in-
crease the QV value, which means V ∗ cannot increase.

A heuristic is consistent, also called monotone, whenever
∀s ⇒ℓ O : h(s) ≤ c(ℓ) + max(o,s′)∈O c(o) + h(s′).

Theorem 2. Let Θ be an NDLTS, d : LA → LO a deter-
minization function and h : S × N0 a consistent classical
planning heuristic for Θd. h is a consistent heuristic for Θ.

Proof. Let d(ℓ) = o and (o, s′) ∈ O, then c(ℓ) + c(o) +
h(s′) ≤ c(ℓ) + max(o′,s′′)∈O c(o′) + h(s′′).

Importantly, the determinization distributes over synchro-
nized product, and thus we can do the determinization on a
per-factor basis for the planning task.

Adversarial Dominance
A dominance relation is a relation over states that describes
when one state is better than another in terms of V ∗-value.

Definition 4. A dominance relation is a state relation ⊑⊆
S × S such that s ⊑ t only if V ∗(t) ≤ V ∗(s).

A dominance relation is a very general structure, and com-
puting the maximum dominance relation requires solving
the planning task. Therefore, we consider an approximate
inference method based on state-space analysis using simu-
lation relations. The core idea is that s ⊑ t if t can perform
plans that are at least as good as the ones s can perform.
Similar simulation relations have been used in reduction of
non-deterministic Büchi automata (Fritz and Wilke 2005).

The intuition is that a state t simulates s, if for every
transition available from s, t has a corresponding transition

that is at least as good. Additionally, a non-goal state can-
not dominate a goal state. Since the outcomes of the tran-
sitions are not controlled, we need that all outcomes of the
t-transition have an outcome of the s-transition that it is at
least as good as. This ensures that the worst outcome of the
t-transition is at least as good as the worst outcome of the
s-transition.
Definition 5. Let R ⊆ S × S be a state relation and ⪯⊆
(LA ×LO)× (LA ×LO) be a label-outcome-pair relation.
R is a ⪯-game-simulation relation if whenever s R t then
(i) s ̸∈ SG ∨ t ∈ SG and (ii)

∀s ⇒ℓ O : ∃t ⇒ℓ′ O
′ : ∀(o′, t′) ∈ O′ : ∃(o, s′) ∈ O :

(ℓ, o) ⪯ (ℓ′, o′) ∧ s′ R t′

The label-outcome-pair relation describes which com-
binations of action labels and outcome labels we can al-
low substituting for each other. When considering the en-
tire state space, we can use the cost relation, i.e. (ℓ, o) ⪯c

(ℓ′, o′) ⇐⇒ c(ℓ′) + c(o′) ≤ c(ℓ) + c(o). This simulation
ensures that t has a strategy that is at least as good as the
one of s. When all outcomes of a transition ta dominate one
outcome of tb, we say that the transition ta dominates tb.
Theorem 3. Let ⪯ be a label-outcome-pair relation s.t. ⪯ ⊆
⪯c and ⊑ be a ⪯-game-simulation relation. Then, ⊑ is a
dominance relation.

Proof. We show that s ⊑ t implies V ∗(t) ≤ V ∗(s). Let π be
a complete optimal strategy. If V ∗(s) = ∞, there is nothing
to prove. If V ∗(s) is finite, we prove by strong induction
on V ∗(s) = n. The induction hypothesis is P (n) = ∀s ∈
S : V ∗(s) ≤ n =⇒ (s ⊑ t =⇒ V ∗(t) ≤ V ∗(s)).
Base case (P (0)): s is a goal state, and by (i) of Definition
5 so is t, thus 0 = V ∗(t) ≤ V ∗(s) = 0. Inductive case
(P (n) ⇒ P (n + 1)): Let s ∈ S be any state with V ∗(s) ≤
n+1. If V ∗(s) ≤ n then P (n) already covers it. If V ∗(s) =
n + 1 we apply (ii) of Definition 5. Let π(s) = s ⇒ℓ O,
we then know there exists t ⇒ℓ′ O′ with (o′, t′) ∈ O′ that
maximizes c(o′) + V ∗(t′) and there exists (o, s′) ∈ O s.t.
(ℓ, o) ⪯ (ℓ′, o′) and s′ ⊑ t′. Since c(ℓ)+c(o) ≥ 1, V ∗(s′) ≤
n and by P (n) we have V ∗(t′) ≤ V ∗(s′). Since ⪯ ⊆ ⪯c,
we have V ∗(t′) + c(ℓ′) + c(o′) ≤ V ∗(s′) + c(ℓ) + c(o),
and thus c(ℓ′) + Q∗

V (O
′) ≤ c(ℓ) + Q∗

V (O) and since π is
optimal, we have V ∗(t) ≤ V ∗(s).
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There exists a unique maximum ⪯-game-simulation for
an NDLTS, and it can be computed in polynomial time.
However, computing this on the entire state-space is infeasi-
ble. The state-space of the planning task is exponential in the
size of the planning task. Thus, we consider approximations
which are computed on the factors of the planning task.

Factored Computation
We want to compute dominance relations on the factors of
the planning task in such a way that they compose into a
dominance relation for the entire state-space. The main chal-
lenge is dealing with the effects of actions in the other fac-
tors, i.e. reasoning about whether applying an action will
also lead to a better state in the other factors, without know-
ing the exact state in those factors.
Definition 6. Let ⊑ be a dominance relation for Θ. A
label-outcome-pair (ℓ′, o′) dominates another (ℓ, o) in Θ if
(ℓ, o) ⪯c (ℓ

′, o′) and ∀s →ℓ,o s′ : ∃s →ℓ′,o′ s
′′ : s′ ⊑ s′′

Intuitively, a label-outcome-pair dominates another in a
factor if in all states where the other is applicable this is
also applicable and leads to a just as good state. The point
being, in this factor this label-outcome is just as good. We
say ⪯ is a label-outcome-pair dominance relation w.r.t. ⊑ if
(ℓ, o) ⪯ (ℓ′, o′) only if (ℓ′, o′) dominates (ℓ, o) w.r.t. ⊑.

Consider a planning task T = (Θ1, . . . ,Θn). When com-
puting dominance in a factor, we are interested in label-
outcome-pair dominance for all other factors. Therefore, we
denote by ⪯i the label-outcome-pair dominance relation for
factor i and by ⪯ī=⪯c ∩

⋂
j ̸=i ⪯j the intersection of label-

outcome-pair dominance of all other factors than i. We de-
note by ⊑i a dominance relation for factor i. We call a tuple
of ⪯ī-dominance relations for each factor a factored domi-
nance relation and denote it by (⊑i)

n
i=1. We define the com-

position of two relations R ⊆ S × S and R′ ⊆ S′ × S′ as
((s, s′), (t, t′)) ∈ (R⊗R′) iff (s, t) ∈ R and (s′, t′) ∈ R′.
Theorem 4. Let T = (Θ1, . . . ,Θn) be an adversarial
planning task, ⊑1, . . . ,⊑n and ⪯1, . . . ,⪯n be relations s.t.
⊑i is a ⪯ī-game-simulation relation and ⪯i is a label-
outcome-pair dominance relation w.r.t. to ⊑i. The relation
⊑1 ⊗ · · ·⊗ ⊑n is a dominance relation for T .

Proof. We prove this by induction on the composed rela-
tions so far. Let 1 ≤ k ≤ |T | be the number of factors
we have composed so far. Let Θ1,...,k = Θ1 ⊗ · · · ⊗ Θk,
⊑1,...,k=⊑1 ⊗ · · ·⊗ ⊑k, and ⪯1,...,k=⪯c ∩

⋂
i>k ⪯i.

The induction hypothesis is: ⊑1,...,k is a ⪯1,...,k-game-
simulation for Θ1,...,k. Base case (k = 1): Trivial, since
⪯1̄⊆⪯c. Inductive case: In the following, we will use the
shorthand α = 1, . . . , k and β = k + 1. We show that
⊑α,β is a ⪯α,β-game-simulation for Θα,β according to Def-
inition 5. For (i), since a state is only a goal state if it is
in all factors, this is preserved. For (ii), let s ⊑α,β t and
s = (sα, sβ), t = (tα, tβ). In Figure 2 a visualization of
this part of the proof is shown. The numbers refer to dif-
ferent parts of the visualization. We must show that for all
transitions of s there is a transition of t that dominates it. (1)
s ⇒ℓ O implies that sα ⇒ℓ Osα and sβ ⇒ℓ Osβ . From
the induction hypothesis, and by (ii) of Definition 5, this

sα tα

Osα Otα O′
tα

s′α

t′α

t′′α

t′′′α

sβ tβ

O′
sβOsβ Otβ

s′β

s′′β

s′′′β

t′β

ℓ ℓ′
ℓ′′

o o′

o′′′
o′′

ℓ
ℓ′ ℓ′′

o o′

o′′′
o′′

⊑

⊑
⊑

⊑

⊑
⊑

Figure 2: Proof diagram for Theorem 4. The states are
named as in the proof. The diagram is coloured s.t. black
is part (1), blue is part (2) and red is part (3).

means there exists tα ⇒ℓ′ Otα that is better in Θα. Since
tα ⇒ℓ′ Otα is at least as good, there exists some (o, s′α) ∈
Osα for all (o′, t′α) ∈ O s.t. s′α ⊑ t′α. Now, (2) since ⊑α

is a ⪯ᾱ-game-simulation, this means that (ℓ′, o′) dominates
(ℓ, o) in Θβ . Therefore, sβ has a transition with label ℓ′,
sβ ⇒ℓ′ O′

sβ
, and the outcome o′ dominates the ℓ transi-

tion with outcome o. I.e., (o′, s′′β) ∈ O′
sβ

and (o, s′β) ∈ Osβ

and s′β ⊑ s′′β . Outcomes of an action are always the same,
so all outcomes of O′

sβ
dominate an outcome of Osβ . Now

we apply the game-simulation again. Since sβ ⊑ tβ there
must also be a transition tβ ⇒ℓ′′ Otβ , with some third label
ℓ′′, s.t. all outcomes dominate one outcome of O′

sβ
. (3) For

every outcome (o′′, t′β) of Otβ there is an outcome (o′′′, s′′′β )

of O′
sβ

that it dominates. By label-dominance we know that
in the other factors, every time there is an ℓ′ transition there
is an ℓ′′ transition, tα ⇒ℓ′′ O′

tα , in the same state where
the o′′ outcome dominates the o′′′ outcome. Since all out-
comes of Otα dominate some outcome of Osα , by transitiv-
ity, also all outcomes of O′

tα dominate an outcome of Osα .
Finally, this means that there is a transition tα,β ⇒ℓ′′ O′,
in the product system that dominates sα,β ⇒ℓ O, where
∀(o′, t′α,β) ∈ O′ : ∃(o, s′α,β) ∈ O : s′α,β ⊑ t′α,β , and that
(ℓ′′, o′) dominates (ℓ, o) in all factors greater than k+1.

In addition, we modify the planning task—when comput-
ing dominance—with a noop action. This action has cost 0,
one outcome and is a self-loop in all states. Clearly, this does
not affect the solution to the planning task, but it improves
the dominance analysis because it allows a state to not have
a response to a transition if it is already better than the tar-
get. Importantly, this modification is only used for comput-
ing dominance, and thus does not violate the assumption that
the search problem has no zero cost transitions. Consider
Figure 1b. Here, PT ⊑ PA because no matter the transi-
tion of PT , PA can simply choose noop and remain in the
good state. Without noop PA would not have a response to
PT →unload A PA, because it could only go to PT , which is
worse, or drive, which is not always better in the other fac-
tor. Figure 1c shows a table of the label-dominance relation
for the Package factor.
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It now remains how to compute these relations. We define
an update function δ((⊑i)

n
i=1) = (⊑′

i)
n
i=1, where n = |T |,

that removes for each factor i the pairs of ⊑i that do not
satisfy the condition in Definition 5 based on ⪯ī. Since ⪯i

is defined by ⊑i in Definition 6, we can recompute this after
each update to ⊑i.
Theorem 5. A unique maximum factored dominance rela-
tion (⊑i)

n
i=1 exists and it is the maximum fixed point of δ.

Proof. The set of factored dominance relations is exactly the
set of fixed points of δ. The function δ is monotone w.r.t.
the point-wise subset inclusion order on the dominance re-
lations, i.e. (⊑i)

n
i=1 ≤ (⊑′

i)
n
i=1 iff ∀1 ≤ i ≤ n : ⊑i ⊆ ⊑′

i.
Furthermore, the set of dominance relations with this or-
dering forms a finite complete lattice with the bottom ele-
ment (∅)ni=1 and the top element ⊤ = (Si × Si)

n
i=1. By the

Knaster-Tarski fixed point theorem (Tarski 1955), this means
that there exists a unique maximum fixed point of δ and that
it is the equal to (⊑∗

i )
n
i=1 = limk→∞ δk(⊤). Since the lat-

tice is finite, there exists k ∈ N s.t. (⊑∗
i )

n
i=1 = δk(⊤).

The algorithm for computing the factored dominance rela-
tion is simply to start with all state-pairs in the relation, and
then refining it until no more pairs can be removed. Since
there is a number of state-pairs quadratic in the number of
states in the factors, it can require at most a quadratic num-
ber of iterations. Checking each state-pair can be done in
polynomial time, and thus the algorithm runs in polynomial
time in the size of the planning task.

Pruning
We consider 4 different methods to prune the search space
using dominance relations. We describe the first 3 methods
by conditions for when transition s ⇒ℓ O can be pruned,

PruneSource : ∃(o, s′) ∈ O : s′ ⊑ s

PruneInit : ∃(o, s′) ∈ O : s′ ⊑ s0

PruneAction : ∃s ⇒ℓ′ O
′ ∈ T (s) : ∀(o′, s′′) ∈ O′ :

∃(o, s′) ∈ O : c(ℓ′) + c(o′) ≤ c(ℓ) + c(o) ∧ s′ ⊑ s′′

PruneSource prunes a transition if any of its outcomes
are dominated by the source state. PruneInit if any
of its outcomes are dominated by the initial state. And
PruneAction if another transition dominates it.

The last method does not prune the entire transition but
only outcomes. Therefore, we describe with a condition for
when an outcome (o, s′) ∈ O can be removed,

PruneOutcome : ∃(o′, s′′) ∈ O : c(o) ≤ c(o′) ∧ s′′ ⊑ s′

This method is quite different from the others as it prunes the
options of non-determinism. This means that in the pruned
transition system a closed optimal policy may not be closed
for the original transition system. For example, in Figure 1
we see that the outcomes of place in the package factor are
PA and PC . Since PC ⊑ PA, we can prune the outcome
(to A, PA). Now, in this case the outcome is already a goal,
so no more action is needed, but in general this could result
in no longer having a strategy for that state. We show later
how to construct a closed strategy in polynomial time.

Let Pruning be a pruning method and Θ′ the pruned
state space it induces on Θ after removing a single transi-
tion/outcome according to Pruning. We say that a pruning
strategy is optimal-value preserving if V ∗

Θ(s) = V ∗
Θ′(s) for

all states s reached by following some optimal policy.
Theorem 6. The pruning methods PruneSource,
PruneInit, PruneAction and PruneOutcome are
all optimal-value preserving.

Proof. Let Θ be an NDLTS and Θ′ be the pruned NDLTS
with the corresponding method. We prove that the V ∗-
value is preserved for all states when removing a transi-
tion/outcome of transition s ⇒ℓ O with (o, s′) ∈ O.
PruneSource: Since s′ ⊑ s ⇒ V ∗

Θ(s) ≤ V ∗
Θ(s

′), oth-
erwise V ∗

Θ(s) ≤ QV (O) + c(ℓ) and since c(ℓ) > 0, V ∗
Θ <

QV ∗
Θ
(O). Therefore, either s ∈ SG or there is a better transi-

tion. PruneInit: We know V ∗(s0) ≤ V ∗(s′) and thus this
state cannot possibly be part of an optimal solution, since we
do not consider 0-cost actions. PruneAction: We know
that there is another transition s ⇒ℓ′ O′ that is better. Let
(o′, s′′) ∈ O be the maximum outcome of that transition,
then there is (o, s′) ∈ O s.t. V ∗(s′′) ≤ V ∗(s′) and c(ℓ′) +
c(o′) ≤ c(ℓ) + c(o), therefore, c(ℓ′) + c(o′) + V ∗(s′′) ≤
c(ℓ) +max(o,s′)∈O c(o) + V ∗(s′), which means V ∗(s) will
not change by removing s ⇒ℓ O. PruneOutcome: In
this case, we do not remove s ⇒ℓ O but instead remove
outcomes from O, resulting in the transition s ⇒ℓ O′. Let
(o, s′) ∈ O be the outcome that maximizes c(o) + V ∗(s)
that is not in O′. Then there exists (o′, s′′) ∈ O′ and
c(o)+V ∗(s′) ≤ c(o′)+V ∗(s′′), thus (o, s′) is not the max-
imum outcome of O and QV ∗

Θ
(O) = QV ∗

Θ
(O′).

Corollary 6.1. Pruning several transitions/outcomes with
the pruning methods is optimal-value preserving.

Proof. The pruning method relies on the dominance rela-
tion for Θ, therefore we need to show that this is also a
dominance relation for Θ′. Looking at Definition 4, this is
guaranteed by the fact that the pruning methods are optimal-
value preserving.

The order in which the pruning is performed matters,
since PruneAction requires some other just as good ac-
tion to be left and PruneOutcome some other no better
outcome. If the transitions/outcomes are equally good, i.e.
they dominate each other, it is not clear which to remove. In
practice, we just remove the first in the order they appear.

Reconstructable Strategies
In this paper, we desire to reduce the search effort by pruning
parts of the state-space. Computing complete optimal strate-
gies requires having a strategy from every state in the state-
space, which is infeasible. Therefore, we consider closed
strategies, i.e. strategies that are defined for the initial state
and for all states reachable under the strategy. In this setting,
we can prune the state-space as long as it leaves an optimal
closed strategy. However, even a full closed strategy can be
bigger than wanted. Therefore, we also consider more com-
pact representations, where we only require that the strategy
for a state can be computed in polynomial time.
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We call a sequence of action-outcome labels ((ℓi, oi))mi=1
a trace of s0, if there exist si−1 →ℓi,oi si for all 1 ≤ i ≤ m.
We say the trace ends in sm. A trace under a strategy is a
trace where the transitions agree with the strategy.

Definition 7. An algorithm A is a polynomial-time con-
structor of a complete strategy πc if given any trace of s0
under πc resulting in state s, πc(s) is computed by A in poly-
nomial time in the size of the planning task and the trace.

The pruning methods PruneSource and PruneInit
only prune transitions that can never be part of an opti-
mal strategy, PruneAction only prunes transitions where
an at least as good alternative exists. Therefore, these
methods preserve a closed optimal strategy. However, the
PruneOutcome method prunes the non-deterministic
outcomes, and thus might prune states reachable under the
optimal policy.

Lemma 7. Let ⊑ be a ⪯c-game-simulation and s, ŝ ∈ S be
states such that s ⊑ ŝ and π a partial strategy s.t. π(s) is
defined. There exists a strategy π̂ with Vπ̂(ŝ) ≤ Vπ(s) where
the value of π̂(ŝ) is computable in polynomial-time in the
size of the planning task given π, s and ⊑.

Proof. If ŝ is a goal state, there is nothing to do. Otherwise,
let π(s) = s ⇒ℓ O. Since s ⊑ ŝ, ŝ must have a transition
ŝ ⇒ℓ̂ Ô that dominates s ⇒ℓ O. We find this transition
by looking in the dominance relation for a transition where
all outcomes dominate one outcome of the other. This must
exist, otherwise we could not have s ⊑ ŝ. Now, we need to
choose the transition that minimizes c(ℓ̂)+max(ô,ŝ′)∈Ô c(ô),
which will ensure that Vπ̂(ŝ) ≤ Vπ(s). We then let π̂(ŝ) =
ŝ ⇒ℓ̂ Ô. Since there is only polynomially many transitions
of a state, this can be done in polynomial-time.

Theorem 8. Let ⊑ be a ⪯c-game-simulation on Θ, Θ′ be
the result of pruning outcomes with PruneOutcome, and
let π be a closed optimal strategy for Θ′. There exists an
algorithm A⊑,π that is a polynomial-time constructor of an
optimal strategy for Θ.

Proof. We provide the algorithm A⊑,π by describing how
to compute a strategy πc. By Lemma 7, with a dominated
state for which π is defined we can compute πc(ŝ) in poly-
nomial time for any state ŝ. Therefore, we just need to
compute this state. Let ((ℓi, oi))

m
i=1 be the trace from s0

that ends in ŝ. We prove by induction on the length of
the trace, with induction hypothesis P (m): for any trace
((ℓi, oi))

m
i=1 of length m we can compute in polynomial

time a state sm s.t. π(sm) is defined, sm ⊑ ŝm and
Vπ(sm) ≤ V ∗(s0) −

∑
i≤m c(ℓi) + c(oi). Base case (m =

0): The trace is empty, so s0 = ŝ0 trivially holds. Inductive
case (P (m) ⇒ P (m+ 1)): From sm we show how to con-
struct sm+1. We look at the strategy π(sm) = sm ⇒ℓ O,
and find an outcome (o, sm+1) ∈ O s.t. sm+1 ⊑ ŝm+1 and
c(ℓm+1) + c(om+1) ≤ c(ℓ) + c(o). This exists since ⊑ is
a ⪯c-game-simulation and PruneOutcome only prunes
outcomes that dominate another outcome. Since π is closed
for Θ′ then π(sm+1) is defined. Since π is optimal and by
P (m), we know that Vπ(sm+1) + c(ℓ) + c(o) ≤ Vπ(sm) ≤
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Figure 3: Comparison of LMCut in all outcome determiniza-
tion with (y-axis) and without (x-axis) dominance pruning.

V ∗(s0)−
∑

i≤m c(ℓi)+ c(oi). Since c(ℓm+1)+ c(om+1) ≤
c(ℓ) + c(o) then Vπ(sm+1) ≤ V ∗(s0) − (

∑
i≤m c(ℓi) +

c(oi))− c(ℓm+1)− c(om+1). This proves the induction.
Finally, given sm we compute πc(ŝm) by the method

of Lemma 7. Since Vπc(ŝm) ≤ Vπ(sn) ≤ V ∗(s0) −∑
i≤m c(ℓi) + c(oi), πc is optimal.

Experiments
In this section, we provide an experimental analysis of the
pruning techniques and the outcome determinization tech-
nique developed in this paper. We structure this section into
the following research questions (RQ). RQ1: Which of the
four pruning techniques are best?. RQ2: What is the effect
of different choices for the single-outcome determinization?
RQ3: What is the effect of using dominance pruning?

We implemented the BLDFS algorithm on top of probFD
(Steinmetz, Hoffmann, and Buffet 2016), an extension of
Fast Downward (Helmert 2006) for probabilistic planning.
The code and experimental data is publicly available (Tol-
lund and Torralba 2025). We use Lab (Seipp et al. 2017) to
run the experiments on AMD EPYC 7642 CPU with 30 min.
time limit and 10 GB memory limit in Ubuntu 22.04.5.

Unfortunately, there exists no benchmark set for this set-
ting. We therefore use benchmarks from FOND planning,
specifically from the PR2 planner (Muise, McIlraith, and
Beck 2024), and assume unit cost for all actions, and only
use those with a strong acyclic policy. However, these are of
poor quality. Most domains are simply deterministic prob-
lems where there is an added outcome that either does noth-
ing or somehow ”kills” the agent. This means that these ac-
tions are trivially unusable in our setting. Therefore, we con-
tribute two new domains.

Food Delivery, inspired by Figure 1, is a domain where
a food delivery person needs to deliver food to the customer
within a time-limit. If the food does not arrive within the
time-limit, it is free, so the customer chooses the restaurants
to maximize the time it takes to deliver the food. The agent
requests a new order and the non-deterministic outcome is
which restaurant the order will be from.

Network Router Update, is a domain where the agent
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Pruning Method Act Init Out Sou No Pruning Prune by Outcome & Source
Heuristic Blind Blind LMCut Blind LMCut
Outcome det. All First Last Rand All First Last Rand

blocksworld-ex (15) 4 4 4 4 4 4 4 4 4 4 4 4 4 4
elevators (16) 10 10 10 10 10 10 10 10 10 10 10 10 10 10
islands (60) 50 51 51 51 51 50 50 60 48 51 50 50 60 51
miner (51) 23 11 20 41 11 25 27 51 32 41 43 44 47 47
rectangle-tireworld (30) 16 16 16 16 28 28 28 28 28 16 16 16 16 16
st-tireworld (14) 12 12 12 12 12 12 12 12 12 12 12 12 12 12
tireworld-truck (74) 58 58 58 58 58 73 74 72 73 59 73 74 72 72
triangle-tireworld (40) 6 6 39 6 6 6 6 6 6 37 39 39 39 38
network-update (858) 318 283 290 329 283 299 386 300 361 341 353 395 355 395
food-delivery (90) 37 62 62 62 62 51 51 48 48 62 50 49 47 50
Weighted Total 9.9 9.9 10.9 10.6 10.3 10.7 10.8 11.3 10.8 11.4 11.5 11.6 11.7 11.6
Total 610 589 639 666 601 635 725 668 699 710 728 771 740 773

Table 1: Coverage for pruning methods, without pruning and with dominance pruning (PruneOutcome and PruneSource)
for blind heuristic and LMCut with various outcome determinization strategies. The coverage is shown for each domain having
in parentheses the number of instances and in bold is highlighted the configurations that achieve the best coverage. Weighted
Total is the sum of the mean of the coverage in each domain. Domains chain-of-rooms (10), doors (15), st-blocksworld (30),
tireworld-spiky (14) are omitted, as all configurations solved all instances. We only count coverage on solvable instances.

schedules router updates in a communication network in
batches. Updates within batches occur in a non-deterministic
order, and the routing must remain functional at any point.
This models a real-world problem in software defined net-
working, using a modified and simplified version of the
Petri net encoding by Johansen et al. (2022). The agent
adds routers to a batch, which is then non-deterministically
accepted or tested. When tested, a package is simulated
through the network, with each router in the batch routing
non-deterministically to either the pre- or post-update target.
The objective is to minimize total number of batches.

RQ1: In Table 1 under Pruning Methods we see a table
over coverage on the different pruning methods. Comparing
with No Pruning Blind, we can observe that PruneSource
and PruneOutcome provide a significant increase in
coverage, PruneInit does not provide enough reduc-
tion to warrant the overhead, and PruneAction some
time works but is sometimes detrimental and we also
found that PruneSource often captures the same prun-
ing. PruneSource and PruneOutcome are orthogonal
techniques, so we can expect that using both will perform
even better. Therefore, we henceforth call these two tech-
niques dominance pruning.

RQ2: In Table 1, we see the coverage on the blind heuris-
tic and LMCut heuristic with different outcome determiniza-
tions. All refers to the all-outcome determinization (Rinta-
nen 2003), where we create transitions for each outcome.
First, Last and Random refers to single-outcome deter-
minization choosing the first, last and a random, respec-
tively, outcome. We see that the all outcome determinization
is always worse than any single outcome determinization.
This is expected, as the heuristic will want to pick the best
outcome, not the worst. Which single outcome determiniza-
tion is best depends on the domain, and we can observe that
it makes a big difference. This is because the worst outcome
depends on how the problem was modelled. However, even

in network-update, where there is no outcome that is always
worse, we still see a big difference. Likely because the first
outcome is often the worst, or because it anyway is most in-
formative for the heuristic. In future work, it would be inter-
esting to study how to choose these outcomes, for example
by using the dominance information.

RQ3: In Table 1, we can see that in general using dom-
inance pruning increases coverage significantly. In some
domains, choosing the correct outcome outperforms dom-
inance pruning. Only in the rectangle-tireworld domain is
dominance pruning significantly worse. This domain has a
lot of labels which makes the dominance computation take
a long time, and at the same time the search is very easy.
However, in 98.6% of instances the dominance computation
finishes in time. In miner, triangle-tireworld and network-
update, dominance pruning works very well. Interestingly,
none of the techniques work in food-delivery. In Figure 3,
we see scatter plots over expanded states and total time com-
paring configurations with LMCut and with/without domi-
nance pruning. Here we use the all outcome determinization
in order to avoid the domain specific performance of first and
last outcome and the randomness of the random outcome.
We see that in general dominance pruning expands no more
nodes than LMCut, and in some domains a lot fewer.

Conclusion

In this paper, we formalized the adversarial non-
deterministic planning setting. We then showed how to
construct single-outcome determinization heuristics. We
showed how to extend label-dominance to this setting, and
how to apply this in four transition pruning methods. In
the experimental evaluation we found that using dominance
pruning can significantly reduce the search effort in many
domains, and that the heuristics also perform well but that
the outcome chosen is very important.
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2022a. Cost Partitioning Heuristics for Stochastic Shortest
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