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Abstract

Planning against nature is a recent concept describing plan-
ning and acting in environments in which nature can non-
deterministically trigger exogenous events, where the agent
has to consider that the state of the environment might change
without its consent. Therefore, the agent has to make sure that
it eventually achieves its goal (if possible) despite the acts of
nature. In this paper, we leverage the recent concept of robust
plans, which assumes that nature might act as an adversary,
to design a method for generating linear execution strategies,
which assume that nature acts randomly but fairly. In particu-
lar, we consider events that have to eventually occur and facts
that even if deleted by events will be eventually reachieved
by (other) events (because nature acts fairly). To improve the
efficiency of both robust plan and linear execution strategy
generation methods, we provide an approach allowing us to
adopt delete-relaxed heuristics that are used in classical plan-
ning.

Introduction

Autonomous agents controlled by automated planners (In-
grand and Ghallab 2017) operating in the real world, in sce-
narios such as planetary rovers (Ai-Chang et al. 2004) or
autonomous underwater vehicles (Chrpa et al. 2015), face
a challenge which classical planning does not account for
— exogenous events. These exogenous events are triggered
by an actor which we refer to as nature, to signify that it
has no goal of its own, but rather acts randomly. A ratio-
nal agent which wants to achieve its goal in the presence of
such exogenous events must take these into account during
both planning and execution. We refer to this class of prob-
lems as planning against nature. While planning against
nature can be framed as fully-observable non-deterministic
(FOND) planning (Cimatti et al. 2003), this is not really a
tractable approach when we consider that nature might ap-
ply an arbitrarily finitely long sequence of exogenous events
after every action of the agent. Thus, the number of non-
deterministic alternatives (per action) might be exponential
with respect to the size of the representation as it is bounded
by the number of states.

For example, the AUV domain (Chrpa, Gemrot, and Pilat
2020), inspired by real-world AUV operations (Chrpa et al.
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2015), simulates a scenario in which the AUV has to perform
sampling of given objects of interest in the presence of ships
(controlled by nature) passing by in corridors. If a ship enters
the AUV’s location, then the AUV is destroyed.

Early works on planning against nature (Chrpa, Gem-
rot, and Pilat 2020; Chrpa, Pilat, and Med 2021) aimed at
alleviating non-deterministic branching by studying under
which conditions a sequential plan is guaranteed to eventu-
ally achieve the goal, under the assumption that nature can
only execute a set of independent events (events that do not
delete preconditions or effects of each other (Blum and Furst
1997)) after every agent action. More recent work (Chrpa
and Karpas 2024a,b) considered the less restrictive assump-
tion, where nature can execute a finite sequence of events af-
ter every agent action, with a fairness assumption that nature
will eventually execute every event that becomes available
infinitely often — similarly to the fairness assumption behind
strong cyclic FOND planning (Cimatti et al. 2003). More
precisely, two types of plans were proposed: robust plans
(Chrpa and Karpas 2024a), which are sequences of actions
that work no matter what events nature executes, and linear
execution strategies (Chrpa and Karpas 2024b), which are
specialized policies in which actions are executed in a fixed
order, but there is a condition associated with when to ex-
ecute each action in the sequences. For the sake of brevity,
we use the term plan to refer to both.

Importantly, this previous work focused on verifying
whether a given plan achieves the goal, regardless of the na-
ture. Plan generation was investigated only for robust plans
but limited to a blind search which enumerates all plans in
a breadth-first order that tends to scale poorly even for rela-
tively small tasks (Chrpa and Karpas 2024a). In this paper,
we present new techniques for generating plans which work
against nature. Initially, we present heuristics for guiding the
search for robust plans that are based on delete-relaxation,
well established in classical planning (Bonet, Loerincs, and
Geffner 1997; Bonet and Geffner 2001). After that, we ex-
tend the method for generating robust plans for generating
linear execution strategies. Our empirical evaluation demon-
strates that our plan generation methods provide better cov-
erage than the verification approaches, and that using the
heuristics considerably reduces the runtime (with respect to
the existing blind approach), and that the runtime is in the
same order of magnitude as for the verification approaches.



Related Work

Planning against nature extends classical planning with the
addition of exogenous events. Exogenous events were con-
sidered in planning (Dean and Wellman 1990; Iocchi, Nardi,
and Rosati 2000) in systems such as Circa (Musliner, Dur-
fee, and Shin 1993). These systems usually have to reason
with a whole (or almost whole) state space. Markov Deci-
sion Process (MDP)-based approaches can be leveraged to
tackle events (Mausam and Kolobov 2012) and aim to gen-
erate a policy with the most promising action in each state.
Monte-Carlo Tree Search (MCTS) approaches provide sim-
ilar benefits; however, their success rate tends to drop for
problems with dead-ends (Patra et al. 2021).

A lazy approach for addressing non-determinism is to re-
lax events and generate plans by classical planners, and if,
during acting, the agent encounters an unknown state or can-
not apply the next action, it replans (Komenda, Novak, and
Pechoucek 2014). The success of FF-replan (Yoon, Fern,
and Givan 2007) in the International Planning Competition
2006 (where it was an unofficial winner of the probabilis-
tic track) indicates this is often a viable approach. However,
in domains with dead-ends this might not be effective, and
might even be dangerous (Little and Thiebaux 2007).

To address the issue of encountering dead-ends while us-
ing the (classical) planning and replanning strategy Chrpa,
Gemrot, and Pilat (2020) adapted the notion of safe
states (Cserna et al. 2018) such that no sequence of events
can transform a safe state to a dead-end state and proposed
a technique that iteratively generates robust plans, guar-
anteed to always succeed regardless of events, connecting
safe states until the goal is achieved. A subsequent work
of Chrpa, Pilat, and Med (2021) introduced a technique for
generating eventually applicable plans that, in our terminol-
ogy, refer to linear execution strategies. In contrast to us,
these works assumed that nature can only execute one set
of independent events after every agent’s action. Later work
(Chrpa and Karpas 2024b,a) addressed a different model in
which nature can execute a series of events after every agent
action — this is the setting we address in this paper, although
we focus on generating plans rather just on verifying given
plans.

Conformant planning deals with the problem of gen-
erating linear plans in partially or unobservable environ-
ments (Cimatti and Roveri 2000; Bonet 2010). Conformant
planning can be addressed, for instance, by extending clas-
sical planners (Hoffmann and Brafman 2006) or by compil-
ing it to classical planning (Palacios and Geftner 2009). Al-
though robust plans are similar in spirit to conformant plans,
the settings are different — planning against nature assumes
full observability, but the environment can be modified by an
act of nature. Furthermore, linear execution strategies can be
interpreted as a policy with loops that waits until the wait-
for precondition of the next action is satisfied, similarly to
waitfor conditions in social laws (Karpas, Shleyfman, and
Tennenholtz 2017; Tuisov, Shleyfman, and Karpas 2024).

Fully Observable Non-deterministic (FOND) planning
concerns similar tasks, in which the environment is fully ob-
servable while actions have several different outcomes and if
one such action is applied a random outcome occurs (Cimatti
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et al. 2003). The task is to find a strong plan that is a solution
of a FOND planning task. For instance, the well-known PRP
planner (Muise, Mcllraith, and Beck 2012) looks for strong
plans by leveraging classical planning techniques and han-
dling non-determinism by attempting to “close” states from
which there does not yet exist a plan. FOND planning is
known to be EXPTIME-complete (Littman, Goldsmith, and
Mundhenk 1998).

Although both FOND planning and planning against na-
ture deal with non-determinism, there is a fundamental dif-
ference in how non-determinism occurs. In FOND plan-
ning, non-determinism is triggered by (non-deterministic)
actions of the agent while in planning against nature non-
determinism is triggered by events that nature can apply.
Thus the resulting state from an agent’s action can be any of
the reachable states by any sequence of events. In the AUV
example, ships can move freely regardless of the movement
of the AUV. After the AUV acts, each ship can then move to
any of its reachable positions or stay, so the number of non-
deterministic alternatives is the number of combinations of
reachable positions of the ships. Hence, in each “turn” the
number of outcomes of nature might be exponential with re-
spect to the size of the representation of the planning task.

Preliminaries
This section introduces the terminology used in the paper.

Planning against Nature

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 a random agent (or nature) that acts 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, F 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 [ ¢, 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 v(s,a), is a state s’ such that for each variable v € V,
s'[v] = eff (a)[v] if v € vars(eff(a)) while s'[v] = s[v] oth-
erwise. If a is not applicable in s, y(s, a) is undefined. The
notion of action application can be extended to sequences
of actions, i.e., y(s, (a1, ...,an)) =v(...v(s,a1) ..., ay).
Events are defined analogously.

The next definition of event reachability will be useful
later. Essentially, it defines 6 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. 05 : 2% — 29 is defined as dg(S')
{"|s" =~(s,{e1...,ex)),s €8, k>0, eq,...,e€
E}.

We define two different solution concepts for planning
against nature: robust plans and linear execution strategies.

Robust Plans

The notion of robust plans has been defined by Chrpa, Gem-
rot, and Pilat (2020) and Chrpa and Karpas (2024a) as a se-
quence of actions that always achieves the goal regardless of
nature. That is, even in the worst case scenario, nature 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 plan in FOND (Cimatti et al.
2003). We adopt the definition of robust plans from (Chrpa
and Karpas 2024a).

Definition 3. Let P = (V, A, E, I, G) be a planning task.
Let 1 = (a1,...,ay) (a1,...,a, € A) be a sequence of
actions. We define sets of states S°, S, ..., S™ as follows.

+ S0 = 6p({1}) |

e St =0p({y(s,a;) | s€ S} (1<i<n)

We say that 7 is a robust plan for P if and only if Vs €
St s =pre(a;) (1 <i<n)andVs € S" :s = G.

The above definition indicates that it is problematic if na-
ture can modify the values of variables that might be needed
by later actions or the goal. We will call these variables af-
fected. We adopt the formal definition of sets of affected
variables that nature can modify within an action sequence
from (Chrpa and Karpas 2024a) as well as the lemma stat-
ing that none of the variables of the precondition of the next
action (or the goal at the end) can be affected.

Definition 4. Let P = (V,A,E,I,G) be a planning
task and @ = {ay,...,a,) be a sequence of actions. Let
SO, ..., 8™ be sets of states as defined in Definition 3. We
define (VO ... V") as sets of affected variables such that
Vi={v| sy, 8, €S s,[v] # sy[v]} for 0 <i < n.

Lemma 1. Ler P = (V, A, E, I, G) be a planning task, m =
{ai,...,a,) be a sequence of actions, and (V°, ..., V™)
be the sets of affected variables. Then, 1 is a robust plan if
and only if V=1 Nwars(pre(a;)) = 0 (1 < i < n) and
V™ Nwars(Q)

Linear Execution Strategies

Robust plans are often impossible to find, as they enforce
a very strict requirement. Thus, we consider another solu-
tion concept, called linear execution strategies (Chrpa and
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Karpas 2024b). In general, an execution strategy is a func-
tion that maps states to agent actions, similarly to a policy
in an MDP (Mausam and Kolobov 2012). A policy solves a
planning task if following the policy is guaranteed to eventu-
ally achieve the goal (possibly under some fairness assump-
tions, as we discuss later).

Unfortunately, general policies are hard to find and are
also hard to explain. Therefore, we restrict our attention
to linear execution strategies, which are specified by a se-
quence of actions which will always be executed in the spec-
ified order, similarly to a classical plan. However, unlike
a classical plan, we associate with each action a condition
which specifies when to execute this action. This condition
allows us to capture situations in which the agent has to wait
until nature executes a certain event, which may not be ex-
plicitly captured in the preconditions of the agent’s actions.

To give an example, the AUV might need to wait until the
ship has passed the location even though the “move-AUV”
action does not explicitly require it. Therefore, Chrpa and
Karpas (2024b) defined the notion of linear execution strate-
gies with waitfors, in which each action in the sequence
is associated with a waitfor precondition (Karpas, Shleyf-
man, and Tennenholtz 2017; Tuisov, Shleyfman, and Karpas
2024) which provides further constraints on when to execute
this action.

We adapt the definition of a (valid) linear execution strat-
egy with waitfor conditions (Chrpa and Karpas 2024b) such
that it complies with our terminology and guarantees that
the agent eventually achieves its goal if it executes actions
whenever their waitfor conditions are met.

One important point is that for linear execution strategies,
we assume nature is fair. This is a similar assumption to
the one underlying the notion of strong cyclic solutions for
FOND planning (Cimatti et al. 2003), or to strong fairness
in Alternating-time Temporal Logic (Alur, Henzinger, and
Kupferman 2002). That is, we assume that if nature can ex-
ecute some event, there is some chance that it will execute
that event. More formally, we assume that if some state s is
visited infinitely often during the execution of a policy, and
some event e is applicable at state s, then nature will eventu-
ally execute e. This fairness assumption is already included
in the following definition (requiring that in each step the
nature can always reachieve the precondition and the wait-
for precondition of the next action, or the goal).

Definition 5. Ler P = (V, A, E, I, G) be a planning task,
and m = {(w(ay),a1),...,(w(ay),a,)) be a sequence of
actions (ay, . .., a, € A), where each action a; is associated
with a waitfor precondition w(a;) in the form of a logical
formula over the set of facts over V.. We define sets of states
SO, St ..., 8™ as follows.

« 8 =0dp({1}) .
¢ S = 6p({v(s,a;) | s € S7Ls | pre(ai),s E
w(a;)}) (1 <i<n)
We say that 7 is a linear execution strategy with waitfors
Sor P if and only if for all 1 < i < n it holds that V(s €
S H3(s" € dp({s})) : s’ = pre(a;) A s' = w(a;), and it
also holds that V(s € S™)A(s' € dp({s})) : s’ E G.



Algorithm 1: A blueprint algorithm for delete-relaxed gen-
eration of a robust plan
Require: Planning task P = (V, A, E, I, G)
Ensure: 7 being a robust plan for P.

I f«Lna+

2: while f £ G orvars(G) Naff(f) # 0 do

3: f <ExpandRelaxed(F, f)

4: non-deterministically select a € A s.t. f | pre(a) and

vars(pre(a)) Naff(f) =0

if no such a can be selected then

5

6 return fail

7: end if

8: m.append(a)

9: f < F\{(v,val) | v € vars(eff(a))} Ueff(a)
0: end while

1: return 7

12: function EXPANDRELAXED((E, f))
13: Eser < 0

14: repeat

15: Elast — Esel

16: Esei <~ {ele€ E, f =pre(e)}
17: [ fUUeen,,, eff(e)

18: until E,.; = Egse

19: return f

20: end function

Relaxed Robust Plan Generation

We now turn our attention to plan generation in planning
against nature, starting with the simpler case of robust plan
generation. Previous work (Chrpa and Karpas 2024a) pro-
posed a blind search approach, which we present below,
and later extend with heuristics to better guide the search.
Algorithm 1 extends a traditional progressive state-space
search classical plan generation routine by using delete-
relaxation for over-approximating how nature’s events can
modify the state of the environment. The ExpandRelaxed
function, starting from f, constructs a Relaxed Planning
Graph (RPG) by using only nature’s events (from F). The
resulting set of facts contains all the facts that can be poten-
tially achieved by events (e.g. (Hoffmann and Nebel 2001)).
As a result of delete-relaxed reachability by events, we can
identify variables that are potentially affected (in fact we
overapproximate sets of affected variables) as follows:

aff (f) = {v | (v,val), (v,val’) € f,val # val'}

Importantly, the remaining variables are guaranteed not to
be affected. Then, action applicability as well as whether
the goal has been achieved is verified by checking that f
entails the precondition of a selected action, or the goal,
and that none of the variables in the precondition of the se-
lected action, or the goal, is affected as required by Lemma 1
(Lines 4, and 2, respectively). After the selected action is
applied, all conflicting values of the effects’ variables are
removed from f and the effects are added to f (Line 9).

Algorithm 1 is sound, i.e., the generated plan is robust, but
incomplete as it over-approximates the effects of events and
thus might prune out some robust plans (Chrpa and Karpas
2024a).
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One of the theoretical results of Chrpa and Karpas (2024a)
claims that the set of affected variables monotonically grows
if the actions have all their effect variables “covered” by
their preconditions, and that a variable might become un-
affected only if an action that has that variable in its effects
but not in its precondition is applied.

Lemma 2. Let P = (V,A,E,I,G) be a planning task,
7 = (ay,...,a,) be a robust plan for P, and (V°,... V™)
be the sets of affected variables (as in Definition 4). The fol-
lowing claims hold for all (1 < i < n):

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

(b) (VIZL\ V) C (vars(eff(a;)) \ vars(pre(a;)))

The above lemma provides grounds for leveraging delete-
relaxed heuristics as we know from classical planning
(e.g. (Bonet and Geffner 2001; Hoffmann and Nebel 2001))
for generating robust plans. Note that it is a different use of
delete relaxation than over-approximating effects of events
as in Algorithm 1.

Definition 6. Let P = (V, A, E, I, G) be a planning task, S
be a set of states, and f be a set of facts. We denote h},(S)
as the minimum number of actions forming a robust plan
for P from S. We also denote hi,  (f) as the minimum num-
ber of actions forming a robust plan using the delete-relaxed

method (Algorithm 1) for P from f.

From the soundness of Algorithm 1 (Chrpa and Karpas

2024a), we can immediately derive that h},(S) < hp (f)
if f = {(v,so]) | 5 € S}
Definition 7. Let P = (V, A, E,I,G) be a planning task
and f be a set of facts. We define a base of a set of facts
f such that all facts referring to affected variables are re-
moved, i.e:

base(f) = £\ {(v,val) | v € aff(f)}

We also define hi;(f) as the minimum number of delete-
relaxed actions (i.e., actions whose application does not “re-
move” facts) needed to achieve the goal G from f.

Next, we formally show that b5 (base(f)) does not over-
estimate the value of hp_ (f).

Theorem 1. Let P = (V, A, E,I,G) be a planning task.
For each f, being a set of facts over V, it holds that

hé(base(f)) < hip (f).

Proof. Without loss of generality let us assume that ¢ € A
is applicable in a set of facts f, i.e., f | pre(a) and
vars(pre(a)) Naff (f) = 0. Let f' = f\ {(v,val) | v €
vars(eff(a))} Ueff(a).

We can derive that aff (f) \ aff (f') = vars(eff(a)) \
vars(pre(a)) because all facts related to variables from
V \ vars(eff(a)) are present in f’ if and only if they are
present in f, and f contains exactly one fact related to vari-
ables from vars(pre(a)) (otherwise a would not be applica-
ble). This observation follows the claim of Lemma 2 (albeit
for over-appliapproximated sets of affected variables).

Now, we show that a sequence of actions (ai,...,a,)
forming a robust plan for P from f is a delete-relaxed plan
achieving G from base( f). Since vars(pre(ar)) Naff (f) =
() (otherwise a; would not be applicable in f), it is the



case that base(f) = pre(ay). In the i-th step, it is the case
that for each v € wvars(pre(a;)) N aff (f) there exists ay
(1 < k < i) such that v € vars(eff(ax)) \ vars(pre(ar))
according to the above observation. Also, it holds that for
each (v,val) € pre(a;), (v,val) € f or there exists a;
(1 <1 < 1) such that (v,val) € eff(a;) as nature needs
not to apply any event to make any agent’s action applicable.
From both observations, we can derive that if a; is applica-
ble, it is the case that base( f) U;;ll eff (a;) = pre(a;). The
same applies for GG (as it can be treated in the same way as
we treat actions).

Hence, we can derive that b, (base(f)) < hjp, (f). O

The above theorem guarantees that any classical delete-
relaxed heuristic computed in base(f) is safe with respect
to delete-relaxed robust plan generation. On top of that, if
the classical delete-relaxed heuristic is admissible in classi-
cal planning (such as h,,4, (Bonet and Geffner 2001)), it is
also admissible, when computed in base( f), with respect to
delete-relaxed robust plan generation (as in Algorithm 1).

Generating Linear Execution Strategies

It can be straightforwardly observed that the existence of a
robust plan entails the existence of a linear execution strat-
egy as the latter operates under a weaker assumption that
nature acts fairly. In particular, a robust plan can be adjusted
by (trivial) waitfor preconditions that are the same as the
preconditions of the actions in the plan to become a linear
execution strategy. It is formalised as follows.

Proposition 1. Let P = (V, A, E, I, G) be a planning task.
If = {(a1,...,ay) is a robust plan for P, then 6 =
((w(ar),a1),...,(w(ay),ay)), where w(a;) = A pre(a;)
(1 <1 < n), is a linear execution strategy (with waitfors)

for P.

However, when the strong fairness assumption is in place,
focusing on robust plans might be too restrictive. In the next
paragraphs, we will show how we can identify a subset of
events that nature has to eventually apply, and how we can
identify a subset of facts that even if deleted by nature, will
eventually be reachieved by nature. These two properties
will allow us to generate linear execution strategies for some
classes of problems for which a robust plan does not exist.

To simplify reasoning about possible acts of nature, we

adopt Nature Domain Transition Graph (NDTG) introduced
by (Chrpa and Karpas 2024b), which is a special case of a
Domain Transition Graph (Jonsson and Béckstrom 1998),
that represents how the values of variables can be changed
by nature.
Definition 8. Ler P = (V, A, E, I, G) be a planning task.
For each v € V, we define the Nature Domain Transi-
tion Graph (NDTG) as a directed graph G* = (D(v), T"),
where D(v) is a set of nodes and TV a set of edges such that
forall x,y € D(v) withx # vy, (x,y) € TV iff there exists
e € E such that eff(e)[v] = y and either pre(e)[v] = x or
v &€ vars(pre(e)). Also, we denote © —,, y if there is a path
from x toy in G¥, and x -, y if not.

We can identify events that if applied in some state
(they are applicable in) can never become applicable (i.e.,
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Algorithm 2: Generating Linear Execution Strategy

Require: Planning task P = (V, A, E, I, G)
Ensure: 7 being a linear execution strategy (with waitfors) for P.
1: B + {e|e € E,Fv € vars(eff(e)) Nvars(pre(e)) :
eff()[v] o pre(e)v]}
2: safe <+ {(v,val) | (v,val) is safe}
30 f+ 1,0+ )
4: while not CHECK(G, f, safe) do
5 randomly select e € E_ with f |= pre(e) and
CHECK(pre(e),ExpandRelaxed(E \ {e}, f), safe) being true

6: if such e exists then

7: 0.append(e)

8: f— F\ {(v,val) | v € vars(eff(e))} U eff(e)
9: continue
10: end if

11: f <ExpandRelaxed(F, f)

12: non-deterministically  select a € A with
CHECK(pre(a), f, safe) being true

13: if no such a can be selected then

14: return fail

15: end if

16: 0.append(a)

17: [+ f\{(v,val) | v € vars(eff(a))} Ueff(a)

18: end while

19: 5,8’ « I

20: ™+ ()

21: while 0 # () do

22: x < 6.popfront

23: if x € F then

24: s (s, )

25: else

26: IU(CL‘) — /\pre(m) A /\'L)E{'u’ | s[v/]#s’[v']}
(vvale{val’ | s/ [v]—>yval’} (’U, val))

27: s« s + (s, x)

28: m.append((w(z), x))

29: end if

30: end while

31: return 7

32: function CHECK((q, f, safe))

33: if f [~ g then

34: return false

35: end if

36: if vars(q) Naff(f) = 0 then

37: return true

38: end if

39: if {v} = vars(q) Naff(f) and (v, q[v]) € safe then

40: return true

41: end if

42: return false

43: end function

their preconditions are no longer nature-reachable). In other
words, such events make irreversible changes to the envi-
ronment that prohibit nature from making them applicable
again. We denote such events as self disabling.

Definition 9. Let P = (V, A, E, I, G) be a planning task,
e € E be an event and s be a state such that s |= pre(e).
We say that e in self-disabling in s if and only if e is not
event-reachable from (s, e).

By analysing NDTGs, we can identify a subset of events



that are self-disabling in all states they are applicable in. It
is the case if for some variable there is no path in its NDTG
from the effect value to the precondition value.

Lemma 3. Letr P = (V, A, E, I,G) be a planning task and
e € E be an event. If for some v € vars(eff(e)) it is the
case that eff(e)[v] -, pre(e)[v], then e is self-disabling for
all states s such that s = pre(e).

Proof. It immediately follows from the observation that if
eff (e)[v] - pre(e)[v], then there does not exist a sequence
of events from E changing the value of v from eff (¢)[v] back

to pre(e)[v].

In a different context, we can observe that some facts,
even if they are deleted by some events, can always be even-
tually reachieved. In the context of linear execution strate-
gies, these facts might be temporarily deleted and invalidate
the precondition of the next action, yet assuming that nature
is fair, these facts will eventually be reachieved again, and
the agent can continue executing its actions. We call these
facts safe.

Definition 10. Let P = (V, A, E, I, G) be a planning task
and (v,val) be a fact. Let S be the set of states reachable
from I (by both actions and events). We say that (v,val)
is safe if and only if for each s € S with s[v] = val and
each event e € E applicable in s and deleting (v,val) (i.e.,
(s, e)[v] # val) it holds that there exists s € S such that
s'[v] = val and ' is event-reachable from (s, e).

We can identify some safe facts such that if an event
deletes the fact, it always enables another event that can
reachieve the fact. The following lemma is a generalised ver-
sion of Lemma 3 from (Chrpa and Karpas 2024b).

Lemma 4. Let P = (V, A, E,I,G) be a planning task
and (v,val) be a fact. If for each e € E deleting (v,val),
there exists €' € E such that eff(e) U {(v,pre(e)[v]) | v €
vars(pre(e)) \ vars(eff(e))} = pre(e), eff(e')[v] = val
and for each ¢’ € F deleting some precondition of ¢’ it
holds that either eff(e’)[v] = val or pre(e”)[v] = val, then
(v, val) is safe.

It should be noted that two (or more) facts that are safe in-
dividually might not be safe together (assuming an extension
of Definition 10 for sets of facts).

Algorithm 2 summarizes the procedure for generating lin-
ear execution strategies (with waitfors). Initially, we identify
a subset of self-disabling events E_ by leveraging Lemma 3
(Line 1) and a subset of safe facts by leveraging Lemma 4
(Line 2). The CHECK routine tests the conditions of satis-
fiability of a partial variable assignment g in a set of facts
f under the consideration of safe facts. It has to hold that
f E q. Then, either none of the variables from q is affected
(in f), or exactly one variable from g is affected but its value
(in q) is a safe fact.

Starting in the initial state (i.e., f < I), we iterate
until the goal G is satisfied in f, or if we cannot (non-
deterministically) select an action. Firstly, we look for self-
disabling events such that their preconditions are satisfied
in ExpandRelaxed(E \ {e}, f), meaning that at most one
safe fact from the precondition of e can be invalidated by
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any event reachable from f other than e (Line 5). If such an
event exists, it is applied in f and the main loop continues
(Lines 6-10). Otherwise, we proceed to the action selection
part (Lines 11-17). Note that such events are guaranteed
to eventually occur due to the fairness assumption as na-
ture cannot (ultimately) invalidate their preconditions. The
idea is motivated by the notion of confluence that, roughly
speaking, refers to the property of achieving the same state
regardless of how randomly events are triggered (Elahi, Fad-
nis, and Rintanen 2024). The main difference here is that we
consider a subset of events that might occur in a given state.

The action selection part of Algorithm 2 (Lines 11-17) is
similar to the one from Algorithm 1 for generating robust
plans. The only difference is in considering safe facts.

Waitfor preconditions are extracted from the found se-
quence of actions and events (f). We monitor two states,
one that is achieved after applying an action in a given step
(s) and the other that also takes into account the effects of
events (s'). Discrepancies between s and s’ provide grounds
for determining the waitfor precondition for the next action,
besides the precondition of the next action. In particular, the
difference of values of some variables in s and s’ refers to
the occurrence of (self-disabling) events that have to even-
tually occur before the next action. In other words, we have
to wait until the values of variables in s’, or any other values
that might be reachable from these values (by checking paths
in the corresponding NDTGs) are achieved. This is formally
described in Line 26.

The following theorem proves the soundness of Algo-
rithm 2. The algorithm is, however, incomplete (e.g. because
of over-approximating effects of events).

Theorem 2. Let P = (V, A, E, I, G) be a planning task. If
7 is an output of Algorithm 2, then 7 is a linear execution
strategy (with waitfors) for P.

Proof sketch. Initially, we can observe that soundness of the
action selection part of Algorithm 2 (Lines 11-17) is implied
from soundness of Algorithm 1 (Chrpa and Karpas 2024a),
and from Lemma 4 and the strong fairness assumption for
nature’s event occurrence that together allow for considering
at most one safe fact in one step.

The event triggering part of Algorithm 2 (Lines 5-10) se-
lects events that, under the strong fairness assumption, are
guaranteed to eventually occur. Also, the number of such
events has to be finite (in each step), otherwise the algorithm
might not terminate. The latter condition is implied from us-
ing the finite set of self-disabling events that, according to
Lemma 3, can be triggered at most once in a given step. The
eventual event occurrence condition is ensured by checking
whether the other events can invalidate the precondition of
the event in question. The principle is the same as in the ac-
tion case.

The waitfor preconditions as extracted by Algorithm 2 re-
flect the occurrence of “forced” events between the actions.
In a nutshell, before applying the next action, the agent has
to wait until all the variables modified by events are set to
the value resulting from the occurrence of the events, or any
possibly subsequent value. O



AUV
Time (V) 0.20 | 0.14 X 0.17 0.20 0.20
Length (V) 8 8 X 18 30 28
Time (B) 0.04 | 0.04 | 1697 | 16.49 | 870.24 | 856.24
Length (B) 8 8 20 18 30 26
Time (M) 0.05 | 0.05 | 15.60 | 15.71 - -
Length (M) 8 8 20 18 - -
Time (A) 0.04 | 0.04 | 0.08 0.08 0.14 0.12
Length (A) 8 8 20 18 34 26
AUV Extended
Time (V) X X 0.17 X X X
Length (V) X X 16 X X X
Time (B) 0.05 | 0.09 | 0.63 0.71 16.53 14.53
Length (B) 14 17 14 22 30 34
Time (M) 0.05 | 0.11 | 0.41 0.69 20.60 17.34
Length (M) 14 17 14 22 30 34
Time (A) 0.04 | 0.06 | 0.08 0.11 0.19 0.17
Length (A) 14 21 22 28 48 52
ServiceRobot
Time (V) 0.13 X X 0.13 X X
Length (V) 8 X X 10 X X
Time (B) 0.03 | 0.04 | 0.11 0.08 1.49 61.18
Length (B) 8 12 20 8 14 14
Time (M) 0.04 | 0.05 | 0.12 0.06 0.90 27.50
Length (M) 8 12 20 8 14 14
Time (A) 0.03 | 0.04 | 0.04 0.04 0.04 0.05
Length (A) 8 12 20 8 14 16

Table 1: Results for robust plan generation. Runtimes are
in seconds. “Length” represents the number of actions in a
robust plan. “X” denotes instances in which the verification
approach failed. “-” denotes instances in which robust plan
generation ran out of time. Results of the verification de-
noted by (V).

Delete-relaxation Heuristics

Since we consider safe facts, we might not compute delete-
relaxed heuristics for linear execution strategy generation
from base( f) as we could while generating robust plans. As
can be seen in the CHECK function (see Algorithm 2), the
use of safe facts can “bypass” some affected variables. To
accommodate safe facts, we have to compute delete-relaxed
heuristics from the following set of facts (add facts that are
in f and are safe):

base(f) U (f N safe)

As we consider safe facts that are true in f for heuristics
computation, we can observe that we do not prune any appli-
cable actions (according to the CHECK function). Together
with Theorem 2, we can claim that hZ, (base(f) U (f Nsafe))
is safe and does not overestimate the minimum number of
actions required to form a linear execution strategy.

Experimental Evaluation

The experimental evaluation evaluates i) how the use of
delete-relaxed heuristics can improve robust plan genera-
tion, and ii) how the introduced method for linear execution
strategies performs. The results demonstrate that both robust
plan and linear execution strategy generation methods using
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T [ 23456

AUV (LES)
Time (V) 0.10 | 0.11 | 0.13 | 0.14 | 0.18 | NA
Length (V) 16 25 36 35 48 NA
Time (G) 0.05 | 0.08 | 0.12 | 0.17 | 0.24 | NA
Length (G) 16 35 42 43 58 NA
HomeRobot
Time (V) 0.09 | 0.12 | 0.23 | 0.60 | 1.57 | NA
Length (V) 10 16 22 28 34 NA
Time (G) 0.03 | 0.04 | 0.06 | 0.09 | 0.14 | NA
Length (G) 10 16 22 28 34 NA
AUV (RP)

Time (V) X X X X X X
Length (V) X X X X X X

Time (G) 0.04 | 0.05 | 0.12 | 0.08 | 0.19 | 0.14
Length (G) 8 8 26 18 42 26
AUV - Extended
Time (V) X 0.11 | 0.12 X X 0.13
Length (V) X 15 16 X X 30
Time (G) 0.04 | 0.06 | 0.09 | 0.11 | 0.15 | 0.15
Length (G) 8 17 20 28 40 42

AUYV - Extended - back and forth
Time (V) X X 0.11 X X X
Length (V) X X 16 X X X

Time (G) 0.05 | 0.07 | 0.09 | 0.12 | 0.20 | 0.17
Length (G) 14 23 20 28 46 40
ServiceRobot

Time (V) 0.08 X X X X X

Length (V) 8 X X X X X
Time (G) 0.03 | 0.03 | 0.04 | 0.04 | 0.04 | 0.05
Length (G) 8 12 20 8 14 16

Table 2: Results for linear execution strategy generation (G).
Runtimes are in seconds. “Length” represents the number of
actions in a linear execution strategy. “X” denotes instances
in which the verification approach failed. Results for the ver-
ification denoted by (V).

Greedy Best First Search with the h, 44 heuristic have better
coverage than the verification-based approaches while hav-
ing the runtime in the same order of magnitude.

The verification methods (Chrpa and Karpas 2024b,a)
rely on an input plan that they verify. These input plans are
generated by LAMA (Richter and Westphal 2010) from un-
derlying classical planning tasks for the robust plan verifi-
cation (Chrpa and Karpas 2024a), or from classical plan-
ning tasks constructed by merging actions and events into
(classical) actions and then taking out events from resulting
plans (for the linear execution strategy verification (Chrpa
and Karpas 2024b)). The time limit for each problem was
900 seconds, and the memory limit was 4GB. The exper-
iments were run on AMD Ryzen 5 5500u 2.1GHz, 16GB
RAM, Ubuntu 22.04.!

Robust Plan Generation

For the evaluation, we use three benchmark domains — AUV,
Extended AUV, and Service Robot — with 6 problem in-
stances each taken from (Chrpa and Karpas 2024a). In the

'Our source code and benchmark data are provided at
https://github.com/Ichrpa/Planning-against-nature-ICAPS-25



AUV domain, we have two AUVs that have to collect re-
sources 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. The Extended AUV domain
allows AUVs to go into depth, so they can avoid a poten-
tial collision with ships. The problem instances consider a
single AUV. The Service Robot domain, in a nutshell, de-
scribes a task in which two-handed robots have to move ob-
jects 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. Details about problem instances for all domains can be
found at (Chrpa and Karpas 2024a).

Table 1 shows results for robust plan generation. In par-
ticular, we consider the delete-relaxed verification approach
(V) (Chrpa and Karpas 2024a), delete-relaxed generation
approach using Breadth First Search with dead-end detec-
tion (B) (Chrpa and Karpas 2024a), delete-relaxed genera-
tion approach using A* with the h,,,, heuristic (M), and
delete-relaxed generation approach using Greedy Best First
Search with the h, g4 heuristic (A).

Unsurprisingly, the coverage of the verification approach
is not so good, especially in the AUV Extended and Ser-
vice Robot domains, because a plan that is initially gener-
ated without considering nature’s events might not conform
to the conditions for being a robust plan (which has also been
observed by Chrpa and Karpas (2024a). Both BFS and A4
based robust plan generation methods can generate shortest
plans (w.r.t Algorithm 1). However, these methods tend to
scale poorly with the increasing size of problem instances.
In both variants of the AUV domain, h,,,, performs rather
worse than BFS because the number of expanded nodes is
only about 10-15% less (than for BFS) and thus the over-
heads related to h,,., computation outweigh the benefits
of expanded nodes reduction. In the Service Robot, A,,q4
performs better (on larger instances) because the expanded
nodes reduction is more than 25%.

The use of h 44 led to the best results in terms of runtime,
which is in the same order of magnitude as the “generate
and verify” approach. The scalability hence can be improved
by using a rather simple heuristic approach that can be on
the same level as if “candidate” plans are generated by ad-
vanced off-the-shelf planners such as LAMA (and verified
afterwards). The downside of the h,q4 approach is the gen-
eration of suboptimal (delete-relaxed) robust plans, which is
more apparent in the Extended AUV domain.

Linear Execution Strategy Generation

For the evaluation, we use two additional benchmark do-
mains — AUV, Home Robot — with 5 problem instances each
taken from (Chrpa and Karpas 2024b). The AUV domain is
the same as in the robust plan case, however, the problem
instances consider only a single AUV. To distinguish, we
denote AUV (LES) the benchmarks taken from (Chrpa and
Karpas 2024b), and AUV (RP) those taken from (Chrpa and
Karpas 2024a). The HomeRobot domain involves a robot
that needs to make up rooms. Rooms are connected by a
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narrow corridor. There are also humans that can move be-
tween rooms as well, yet there can be at most one entity (a
robot or a human) in the corridor. We have also considered a
variant of the Extended AUV domain, referred as “back and
forth”, in which the ships can move in both directions (the
problem instances are the same as in the original Extended
AUV domain). Note that both AUV and HomeRobot prob-
lem instances do not have a robust plan, since the ship can
block or destroy the AUV that has to cross its corridor, and
humans might block the narrow corridor forever and prevent
the robot from moving between rooms.

The results of the comparison of our introduced Linear
Execution Strategy generation method (G) using Greedy
Best First Search with the h,44 heuristic against the verifi-
cation method introduced by (Chrpa and Karpas 2024b) (V)
are shown in Table 2. Noteworthy, the use of h,q4q heuris-
tic might result in generation of longer action sequences (as
seen in the robust plan case), yet in the context of linear
execution strategies the length (or the cost) of an action se-
quence might not be necessarily a determining factor of the
quality as it might be affected by how long the agent might
need to wait until the waitfor preconditions for its actions
become satisfied. The question of quality and/or optimality
of Linear Execution Strategies is still open.

The results show that our Linear Execution Strategy gen-
eration method considerably outperforms the verification
one as the latter is only fully successful in the AUV (LES)
and Home Robot domains. Our method, on the other hand,
generates linear execution strategies (with waitfors) for all
considered problem instances. Runtime-wise, our method
scales in the same order of magnitude as the verification
method that, again, demonstrates that using a rather simple
heuristic approach can be on the same level as generating
candidate plans by advanced off-the-shelf planners such as
LAMA (and verifying them afterwards).

Conclusion

In this paper, we have investigated how to generate robust
plans and linear execution strategies in planning against na-
ture. We have amended the recent robust plan generation
method (Chrpa and Karpas 2024a) by delete-relaxed heuris-
tics that are widely used in classical planning. Then, we have
extended the method to generate linear execution strategies
assuming the fair nature (i.e., if nature can apply an event,
there is a non-zero chance it does). We have empirically
shown that both methods can outperform their verification
counterparts (Chrpa and Karpas 2024b,a) in terms of cover-
age since the verification methods rely on an input plan that
might not conform to the conditions for being a robust plan
or a linear execution strategy. On top of that, our generation
methods, when using Greedy Best First Search with the hy 44
heuristic, keep the runtime in the same order of magnitude
as the verification methods.

In the future, we plan to investigate how to extract and
leverage knowledge about agent/nature interaction in plan
generation (e.g. not passing the ship corridor if the ship can
return). Also, we plan to investigate how the concept of ac-
tion reversibility (Morak et al. 2020) can be leveraged to
identify groups of safe facts.
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