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Abstract

Planning and acting in environments in which “nature” can
modify the environment by exogenous events presents a chal-
lenge for intelligent agents that have to make sure their plans
can still be executed. In principle, events of nature might dis-
rupt the agent’s plan, or worse, cause damage to the agent.

In this paper, we build upon a recent concept of robust plans
that are guaranteed to be successfully executed even if nature
acts adversarially. The advantages of robust plans involve bet-
ter understandability and not needing to sense the state of the
environment during plan execution. We address the gap in
prior work by presenting two methods for generating robust
plans that are complete and guarantee optimality if an admis-
sible heuristic is used with the A* algorithm. The methods
are evaluated on five domains.

Introduction

Automated planning provides a crucial mechanism for long-
term decision making of autonomous agents (Ingrand and
Ghallab 2017) such as planetary rovers (Ai-Chang et al.
2004) or autonomous underwater vehicles (Cashmore et al.
2018; Carreno et al. 2020; Chrpa et al. 2015). Environments
in which these agents operate are rarely static, because ex-
ogenous events beyond the control of the agent might change
their state. These exogenous events can be triggered by an
actor which we refer to as nature, to signify that it does
not necessarily have a goal of its own. A rational agent thus
has to take nature’s events into consideration while planning
and acting. This class of problems is, in the literature, called
planning against nature (Chrpa and Karpas 2024b, 2025).

Example 1. In AUV operations, we deploy AUVs to sample
given objects of interest in the sea. However, the area might
contain corridors for ships that might pass by (we can as-
sume that ships are controlled by nature). If a ship collides
with an AUV, then the AUV can be destroyed. A rational AUV
would hence avoid passing through ship corridors if a ship
is nearby. For illustration, see Figure 1. In that case, the bot-
tom left AUV samples the objects on the left-hand side of the
ship corridor, while the top-right AUV samples the object in
the bottom row (on the right-hand side of the ship corridor).
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Figure 1: An example problem from the AUV domain. Ob-
jects of interest are marked as “$”. The ship corridor is high-
lighted by arrows.

$

The concept of planning in the presence of exogenous
events has been studied for some time (Dean and Well-
man 1990; Musliner, Durfee, and Shin 1993; Iocchi, Nardi,
and Rosati 2000). However, addressing such planning tasks
usually requires reasoning with a large portion of the state
space. Methods that reason with Markov Decision Process
(MDP) models (Mausam and Kolobov 2012) are a good ex-
ample. These methods generate policies, assigning the most
promising action in each state. Policies, however, might not
be easy to interpret and explain to human operators, who
oversee the acting agent.

Fully Observable Non-deterministic (FOND) plan-
ning concerns fully observable environment and non-
deterministic actions (Cimatti et al. 2003). While planning
against nature can be tackled in a similar way to generat-
ing strong plans in FOND planning (Muise, Mcllraith, and
Beck 2012; Muise et al. 2016), this is not really a tractable
approach when we consider that nature might apply an arbi-
trarily finitely long sequence of exogenous events after every
action of the agent.

Robust Plans are sequences of actions that cannot be dis-
rupted by nature, and the goal is achieved after the plan is



executed (Chrpa and Karpas 2024a). Robust plans are eas-
ier to explain (to human users), interpret, and execute by
the agent. On top of that, during the execution of a robust
plan, we do not need to observe the state of the environ-
ment, which can be very practical, for example, for AUV
operations. Robust plans are, in a spirit, similar to confor-
mant plans in partially-observable or unobservable environ-
ments (Cimatti and Roveri 2000; Bonet 2010). The funda-
mental difference is that we initially assume full state ob-
servability in planning against nature, and nature can grad-
ually increase the uncertainty of the environment. Our con-
cept of robust plans against nature differs from the recent
work of Percassi et al. (2025) that studies robustness of plans
with respect to uncertain values of (initial state) variables
and the likelihood of successful execution of the plan.

In this paper, we address a major gap in the recent
work concerning robust plan generation (Chrpa and Karpas
2024a, 2025). The existing approach leverages delete-
relaxation to over-approximate the effects of nature’s events
during robust plan generation. Although such an approach is
sound and can handle the problem mentioned in Example 1,
it is incomplete, which has several implications. Firstly, we
cannot guarantee that the “no solution” outcome actually
means that no robust plan exists. Secondly, it might fail to
find a solution even if it exists, and, thirdly, it does not guar-
antee solution optimality.

Example 2. We extend Example 1 by considering that a ship
has limited fuel and its single move consumes one unit of
its fuel. Absence of the top-right AUV from the example of
Figure 1 would mean that no robust plan exists under normal
circumstances (as the bottom-left AUV cannot safely cross
the ship corridor). However, if the ship’s fuel level is at most
3 units, then the ship cannot reach the bottom row (as it
runs out of fuel on the way). Hence, the bottom-left AUV can
safely reach the bottom-row object.

The delete-relaxed over-approximation overlooks the
ship’s fuel consumption and would incorrectly assume that
the ship can reach the bottom row even with limited fuel, as
described in the above example (Example 3 of Chrpa and
Karpas (2024a) provides a similar argument). In this paper,
we address this gap by introducing two complete methods
for robust plan generation in planning against nature. Both
methods are based on identifying affected variables, i.e.,
those that nature can modify. We show that we can compile
the problem of deciding whether a variable is affected into a
classical planning problem. Also, we show that if an action
does not “enable” any event, the set of affected variables will
not grow. The second method, on top of that, leverages the
aforementioned delete relaxation for providing a pessimistic
estimate on which variables are affected, and we propose
a technique for identifying which events can certainly oc-
cur, which provides us with an optimistic estimate on which
variables are affected. These estimates are leveraged to nar-
row the set of variables for which we need the (full) check.
Lastly, we show how we can use delete-relaxed heuristics
such as Ay, (Bonet and Geffner 2001) to generate optimal
robust plans. We evaluate our (complete) methods empiri-
cally, comparing them with the existing delete-relaxed meth-
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ods (Chrpa and Karpas 2024a, 2025) while also highlighting
how our methods address the (theoretical) limitations of the
delete-relaxed ones.

Preliminaries

Planning against nature can be understood as a special case
of multi-agent planning (Brafman and Domshlak 2008) in
which an intelligent agent that plans towards its goal acts
against an agent (or nature) that might act randomly with-
out a specific purpose (or goal) (Chrpa and Karpas 2024b).
To represent the environment, we use Finite Domain Rep-
resentation (FDR) (Helmert 2009). This is captured in the
following definition.

Definition 1. A planning task against nature (or planning
task, for short) is a tuple P = (V, A, E,I,G), where V is
a set of finite-domain variables, A is a set of actions of the
agent, I/ is a set of actions of nature (or, events), I is a com-
plete variable assignment representing the initial state and
G is a partial variable assignment representing the goal.

Let V' be a set of variables where each variable v € V is
associated with its domain D(v). An assignment of a vari-
able v € V is a pair (v, val), where its value val € D(v).
Hereinafter, an assignment of a variable is also denoted as
a fact. A (partial) variable assignment p over V is a set of
assignments of individual variables from V', where vars(p)
is the set of all variables in p and p[v] represents the value
of v in p. A state is a complete variable assignment (over
V). We say that a (partial) variable assignment ¢ holds in
a (partial) variable assignment p, denoted as p [ g, iff
vars(q) C vars(p) and for each v € vars(q) it is the case
that q[v] = p[v].

An action is a pair a = (pre(a), eff (a)), where pre(a) is
a partial variable assignment representing a’s precondition
and eff (a) is a partial variable assignment representing a’s
effects. We say that an action a is applicable in state s if and
only if s |= pre(a). The result of applying a in s, denoted
as y(s,a), is a state s’ such that for each variable v € V,
s'w] = eff (a)[v] if v € vars(eff(a)) while s'[v] = s[v] oth-
erwise. If a is not applicable in s, ¥(s, a) is undefined. The
notion of action application can be extended to sequences
of actions, i.e., (s, (a1, ..., an)) =v(...v(s,a1) ..., a,).
Events are defined analogously as actions (but have different
semantics).

The next definition of event reachability defines g,
which maps a set of states to the set of states nature can
reach from any of them by applying any sequence of events.

Definition 2. Let 6 : 29 — 2° be defined as 05 (S) =
{18 =~(s,{e1...,ex)),s € S, k>0, e1,...,ex €
E}. For convenience, we write dg(s) instead of 0g({s}) for
a single state s.

Inspired by Chapman (1987) who studied relations be-

tween actions such as being an “achiever”, i.e., one action
sets a value of a variable for another action, we define the
notion for both actions and events.
Definition 3. Ler P = (V, A, E, I, G) be a planning task.
We say that an action/event x € A U E is an achiever for
an action/event y € AU E if there exists a variable v € V
such that eff(x)[v] = pre(y)[v].



The notion of robust plans has been defined by Chrpa,
Gemrot, and Pilat (2020) and Chrpa and Karpas (2024a) as
a sequence of actions that always achieves the goal even in
the worst-case scenario of adversarial nature, which cannot
invalidate the precondition of any action, nor the goal. In this
sense, a robust plan is similar to a conformant plan (Cimatti
and Roveri 2000) or to a strong (acyclic) plan in FOND plan-
ning (Cimatti et al. 2003).

At first, we define the notions of robust action applica-
bility and the result of robust action application. The latter
notion reflects the model in which an agent’s action can be
followed by a finite sequence of nature’s events (Chrpa and
Karpas 2024a; Karpas, Shleyfman, and Tennenholtz 2017).
Definition 4. Let P = (V, A, E, I, G) be a planning task.
We say that an action a € A is robustly applicable in a set
of states S (over V') if and only if Vs € S : s |= pre(a).
We say that a set of states S’ is the result of robust appli-
cation of a in S if and only if a is robustly applicable in
Sand S" = 0g({y(s,a) | s € S}). We denote the result
of robust application of a in S as p(S,a) (which is unde-
fined if a is not robustly applicable in S). The notion of ro-
bust action application can be extended to action sequences,
ie, p(S,{ar,...,an)) = p(...p(S,a1)...,a,) (note that
p(S.0) = S).

Now we can define the notion of a robust plan that coin-
cides with the same notion from (Chrpa and Karpas 2024a)
alongside the notion of robust state trajectory.

Definition 5. Let P = (V, A, E, I, G) be a planning task.
Let 1 = (a1,...,a,) (a1,...,a, € A) be a sequence of
actions. We say that w is a robust plan for P if and only if
p(6p(I), ) is defined and for all s € p(dr(I),7) : s E
G. We also define the robust state trajectory for P and a
robust plan T as sets of states S°, S, ..., S™ such as S° =
Sp(I)and S* = p(S*™1,a;) (1 <i < n).

In analogy to classical planning, we can determine opti-
mality of robust plans such that we minimise the total cost
of actions in the robust plan. Note that, unlike in contingent
planning, where plan optimality is much harder to define
(Shmaryahu, Shani, and Hoffmann 2019), in robust plan-
ning, optimality makes much more sense — we only care
about the costs of the agent’s actions, not about the cost of
nature’s events.

Definition 6. Let P = (V, A, E, I, G) be a planning task,
and cost : A — R(J)r be a function. We say that m =
(ay,...,an), a robust plan for P, is optimal if and only
if for each ™' = (a},...,a}) being a robust plan for P, it
holds that 3" a; < S°%_, ab,

Affected Variables

Definitions 4 and 5 indicate that it is problematic if nature
can modify the values of variables that the later actions or
the goal might need. Following the terminology of Chrpa
and Karpas (2024a), we will call these variables affected. For
practical reasons, we provide a more general definition that
depends only on sets of states and is not directly dependent
on action sequences. We adopt the lemma stating that none
of the variables of the precondition of the next action in the
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robust plan (or the goal at the end) can be affected (Chrpa
and Karpas 2024a).

Definition 7. Let P = (V, A, E,I,G) be a planning task
and S be a set of states (over V' ). We say that a variable v €
V is affected in S if and only if there exist states s,s' € S
such that s[v] # s'[v].

The following lemma is paraphrased from Lemma 2
of (Chrpa and Karpas 2024a).

Lemmal. Let P = (V, A, E, I, G) be a planning task, 7 =
(a1, . ..,an) be asequence of actions such that G C ~(I,7)
and VO, ..., V™ be sets of affected variables such that
Vi = {v | vis affected in p(g(I), (a1, . ..,a;))}. Then, 7
is a robust plan if and only if V=! N vars(pre(a;)) = 0
(1<i<n)and V" Nvars(G) =10

The above lemmas indicate that knowing which variables
are affected (by events) in a given step provides sufficient in-
formation to determine whether an action is robustly appli-
cable. In other words, we do not necessarily need to enumer-
ate the set of states that might occur in a given step. Thus, in-
stead of dealing with a possibly exponentially large number
of states, we need only information about affected variables
to determine the robust applicability of actions. For exam-
ple, the variable representing the availability of the center
cell (see Figure 1) is affected as the ship might enter the cell
and make it unavailable.

In particular, a robust plan generation method non-
deterministically selects robustly applicable actions until it
reaches the goal (or finds that no such action can be se-
lected). To determine the robust applicability of an action
via Lemma 1, we can leverage the following idea of how
to determine affected variables, given the planning task de-
scription and the sequence of previously selected robustly
applicable actions.

The idea of how we can determine whether a given vari-
able is affected in a given step of the process (i.e., after
robustly applying a sequence of actions) is inspired by the
construction of invalidating tasks presented by Chrpa and
Karpas (2024a). In a nutshell, the idea behind invalidating
tasks is to find whether nature can invalidate an agent’s plan
by its events by invalidating a precondition of some action
in the plan. Here, the task is slightly different as the task
is to determine whether nature can modify a variable by its
events in a given step (after the agent executes a sequence of
robustly applicable actions). In the following definition, we
formally present how v-affecting task is constructed.

Definition 8. Let P = (V, A, E, I, G) be a planning task,
(a1,...,ar) be a sequence of actions from A (can be
empty), and v € V be a variable.

Let “goal” and “applied” be variables (without loss of
generality not being present in V'), such that D(goal) =
{T, L} and D(applied) = {0, ..., k}.

Let a} with 1 < j < k be actions such that

pre(a;) = pre(a;) U {(applied,i — 1)}
eff(a;) = eff(a;) U {(applied, i)}



Then, we define sets of actions Agoar as
U agv;gle
val#y(I,(ar,....ax))[v]
pre(agen) ={(applied, k), (goal, L),
(v,val)},
efflagon) ={(goal, T)}
Now, we create a classical planning task P; =

(V¥ AV IV, G¥), called v-affecting task for (ay,...,ax)
and P, as follows.

Agoal =

V' =V U {applied, goal}

Ay =EU{al,...,a;} UAga
I™ =1 U{(goal, L), (applied,0)}
G™ ={(goal, T)}

The following theorem formally proves that a variable v
is affected in a given step if and only if a corresponding
v-affecting task is solvable (i.e., there exists a plan for the
task).

Theorem 1 (Completeness of affected variable determina-
tion). Let P = (V, A, E, I, G) be a planning task, v € V be
a variable and = = (aq,...,a) be a sequence of actions
from A such that S = p(dg(I)), ) is defined. It holds that
v € V is affected in S if and only if there exists a solution
for v-affecting task Py = (Vi¥, A%, IP, G¥) for m and P.

Proof. From the premise that 7 is (sequentially) robustly ap-
plicable in dz (1), we can derive that all actions can be ap-
plied in the given order regardless of any (valid) sequences
of events that can be applied in between.

We have to show that s € S (S = p(ég(I),n)) if and
only if there exists a sequence of actions v from A} such that
s' =~(I},v)and s’ = sU{(applied, k)}. The applied vari-
able controls the application of the a] actions such that, in
v, they have to be in the same order that their corresponding
counterparts in 7. In between the a; actions, v might con-
tain any valid sequence of actions from FE (that are the same
as events in P). That coincides with the definition of p (see
Definition 4) and hence s € p(dg (1), ) if and only if there
exists v such that s’ = (I}, v) and s’ |= sU{(applied, k)}.

The goal of P}/ can be achieved if and only if there exists
v such that (I, v)[v] # ~(I,)[v]. That can happen only
if some event changes the value of v after the last action in 7
that has v in its effects (which is implied from Definition 4).

Hence, v is affected in p(dg (1), 7) if and only if P} is
solvable. O

The following theorem proves that deciding whether a
variable is affected in a given step of the robust plan gen-
eration process is PSPACE-complete.

Theorem 2. Let P = (V, A, E,I,G) be a planning task,
v € V be avariable, and ™ = (a1, . .., ai) be a sequence of
actions from A that p(6g (i), ) is defined. Deciding whether
v is affected in p(0g(I), ) is PSPACE-complete.
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Algorithm 1: A complete algorithm for robust plan genera-
tion
Require: Planning task P = (V, A, E, I, G)
Ensure: 7 being a robust plan for P.
s« I+ ()
2: aff < Affected-Vars(s,w, 0, V)
3: while s £ G or vars(G) Naff # 0 do
4 non-deterministically select a € A s.t. s |= pre(a)
and vars(pre(a)) Naff =0

5: if no a is selected or |r| > 2Ilvev P(¥) then
6: return “No solution”

7: end if

8: m.append(a)

9: s+ v(s,a)
10: aff < aff \ (vars(eff(a)) \ vars(pre(a)))
11: if a is an achiever for some e € F then
12: aff < Affected-Vars(s, m,aff,V)
13: else
14: aff < Affected-Vars(s, 7, aff ,aff U

(vars(eff(a)) \ vars(pre(a)))

15: end if

16: end while
17: return m

18: function AFFECTED-VARS(s, 7, aff, V)
19: for allv € V' \ aff do

20: if v-affecting task for 7 is solvable then
21: aff < aff U{v}

22: end if

23: end for

24: return aff

25: end function

Proof. Since deciding plan existence in classical planning
is in PSPACE (Bylander 1994), we can immediately derive
PSPACE membership of our decision problem from Theo-
rem 1 and the fact that constructing the v-affecting task from
7 and P can be done in polynomial time.
PSPACE-hardness of our decision problem can be proven
by reducing the problem of plan existence in classical plan-
ning, which is PSPACE-hard (Bylander 1994), to our deci-
sion problem. Let Q = (V/, A’, I',G’) be a classical plan-
ning task. Without loss of generality, we introduce a vari-
able g such that g ¢ V' and D(G) = {L, T}, and an ac-
tion a, such that pre(a,) = G’ U {(g, L)} and eff(ay) =
{(g, T)}. We can observe that () has a solution if and only
if g is affected in 04/4(4,3(I U {(g,L)}), because g can
be flipped only by a, that becomes applicable only if G’
holds and thus there exists a sequence of actions from A’
to achieve G’, which is a solution of (). Note that we re-
fer to the special case of our decision problem in which
k = 0, i.e., the agent did not take any action, and thus

p(6auta,y(TUL(g; 1)}), () = dauta,y (TU{(g, L)}). O

Robust Plan Generation

Lemma 4 of Chrpa and Karpas (2024a), which is stated be-
low, claims that the set of affected variables monotonically



grows if the actions have all their effect variables “covered”
by their preconditions. An affected variable might become
unaffected only if an action that has that variable in its ef-
fects but not in its precondition is applied.

Lemma2. Let P = (V, A, E, I, G) be a planning task, m =

{ai,...,ay) be a robust plan for P, and S°,S*,... S™ be
the robust state trajectory for P and 7. Then, let VO, ... V"
be the sets of affected variables for S°, S', ..., S™, respec-

tively. The following claims hold for all (1 <1 < n):

(a) Ifvars(eff(a;)) C vars(pre(a;)), then Vi=1 C V?

(b) (Vi=1\V?) C (vars(eff(a;)) \ vars(pre(a;)))

We extend the above result by another claim concerning
the fact that if an action is not an achiever for any event, then
the set of affected variables will not grow after the action is
applied.

Lemma3. Let P = (V, A, E, I, G) be a planning task, m =

{ai,...,a,) be a robust plan for P, and S°, S, ... S™ be
the robust state trajectory for P and 7. Then, let VO ... V"
be the sets of affected variables for S°,S*, ..., S™, respec-

tively. For all 1 < i < n, it holds that if a; is not an
achiever for any e € E, then V=1 \ (vars(eff(a;)) \
vars(pre(a;))) C Vi C VTl

Proof. Claim V'=\ (vars(eff(a;)) \vars(pre(a;))) C V'
follows immediately from Lemma 2.

Since there does not exist any event for which a; is an
achiever, it can be immediately observed that for each event
applicable in some state from S°, it is the case that there

exists a state in _Si_l in which the event is also applicable.
Hence, V' C Vi~1, O

Algorithm 1 describes a method that generates robust
plans. The algorithm extends the classical planning routine
that keeps non-deterministically selecting (robustly) appli-
cable actions until the goal is achieved or no action can be
selected. The extension is based on Lemma 1 and concerns
the identification of a set of affected variables in each step
and making sure that the selected action does not contain
any variable in its precondition that is affected. According
to Lemma 2, we can determine what variables remain cer-
tainly affected after selecting an action (Line 10). On top of
that, we leverage Lemma 3 such that we do not need to try to
determine any new affected variables if the selected action
is not an achiever for any event (Lines 11-15).

Theorem 3 (Completeness of Algorithm 1). Let P =
(V, A, E, I,G) be a planning task. Algorithm 1 is complete,
i.e., it returns T, a robust plan for P, if there exists a robust
plan for P, or “no solution”, otherwise.

Proof. It has been shown that if there exists a robust plan
for P, then there exists a robust plan for P that contains at
most 21 vev P(¥) actions (Chrpa and Karpas 2024a). Hence
Algorithm 1 terminates.

Completeness of the Affected-Vars function, i.e., that it
returns the set of affected variables for a sequence of ro-
bustly applicable actions 7, is straightforwardly implied
from Theorem 1 as each variables not being already affected
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in the given step (the aff set) is checked whether is is af-
fected by trying to solve a corresponding v-affecting task.

According to Lemma 2, the set of affected variables is
updated such that variables being present only in the effects
of selected action (and not in its precondition) are removed
from the set of affected variables (as in Line 10). If the se-
lected action is not an achiever for some event, then accord-
ing to Lemma 3, only variables that were removed from the
set of affected variables (in Line 10) need to be rechecked.
Hence, in each step, Algorithm 1 maintains the correct set of
affected variables.

Then, according to Lemma 1, the action selection (Line 4)
is made from all actions that are robustly applicable in the
given step. Hence, Algorithm 1 is complete. O

Estimating Affected Variables

We can improve Algorithm 1 by providing optimistic and
pessimistic estimates on which variables are certainly af-
fected and which can be affected, respectively. If such es-
timates can be provided in polynomial time, we can reduce
the burden by solving only v-affecting tasks for variables
that are pessimistically assumed to be affected but not opti-
mistically assumed to be affected.

The pessimistic estimate can be provided by leveraging
the delete-relaxed planning graph (Bonet and Geffner 2001)
by which we can identify what facts the nature can possibly
reach by its events (Chrpa and Karpas 2024a, 2025). Delete
relaxation assumes that no fact (variable assignment) can be
invalidated by an event (in this case), and hence, variables
can have multiple values in the process. If a variable has
only one fact reachable by events, then we can claim that
that variable is certainly not affected.

The optimistic estimate, which we introduce in this pa-
per, identifies (sub)sets of events that certainly occur in the
given step in polynomial (linear) time (in analogy to the pes-
simistic variant). The idea, in a nutshell, that an event e can
certainly occur is based on (i) whether non-affected vari-
ables in a given state satisfy (part) of the e’s precondition,
or (ii) whether there exists another event which can certainly
occur before whose effects satisfy (the remaining part) of the
e’s precondition. The rationale behind (i) is the same as for
determining robust applicability of actions. Regarding (ii),
we know that if a (single) event occurred just before e, it can
set the required value of (some) variables in e’s precondition.
Events that can certainly occur in a given step determine a
subset of variables that are certainly affected (in that step).
Note that this is an under-approximation of what events can
occur since, for instance, multiple events that do not inter-
fere with each other can be achievers for e.

The following lemma states that the values of variables
from a set of states appearing earlier in the robust plan trajec-
tory are carried forward unless they are modified by actions.
In consequence, the effects of some event occurring earlier
stay valid unless some action changes the value of some of
the variables in the event’s effects. The claim is important
for the above condition (ii).

Lemmad. Let P = (V, A, E, I, Q) be a planning task, m =
{ai,...,a,) be a robust plan for P, and S°, ..., S™ be its



Algorithm 2: An improved complete algorithm for robust
plan generation
Require: Planning task P = (V, A, E, I, G)
Ensure: 7 being a robust plan for P.
I s« LIim+ )
: f <Expand-Relaxed(s)
. Eope < Trigger-events((), s,noop, 0)
. (aff, Eeur, f) < Affected-Vars(s, 7,0, Eopt, f)
: while s £ G or vars(G) Naff # 0 do
non-deterministically select a € A s.t. s = pre(a) and

vars(pre(a)) Naff =0
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7: if no a is selected or || > 2[lvev P(*) then
8: return “no solution”
9: end if

10: m.append(a)
11: s+ v(s,a)
12: < f\{(v,val) | v € vars(eff(a))} Ueff(a)
13: aff < aff \ (vars(eff(a)) \ vars(pre(a)))

14: if a is an achiever for some e € E or vars(eff(a)) €
vars(pre(a)) then

15: f <Expand-Relaxed(f)

16: Eopt <Trigger-events(Ecyr, 8, a, aff)

17: (aff, Ecur, f) < Affected-Vars(s, 7, aff , Eopt, f)

18: end if

19: end while

20: return m

21: function AFFECTED-VARS(s, 7, aff, Eopt, f)

22: aff < aff U{v|e € Eop,eff (e)[v] # s[v]}

23 aff pes < {v | (v,val) € f, (v,val’) € f,val # val'}
24: for all v € (aff ., \ aff) do

25: if v-affecting task for 7 yields v as a solution then
26: aff < aff U {v}

27: Eopt < {e|e€ ENnv}

28: else

29: f+ f\{(v,val) | s[v] # val}

30: end if

31: end for

32: return aff, Eope, f

33: end function

34: function EXPAND-RELAXED(f)

35: repeat

36: Elast — Esel

37: E.1 + {ele€ E, f |=pre(e)}
38: [ fUlU.cp,,, eff(e)

39: until Esel = Elast

40: return f

41: end function

: function TRIGGER-EVENTS((Eprec, S, a, aff))
© EBewr  EBEpee \{e]| e € Eprec,vars(eff(e)) N
vars(eff (a)) # 0}

44: foralle € E\ (Ecur) do

45: if 3¢’ € EcurVv € wars(pre(e)) : (pre(e)[v] =
slv] = v € aff) V pre(e)[v] = eff (¢')[v] then

46: Ecur + Ecur U{e

47: end if

48: end for

49: return E .,

50: end function
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robust state trajectory. For all0 < j <1 < n, and each
sj € 89, there exists s; € S* such that s;[v] = s;[v] for all

veV\ (Uf:j+1 vars(eff(a;)))

Proof. The claim is implied by the fact that S C §g(S),
which can be immediately derived from Definition 2 by
considering an empty event sequence, and the fact that val-
ues of variables from V' \ (U§:j+1 vars(eff(a;))) cannot be
changed by actions a1, ..., a;. O

Corollary 1. Ler P = (V, A, E,I,G) be a planning task,
e € E be an event, m = (ay,...,a,) be a robust plan for
P, and S°, ..., S™ be its robust state trajectory. For all 0 <
J < i < nsuch that vars(eff(e)) N U;:j-f—l vars(efflar)) =
0, it is the case that if 3s; € S7 : s; |= eff(e), then 3s; €
St s = effle)

Algorithm 2 extends Algorithm 1 by optimistic and
pessimistic estimates on what variables are affected in a
given step. The pessimistic estimate is inspired by the
method for robust plan generation introduced by Chrpa and
Karpas (2024a), where we leverage delete-relaxation to de-
termine what facts are possibly reachable by events (see the
Expand-Relaxed procedure). If two (or more) different val-
ues of a variable can be reached (by events), we pessimisti-
cally assume that the variable is affected (see Line 23 where
the set of variables pessimistically assumed to be affected
is computed). The optimistic estimate is handled by the
Trigger-Events procedure that identifies a subset of events
that can certainly occur in a given step by leveraging Corol-
lary 1 (see Line 45). For variables that are only pessimisti-
cally identified as affected (but not optimistically), we still
need to try to solve v-affecting tasks to decide whether vari-
ables are actually affected or not.

Example 3. Let us recall Example 2 (see Figure 1). Let us
assume that the ship’s fuel level is 2. The pessimistic esti-
mate identifies the variables representing the ship’s position
and the availability of all cells in the center column as af-
fected, since delete-relaxation does not take fuel consump-
tion into account. The optimistic estimate identifies (besides
the ship position) only the availability variables of the top
three center-column cells as affected. The ship’s move to the
second row can certainly occur as the corresponding event
is applicable in the current state. The ship’s move to the third
row can certainly occur because the center cell is available
and the previous move event achieves the ship’s position and
ship’s fuel level 1 for the current event. The ship might not
move further down since the last event consumed the fuel,
and hence, there is no single event that achieves both the
ship’s position and a non-empty fuel level. The availability
variables of the bottom two center-column cells need to be
checked by solving the corresponding v-affecting tasks.

Theorem 4 (Completeness of Algorithm 2). Let P =
(V, A, E|I,G) be a planning task. Algorithm 2 is complete,
i.e., it returns T, a robust plan for P, if there exists a robust
plan for P, or “no solution”, otherwise.

Proof. Completeness of Algorithm 2 is implied from (i) Al-
gorithm 1 it extends, (ii) soundness of the delete-relaxation



method for the pessimistic estimate of sets of affected vari-
ables, i.e., variables that are not deemed affected are indeed
not affected (for the proof, see (Chrpa and Karpas 2024a)),
and (iii) Corollary 1 that ensures the events selected in the
Trigger-Events procedure can certainly occur and thus we
can correctly identify a subset of certainly affected variables
(Line 22). O

Heuristic Search and Optimality

Heuristic search is prominent in classical planning (see,
e.g. (Bonet and Geffner 2001; Hoffmann and Nebel 2001;
Richter and Westphal 2010)), and recent work demonstrated
that delete-relaxation-based heuristics can be adopted for ro-
bust plan generation (Chrpa and Karpas 2025).

We start with the definition of the perfect heuristic esti-
mate for robust plan generation.

Definition 9. Ler P = (V, A, E, I, G) be a planning task,
and S be the set of all states over V. We define a function
h3 : & = Rq representing, for each S € S, the minimum
cost of actions robustly applicable in S such that G is satis-
fied in all the in the resulting states (of the consecutive robust
application of the actions). We call h}, a perfect heuristic
estimate for P.

Inspired by Chrpa and Karpas (2025), we leverage delete-
relaxation-based heuristics widely used in classical plan-
ning (Bonet and Geffner 2001; Hoffmann and Nebel 2001)
to provide an (admissible) heuristic estimate for the (remain-
ing) number of actions to form a robust plan. In classical
planning, hk, (s) (resp. h},(s)) denotes the minimum cost
of actions (resp. delete-relaxed actions) to achieve the goal
from s in P’. For a planning task P = (V, A, E, I, G), we
construct a classical planning task P’ = (V' A, I, G) such
that we extend the domain of each variable from V' by the
“undef” value, i.e., V' = {v' | D(v") = D(v)U{undef},v €
V'}. Then for a state s and a set of affected variables aff, we
determine the delete-relaxed heuristic estimate as:

hip (s, aff) = hip(s)

where s'[v] = s[v] forall v € V' \ aff and s'[v] = undef,
otherwise.

Theorem 5. Let P = (V, A, E,I,G) be a planning task,
s be a state over V, and aff be a set of affected variables.
For each set of states S such that aff is the set of its affected
states and for all ' € S and all v € V' \ aff it holds that
s'[v] = s[v], it is the case that (s, aff) < h(9).

Proof. We can observe that a robust plan for P is also a
plan for the underlying classical planning task (Chrpa and
Karpas 2024a). Restricting the classical planning task as de-
scribed above (to P’) does not invalidate the above claim,
since the restriction forbids applying actions whose precon-
dition contains some affected variable that prohibits their ro-
bust applicability (see Lemma 1). Variables with the undef
value can be modified only by actions that have that variable
only in their effects, which coincides with Lemma 2’s claim
(b). Hence, we can derive that h}, (s') < hi(S) (s’ deter-
mined from s as above). Since h}, (s') < h3,(s") (Bonet

and Geffner 2001), we get kb (s, aff) < hp(S). O
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[1[ 234 5 6
AUV
REL (B) 0.07 ] 0.04 | 6.92 | 6.65 |447.71 | 437.58
REL (H) 0.04] 0.04 | 532 | 5.23 | 628.14 | 649.74
COMP (B) [0.49| 046 | 3.56 | 3.52 | 135.77 | 137.86
COMP (H) |0.44] 045 | 347 | 3.37 | 130.09 | 133.78
ECOMP (B) | 0.06 | 0.06 | 3.27 | 3.26 | 154.24 | 151.84
ECOMP (H) | 0.06 | 0.06 | 3.07 | 3.01 | 156.59 | 154.66
AUV-nosol
REL (B) 0.03] 0.03 | 0.05 | 0.05 | 0.08 0.08
REL (H) 0.03| 0.03 | 0.04 | 0.04 | 0.05 0.05
COMP (B) |0.38] 0.37 | 0.87 | 0.86 | 1.25 1.24
COMP (H) |0.39] 0.40 | 0.86 | 0.86 1.24 1.23
ECOMP (B) | 0.06 | 0.06 | 0.13 | 0.13 | 0.30 0.28
ECOMP (H) | 0.06 | 0.06 | 0.12 | 0.12 | 0.26 0.27
AUV-deep
REL (B) 0.04 ] 0.08 | 042 | 047 | 7.02 6.21
REL (H) 0.04] 0.08 | 026 | 042 | 6.64 5.92
COMP (B) |[2.38|11.25|51.39|52.63|336.00 | 439.48
COMP (H) |2.36]13.84|15.95|52.49|366.48 | 424.93
ECOMP (B) | 0.06 | 0.11 | 0.37 | 0.37 | 2.81 2.60
ECOMP (H) | 0.07 | 0.13 | 0.39 | 0.46 | 3.15 2.86
ServiceRobot
REL (B) 0.03| 0.03 | 0.07 | 0.06 | 0.90 19.82
REL (H) 0.03] 0.03 | 0.08 | 0.05 | 0.51 9.08
COMP (B) |[0.15| 8.00 |40.13|38.46 | 214.69 | 1092.06
COMP (H) |0.16| 6.37 |35.74|20.11 | 152.25 | 805.17
ECOMP (B) | 0.03 | 0.04 | 0.05 | 0.04 | 0.40 10.15
ECOMP (H) | 0.03 | 0.03 | 0.06 | 0.04 | 0.32 5.21
AUV-fuel
REL (B) 0.03 0.09
REL (H) 0.03 0.07
COMP (B) |2.63] 0.42 |39.89|23.45| 17.05 | 557.04
COMP (H) [2.39| 0.41 {31.98[17.00| 1.31 | 454.95
ECOMP (B) | 0.37 | 0.06 | 4.00 | 1.51 | 2.77 | 119.23
ECOMP (H) | 0.34 | 0.06 | 3.30 | 1.12 | 0.27 96.90
dog-leash
REL (B) 0.04
REL (H) 0.04
COMP (B) |0.39| 0.38 | 4.24 |34.16| 79.69 | 183.56
COMP (H) [0.24| 0.37 | 291 [15.29 | 66.66 | 177.25
ECOMP (B) | 0.16 | 0.27 | 3.92 |33.84| 79.06 | 193.10
ECOMP (H) | 0.11 | 0.28 | 2.66 | 15.01 | 66.09 | 186.68

Table 1: Results for the robust plan generation. (B) denotes
the BFS variant and (H) denotes the h,,,, variant. Run-
times are in seconds. Problem instances correctly identified
as unsolvable are highlighted in teal, problem instances in-
correctly identified as unsolvable are highlighted in

The above theorem provides guarantees that using admis-
sible delete-relaxation-based heuristics such as h,,, 4, (Bonet
and Geffner 2001), we can guarantee optimality of the gen-
erated robust plan (by either Algorithm 1 or 2) if we use the
A* search algorithm.

Experimental Evaluation

The experiments evaluate our proposed complete methods
for robust plan generation — COMP (Algorithm 1) and
ECOMP (Algorithm 2) — and compare them against REL,
the incomplete delete-relaxed method for robust plan gener-



ation (Chrpa and Karpas 2024a). We consider two variants
of REL, using Breadth-First Search (BFS) with early dead-
end detection (when a goal variable becomes affected and
no action can make it unaffected again) (Chrpa and Karpas
2024a) and using A* with the h,,,, heuristic (Chrpa and
Karpas 2025). Analogously, COMP and ECOMP come with
the BFS variant (with an early dead-end detection) and the
A* with h,,, variant.

To solve v-affecting tasks, we used LAMA (Richter and
Westphal 2010). The time limit for each problem was 1800
seconds, and the memory limit was 4GB. Experiments were
run on an AMD Ryzen 9 7950X 16-Core cluster.!

For the evaluation, we use five benchmark domains,
where three of those — AUV, Deep AUV, and Service Robot
— are taken from (Chrpa and Karpas 2024a). In the AUV do-
main, we have two AUVs that have to collect resources in
a grid-like environment, while there are ships that can move
within their corridors in a given direction (each ship has a
single column in the grid). If a ship collides with an AUV,
the AUV is destroyed. We also specified a set of unsolvable
problem instances (where a robust plan does not exist) in the
AUV domain (denoted as “AUV nosol”). The Deep AUV
domain allows AUVs to go into depth, so they can avoid a
potential collision with ships. The problem instances con-
sider a single AUV. The ServiceRobot domain, in a nutshell,
describes a task in which two-handed robots have to move
objects between different rooms. However, some objects are
fragile and can be damaged if the robot carries the fragile
object and some other object (in its other hand), or the robot
encounters another robot in a (narrow) corridor at the same
time. The additional domain “AUV-fuel” is an extension of
the AUV domain in which ships have a limited amount of
fuel, which limits the number of their moves. We also in-
troduce a new domain “dogs on a leash”, in which an agent
moves on a grid, where several dogs, controlled by nature,
are tied on a leash. Each dog is on a leash of a fixed length,
and a dog can pull the leash or go back to its previous posi-
tion (adding slack back to the leash). If the dog reaches the
same position as the agent, it can bite. The agent must reach
its goal location without being bitten.

Table 1 shows the results of our experiments. In the orig-
inal benchmark set (see (Chrpa and Karpas 2024a)), we can
see that REL solves all problems and generates optimal ro-
bust plans (despite being incomplete), yet, as expected, REL
failed to solve all AUV-fuel and dog-leash instances. In-
terestingly, REL is outperformed by ECOMP in almost all
cases, particularly on more challenging problems. We ob-
served two reasons for that. Firstly, leveraging Lemma 3
prunes a large number of unnecessary checks for affected
variables (that REL blindly does) and, secondly, although
solving or proving unsolvability of v-affecting tasks is triv-
ial in all benchmark problems, limiting the number of v-
affecting tasks that need to be solved can considerably im-
prove the performance as can be seen while comparing the
runtimes for ECOMP and COMP. Performance of COMP
is slightly better than ECOMP for problems 5 and 6 in the

'Source code and benchmark data can be found at:
https://github.com/Ichrpa/Robust-Plans-ICAPS-26
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AUV domain. The reason is that the number of v-affecting
tasks that need to be solved is low for COMP and the dif-
ference with ECOMP is not that significant (e.g., COMP
(H) has to solve 48 wv-affecting tasks while ECOMP (H)
8 for problem 6). In ServiceRobot, COMP (H) needed to
solve more than 30000 v-affecting tasks for problem 6, while
ECOMP did not have to solve any (as the optimistic and pes-
simistic assumptions decided all the cases). Hence, COMP
was considerably slower in ServiceRobot than ECOMP.

For the unsolvable problem instances (AUV-nosol, in-
stances 2 and 5 of AUV-fuel, and instance 2 of dog-leash),
we were able to identify unsolvability in all cases, often in
under a second. Since REL is sound, it correctly identified
unsolvability, however, only COMP and ECOMP can guar-
antee that. The AUV-fuel and dog-leash domains manifest
the main weakness of the incomplete REL algorithm as it
incorrectly identified all problems as unsolvable, while only
problems 2 and 5 of AUV-fuel and problem 2 of dog-leash
were actually unsolvable. COMP and ECOMP can correctly
identify solvable and unsolvable problems and return an op-
timal solution (if the problem is solvable), albeit at the cost
of considerably higher runtime.

In summary, the results demonstrate that for simpler prob-
lems that REL can handle, our methods (especially ECOMP)
are competitive and even better. On top of that, our methods
can deal with problems in which REL fails, such as AUV-
fuel and dog-leash, and can correctly identify problem un-
solvability (that a robust plan does not exist for a given task).

Conclusion

Concerning planning against nature, this paper investigated
robust plans, sequences of actions that are guaranteed to suc-
ceed regardless of the acts of nature. In particular, we ad-
dressed a knowledge gap concerning the completeness and
optimality of generating robust plans. In the existing works,
the effects of nature’s events were over-approximated by
delete-relaxation in robust plan generation that, albeit be-
ing sound, does not guarantee both completeness and opti-
mality as the approach might prune valid solutions (Chrpa
and Karpas 2024a, 2025). We introduced two complete al-
gorithms for generating robust plans. In a nutshell, they
are based on identifying what variables can be affected by
events, i.e., nature can modify their values. We have also
shown that we can adopt admissible delete-relaxation-based
heuristics for classical planning for optimal robust plan gen-
eration. We have experimentally evaluated our complete
methods with the existing delete-relaxed ones, showing that
our methods can be competitive on simpler problems (that
the delete-relaxed methods can handle) while also dealing
with more complex problems and correctly identifying un-
solvability of problems where a robust plan does not exist.

In the future, we plan to investigate how we can lever-
age abstractions for restricting the size of v-affecting tasks
and for improving optimistic estimates of affected variables.
Also, we plan to investigate whether and under what con-
ditions we might identify inadmissible subsequences of ac-
tions and how we can leverage such information in the robust
plan generation process.
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