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Abstract

Lifted classical planners avoid the combinatorial cost of full
grounding by searching directly over the first-order task repre-
sentation. Recent work has parallelized lifted heuristic search
using techniques from parallel Datalog evaluation. We study
an orthogonal approach: distributing search across multiple
workers, which has proved effective in grounded planning and
Datalog solvers. We take first steps toward distributed parallel
lifted planning by generalizing hash-based distributed search
to the lifted setting. Grounded workload-distribution methods
often exploit domain transition graphs, whose nodes corre-
spond to mutually exclusive ground-atom groups. Since these
graphs are unavailable without grounding, we use invariants
as a lifted proxy for such groups and evaluate whether they
provide better partitioning keys than predicates alone. Initial
experiments with a Python prototype show no clear benefit
from incorporating mutex information alone, but suggest that
hash-distributed lifted search is a promising direction.

1 Introduction

Classical planning aims to find a sequence of actions from
a given initial state to a state satisfying the goal. Solving
hard planning problems requires informative heuristics and
efficient search. Lifted planners avoid the combinatorial cost
of full grounding by operating directly on the symbolic, first-
order task representation, making them effective on problems
with large object sets. This expressiveness is costly: each suc-
cessor generation and heuristic evaluation reasons over first-
order structure and is far more expensive than its grounded
counterpart. Exploiting the many cores of modern hardware
is therefore an attractive way to speed up lifted search.

Modern lifted planners exploit that central computations,
such as successor generation and heuristic evaluation, can
be expressed as database inference rules in Datalog (Corréa
et al. 2020, 2022). Recent work has parallelized these com-
putations using techniques from parallel Datalog evalua-
tion, achieving speedups of 2—-6x on 8 cores for difficult-
to-ground benchmark tasks (Drexler, Joergensen, and Seipp
2026). However, this rule-level parallelism can be limited by
rule skew, where some rules dominate the inference workload
and become bottlenecks.

An orthogonal approach is to distribute the search itself:
whereas parallel workers share memory on a single machine,
distributed workers hold private memories and cooperate

purely via message passing. Distribution therefore sidesteps
rule skew, since each worker runs its own Datalog evaluation,
and adds an axis along which compute can scale beyond a
single machine. Hash-distributed search realizes this idea and
has been highly effective in grounded planning (Kishimoto,
Fukunaga, and Botea 2009; Jinnai and Fukunaga 2017): it
assigns each state to an owner worker via a hash function,
which determines where generated states are inserted and
deduplicated. The hash function faces two competing ob-
jectives: balancing the workload evenly across workers and
minimizing communication, i.e., the fraction of states whose
owner differs from the worker that generates them. A uni-
form hash optimizes balance but maximizes communication;
structure-aware hash functions reduce communication by co-
locating related states on the same worker while retaining
enough granularity for balance. Our work targets this trade-
off: we seek a structure-aware hash function that is com-
putable in the lifted setting. In grounded planning, effective
hash functions can be derived from domain transition graphs
(DTGs) (Helmert 2006), which capture how finite-domain
state variables change under actions. Lifting this idea is non-
trivial because these graphs rely on grounded finite-domain
variables and grounded action transitions.

Invariants (e.g., Fox and Long 1998; Rintanen 2000;
Helmert 2009; Fiser 2020) provide lifted access to part of this
structure. Their ground instances induce mutually exclusive
ground-atom groups, which underlie the finite-domain vari-
ables used in domain transition graphs. DTG-based hashing
exploits two sources of information: mutex groups define
meaningful state components, while the transition graph iden-
tifies components whose values change slowly and therefore
reduce communication (Jinnai and Fukunaga 2017). We fo-
cus on the first source and evaluate whether invariant-induced
mutex groups alone provide better partitioning features than
predicate-based hashing, without constructing grounded tran-
sition graphs.

We take the first steps toward distributed parallel lifted
planning by generalizing hash-based distributed search to the
lifted setting. We replace DTG-based state-space partitioning
with invariant-based partitioning derived from the lifted task
and define an invariant-based Zobrist hash that supports effi-
cient incremental updates. We implement our framework in
a Python prototype and evaluate it on 1058 instances from
hard-to-ground benchmark domains as an initial study of the



design space. Each worker maintains a local search space,
including its own set of encountered ground atoms, and uses
a hash function to route generated states to their owners. Our
results show that no state-space partitioning strategy domi-
nates across domains. In particular, invariant-induced mutex
information, while structurally motivated, does not consis-
tently improve workload balance relative to predicate-based
hashing. At the same time, the experiments counter the intu-
ition that maintaining a local frontier per worker would cause
memory usage to grow substantially with the number of work-
ers. Overall, the experiments provide initial evidence for the
feasibility of distributed lifted search, while also showing that
realizing robust speedups will require further engineering of
the prototype implementation.
Our contributions are:

* A distributed greedy best-first search framework combin-
ing Message Passing Interface (MPI) ranks with local
thread parallelism for lifted planning.

* An invariant-based work-distribution function computable
from the lifted task, requiring no full grounding and sup-
porting incremental hash updates.

* An empirical evaluation on 1058 benchmark instances an-
alyzing compute allocation and invariant-based workload
distribution in distributed lifted search.

2 Related Work

Our approach draws on three lines of research: hash-
distributed best-first search, parallel greedy best-first search,
and parallel lifted planning via Datalog evaluation.

Hash-Distributed Best-First Search. Parallel best-first
search algorithms based on hash-distributed state ownership
have been widely studied for classical planning. Hash Dis-
tributed A* (Kishimoto, Fukunaga, and Botea 2009) assigns
each generated state to a unique worker process via a global
hash function, enabling asynchronous parallel search while
ensuring each state is expanded at most once. The perfor-
mance of such algorithms depends critically on the choice of
hash function, which determines the balance between com-
munication overhead, the fraction of generated states sent
to other workers, and search overhead, the additional states
expanded relative to sequential search. Jinnai and Fukunaga
(2017) formalize this trade-off and propose Abstract Zobrist
Hashing (AZH), which applies Zobrist hashing over abstract
feature projections derived from the planning domain. Their
most general method, GRAZHDA*, automatically generates
these projections by partitioning the DTGs of the planning
task to minimize the communication-to-search-overhead ra-
tio. DTGs are compact representations of individual variable
transitions in the planning domain, but their construction re-
quires a fully grounded representation of the planning task.
Consequently, this method is inherently problematic on prob-
lems that are difficult to ground.

Parallel GBFS with Bounded Expansions. When multi-
ple threads share open and closed lists, parallel greedy best-
first search (GBFS) can expand significantly more states than
sequential GBFS, because threads may simultaneously pur-
sue regions of the search space that sequential search would

never visit concurrently. Shimoda and Fukunaga (2025) show
that prior parallel GBFS algorithms provide no worst-case
bound on this excess work: for any constant 7', there exist
search topologies on which they expand more than 7" times as
many states as sequential GBFS. They propose OBAT (One
Bench At a Time), which restricts how threads interleave ex-
ploration of states at different heuristic value levels, and prove
that the number of states it expands is within a constant factor
of the number expanded by sequential GBFS under some tie-
breaking policy. Their practical variant, OBATS, decouples
successor generation from heuristic evaluation to increase
state throughput while retaining the guarantee. The penalty
incurred by redundant expansions depends directly on the
cost of expanding a single state: in grounded planning, where
state expansion and heuristic evaluation are comparatively
cheap, excess expansions are less damaging, whereas in lifted
planning each expansion is substantially more expensive.

Parallel Lifted Planning via Datalog Evaluation. Several
core components of lifted classical planning can be expressed
as Datalog rule evaluations over a database of ground facts,
including successor generation (Corréa et al. 2020), task
grounding (Helmert 2009), and relaxed planning graph heuris-
tics (Corréa et al. 2022). Building on this connection, a recent
parallel lifted planner based on synchronous semi-naive Dat-
alog evaluation has been proposed (Drexler, Joergensen, and
Seipp 2026). Its execution model exploits two complemen-
tary levels of parallelism: rule-level parallelism evaluates the
rules of a stratum concurrently, while grounding parallelism
distributes the enumeration of rule instances across worker
tasks. On hard-to-ground benchmarks where the majority of
runtime is spent in Datalog execution, this approach achieves
an average parallel fraction of 90%, with speedups of 2—4 x
and up to 6x on eight cores. Practical gains are primarily
limited by rule skew and the inherently sequential fraction
of heuristic computation, with some problems gaining little
benefit from parallel evaluation.

3 Background

We cover classical planning, Datalog and semi-naive evalu-
ation (Bancilhon and Ramakrishnan 1986), and hash-based
distributed search, which together form the formal basis of
our approach.

3.1 Classical Planning

A classical planning task is a tuple (P, A, O, Sy, G), where
(P, A) is the planning domain and (O, Sy, G) is the task
information. The domain fixes the predicate symbols and
actions, while the task information instantiates them with
concrete objects.

P is a set of predicate symbols, each with an arity in N.
An atom of arity k over P has the form ¢(x1,...,zy) for
some q € P, where each z; is a variable or constant, and a
literal is either an atom p or its negation —p. The constants
are drawn from O, a set of objects. A substitution function
p : X(p) — O maps a set of variables X (p) to objects;
we write R(X, O) for all such functions over X and O, and
x1/01, ..., /0y, for the one with p(z;) = o;. We write
p C pliff X(p) C X(p') and p, p’ agree on X (p). Applying



p to a syntactic element y, written y|p], replaces each variable
with its image under p. The free variables of y are X (y),
its arity is ar(y) = | X (y)|, and y is ground, written g, iff
X(y) =0.

_ We identify a state S with its set of true ground atoms
P(S); atoms outside P(.S) are false. A literal p holds in S iff
p € P(S), and —p holds iff p ¢ P(S). The task information
further comprises the initial state Sy and the goal G, a set of
ground literals.

Each action a € A has precondition literals pre(a) and ef-
fect literals eff (a), and we write pre™ (a), pre~(a), eff ¥ (a),
eff “(a) for the positive and negative atoms in each. A
ground action @ is applicable in S iff every | € pre(a)
holds in S, yielding the successor state S’ with P(S") =
(P(S)\ eff ~(@)) U eff (a). A plan is a sequence of ground
actions that, applied from Sy, reaches a state satisfying G.

3.2 Datalog

A Datalog program D = (F, R) consists of a set of facts F’
(ground atoms) and a set of rules R. Each rule r € R has the
form h < by,...,bx (k > 0), where the head H(r) = h s
an atom and the body B(r) = {b1, ..., by} is a set of literals.
A ground rule 7 is applicable in F if every [ € B(7) holds in
F.

A program D over predicates P induces a predicate de-
pendency graph with an edge (q, ¢') whenever g appears in
the body and ¢’ in the head of some r € R, labeled T or L
for a positive or negative occurrence. D is stratifiable if its
predicates partition into strata P, . .., Py such that T-edges
satisfy ¢+ < j and 1 -edges satisfy 7 < j, inducing rule strata
Ry,..., Ry

The model of D is the set of all facts derivable from F' by
exhaustively firing the rules in R, processing one stratum at
a time so that negation only references already-completed
strata. In practice the model is computed by semi-naive
bottom-up evaluation (Bancilhon and Ramakrishnan 1986):
each stratum is evaluated to a fixed point, but at every it-
eration only rules whose body matches at least one newly
derived fact are reconsidered, avoiding the redundant work
of recomputing already-derived consequences.

3.3 Distributed Planning

In hash-based distributed best-first search, N workers co-
operatively explore a state space, each maintaining a local
open and closed list. A work distribution functionw : § —
{0,..., N — 1} maps each state .S to a unique owner worker
w(S), partitioning the state space into N disjoint regions (Jin-
nai and Fukunaga 2017). In hash-based approaches, w is
defined via a hash function h : S — N as

w(S) = h(S) mod N.

When a worker generates a successor state S, it forwards
S’ to worker w(.S”), which alone is responsible for detecting
duplicates and inserting S’ into its open list. This ownership
invariant ensures that each state is stored and expanded by
exactly one worker, eliminating the need for global synchro-
nization.

3.4 Zobrist Hashing

Zobrist hashing (Zobrist 1970) is the standard uniform hash
for state distribution. Let R map each ground atom p to a
uniformly random fixed-width bit string R[p], sampled once
before search. The Zobrist hash of a state .S is

Z(S):= P R

pEP(S)

where € denotes bitwise XOR. Because XOR is commu-
tative and associative, Z(S) depends only on P(S) as a set,
and setting h = Z yields a work distribution function that
assigns states uniformly at random across workers. Given an
applicable ground action @, the hash of the successor S’ can
be computed incrementally as

Z(=zS)e P Rple € R

pEeff~(a) pEefft(a)

by XORing out deleted atoms and XORing in added atoms,
requiring only |eff (@)| table lookups rather than a full recom-
putation.

4 Theory and Implementation

The Tyr planner’s local thread-level parallelism accelerates
Datalog evaluation on a single node, but practical speedups
are bounded by rule skew: when one rule in a stratum dom-
inates execution time, additional threads yield diminishing
returns as they sit idle waiting for the bottleneck (Drexler,
Joergensen, and Seipp 2026). Separately, existing hash-
distributed search algorithms use work distribution func-
tions to reduce communication, but the best-performing ap-
proaches rely on DTGs, whose construction requires a fully
grounded task (Jinnai and Fukunaga 2017), ruling them out
in the lifted setting.

We address both limitations together. Distributing search
across N MPI ranks lets us trade underutilized local cores
for search-space coverage: when rule skew limits the benefit
of k local threads within a single Datalog evaluation, the
same compute budget instead drives independent workers
exploring different regions of the search space. Replacing
DTG-based abstractions with invariant-derived ones yields a
domain-aware work distribution function computable directly
from the lifted task.

4.1 Distributed Greedy Best-First Search

An MPI rank is an independent process with private memorys;
ranks communicate exclusively by message passing and may
therefore reside on different compute nodes. Each of the N
ranks maintains a local open list, a local closed set, and a local
fragment of the search graph. A work distribution function
w:S8 —{0,..., N — 1} assigns each state a unique owner
rank. When a rank generates a successor S’ that it does not
own, it forwards S’ to the owner w(S’); the owner alone
decides whether S’ is a duplicate, inserting it into its open
list only if not. This ownership invariant eliminates global
synchronization on duplicate detection.



Lazy Heuristic Evaluation. The Datalog-based heuristics
we build on require a full Datalog program execution per
state; while not every lifted heuristic is computed this way,
this cost profile is shared by the relaxation heuristics that
dominate lifted planning practice (Corréa et al. 2022). We
adopt a lazy strategy: a generated successor S’ is enqueued
with the heuristic value h(S) of its parent as a provisional
priority. When S’ is dequeued for expansion, its true value
h(S") is computed; if h(S”) = oo the state is discarded as a
dead end. States that arrive at their owner rank but are pruned
as duplicates are never evaluated, so heuristic cost is paid
only for states that actually reach expansion.

Termination and Goal Detection. Global termination is
confirmed by a distributed token-ring protocol that tracks
in-flight message counts, guaranteeing no state can still be
in transit when termination is declared. Goal detection is
decentralized: any rank that generates a goal state broadcasts
a signal, after which all ranks cooperate to reconstruct the
solution from their local search-graph fragments.

4.2 Abstraction-Based State Distribution

The choice of w directly determines the communication-to-
search-overhead trade-off identified by Jinnai and Fukunaga
(2017): a function that co-locates structurally related states
reduces the fraction of successors sent to remote ranks. A
uniform random hash minimizes search overhead but ignores
problem structure, while a domain-aware hash can substan-
tially reduce communication at the cost of some design effort.
The abstract hashing scheme we review next is due to Jinnai
and Fukunaga (2017); the invariant-based abstraction, hash
and selection strategy that follow are novel.

Abstract Hash Functions. A natural approach is to project
each state to an abstract feature and hash that feature, co-
locating states that share the same abstraction:

w(S) = h(4(S)) mod N,

where ¢ : S — A maps states to abstract features and h
hashes those features. When many successors of a state
project to the same abstract feature as their parent, they
are routed to the same rank, saving communication. This
is the principle underlying AZH (Jinnai and Fukunaga 2017),
which derives ¢ automatically from DTGs. Since DTG con-
struction requires a grounded task, AZH is not directly appli-
cable in our setting.

As a concrete illustration, consider the k£ x k sliding puz-
zle, with PDDL fluent atoms at(¢, , y) recording each tile’s
position. Projecting each tile to the board half it occupies
(upper, y < k/2, or lower, y > k/2) and ignoring exact
column position yields a simple abstract feature ¢. Moves
within a half do not change ¢(.5) and therefore incur no com-
munication, while cross-half moves do. This hand-crafted
strategy illustrates the principle and provides a concrete base-
line (Figure 1), but cannot be generalized automatically to
other domains.

Planning Invariants. Planning invariants provide a
domain-general source of abstract features synthesizable di-
rectly from the lifted task, without requiring full ground-

s ¢(s)
4 6 1 15
{1,2,3,4,6,8,14,16}
3 8 2 14
5 10 7
{5,7,9,10,11,12,13}
9 12 11 13

Figure 1: Abstract feature ¢(.5) for a 4 x4 sliding-puzzle state
S. The abstraction records only which numbered tiles occupy
the upper two rows (rows 0—1) versus the lower two rows
(rows 2-3), discarding exact column positions within each
half and ignoring the blank tile (gray). Moves that keep every
tile in the same half leave ¢(S) unchanged and therefore
incur no inter-rank communication.

ing. A planning invariant ¢ is a set of k, lifted atom tem-
plates {A1,..., Ax,} such that in every reachable state
exactly one ground instance of some A; holds. Template
parameters are partitioned into two kinds: rigid variables
T0,---,Tn,()—1 are shared across all templates and identify
which specific mutex group is active, while counted variables
Xc(t) ={co,-.,Cn,(1)—1} are local to individual templates
and range over the members within a group.

A rigid substitution p; assigns an object from O to each
rigid variable. It is valid for ¢ if it is type-compatible: for
each template A; and each argument position where a rigid
variable appears, the bound object must lie in the predicate-
domain of A;’s predicate at that position. We write Rho(¢)
for the set of all valid rigid substitutions. Under a fixed p; €
Rho(t), we define the mutex group as

M, p1) = {Aj[pl}[pQ] | J€ {17' . 'ﬂkb}v
p2 € R(Xc(1),0) }

where R(X,(¢), O) is the set of all total substitutions from
the counted variables of ¢ to objects O. It contains all
ground atoms licensed by ¢ under p;; exactly one member
of M(t, p1) holds in every reachable state. Its cardinality
|M((¢, p1)| provides a reasonable, tractable upper bound on
the counted-variable space of (i, p1).

Example 1. In the logistics PDDL domain, the invariant ¢ =
{at(z,1), in(x,t)} tracks each package x (the rigid variable,
whose binding selects the mutex group) across locations [
and trucks ¢, which are the counted variables ranging over
the members within the group.

Invariant-Based Abstractions. LetZ = {c0,...,tm—1}
be the selected invariants. The invariant abstraction of a state
S is the set of invariant-indexed atom pairs

oz (S) = { (i, p) |p € P(S),ic€{0,...,m—1},
dp1 € Rho(;) : p € M(u4, p1) }

Concretely, (¢, p) € ¢z(S) whenever fluent atom p holds in
S and lies within some mutex group induced by invariant ¢;.



Two states share an abstract feature when they agree on ¢7.
An atom may belong to mutex groups of several invariants; all
such pairs (4, p) are retained, so a single atom can contribute
via multiple invariants.

Example 2. Continuing Example 1, suppose selection
picks only the package invariant, Z = {¢o} with ¢ =
{at(z,1), in(z,t)}, and consider a state S with P(S) =
{at(p1,11), in(p2, t1), at(t1,l2)}. The package atoms lie
in the mutex groups M(tp,2/p1) and M(p,2/p2), so
¢z(S) = {(0,at(p1,11)), (0,in(p2,t1))}, while the truck
position is not tracked by any selected invariant. Driving the
truck to another location changes only at(¢y, l2) and leaves
¢1(S5), and hence the owner rank, unchanged, whereas load-
ing p; into ¢; changes the abstraction and may route the
successor to a different rank.

Zobrist Invariant Hashing. Let v(4, p) be a deterministic
hash value for the pair (¢, p) whose outputs are well-spread
over N workers, so that XOR combinations remain approx-
imately uniform. The invariant hash is a Zobrist hash over
¢7(S), with rank assignment given by

Hz(S):= P

(i,p) € 9z (S)
wI(S) = HI(S) mod N.

Here v(i, p) plays the role of R[p], replacing a shared random
table with a deterministic, locally computed hash.

Concretely, we compute v (4, p) as the 64-bit FN'V-1a hash
of the pair (7, p); including the invariant index ¢ ensures that
the same atom produces independent contributions under dif-
ferent invariants. FN'V-1a spreads its outputs approximately
uniformly over the 64-bit range, so XOR combinations and
their residues modulo N remain well-spread. Because v is
derived purely from the pair itself, all ranks compute iden-
tical hash values without sampling, storing or exchanging a
random table.

For efficient computation, define the aggregate contribu-
tion of atom p as the XOR of v (i, p) over all invariants that
pair with p in the abstraction:

Czp)= P

i:(i,p) € dpz(S)

v(i, p),

(i, p),

for any state S with p € P(S9); the set of matching in-
variants depends only on p, so Cz(p) = 0 when no in-
variant covers p. Since € is commutative and associative,
Hz(S) = @,cp(s) Cz(p), so each atom’s contribution can
be precomputed once at task-initialization time. Because Hz
is a set function over P(S), hashing a successor reduces to a
small incremental update: for a ground action a,

Hy(S)=Hi(S)e @ Cime @ Ci),
pEeff~(a) pEeffT(a)
requiring at most |eff (@)| hash computations per transition.

Invariant Selection. An invariant with larger | M (¢, p1)|
induces more distinct hash values and separates states more
finely. Since the exact value requires full reachability infor-
mation, we estimate it as cheXc(L) |D;(¢)|, where D;(¢) is

the union of objects appearing at the argument position of c;
across all templates of ¢. We rank invariants by this estimate
in ascending order; preferring smaller invariants first gives
more controllable granularity and potentially cleaner parti-
tions of the state space. We then traverse this ranking greedily,
enumerating the valid rigid substitutions of each invariant one
by one and selecting the induced mutex groups, until the prod-
uct of the selected groups’ estimated cardinalities reaches
a target of at least SN for a constant oversampling factor
B > 1, providing a buffer against the hash co-locating differ-
ent abstract states on the same rank. The lazy enumeration
avoids materializing all rigid substitutions of large invariants
upfront. The predicate-based baseline in our experiments uses
the same scheme with predicates in place of mutex groups: it
ranks fluent predicates by their estimated ground-atom space,
selects the smallest predicates until the product of their sizes
reaches SV, and hashes the atoms of selected predicates with
the same FNV-1a construction.

S Experimental Setup

System. We run all experiments on a compute cluster with
Intel Xeon Gold 6130 processors. Each node has 32 physical
cores and 96 GiB of RAM, and nodes are interconnected via
100 Gbps Intel Omni-Path. We confine each experiment to a
single node and limit each run to 30 minutes and 32 GiB of
memory.

Configurations. We implemented our distributed lifted
planner based on the Tyr planner (Drexler, Joergensen, and
Seipp 2026). Each of the IV ranks allocates k worker threads
to a local Tyr instance, which compiles the task into three
stratified Datalog programs: a successor generator, an ax-
iom evaluator, and an FF-RPG heuristic (Corréa et al. 2022).
All configurations use greedy best-first search with the FF-
RPG heuristic, lazy heuristic evaluation, and no preferred
operator queues. We additionally provide results for Power-
lifted (Corréa et al. 2022) and a C++ implementation of Tyr
to contextualize our implementation. The Python bindings
used in our prototype are likely to have a substantial impact
on performance. Reporting both baselines gives an indica-
tion of the gains that porting our Python prototype to C++
could yield, which in turn helps to assess the potential of our
approach.
We compare the following configurations:

* POWERLIFTED: single-threaded Powerlifted.
* TYR-1-CPP: single-threaded C++ implementation of Tyr.

* TYR-k: multi-threaded Tyr with k local threads on a single
node, serving as our single-node baseline.

* DIST-1-N-w: our distributed planner with N MPI ranks,
each running a single Tyr thread (k = 1).

* DIST-k-N-w: our distributed planner with IV ranks and &
local threads per rank.

The tag w denotes the work distribution strategy used to
assign states to workers:

* RAND: assigns states to workers uniformly at random.

* PRED: hashes states using a selected subset of predicates.



¢ INV: uses the invariant-based Zobrist router w7 described
in Section 4.

All configurations use at most NV - £ = 16 cores on a sin-
gle node, so every configuration receives the same compute
budget. Configurations that only the distributed setting can
realize, such as DIST-16-16, would span multiple nodes and
allocate substantially more hardware than the single-node
baselines, precluding a fair comparison; we therefore exclude
them here. This ability to scale beyond a single node is, how-
ever, precisely the additional scaling axis that distribution
offers, and we consider a multi-node study important future
work.

Performance Metrics. For each planner configuration we
aggregate results across all benchmark tasks with four met-
rics:
* #C is coverage: the number of solved tasks.
e #M is the number of tasks that ran out of memory.
* #T is the number of tasks that ran out of time.
e MS is the sum of memory scores.
The memory score for a single run is 0 if the planner exceeds
the time limit or the 32 GiB memory limit, and 1 if it uses at
most 2 MiB. Between these extremes the score is interpolated
logarithmically:
Inm
InU’
where m is the memory used by the state set and U = 32 GiB

is the memory limit. This provides more granular insight into
memory efficiency than #M alone.

Benchmarks. We evaluate on the Hard-To-Ground (HTG)
benchmark suite,! comprising 1058 tasks generated from IPC
planning domains. We choose this suite because its domains
are particularly well-suited to the lifted setting: grounding
these tasks is often infeasible.

MS(m) =1

6 Experiment Results

We evaluate our distributed parallel planner, measuring cov-
erage, runtime, and parallel speedup under varying numbers
of workers IV and local threads k.

Coverage and Runtime. Table 1 summarises results over
1058 problem instances. TYR-16 achieves the highest overall
coverage (584), while DIST-1-16-PRED attains the best mem-
ory score (327), suggesting that distributing search across
ranks can yield more memory-efficient solutions even when
coverage is comparable. Among the distributed configura-
tions, the invariant-based router consistently produces the
fewest out-of-memory failures: DIST-4-4-INV records only
35 memory exhaustions, compared to 40 for DIST-4-4-PRED
and 54 for D1ST-4-4-RAND. The random router performs
worst across the board, with notably lower coverage and
higher out-of-memory counts, confirming that unstructured
state assignment is an ineffective distribution strategy. The
differences between the remaining distributed configurations

"https://github.com/abcorrea/htg-domains

#C #M  #T MS

Powerlifted 623 257 178 439
Tyr-1-CPP 625 65 368 399
Tyr-1 554 64 440 306
Tyr-16 584 72 402 303

Dist-1-16-INV 550 56 452 312
Dist-1-16-PRED 582 113 363 327
Dist-1-16-RAND 521 114 423 295
Dist-4-4-INv 555 35 468 307
Dist-4-4-PRED 540 40 478 299
Dist-4-4-RAND 532 54 472 295

Table 1: Results for all planner configurations on the 1058
Hard-To-Ground tasks, reporting coverage (#C), the number
of tasks that ran out of memory (#M) or time (#T) and the
total memory score (MS). The best value per metric is shown
in bold.
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Figure 2: Total runtime for TYR-16 vs. DIST-4-4-INV across
all instances.

are small relative to the benchmark size, so we refrain from
strong claims about their ranking and leave a statistical per-
domain analysis to future work.

Baseline Implementation. The single-threaded POWER-
LIFTED baseline solves 623 tasks, exceeding even the multi-
threaded TYR-16 (584). Since TYR-1-CPP performs compa-
rably to POWERLIFTED, we attribute this gap to the overhead
of the Python bindings used in our prototype. The prototype
implements the search loop, the open and closed lists, state
routing and MPI communication in Python, while Datalog
evaluation for successor generation and heuristic computation
runs natively in Tyr’s C++ core. Every generated state there-
fore crosses the language boundary, where it is converted
into Python objects for routing and open-list bookkeeping;
this per-state conversion and interpreter overhead dominates
the runtime gap. Porting our distributed planner from Python
to C++ would therefore likely yield sizeable coverage gains;
Section 6.1 reports a preliminary native implementation that



~
ﬁ LA B AL B AL B A R Ll B R L1 B R B R
[}
53 5 [ x Xx, n
L X |
2 10°) e K
— = x x X X< =
. ¥ B
E L X X Xx%‘x x
(7] 104 L x X K X |
= E X X E|
] = X XX XX Bl
B - ¥ x |
Z L x X x i
< ol X x
& 10% & R E
= x B
[} F ko x ]
5 [ % x N
2 102 © X% x -
z 10°| < |
= B el ]
n b B
> - X :
Z 10t} =y H
n F « Blocks. « Childsnack |]
# = x  Genome Edit  x Labyrinth ||
< ol 0 «  Org Synth.  xPipesworld | |
& 107 ¢ < Rovers « Visitall [
= ol vl 1l Y W B W
@)

10 10t 10* 10® 10* 10°
TYR-16 (fewer expansions in 239 tasks)

Figure 3: Total expansions for TYR-16 vs. DIST-4-4-INV
across all instances.

confirms this.

Parallel Speedup. Figure 2 compares per-instance total
runtime between TYR-16 and D1ST-4-4-INV. Performance is
clearly domain-dependent: Genome and Labyrinth instances
are consistently faster to solve in the distributed configuration,
whereas Rovers and Organic-Synthesis instances are better
served by local parallelism alone. This split indicates that the
relative merit of distributing work over allocating additional
local threads is strongly domain-dependent.

Figure 3 shows the corresponding total expansions. The
conventional expectation is that adding workers increases
the total number of expansions: TYR-16 parallelises the op-
erations within a single search and explores no additional
states, whereas the four distributed workers each maintain
their own open list and pursue distinct frontiers, and although
the ownership invariant guarantees that no state is expanded
by two workers, the breadth of simultaneously active fron-
tiers should inflate the total expansion count relative to a
single-frontier search. The data only partially follow this ex-
pectation: the distributed configuration expands slightly more
states on average, but a substantial fraction of instances ex-
pand fewer states under D1ST-4-4-INV than under TYR-16.
This matches earlier observations that diversifying search
effort, e.g., by searching with many agents simultaneously
(Knight 1993) or by dovetailing over multiple parameter set-
tings (Valenzano et al. 2010), can reduce the work needed to
find a solution as the workers’ distinct frontiers can discover
a goal state earlier than a single greedy frontier would. We ob-
serve no clear domain in which one configuration consistently
expands more states than the other.

Communication Overhead. Figure 4 compares the aver-
age number of states sent per worker between the predicate-
based and invariant-based work distribution functions on
DisT-4-4. The invariant-based variant sends more states than
the predicate-based one on the majority of instances (277 vs.
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Figure 4: Average number of states sent per worker for DIST-
4-4-PRED vs. DIST-4-4-INV.

95 tasks). A plausible explanation lies in the dynamics of
the tracked atoms: invariants may include atoms which are
more likely to change often, meaning they are more likely
to get routed. The predicate-based selection ranks predicates
only by their estimated ground-atom space and can therefore
also land on predicates whose atoms change rarely, in which
case most successors remain with their generating worker.
A second factor is granularity, i.e., the size of the induced
distribution space, which neither router controls beyond the
selection target SN and which we do not explore systemat-
ically: a selected predicate of low arity or with few objects
occupies few distinct values, co-locating many states irre-
spective of their structure, so part of the communication gap
may reflect differences in effective granularity rather than in
the dynamics of the tracked atoms. Indeed, a non-trivial frac-
tion of instances under the invariant variant complete or fail
before any meaningful distribution occurs, indicating that the
resulting abstraction granularity is coarser than ideal. Adjust-
ing granularity, either by tuning the oversampling factor [ or
by adopting a finer-grained distribution strategy, would likely
mitigate these effects, but a systematic sweep was beyond
our resource budget.

6.1 A Native Implementation

The coverage gap between TYR-1-CPP and our Python pro-
totype in Table 1 motivated a native C++ implementation
of our distributed planner, DIST-k-N-CPP, which reuses
Tyr’s C++ core unchanged and only reimplements the search
harness. As a preliminary study, we compare it to the native
baseline (TYR-1-CPP, TYR-16-CPP) on the same 1058 in-
stances under a 5-minute budget and 32 GiB limit, so the
numbers are not comparable to Table 1. Because the planners
terminate differently and report peak memory on incompat-
ible bases, we compare only coverage and, on commonly
solved instances, runtime.

In coverage the native planner matches the baseline (513



vs. 505 and 557 vs. 545); as the two share the same engine,
this small edge reflects the termination asymmetry rather than
faster search, and the real gain is over the Python prototype.
Distributing across four ranks raises coverage to 597 and,
on the 539 instances both solve, D1ST-4-4-CPP (PRED.) is
faster than TYR-16-CPP on 421.

Predicate-based routing again beats invariant-based routing
(597 vs. 583), consistent with the main study; this may be
specific to our single-node setup, where communication is
cheap, and invariant-based routing could become favorable
on a multi-node deployment, the regime for which hash-
distributed search was developed (Kishimoto, Fukunaga, and
Botea 2009; Jinnai and Fukunaga 2017).

7 Conclusions

We presented a distributed parallel planner that addresses
two complementary limitations of existing approaches. First,
rule skew bounds the practical speedup of intra-node thread
parallelism: when one rule in a stratum dominates, additional
threads sit idle waiting for the bottleneck. Second, the best-
performing domain-aware work distribution functions for
hash-distributed search rely on DTGs, whose construction re-
quires a fully grounded task and is therefore unavailable in the
lifted setting. Our approach combines MPI-based distributed
search with an invariant-based work distribution function
computable directly from the lifted task; this function re-
quires no grounding and supports efficient incremental hash
updates per state transition.

Empirically, no single allocation of a fixed compute bud-
get dominates across domains: distributing across N ranks
outperforms using k local threads on Genome and Labyrinth,
while local parallelism retains an advantage on Rovers
and Organic-Synthesis. The invariant-based distribution re-
duces out-of-memory failures but sends more states than the
predicate-based one and does not improve coverage in the
same setting, likely because the selected mutex groups cover
frequently changing atoms, while the abstraction is simul-
taneously too coarse on some instances to distribute states
at all. A comparison against Powerlifted indicates that the
Python prototype leaves substantial coverage on the table,
which a preliminary native C++ implementation confirms:
reusing Tyr’s C++ core, it removes the prototype’s language-
boundary overhead and performs on par with the TYR-1-CPP
baseline, while distribution adds coverage on an orthogonal
scaling axis. Future work includes a parameter sweep over
the oversampling factor /3, an exploration of alternative distri-
bution strategies and a statistical analysis of the per-domain
differences. Further directions are a multi-node study that
exploits the additional scaling axis distribution provides, and
an extension of the approach to cost-optimal search, where
the interaction between distribution and node-ordering guar-
antees raises additional correctness concerns.
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