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Abstract

Partial Order Causal Link (POCL) planning has been largely
abandoned for classical plan generation tasks, as state-
based methods consistently outperform POCL planners in
most benchmark domains. However, POCL planning of-
fers theoretical advantages—compact plan representations,
least-commitment search, and explicit causal structure—that
have motivated several revival attempts over the past three
decades. This position paper provides a systematic analy-
sis of why we believe these attempts, which primarily em-
ployed delete-relaxation heuristics, failed to achieve compet-
itive performance. We identify two fundamental challenges:
first, computing informed heuristics that respect POCL search
node structure is NP-hard even for delete-relaxation ap-
proaches; second, POCL search nodes grow quadratically
with search depth, compounding heuristic computation costs
despite progress towards the goal. We then analyze how these
challenges might extend to unexplored heuristic families, in-
cluding landmark-based, pattern database, and width-based
approaches, identifying this as an open question warranting
future investigation.

Introduction
Partial Order Causal Link (POCL) planning uses partial
plans as search nodes to maintain a principle of least com-
mitment, postponing action ordering and parameter binding
decisions until required (Weld 1994). Causal links explic-
itly represent causal relationships between actions, provid-
ing rich structural information that can guide search and
enable pruning. These properties made POCL planning the
dominant paradigm through the early 1990s, and continue
to make it valuable in contexts including plan optimisa-
tion (Bercher, Haslum, and Muise 2024; Oates and Bercher
2026b); HTN and hybrid planning (Bercher, Lin, and Alford
2022); and temporal planning, where approaches range from
forward-chaining planners that incorporate partial-order rea-
soning (Coles et al. 2010) to constraint-based planners that
maintain full POCL structures (Bit-Monnot et al. 2020; Bit-
Monnot and Godet 2025).

However, original research into POCL planning focused
on using purely POCL-based planners for classical plan gen-
eration. POCL planners offer structural advantages that the-
oretically reduce the size of the search space compared to
state-based planners. The least-commitment principle pre-
vents premature commitment to action orderings and vari-

able instantiations, potentially avoiding extensive explo-
ration of dead-end paths. A single partial plan can represent
up to a factorial number of total-order action sequences, al-
lowing POCL search trees to be exponentially smaller than
their state-based counterparts in favorable cases (Minton,
Bresina, and Drummond 1994). Causal links provide addi-
tional pruning power by enforcing adherence to established
causal relationships (Bercher 2021). Despite these advan-
tages, POCL planners began to underperform state-based
and SAT-based planners as heuristic search methods ma-
tured, and by the late 1990s POCL planning was largely
abandoned for classical plan generation tasks (Weld 1999).

We provide a systematic analysis of the structural
challenges underlying this underperformance, focusing on
heuristics: unlike pruning strategies or flaw-selection poli-
cies, heuristics determine how effectively search is guided
towards the goal, and it is precisely this guidance that state-
based planners excelled at and POCL planners consistently
failed to match. Crucially, we argue that identifying why
previous revival attempts failed is itself a constructive con-
tribution: obstacles that are precisely characterised can be
deliberately targeted, and future approaches that address
them directly have a better chance of making POCL plan-
ning competitive than those that do not. We identify two
core issues. First, computing delete-relaxation heuristics that
respect POCL search node structure is NP-hard (Bercher
2021), whereas the same heuristics are polynomial-time for
state-based planning. Second, POCL search node size grows
quadratically with plan length, while state-based node size
remains constant. To our knowledge, no prior work has con-
nected these two properties to explain why conceptually dif-
ferent POCL heuristics failed in similar ways. For delete-
relaxation heuristics they are fundamentally intertwined: es-
caping the first requires exploiting node structure, but ex-
ploiting node structure means confronting the second. This
persistent tradeoff explains the consistent failure of delete-
relaxation-based revival attempts, and — by identifying pre-
cisely what each future direction must overcome — points
toward where a successful revival might begin. We classify
POCL heuristic approaches by how they navigate this trade-
off, revealing that all delete-relaxation approaches fall into
predictable categories, each facing a foreseeable obstacle.
This also highlights unexplored families — landmark-based,
pattern database, width-based, and incremental methods —



Direction Obstacle
Incremental computation Node growth
Width-based heuristics Tractability
Pattern databases Both
Operator counting Both
Dusting off classics —
Hybrid/Bounding Plan Size Node growth
Total-order plan-space Tractability

Table 1: Proposed future directions and the obstacles each
targets. Tractability: informed heuristics are NP-hard to
compute (Thm. 1). Node growth: search node size grows
quadratically with depth (Thm. 2).

and for each we analyze what the tradeoff implies about its
prospects. Table 1 summarises each proposed future direc-
tion alongisde the obstacle it primarily targets.

Formal Framework
We consider propositional STRIPS-style planning (Fikes
and Nilsson 1971), loosely following the POCL framework
of Bercher and Olz (2020). A classical planning problem P
is a tuple (V,A, sI , g), where V is a finite set of proposi-
tional state variables, A is a finite set of actions, sI ∈ 2V

is the initial state, and g ⊆ V is the goal description. Each
action a ∈ A has a precondition list pre(a), add list add(a),
and delete list del(a), all subsets of V . Action a is exe-
cutable in state s ∈ 2V if pre(a) ⊆ s, producing state
γ(a, s) = (s \ del(a)) ∪ add(a). A total-order plan for P
is an action sequence executable in sI whose result is a goal
state (i.e., s ⊇ g).

A partial POCL plan P = (PS,≺, CL) consists of a fi-
nite set of plan steps PS, each pairing a unique label with
an action, a partial order ≺ on PS, and a finite set of causal
links CL. As with actions, we use pre(ps), add(ps), and
del(ps) to refer to the precondition, add, and delete lists
of a plan step’s action. A causal link (psp, v, psc) ∈ CL
records that psp produces variable v for consumer psc,
where v ∈ add(psp) ∩ pre(psc). The link protects v: no
step that deletes v may be ordered between psp and psc in
any valid linearization. A precondition v ∈ pre(psc) is open
if no causal link (psp, v, psc) exists in CL.

Causal links serve two roles. First, the set of open pre-
conditions identifies what remains to be achieved. Second,
causal links provide pruning power by constraining valid
linearizations: a plan step pst threatens a link (psp, v, psc)
if v ∈ del(pst) and pst could be ordered between psp and
psc. Such threats are flaws that must be resolved by ordering
pst before psp or after psc. For example, Figure 1, with-
out the ordering constraint the action A3 threatens the link
between A1 and A2. It is this pruning power that makes
reasoning about POCL plans computationally challenging
(Bercher 2021). Each causal link induces an ordering con-
straint psp ≺ psc.

The problem’s initial state and goal are encoded as actions
init and goal with add(init) = sI and pre(goal) = g (all
other effect and precondition sets empty), ordered so that

Figure 1: An example of a partial-order plan where orderings
have resolved threats.

init precedes and goal follows all other steps.

Definition 1. A partial POCL plan P is a POCL solution for
a classical planning problem iff every precondition is sup-
ported by a causal link and there are no causal threats.

We note that partial-order and POCL plans are used in-
terchangeably in the literature, though strictly speaking they
are not equivalent under the standard threat semantics. The
two can be made equivalent, however (Oates and Bercher
2026a), and this distinction does not affect our analysis.

To define heuristics over POCL search nodes, we need
to capture partial-plan structure. A POCL planning problem
P = (V,A, PsI ,g) augments the variable and action sets
with an initial partial plan PsI ,g = (PSI ,≺I , CLI) con-
taining the artificial steps {init , goal} ⊆ PSI . Each search
node corresponds to such a problem, with PsI ,g representing
the partial plan constructed so far. A POCL solution to P
must be a refinement of PsI ,g—adding steps, orderings, and
causal links without modifying existing ones—that satisfies
Definition 1. This framework of repeated refinements was
introduced by Kambhampati, Knoblock, and Yang (1995);
Kambhampati (1997) as refinement planning.

Previous Revival Attempts
Compact representations and the principle of least commit-
ment were used as justifications for the superiority of partial-
order planning through the early 1990s (Weld 2011), which
led to a research focus on partial-order planners. Minton,
Bresina, and Drummond (1994) challenged this conven-
tional wisdom, noting that “the superiority of partial-order
planning can depend critically upon the search strategy and
search heuristics employed.” Developments in state-based
planning allowed for highly informed and efficiently com-
putable heuristics, whereas partial-order planning struggled
to produce comparable guidance. This insight catalyzed a
shift in planning research away from POCL, beginning with
Graphplan (Blum and Furst 1995), which used parallel plans
rather than PO or POCL plans, and forward state-based plan-
ners such as UNPOP (McDermott 1996) which began out-
performing partial-order planners. By 1999, Weld (1999)
observed that POCL planners were receiving diminished at-
tention due to being outperformed by other methods, and it
is from here that research into partial-order planning begins
to be seen as revival attempts.

A major reason for the success of early state-based plan-
ners such as UNPOP (McDermott 1996) and later the FF
planning system (Hoffmann and Nebel 2001) were their well
informed, efficiently computable heuristics. POCL revival



attempts accordingly focused on creating similarly fast and
informed heuristics for POCL search. These attempts can be
organized into two broad categories based on how they navi-
gate the fundamental tension between heuristic computation
cost and heuristic informativeness. We first summarize the
key approaches that have been tried, proceed to a system-
atic analysis of the limitations they faced, and finally assess
whether alternative ideas may offer a viable path forward.

Heuristics Using Limited Node Information
Early POCL revival attempts focused on creating heuris-
tics that were as informed as possible while remaining
polynomial-time and avoiding significant scaling factors as
node size increases. This approach solves the node size scal-
ing issue we will discuss in the next section, but does so by
ignoring or relaxing information contained within the cur-
rent search node.

Delete-relaxation heuristics Nguyen and Kambhampati
(2001) present an early POCL revival attempt with their Re-
POP (Revived Partial Order Planning) planner, which intro-
duced the Relax heuristic. This heuristic adapts the relaxed-
plan heuristic from FF (Hoffmann and Nebel 2001) to partial
plans. It constructs a planning graph and extracts a relaxed
plan by ignoring delete effects, recursively expanding back-
ward from the goal. At each step, it inserts the delete-relaxed
action that adds the highest-level proposition remaining in
the goal state, then updates to a new goal state. Eventu-
ally this process reduces to only the costs of actions and
propositions in the initial state, at which point the heuristic
value is calculated as the sum of all added actions that were
not already in the partial plan. This heuristic is very fast to
compute and outperformed previous partial-order heuristics
in most domains, but did not outperform AltAlt (Nguyen,
Kambhampati, and Nigenda 2002), the state-based planner
against which it was evaluated.

FF (Hoffmann and Nebel 2001) estimates goal distance
by ignoring delete lists in state-based planning. However,
since previous deletions are already encoded within the cur-
rent state, this relaxation implicitly only applies to future ac-
tions, not relaxing the current search node at all. In contrast,
the Relax heuristic ignores all partial orderings, the pruning
power of causal links, and delete effects in the current search
node, which represents a significant loss of information.

The additive heuristic hadd (Bonet, Loerincs, and Geffner
1997; Bonet and Geffner 2001) was similarly adapted to
POCL planning (Younes and Simmons 2002) and deployed
in the VHPOP planner (Younes and Simmons 2003). This
heuristic takes a different approach from Relax: rather than
extracting a relaxed plan at search time, it precomputes a
cost for each ground literal during preprocessing and then,
for each partial plan, sums the precomputed costs of all open
conditions. This makes it computationally efficient but intro-
duces the assumption of subgoal independence—each open
condition is costed independently, so the heuristic cannot
recognize when multiple open conditions might be satisfied
by the same future action. The version deployed in VHPOP,
denoted hr

add, adds a check for reuse of existing actions: for
each open condition, the heuristic examines whether any ac-

tion already in the partial plan could satisfy it, using ordering
constraints to verify that the candidate provider is not con-
strained to execute after the consumer. This systematic use
of ordering information contrasts with the Relax heuristic,
which relaxes ordering constraints and only accounts for ex-
isting actions opportunistically during plan extraction. The
two heuristics thus represent different tradeoffs. Relax can
recognize positive interactions among potential future ac-
tions (reducing overestimation when multiple goals share
achievers) but handles existing actions less systematically.
The Additive heuristic treats future actions independently
(potentially overestimating when goals share achievers) but
more thoroughly exploits opportunities to reuse existing ac-
tions. Empirically, hr

add significantly outperformed Relax in
domains where systematic reuse checking dominates (such
as gripper), while Relax performed slightly better in do-
mains where shared achievers among future actions are com-
mon. Neither heuristic exploits the pruning power of causal
links, and both ignore delete effects in their relaxation.

While both RePOP and VHPOP showed improvement
over previous POCL planners, and over older total-order
planners, they were outperformed by state-based and SAT-
based planners published around the same time, such as the
FF planning system (Hoffmann and Nebel 2001). It is no-
table that pre-existing causal links and delete effects both
contain significant pruning power and information relevant
to the direction of search, and yet both heuristics ignore them
entirely. This valuable information takes time for the search
process to find, and the information it holds is a large rea-
son why partial order planning was previously seen as su-
perior. The equivalent in state-based planning would be dis-
carding or relaxing parts of the current state, which would
likely be seen as ridiculous (Bercher 2021). These heuristics
essentially apply state-based heuristic techniques to POCL
planning without exploiting the additional information con-
tained within POCL search nodes, treating POCL nodes as
state-based nodes with extra unused structure.

Sampling-Based Approaches The Sample-FF heuristic
(Bercher et al. 2013) adopts a different strategy for achieving
polynomial-time computation. Rather than relaxing struc-
tural information from the partial plan, it addresses the NP-
hardness of delete-relaxed action insertion over partial or-
ders through sampling: it uses Markov Chain Monte Carlo to
draw a constant number of total-order linearizations consis-
tent with the current ordering constraints, computes a delete-
relaxation estimate for each by constructing relaxed plan-
ning graphs between consecutive steps (as done with state-
based FF), and returns the minimum of the heuristic values.

A variant exists to respect causal links by filtering out
actions that would threaten them during relaxed planning
graph construction. However, the empirical results reveal
that when respecting all causal links, 36-46% of search
nodes produced no feasible relaxed solution from any sam-
pled linearization, compared to only 1-4% when causal links
were ignored entirely. This difference explains why the con-
figuration without causal link filtering solved significantly
more problems (187 of 446) despite being theoretically less
informed. The heuristic thus does not exploit the pruning



power of causal links, even though it has access to them;
indeed, adding more structural information makes it worse.

The fundamental limitation of sampling emerges from
the gap between sampled and actual linearization spaces.
The ordering constraints and causal structure of partial plans
heavily restrict which linearizations are feasible even under
delete relaxation. Critically, as a partial plan becomes more
informed, the feasible space shrinks. This is exactly when
a POCL heuristic should become more accurate. Instead,
Sample-FF becomes more likely to miss all feasible lin-
earizations entirely. When all sampled linearizations happen
to be infeasible, the heuristic falls back to simply counting
open preconditions, becoming largely uninformative. This
can occur even on branches leading to optimal solutions,
since feasible linearizations may exist but fail to be sam-
pled. Thus, the more information the search accumulates,
the more brittle and blind the heuristic becomes.

Sample-FF was shown to be competitive with the Addi-
tive and Relax heuristics in some domains but could not
consistently outperform either, and did not approach the per-
formance of state-based planners. The sampling approach
thus trades structural relaxation for incomplete coverage of
the linearization space, and encounters similar limitations
through this different path, while adding the further draw-
back that more informed partial plans systematically under-
mine its effectiveness rather than improving it.

Heuristics Using Most Node Information
Some POCL revival attempts aimed to avoid significantly re-
laxing pre-existing search node information, creating more
informed POCL heuristics that either did not relax current
search node information or ensured the relaxation did not
ignore entire POCL search node attributes such as delete
effects or causal links. This helped to maintain the prun-
ing power provided by these attributes, but at the cost of
increased computational complexity.

Linear Programming: The Lplan Heuristic The first
example of an admissible POCL heuristic was the Lplan
heuristic (Bylander 1997), which exploits the fact that
propositional planning problems are NP-complete if plans
are limited to a polynomial number of steps (Turner 2002).
It formulates an integer linear program (ILP) that can find a
solution plan of predefined length, outputting “infeasible” if
no solution exists at that length. By iteratively checking each
possible solution length starting from zero, this method can
solve any feasible planning problem. For use as a heuristic,
the ILP is relaxed to a linear program (LP).

As an LP relaxes the requirement for integer variable val-
ues, this allows for fractional solutions, such as half of two
different actions being executed during one time step. Such a
linear relaxation is solvable in polynomial time (Khachiyan
1979). However, for a polynomial-time problem, it is often
very difficult to solve, as evidenced by debate over whether
the problem was in P or NP only a year before Khachiyan’s
algorithm was published (Lawler and Labetoulle 1978).
Since the Lplan heuristic requires an LP to be solved for
each plan length until a solution is found, this computational
cost increases further. This leads to the Lplan heuristic not

being competitive with the state of the art at the time.
However, Lplan does not ignore any POCL search node

information except causal links. The power of this informa-
tion in reducing the search space is shown in the results, as
the number of explored nodes to find a solution was orders of
magnitude smaller than UCPOP (Penberthy and Weld 1992)
for some domains, even though total computation time was
higher due to the LP solving overhead. We observe that
causal links can in fact be incorporated into Lplan through a
polynomial-time compilation into additional state variables.
Proposition 1. Given a POCL planning problem
P = (V,A, PsI ,g) with causal links CLI , causal link
protection can be encoded into state-based planning in
polynomial time. For each plan step (ps, a), a fresh action
aps is introduced with the same preconditions and effects
as a. For each causal link cl = (psp, v, psc) ∈ CLI , a
fresh variable vcl is introduced such that vcl ∈ add(init),
vcl ∈ del(apsp), vcl ∈ add(apsc), and for all actions a′ in
the augmented action set A′: v ∈ del(a′) ⇒ vcl ∈ pre(a′).

In the compilation, the variable vcl acts as a guard: it is
initially true, becomes false when the producer psp executes,
and is restored when the consumer psc executes. Any action
that deletes the protected literal v requires vcl, so it cannot
execute during the interval when vcl is false—exactly the
interval between producer and consumer. The compilation
introduces |CLI | variables and adds at most one precondi-
tion per causal link to each action that deletes the protected
literal, for a total overhead of O(|CLI | · |A|).
State-Based Heuristic Conversion Another approach to
utilizing more search node information is the state-based
heuristic conversion method by Bercher, Geier, and Biundo
(2013). This encodes a partial-plan search node as a classi-
cal planning problem, then calculates a state-based heuristic
on the initial state of this problem. The authors describe a
compilation for causal links using counter variables, but this
encoding is exponential in the maximal number of precon-
ditions and effects per action, and was not included in their
empirical evaluation. The polynomial-time causal link com-
pilation we have described could be substituted, providing
the same information more efficiently.

Although the encoding translates all POCL informa-
tion into a classical state-based problem without informa-
tion loss, the deployed classical heuristics must relax some
of this plan information. Depending on which state-based
heuristic is used, this approach could relax original plan
delete effects, causal links, orderings, potential lineariza-
tions of the partial plan, or some combination of the above.
LM-Cut, a landmark-based heuristic (Helmert and Domsh-
lak 2009), and Merge and Shrink, an abstraction based
heuristic (Helmert, Haslum, and Hoffmann 2007), were
tested on the encoded problem (without causal links) by
Bercher, Geier, and Biundo (2013). Due to implementation
overhead from calling an external planner for each heuristic
evaluation, runtime was dominated by this overhead rather
than search. However, measured by search space size, LM-
Cut was more informed than the Additive heuristic across
all problems it solved. The authors note that a native imple-
mentation of LM-Cut for POCL planning could offer sig-



nificant performance improvements, though this has not yet
been pursued as far as we are aware.

Summary of Historical Approaches
The revival attempts from 1997 to 2013 explored various
points along the tradeoff between heuristic informative-
ness and computational cost. Polynomial-time approaches
like Relax and Additive achieved tractability by relaxing
structural information from partial plans—ignoring delete
effects, causal link pruning power, or subgoal interac-
tions—but could not match state-based planner performance
despite significant improvements over earlier POCL heuris-
tics. Lplan preserved more information and achieved orders-
of-magnitude reductions in node expansions, but LP solving
overhead at each node made it uncompetitive in wall-clock
time. Sample-FF attempted to preserve some search node
structure through sampling, but incomplete coverage of the
linearization space introduced its own limitations.

However, these results do not foreclose the possibility of
competitive POCL planning. The state-based heuristic con-
version experiments by Bercher, Geier, and Biundo (2013)
offer a particularly suggestive result: LM-Cut, a landmark-
based heuristic, produced smaller search spaces than the Ad-
ditive heuristic across all problems it solved. The approach
was not competitive in runtime largely due to implemen-
tation overhead from calling an external planner at each
node—overhead that a native implementation would elimi-
nate. The authors identified this as a promising direction, yet
no such implementation has been pursued in the subsequent
decade. Likewise, advances in LP technology substantially
weaken the historical argument against richer POCL heuris-
tics: modern LP solvers are roughly 9× faster algorithmi-
cally than their 2001 counterparts and, when combined with
hardware improvements, deliver around a 180× speed-up
overall (Koch et al. 2022). These gains suggest that previ-
ously uncompetitive approaches may now be entirely viable.

More broadly, the revival attempts focused almost ex-
clusively on delete-relaxation heuristics. Other heuristic
families that have proven effective in state-based plan-
ning—including landmarks (Helmert and Domshlak 2009),
pattern databases (Haslum et al. 2007), operator counting
(Pommerening et al. 2014), and width-based approaches
(Lipovetzky and Geffner 2012)—remain largely unexplored
for POCL planning. Whether these families can escape the
tradeoffs that constrained delete-relaxation approaches is an
open question. To make progress on it, we first need to
understand what these tradeoffs are and why they arise as
structural consequences of POCL planning. In the follow-
ing section, we identify two challenges that together explain
the consistent pattern of failure across conceptually different
heuristic approaches, and with which any future direction
must reckon.

Theoretical Challenges in POCL Planning
Building upon our analysis of previous revival attempts, this
section formalizes two fundamental challenges that have
contributed to POCL revival attempts not succeeding in
classical settings so far: the difficulty of creating informed

heuristics that respect POCL search node structure, and the
quadratic growth of search node size with depth. We show
that these challenges are not merely implementation difficul-
ties but arise from the structural properties of POCL plan-
ning itself, and that they are fundamentally intertwined in a
way that creates a seemingly inescapable tradeoff.

The Heuristic Information Challenge
The first major challenge is the computational complexity
of fully exploiting POCL search node information. In state-
based planning, heuristics relax the problem but not the cur-
rent search node—the state itself is used as-is. A POCL
node contains substantially more information than states,
but exploiting this power increases computational complex-
ity. Bercher (2021) provided a comprehensive complexity
analysis of delete-relaxed POCL planning, establishing tight
bounds for various relaxations of the POCL framework.
They find two tractable cases.

Theorem 1 (Polynomial Cases of Delete-Relaxed POCL
(Bercher 2021)). POCL planning with delete-relaxed in-
sertable actions is solvable in polynomial time if either: ≺
is a total ordering (making plans sequential), or The initial
partial plan is delete-relaxed and initial causal links are not
respected. Otherwise, it is NP-complete.

These conditions characterize exactly when the POCL
heuristics previously described can be computed efficiently:
the first is exploited by Sample-FF, the second by RePOP’s
Relax and VHPOP’s Additive heuristics. The implication of
this result is that any known polynomial-time POCL heuris-
tic must either abandon the partial-order structure or ignore
the causal and delete-effect information that makes POCL
planning theoretically attractive.

The Node Growth Challenge
The second major challenge for POCL planning is that
search node size grows with search depth. In state-based
planning, each node in the search tree is a state s ∈ 2F ,
whose size |s| ≤ |F | is bounded by the number of fluents in
the problem. As search progresses deeper into the tree, states
may change, but they do not grow in size – a state at depth
100 has the same representation size as a state at depth 1.

POCL planning operates differently. A partial plan
(PS,≺, CL) is built incrementally by adding plan steps,
ordering constraints, and causal links. Since POCL search
never removes information—only adds refinements—partial
plans can only grow in size as search depth increases. Thus
search depth and node size are tightly coupled. Bäckström
and Jonsson (2011) compare the complexity of partial-order
planning to total-order planning, and conjecture that partial-
order planning is only harder than total-order planning be-
cause of this growth in search node size. This growth is
trivial in degenerate cases. Any total-order planner can be
reinterpreted as a partial-order planner, and in such cases
each refinement adds exactly one step and one ordering con-
straint, yielding linear node growth.

To reason about partial-order planning in a way which ex-
cludes such cases, Bäckström (1998) defined a set of opti-
mality criteria that any genuine least-commitment planner



must satisfy. These criteria forbid adding orderings that are
not justified by causal threats or causal structure. They en-
sure that the partial order remains minimal. Under these cri-
teria, node growth cannot remain linear.

Theorem 2 (Quadratic growth of ordering constraints).
There exist planning instances with n steps such that any
partial plan satisfying at least one of Bäckström’s crite-
ria must contain Ω(n2) ordering constraints. Hence, in the
worst case, partial-plan representations sizes grow quadrat-
ically with search depth.

Proof sketch. Bäckström’s criteria forbid unnecessary or-
derings; thus the planner must leave two steps unordered
unless doing so violates causal or threat-resolution require-
ments. However, there exist instances in which threats to
causal links force an ordering between every pair of plan
steps. For example, consider a chain of actions where each
ai requires pi−1, adds pi, and deletes pj for all j ∈
{1, . . . , n} \ {i − 1, i}. To protect earlier actions’ precon-
ditions from later actions’ deletions, all

(
n
2

)
pairs must be

ordered. Since Bäckström’s criteria only allow necessary or-
derings, and all these orderings are necessary, any minimal
partial order must contain Ω(n2) constraints.

While this is a worst-case theoretical result, the behaviour
appears empirically across a range of domains. To test
this, we conducted two experiments on an AMD Ryzen 7
7800x3D CPU with 4.2GHz base clock. In the first, we in-
strumented VHPOP to record plan statistics at every gener-
ated search node and ran the default configuration with a one
minute timeout on the first ten instances of Blocks, Gripper,
Logistics, and Satellite. For each partial plan encountered
during search, we recorded the number of actions and or-
dering constraints, and report the mean number of ordering
constraints as a function of plan size (number of actions),
averaged over all search nodes and then across problems
within each domain. The domains differ substantially in
causal density, interaction patterns, and threat structure. De-
spite these structural differences, all domains exhibit growth
well-described by a quadratic model, with R2 ≥ 0.98 across
all four domains (Figure 2). In our second experiment, we in-
strumented VHPOP to record the heuristic evaluation time at
every node across the same domains. Using hr

add, valuation
time similarly follows a quadratic trend in three of four do-
mains; the exception is Satellite (R2 = 0.24), likely reflect-
ing its lower causal density reducing the coupling between
plan length and evaluation time (Figure 3). Fit statistics for
both experiments are reported in Table 2.

Planner design choices such as flaw selection and threat
resolution strategies influence which refinements are ex-
plored (Younes and Simmons 2003) and therefore affect
constant factors in node growth. However, they do not al-
ter the underlying source of coupling: when many steps in-
teract via causal threats, extending a partial plan necessarily
introduces additional ordering constraints. Similarly, while
lifted representations may defer variable binding and may
reduce the number of plan steps slightly (Oates and Bercher
2026c), the ordering constraints arising from causal threats
still accumulate over the same underlying causal structure.

Figure 2: Growth of ordering constraints with partial plan
size (mean across problems per domain).

Figure 3: Growth of median evaluation time for hr
addwith

partial plan size (median across problems per domain)

Even for polynomial-time heuristics, this growth in node
size has a direct cost: as seen in Figure 3, heuristic evalua-
tion time increases steadily with plan size, and the structural
information that is being ignored grows alongside it, wasting
an increasing amount of the causal and ordering detail that
makes POCL planning attractive. For heuristics that do ex-
ploit this information, the situation is further compounded
by Theorem 1: such heuristics must solve NP-hard prob-
lems on inputs of size Ω(n2), meaning that the closer the
search comes to a goal, the harder each heuristic evaluation
becomes, which is clearly a major disadvantage.

The Informativeness-Tractability Tradeoff
Theorems 1 and 2 together reveal why POCL planning faces
systematic obstacles in classical domains: the only way to
achieve tractable heuristics is to abandon the information
that makes POCL planning attractive, but that information
compounds in cost quadratically as search progresses.

More precisely: informed POCL heuristics require NP-
hard computation (Theorem 1), while least-commitment or-
derings require Ω(n2) constraints for n actions (Theorem 2).
Thus informed heuristics operate on inputs growing quadrat-
ically with depth, making reasoning about goal distance
harder the closer we come to the goal – a paradoxical
and counter-intuitive situation for a search algorithm. For
heuristics computed from scratch at each node, the only es-



Domain R2 (Fig. 3) R2 (Fig. 4)

Blocks 0.9992 0.9717
Gripper 0.9924 0.9799
Logistics 0.9923 0.9486
Satellite 0.9820 0.2371

Table 2: Coefficients of determination (R2) for quadratic fits
to ordering constraint and heuristic evaluation time growth.

cape is polynomial-time heuristics that relax orderings and
causal links, but these are exactly the structures distinguish-
ing POCL from state-based planning. This partly explains
the systematic pattern in revival attempts: relaxation-based
approaches (RePOP, VHPOP, Sample-FF) sacrifice informa-
tiveness for tractability, while informed approaches (Lplan)
did not scale despite dramatically reducing node expansions.

Potential Directions for POCL Planning
The challenges identified above apply specifically to delete-
relaxation heuristics computed from scratch at each node.
Two observations suggest alternatives: heuristics outside the
delete-relaxation family are not subject to Theorem 1’s NP-
hardness result, and each individual refinement adds only a
small increment to the partial plan, creating opportunities
for incremental computation that avoids confronting the full
node size. We outline several unexplored directions.

Incremental Computation The most direct response to
the node growth challenge is to avoid recomputation. The
structure of refinement planning is reminiscent of incremen-
tal SAT solving, where learned clauses are maintained across
related problems rather than discarded after each query. An
incremental approach to POCL heuristics would maintain
heuristic information across refinements, updating it to re-
flect the small change rather than recomputing on the full
Ω(n2) structure. By updating only the part of the heuristic
affected by the refinement, the amortized cost per node could
depend on the refinement size rather than the total node size,
reducing practical overhead even if the theoretical complex-
ity remains unchanged. This approach is compatible with
best-first search: heuristic values are computed when a node
is generated as a child of the currently expanded node, so the
incremental update is always from parent to child—a single
refinement step—regardless of expansion order. Each open-
list node must store the heuristic state needed to seed its chil-
dren’s evaluations, but since POCL search already maintains
the full partial plan at every node, the additional overhead
may be modest in comparison.

No systematic investigation of incremental heuristic com-
putation for POCL planning exists, despite incremental ap-
proaches proving effective in state-based planning (Pom-
merening and Helmert 2012). This is a significant gap, given
the similarities to refinement planning.

Width-based approaches Width-based planning, exem-
plified by IW (i) and best-first width search (Lipovetzky and
Geffner 2012), measure the ‘novelty’ of a state (whether it
achieves atom tuples not seen earlier in the search) rather

than how far a state is from the goal. States with high nov-
elty are prioritized, leading to effective exploration without
explicit goal-distance computation.

A novelty measure for partial plans would ask whether
it contains structures not seen in previously explored plans.
The richer structure of partial plans offers multiple dimen-
sions for this: flaw novelty (open conditions or threats in-
volving new literals), causal link novelty (novel producer-
consumer-literal tuples), and ordering novelty (new ordering
constraints between action types). Tracking these structures
is a different computational challenge than goal-distance
estimation, and one that scales with the novelty threshold
rather than node size. Width-based techniques have shown
surprising effectiveness in state-based planning, often out-
performing delete-relaxation heuristics on specific problem
classes, yet their adaptation has not been attempted.

Pattern Database and Abstraction Heuristics Pattern
database heuristics precompute goal distances for abstract
versions of the problem, then use table lookups during
search. In state-based planning, this yields constant-time
heuristic evaluation after preprocessing. The Merge-and-
Shrink framework generalizes this approach, constructing
abstractions that can be more expressive than standard pat-
tern databases (Sievers and Helmert 2021). The state-based
heuristic conversion by Bercher, Geier, and Biundo (2013)
applied Merge-and-Shrink through the encoding, but this
approach is indirect: the abstraction is computed over the
encoded classical problem rather than the POCL structure
itself. A native abstraction for partial plans might abstract
over the space of partial orders or causal structures directly,
potentially capturing regularities that the encoding-based
approach misses. What such abstractions would look like,
and whether they could achieve the constant-time lookup
that makes pattern databases attractive, remains unexplored.

Operator Counting Operator counting is a heuristic
framework developed for state-based planning that ex-
presses goal-distance estimation as a linear programming
problem (Pommerening et al. 2014). For each action in the
planning problem, a count variable represents how many
times that action appears in a plan. The LP objective min-
imizes total action count (or cost), while constraints en-
code requirements that any valid plan must satisfy. Different
heuristic information translates into different constraints on
these count variables. Landmark constraints require that if a
fact must be true at some point in any valid plan, then at least
one action achieving that fact must appear. Flow constraints
enforce that the production and consumption of each fact
must balance across the plan. Delete-relaxation bounds and
abstraction-derived information can similarly be encoded.

The power of this approach lies in unification: constraints
from different heuristic families can be combined in a single
LP, producing bounds tighter than any individual source. For
example, landmarks and abstractions capture complemen-
tary information, and their combination achieves synergies
unavailable to either alone. Operator counting has not been
explored for POCL planning. However, Lplan demonstrates
that linear programming is a viable foundation for POCL
heuristics, and operator counting can be seen as a more gen-



eral framework that could extend this foundation.

Dusting Off the Classics As discussed in our analysis
of previous revival attempts, several approaches showed
promise but may have been hampered by implementation.
We believe that these approaches merit reinvestigation with
modern infrastructure.

Compromises Worth Considering
The directions outlined above represent potential paths to-
ward making pure POCL planning competitive. Whether
any of these can overcome the challenges identified in this
paper remains to be seen. If not, a pragmatic alternative is to
partially retreat, and to ask which of POCL’s commitments
are essential and which can be strategically abandoned. The
following directions sacrifice either the partial-ordering or
the full plan-space representation, but preserve aspects of
POCL structure that state-based planning lacks entirely.

Hybrid Approaches A straightforward response to the
node growth challenge is to bound the size of any POCL
plan ever produced during search. Once nodes are prevented
from growing beyond a fixed threshold, heuristic evaluation
costs are similarly capped. There are many mechanisms by
which this could be achieved. One option is to transition out
of POCL search once a node exceeds the threshold, encod-
ing the partial plan as a classical planning problem using
the compilation of Bercher, Geier, and Biundo (2013) – ex-
tended with our polynomial link encoding – and solving via
state-based search from that point forward. Another option
might be to spawn a fresh POCL subproblem from the cur-
rent partial plan to make sub-plans which are subsequently
stitched together. A third option is to compress the existing
plan by fusing together pairs of actions (say, a and b with
a ≺ b) into a single composite step, merging their precon-
ditions, effects and causal links, thereby reducing node size
while preserving all the essential relationships. These are il-
lustrative possibilities; the key point is that the abstract ob-
jective of preventing unbounded node growth is robust even
if any particular realization proves difficult. We believe this
objective deserves attention as a design principle in its own
right, independent of which mechanism is ultimately used to
enforce it. Such hybrid approaches have not been systemat-
ically explored in the literature.

Total-Order Plan-Space Planning A planner could by-
pass a source of hardness in Theorem 1 by abandoning the
principle of least-commitment for action orderings, but re-
taining flexibility to insert actions anywhere in the current
plan sequence. Such a planner would maintain causal links
and take advantage of their pruning power while commit-
ting to a total ordering of actions rather than a partial order.
This represents the opposite trade-off to forward-chaining
PO planning approaches, which perform state-based search
while deferring ordering commitments wherever temporal
constraints allow (Coles et al. 2010). To our knowledge, no
planner implementing this strategy has been published.

Conclusion
We return to the questions posed in our title.

Is reviving POCL planning possible? Likely not via the
path most revival attempts have taken. The tradeoff we iden-
tified suggests why conceptually different delete-relaxation
approaches failed in similar ways, effectively ruling out bet-
ter engineering of such heuristics as a potential path forward.
We believe that the question is not whether POCL plan-
ning is doomed, but rather whether the planning community
abandoned it prematurely. Beyond delete-relaxation lies a
largely unexplored design space: incremental heuristics that
exploit refinement structure, modern heuristic families never
transferred to POCL, and hybrid strategies that preserve
structural advantages while controlling node growth. Our
polynomial-time causal link compilation (Proposition 1)
provides a foundation for such approaches, and advances in
solver technology may alter what is practical.

Is reviving POCL planning worth it? We argue yes, es-
pecially for reasons beyond classical plan generation. HTN
and temporal planners already rely on POCL structures (Bit-
Monnot 2023; Bit-Monnot and Godet 2025) but lack the
heuristic guidance available to state-based planners; stronger
POCL heuristics would transfer directly. When concurrent
execution is desired, POCL plans offer shorter makespans
than parallel plans (Oates and Bercher 2026b), and their ex-
plicit causal structure supports plan explanation and analysis
(Lindner and Olz 2022). Even closing the performance gap,
without surpassing state-based methods, would benefit these
downstream applications substantially.

A decade of neglect is not the same as a decade of evi-
dence. POCL planning may yet have its revival, but it will
require fresh perspectives on approaches that were promis-
ing but incomplete.
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