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Figure 1: Example of failure-localized replanning

in HiP-LR. Upon failure (e.g., occupied gripper), centralized

methods (Shek et al., 2026) regenerate the global plan, halting all robots. Conversely, HiP-LR replans exclusively
within the affected dependency-isolated group, allowing unaffected robots to continue executing in parallel.

Abstract

Large Language Model (LLM)-driven multi-
robot systems struggle with long-horizon tasks
due to planning and execution complexities.
As task dependencies grow, centralized plan-
ners suffer from context explosion and hallu-
cinations, while minor runtime errors can dis-
rupt the entire operation. Current monolithic
methods overload LLMs and cause unnecessary
global halts during error recovery. To address
this, we introduce Hierarchical Planning with
Localized Failure Recovery (HiP-LR). HiP-LR
uses a two-level hierarchy to divide complex
instructions into dependency-isolated subtask
groups. A central agent allocates global tasks,
while local agents execute specific plans, keep-
ing LLM contexts compact. Furthermore, a
PDDL-based dual-memory structure enables
failure-localized replanning: if an error occurs,
only the affected group pauses to replan, allow-
ing others to continue uninterrupted. Evaluated
on MAP-THOR, HiP-LR improves the task
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success rate by 38% and reduces replan-wait
costs by 90% over state-of-the-art baselines.
Furthermore, HiP-LR demonstrates highly ro-
bust recovery capabilities on our novel failure-
injection benchmark, RECAP-THOR.

1 Introduction

Multi-robot systems capable of following natural-
language instructions are rapidly transitioning to
real-world deployment. The advent of large lan-
guage models (LLMs) has streamlined this process
by decomposing instructions into executable multi-
robot plans (Zhang et al., 2024; Kannan et al., 2024;
Mandi et al., 2024; Liu et al., 2025). However,
long-horizon tasks across multiple robots remain
challenging, as difficulty accumulates both when
generating the plan and when executing it. During
planning, growing subtasks, robot states, and inter-
task dependencies expand the planner’s context,
weakening LLM reasoning and increasing the risk
of hallucinated subtasks and infeasible robot-task
assignments (Liu et al., 2024; Levy et al., 2024).
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During execution, even minor failures, such as a
missed grasp or an unexpected object displacement,
can invalidate downstream subtasks and disrupt the
entire plan. Task success rates therefore degrade in
long-horizon settings.

To address these planning and execution chal-
lenges, existing studies generally pursue two direc-
tions. The first prevents invalid action sequences
by constraining LLM outputs with formal logic or
explicit structures, such as Planning Domain De-
scription Language (PDDL) (Aeronautiques et al.,
1998; Zhang et al., 2025; Shi et al., 2025) or de-
pendency graphs (Obata et al., 2024; Wang et al.,
2024). The second direction focuses on execution-
time feedback and failure recovery. Frameworks
like KGLAMP (Shek et al., 2026), H-AIM (Zeng
and Li, 2026), and LLaMAR (Nayak et al., 2024a)
monitor runtime errors or violated preconditions
and trigger reactive replanning to recover from ex-
ecution failures.

Yet both directions leave the fundamental chal-
lenge of multi-robot planning unresolved. As more
robots act on shared objects and spaces, the causal,
temporal, and resource dependencies between sub-
tasks accumulate quickly. Prior methods absorb all
these dependencies into a single global plan, leav-
ing no internal boundary that separates one source
of dependency from another. The complexity is
therefore not resolved structurally but pushed en-
tirely onto a single LLM, whose burden grows with
every added robot or subtask.

This absence of dependency-aware isolation pro-
duces two compounding symptoms. On the plan-
ning side, encoding all these dependencies into a
single LLM prompt expands the context and weak-
ens reasoning, leading to hallucinated subtasks and
infeasible assignments. On the execution side, a
minor local failure triggers regeneration of the en-
tire plan and forces every robot to halt, including
those unrelated to the failed subtask, as shown in
the top panel of Figure 1. The resulting idle time
becomes a major source of multi-robot inefficiency.

To address this challenge, we propose Hierar-
chical Planning with Localized Failure Recov-
ery (HiP-LR), a novel framework that introduces
a two-level hierarchy into multi-robot LLM plan-
ning. Globally, HiP-LR analyzes these dependen-
cies between subtasks and partitions the task into
dependency-isolated groups, as illustrated in the
bottom panel of Figure 1. Locally, each group is
handled by its own local plan, reasoning only about
the subtasks within that group. The LLM’s context

therefore stays compact and relevant to a single
group, distributing the overload that prior methods
place on one global LLM across multiple bounded
local plans.

A key strength of HiP-LR is failure-localized
replanning. Because each group is bounded by
its own causal, temporal, and resource dependen-
cies, a runtime failure stays inside the affected
group. Only that group is suspended and replanned,
while independent groups continue executing un-
interrupted. To make this localized replanning pre-
cise and fast, each group maintains a PDDL-based
memory of symbolic states and effects rather than
natural-language logs. HiP-LR thereby avoids the
replan-wait cost caused by global halts while pre-
serving global consistency.

Our main contributions are outlined as follows:

* We propose HiP-LR, a hierarchical LLM-
based framework that decouples global task
reasoning from local execution via a Central
Agent and multiple Local Agents.

* We introduce a dependency-aware grouping
strategy that groups causally related subtasks
into isolated groups, effectively mitigating
context explosion in long-horizon planning.

* We develop a failure-localized replanning
mechanism that targets only the affected sub-
task group, enabling unaffected robots to con-
tinue without global execution halts.

* On the MAP-THOR benchmark (Nayak et al.,
2024b), HiP-LR reduces replan-wait cost by
90% and improves the task success rate by
38% over the SOTA baseline. Furthermore,
we introduce and evaluate our framework on
RECAP-THOR, a new failure-injection bench-
mark. Both the benchmark and source code
are publicly released’.

2 Related Work

Classical planning methods (Georgievski and
Aiello, 2015; Browne et al., 2012; Tantakoun et al.,
2025; Liu et al., 2025) have long been used for
task planning, but they face scalability challenges
in open-domain multi-robot settings. Within the
NLP community, grounding natural-language in-
structions into executable plans has become an ac-
tive research direction, spanning task-transition

"https://leechaerin03.github.io/HiP-LR/
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Figure 2: Overview of the HiP-LR framework. (1) HiP-LR decomposes a long-horizon instruction into subtasks
solved via PDDL planning. (2) These subtasks are structured into a dependency graph to establish execution
dependencies and parallel groups. (3) The Central Agent allocates these groups to Local Agents for distributed
scheduling and execution. (4) Local Agents monitor progress via dedicated memory; upon failure, the affected
agent generates a PDDL report triggering localized replanning, leaving independent groups uninterrupted.

knowledge for autonomous LLM agents (Zhao
et al., 2025) and benchmarks for procedural plan-
ning with visual language models (Su et al., 2024);
this line of work, however, targets a single em-
bodied agent. Recent LLM-based approaches
have improved flexibility by decomposing natural-
language instructions, assigning roles, and coor-
dinating robot teams through dialogue or modu-
lar agent structures (Zhang et al., 2024; Kannan
etal., 2024; Mandi et al., 2024; Brohan et al., 2023).
However, these methods primarily focus on gen-
erating initial plans, leaving subtask dependencies
and causal ordering implicitly represented. This
lack of explicit structure compromises execution-
time robustness, particularly in long-horizon tasks
where a local failure can invalidate downstream ac-
tions. To address these limitations, subsequent stud-
ies have explored structured task representations
alongside feedback-driven replanning mechanisms
for failure recovery.

Structured Reasoning for Long-Horizon Plan-
ning. Recent studies improve the reliability of
LLM-based planning by grounding plans in ex-
plicit symbolic or graph-structured representations
for single-agent (Silver et al., 2024; Zhou et al.,
2024; Song et al., 2023) and multi-robot settings
(Zhang et al., 2025; Obata et al., 2024; Gupta et al.,
2025; Bai et al., 2024). For instance, LaMMA-P
(Zhang et al., 2025) frames subtasks as PDDL in-
stances solved via Fast Downward (Helmert, 2006)
for symbolic validity, while LiP-LLM (Obata et al.,
2024) optimizes task ordering and allocation us-
ing a dependency graph and linear programming.

Constraining LLM outputs with these formal struc-
tures reduces hallucinations, invalid constraints,
and infeasible assignments. However, because
these methods maintain plans as monolithic struc-
tures, they struggle to isolate runtime failures and
lack a principled mechanism for localized recovery.

Feedback-Loop-Based Replanning. Another line
of work introduces execution-time feedback to han-
dle runtime failures (Shek et al., 2026; Borate et al.,
2025; Zeng and Li, 2026; Zhu et al., 2025; Son
et al., 2025). Reactive methods like EmboTeam
(Zeng and Li, 2026) recover through predefined
action-level responses, but fail to revise the global
plan when errors alter downstream preconditions.
Conversely, replanning methods like KGLAMP
(Shek et al., 2026) and CoMuRoS (Borate et al.,
2025) regenerate the plan upon detecting execution
errors. KGLAMP grounds replanning in updated
knowledge graphs, while CoMuRoS supports task
reassignment under unexpected events.

Despite these advances, lacking intermediate
boundaries to isolate failures, current methods of-
ten default to global centralized replanning. This
inevitably halts all multi-robot execution to prevent
state inconsistencies, forcing unaffected robots to
idle, an unaddressed inefficiency we define as the
replan-wait cost. HiP-LR resolves this limitation
through causal isolation. By partitioning tasks into
PDDL-derived dependency groups, HiP-LR con-
fines both the failure impact and LLLM replanning
context strictly to the affected scope. Consequently,
this enables localized replanning, allowing unaf-
fected groups to continue uninterrupted and effec-
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Algorithm 1 HiP-LR Algorithm

Require: Task instruction Z, robot set R, central agent A°™*,
local agents { A}°°*'}, memories M&P# { pioeal)

Ensure: Executable multi-robot plan and execution status

> Global planning by the Central Agent
: {T;}£, < GETSUBTASKS(Z, A®™)
: GT < GETSUBTASKDG({T;},, A®"*)
: {GF M| + GETSUBTASKGROUPS(GT, A°°™t)
{Aleea K |« ASSIGNLOAGENT({GI }K |, A%ent)
> Parallel local planning and execution
5: forall k € {1,..., K} in parallel do
6: repeat
7:
8

GT + REFINEDG(G], Aloeal pqlocal)
: Ry — ASSIGNROBOTS(GE, R, A°°™)
9: G < GETACTIONDG(G, Ry, Aleal)

10: repeat

11: sk + EXECUTE(G}, Ry, A, Migeal)
12: until s, = FAILURE or s, = FINISHED

13: R, M&°P2l « REPORTIDLE(Ry, A°™)

14: until s;, = FINISHED

15: end for

16: return {s;}~_,

tively minimizing the replan-wait cost.

3 Method

3.1 Overview

We study the cooperative multi-agent planning
problem (Kannan et al., 2024) for long-horizon
embodied tasks. Given a natural-language instruc-
tion Z, an initial state sg, and a set of robots
R = {r1,...,rn}, the objective is to generate
an executable multi-robot plan II that assigns tem-
porally ordered subtasks and primitive actions to
appropriate robots.

As illustrated in Figure 2, we propose HiP-LR, a
hierarchical framework that decomposes the over-
all decision-making process into a global Central
Agent and multiple Local Agents. Here, an “agent”
refers to an LLM-based reasoning module, not a
physical robot. The Central Agent decomposes in-
structions into subtasks and builds a dependency
graph mapping their causal, temporal, and resource
relations. It then partitions the graph into inde-
pendent clusters of mutually dependent subtasks.
Finally, each cluster is assigned to a corresponding
Local Agent, which refines the local dependency
structure, allocates robots, and generates an action-
level execution schedule.

3.2 Global Planning with Central Agent

Algorithm 1 (Lines 1-4) outlines the Central
Agent’s global planning. Given an instruction
7 and initial state sg, an LLM decomposer gen-
erates subtasks 7 = {T1,...,Ty} detailing re-

quired skills, objects, and goals (Line 1). The Cen-
tral Agent grounds each T; into a PDDL (Aero-
nautiques et al., 1998) problem instance P; =
(Objects;, Init;, Goal;) using a shared domain
model. Solving P; with the Fast Downward plan-
ner (Helmert, 2006) yields a feasible action se-
quence. Thus, each subtask is represented as a
PDDL-grounded model:

mi = (pre(Ty), eff (Ti), obj(T;), res(T7), cvi)

where pre(7T;) and eff(7;) are symbolic precon-
ditions and effects, obj(7;) and res(7;) are in-
volved objects and exclusive resources, and «; is
the planned action sequence. Full domain and prob-
lem file examples are provided in Appendix A.
Next, the Central Agent constructs a subtask-
level dependency graph GT = (T,&) (Line 2).
Instead of expanding all primitive actions (Obata
et al., 2024), HiP-LR infers dependencies among
grounded subtasks. The graph construction prompt
is invoked once per task, using compact summaries
of each subtask, including key objects, precondi-
tions, effects, and goals. When PDDL predicates
alone are insufficient to capture semantic ordering,
the overall task goal is used as additional context.
Each node T; € T denotes a subtask. Each di-
rected edge e;; € £ encodes an ordering constraint
from T; to T;. HiP-LR uses two dependency types:

* Causal dependency: An edge e;; is inserted
when an effect of 7; satisfies a precondition of
Tj, i.e., eff(T;) N pre(7;) # 0. The edge is
directed from the enabling subtask to the depen-
dent subtask.

* Resource dependency: An edge e;; is inserted
when two subtasks share an exclusive resource,
such as the same manipulable object, open-
able instance, or constrained robot resource.
This prevents physical conflicts and inconsistent
states during concurrent execution. The edge
direction follows the initial PDDL plan order,
preserving acyclicity without exhaustive search.

To avoid over-constraining the graph, HiP-LR
applies instance-level reasoning. Different in-
stances of the same type do not induce dependen-
cies. Shared open surfaces also do not create edges
by themselves. Generic robot predicates and shared
source locations are ignored unless they affect exe-
cution feasibility. Thus, G captures dependencies
relevant to execution order and failure containment.
Physical interactions not represented in the graph
are handled later during execution and replanning.
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See Appendix B for the full construction procedure.
After constructing GT, each weakly connected
component of G* defines a subtask group:

G = (T, &), k=1,..., K.

Because no edge crosses component boundaries,
a failure inside Q,CT cannot structurally propagate
to another group g,’{,. Each group therefore serves
as a local replanning boundary. Assigning ng toa
Local Agent A}fcal (Line 4) establishes an isolated
replanning unit.

3.3 Local Scheduling with Local Agent

Once assigned a subtask group GI' = (Tx, &),
the Local Agent A}fcal exclusively manages its
scheduling and execution. Restricting the LLM’s
scope to 7 ensures the prompt contains only rele-
vant context. This mitigates context explosion (Liu
et al., 2024; Levy et al., 2024) and enables the
generation of a detailed local schedule 7.

Algorithm 1 (Lines 5-15) outlines parallel lo-
cal execution. When a group becomes executable,
the Local Agent refines its dependency structure
to expose parallelism (Line 7). Crucially, PDDL-
derived causal and resource edges are strictly pre-
served as hard constraints, maintaining the global
failure boundaries.

The Central Agent mediates robot assignment
to prevent conflicts. It allocates a subset of robots
R € R based on system-wide availability tracked
in the global memory (Line 8), cleanly separating
global resource management from local reasoning.

Given Ry, the Local Agent expands ng into an
action-level dependency graph Q,‘f (Line 9). Sub-
tasks 7T; are replaced by their PDDL action se-
quences a; = (ai, ..., al, ). Cross-subtask edges
connect a predecessor’s final action to a succes-
sor’s first, while intra-robot edges serialize a single
robot’s actions. This yields an executable schedule
for immediate action dispatch.

During execution (Lines 10-12), the Local
Agent monitors G lf and updates its local memory
Mieeal with successful PDDL effects. This com-
pact local state efficiently tracks subtask statuses
and histories. If an execution failure occurs, the
Local Agent suspends only its assigned group ng
and utilizes this local memory to trigger a local-
ized replanning loop, ensuring unaffected groups
continue uninterrupted.

Failure Detection and Local Replanning. Exe-
cution failures arise when outcomes violate PDDL
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Figure 3: Illustration of HiP-LR’s PDDL-based dual-
memory update for localized failure recovery. The Local
Agent logs the failure state, cause, and pending subtasks
in local memory, while the Central Agent updates af-
fected group and robot statuses, leaving independent
groups executable.

effects or robots report unexecutable actions. Upon
detecting a failure in 7; € 7, the Local Agent
A}fcal logs it in M}Cocal and suspends only the af-
fected group ng. Because group-binding depen-
dencies do not cross boundaries, the failure cannot
propagate. Meanwhile, the Central Agent contin-
ues managing inter-group constraints via global
memory MB8!obal,

To initiate recovery, the Local Agent constructs
a PDDL-grounded failure report:

curr
Fy = <Tfaily Tcauses Hactions Tremain, Sk >

where T}, is the failed subtask, 7cause 1S the ob-
served failure cause, Hction logs successful primi-
tive actions, Tremain € 7k contains unfinished sub-
tasks, and s"'" is the updated local symbolic state
reflecting completed actions. This report provides
the minimal symbolic context necessary to replan
without losing execution progress.

Crucially, HiP-LR decouples replanning from re-
source queries. Replanning is confined to Tremain,
while queries for newly available robots access
Melobal - Guided by Fj, the Local Agent re-
invokes the PDDL pipeline solely on unfinished
subtasks, bypassing completed actions. This yields
updated dependency graphs (ng’neW, g,f M) and a
revised schedule 7;°". The affected group then re-
sumes execution, leaving independent groups com-

pletely uninterrupted.
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PDDL-based Dual-Memory Structure. Rather
than using natural-language logs (Zhang et al.,
2025), HiP-LR’s memory uses the symbolic repre-
sentation employed for planning. Upon an action’s
success, its PDDL effects are written directly as
ground predicates (e.g., (holding robotl1 pan)).
This explicit tracking avoids the need to parse
lengthy textual histories to infer environment states.
Figure 3 illustrates this dual-memory update: the
Local Agent records the failure state, cause, and
pending subtasks, while the Central Agent updates
global task progress and robot availability.

Reflecting HiP-LR’s hierarchy, each Local
Agent Al maintains a local memory M°ca! for
its assigned subtask group g,’{. It tracks the group’s
symbolic state, action history, and failures. By ac-
cumulating the effects of completed actions, Local
Agents preserve progress, ensuring any replanning
is strictly restricted to unfinished subtasks.

Concurrently, the Central Agent manages a
global memory M&l°Pal tracking system-wide
progress, robot availability, and inter-group con-
straints, which Local Agents query when request-
ing resources. This dual structure cleanly de-
couples local execution from global coordination:
Local Agents operate within a compact, PDDL-
grounded context, while the Central Agent seam-
lessly manages cross-group consistency.

4 Experiment

4.1 Experimental Setup

Datasets. We evaluate HiP-LR on two bench-
marks. For general long-horizon tasks, we use
MAP-THOR (Nayak et al., 2024b), containing 45
household tasks across 5 floor plans in the AI2-
THOR simulator (Kolve et al., 2017) (225 scenar-
i0s). To analyze replanning capabilities under con-
trolled execution failures, we construct RECAP-
THOR, a new failure-injection benchmark derived
from representative MAP-THOR errors. In MAP-
THOR, failure frequency and timing depend heav-
ily on the underlying LLM and planner, making
it difficult to compare recovery behaviors under
identical conditions. RECAP-THOR addresses this
by designing each task to fail at a predetermined
action, while utilizing the same AI2-THOR simu-
lator and floor plans. The benchmark targets four
common failure modes: an unpickable target ob-
ject (T1), a receptacle that cannot accommodate
all required items (T2), a robot initially holding an
unrelated object (T3), and a receptacle whose state

MAP-THOR
Method SRt TRt Ct Bt SE|
SMART-LLM 0.04 012 025 0.09 1.00
DMRS-1D 023 053 076 0.61 0.54
DMRS-2D 027 053 076 0.67 0.2
LaMMA-P 030 050 054 034 0.7
LaMMA-P+* 046 065 069 033 0.60
H-AIM* 053 066 066 057 0.75
KGLAMP* 051 074 076 0.64 0.71

HiP-LR (Ours)¥ 073 090 087 075 048

RECAP-THOR
Method SRt TRt Ct Bt SE|
LaMMA-P+* 025 050 056 021 0.72
KGLAMP* 0.12 060 065 0.10 0.66

HiP-LR (Ours)! 047 0.84 0.83 0.58 0.68

1 Approaches with failure recovery capabilities.

Table 1: Benchmark results on MAP-THOR and
RECAP-THOR using a three-robot setup.

changes between planning and execution (T4). In-
stantiating two scenario templates across five floor
plans for each failure type yields 40 task instances.

Baselines. We evaluate HiP-LR against
seven multi-robot planning baselines: SMART-
LLM (Kannan et al.,, 2024), DMRS-1D and
DMRS-2D (Zhang et al, 2024), LaMMA-
P (Zhang et al., 2025), LaMMA-P+ (an augmented
version equipped with a naive feedback loop),
H-AIM (Zeng and Li, 2026), and KGLAMP (Shek
et al., 2026) (see Appendix D for baseline details).
Because most baselines support a maximum of
three robots, we employ a three-robot setup across
all evaluations and use GPT-40 (Achiam et al.,
2023) as the backbone LLM.

Evaluation Metrics. We categorize our evalu-
ation metrics into two main groups: task execu-
tion and replanning efficiency. For task execution,
we adopt Success Rate (SR), Transport Rate (TR),
Coverage (C), and Balance (B) from MAP-THOR
(Nayak et al., 2024b). Additionally, we propose
Step Efficiency (SE) to quantify task completion
speed in terms of execution steps. For replanning
efficiency, we introduce four new metrics: Replan-
ning Success Rate (RSR), representing the frac-
tion of successful replans; Replan Wait (RW), mea-
suring the total robot idle time during replanning
(sec/task); Replanning Time (RT), average time to
generate a new plan (sec); and Replanning Token
Usage (RTU), counting the LLM tokens consumed
during replanning. (See Appendix E for details)
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Figure 4: Failure recovery performance for HiP-LR, KGLAMP, and LaMMA-P+ on MAP-THOR and RECAP-
THOR. Red arrows denote HiP-LR’s improvement over the best baseline. RTU is shown on a logarithmic scale.

4.2 Benchmark Performance

Table 1 summarizes the benchmark results for both
MAP-THOR and RECAP-THOR. We excluded
baselines without a replanning module (SMART-
LLM, DMRS, LaMMA-P) and H-AIM, which re-
lies on a pre-specified Behavior Tree for failure
recovery, from the RECAP-THOR experiments.

On MAP-THOR, HiP-LR consistently outper-
forms all baselines, including pure LLM-based
planners (SMART-LLM, DMRS), PDDL-based
method (LaMMA-P), and failure-recovery methods
(LaMMA-P+, H-AIM, KGLAMP). Specifically, it
achieves the highest scores in task success (SR),
subtask completion (TR), and object coverage (C).
This demonstrates the effectiveness of our hier-
archical, dependency-aware replanning for long-
horizon multi-robot tasks. Furthermore, HiP-LR
yields highly competitive workload balance (B) and
execution efficiency (SE), proving it optimizes both
task completion and parallel robot coordination.

Results on RECAP-THOR explicitly highlight
HiP-LR’s robustness under execution failures. By
outperforming strong baselines like LaMMA-P+
and KGLAMP, HiP-LR validates our core hypoth-
esis: localized replanning of only the affected
subtask group is significantly more effective than
global plan restarts. Even under injected failure
conditions, HiP-LR successfully isolates the error
to prevent failure propagation, ensuring resilient
and uninterrupted execution.

4.3 Failure Recovery Analysis

Figure 4 compares the failure recovery per-
formance on MAP-THOR and RECAP-THOR.
Across both benchmarks, HiP-LR achieves the
highest replanning success rate (RSR), proving its
group-level strategy is more reliable than global re-
planning baselines. By localizing the failure scope
through the dependency graph with dual-memory,

Method SRT RW| RSRt RTUJ|
w/o Dual Memory 0.62 186.43 0.38 36.3k
w/o Dependency Graph 0.64 74.69  0.14  144.6k
w/o Hierarchical 0.65 5720 050 37.1k
HiP-LR 0.73 3471 090 11.2k

Table 2: Ablation study of HiP-LR’s three core compo-
nents on MAP-THOR. Highlighted cells denote each
component’s most affected metric.

HiP-LR regenerates executable plans effectively,
avoiding the inefficiency of restarting the entire task
plan after each failure. This consistent improve-
ment across both the original and failure-injected
benchmarks demonstrates that HiP-LR’s recovery
mechanism generalizes robustly beyond specific
failure distributions.

In terms of replanning efficiency, HiP-LR sub-
stantially minimizes replan wait (RW), replanning
time (RT), and token usage (RTU) compared to
baselines. While KGLAMP and LaMMA-P+ in-
cur severe delays from centralized or full-pipeline
replanning, HiP-LR restricts replanning solely to
the affected subtask group, enabling unaffected
robots to seamlessly continue execution. This lo-
calized recovery design dramatically reduces both
system-level idle time and LLM inference costs.
Furthermore, token-usage results confirm that HiP-
LR achieves highly efficient replanning by effec-
tively constraining the context and decision space
using a PDDL-based dual-memory structure.

4.4 Ablation Study

We evaluate three HiP-LR variants on MAP-THOR
by independently removing one core component:
* w/o Dual Memory. Replaces each Local
Agent’s local memory with a single globally
shared memory.
* w/o Dependency Graph. Removes the PDDL-
derived graph, relying on the LLM to group
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Figure 5: Scalability comparison of HiP-LR, KGLAMP,
and LaMMA-P+ on MAP-THOR as the number of
robots increases from two to five.

subtasks without explicit causal isolation.

» w/o Hierarchical. Merges global and local plan-
ning into a single agent, making it equivalent to
a centralized planning with failure recovery.

Table 2 summarizes the ablation results, reveal-
ing each component’s contribution. Removing
Dual Memory primarily increases replan wait,
highlighting the importance of separating local
histories from global memory to prevent unneces-
sary synchronization. Removing the Dependency
Graph severely degrades replanning success rate
and token efficiency, proving explicit causal struc-
tures are vital for identifying the correct replanning
scope and avoiding redundant context.

Removing the Hierarchical structure degrades
all metrics, confirming that distributed Local
Agents are vital for robust recovery. However,
this variant still achieves a success rate of 0.65
(SR), outperforming all baselines in Table 1 de-
spite acting like a centralized planner. This proves
HiP-LR’s superiority stems not only from its hierar-
chy, but largely from its dependency-graph replan-
ning and PDDL memory, which inherently preserve
symbolic structure and ensure reliable recovery.

4.5 Scalability Analysis

We evaluate scalability on the 20 largest MAP-
THOR scenarios by floor area. To focus on high-
level planning scalability, we utilize large scenes
where introducing five robots does not trigger se-
vere physical congestion or low-level navigation
bottlenecks. Figure 5 presents the scalability re-

18 51 211 —0.010 [~1.7, +0.3]
14 65 386  +0.001 [—1.1, +0.7]
10 37 240 —0.021 [-3.3, —1.5]
]
]

NIV

7 28 4.00 —0.015 [-2.9, —1.2
All 49 181 3.07 -0.010 [-1.6, —0.6

Table 3: Subtask group isolation analysis. Config:
MAP-THOR scenario set. Tasks/Subtasks: total counts.
Groups: average number of generated groups per task.
Mean: average relative execution-time difference be-
tween parallel and isolated execution. 90% CI: confi-
dence interval.

sults as the number of robots grows from two to
five. HiP-LR maintains stable or improved success
rate, transport rate, and coverage while enhancing
step efficiency. This indicates HiP-LR effectively
exploits additional robots for parallel execution
without degrading planning quality.

Conversely, baseline methods become increas-
ingly unstable as the team grows. KGLAMP and
LaMMA-P+ drop notably in task success and effi-
ciency, demonstrating that centralized replanning
scales poorly as joint state spaces expand. These
results highlight the limitations of centralized plan-
ning under multi-robot complexity.

4.6 Group Isolation Analysis

To verify whether the proposed method produces
execution-isolated subtask groups, we conduct an
equivalence-based reliability analysis on MAP-
THOR. For each generated group, we compare
its completion time during parallel execution with
other groups against its isolated execution. We
compute the relative execution-time difference and
evaluate if it falls within a predefined equivalence
margin. Statistical equivalence between these
modes indicates the group is minimally affected
by others, confirming effective isolation.

Table 3 reports the results across MAP-THOR
configurations. The mean relative time differ-
ences are near zero across all scenarios. More-
over, the 90% confidence intervals remain narrow
and centered around zero, with an overall inter-
val of [-1.6%, —0.6%)]. This demonstrates that
parallel execution introduces no meaningful delay
compared to executing a group alone, proving our
strategy successfully generates independent and
execution-isolated subtask groups.
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5 Conclusion

We presented HiP-LR, a hierarchical framework for
long-horizon multi-robot planning with localized
failure recovery. Partitioning the subtask graph
into PDDL-derived dependency groups enables a
Central Agent to handle global allocation, while Lo-
cal Agents manage detailed scheduling and recov-
ery. Upon encountering a failure, only the affected
group is replanned, leaving independent groups un-
interrupted. Experiments demonstrate significant
improvements in task success and efficiency, as lo-
calized recovery substantially reduces wait costs,
planning time, and LLM token usage. These results
establish causal isolation as an effective founda-
tional principle for scalable multi-robot planning.

Limitations

While HiP-LR advances multi-robot coordination,
it currently relies on a fully defined initial state s,
assuming an oracle-level, fully observable environ-
ment. In reality, robots operate under partial ob-
servability and rely on egocentric perception, mak-
ing exhaustive scene-level information unattainable
without active exploration. Although baseline stud-
ies also operate under this assumption of a fully
observable environment, relying on externally sup-
plied symbolic states remains a critical bottleneck
for full autonomy. To bridge this gap, future work
will integrate Vision-Language Models (VLMs)
and real-time spatial mapping to continuously ex-
tract and update symbolic states from egocentric
observations, ultimately eliminating the need for
oracle assumptions.
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A PDDL Specification

Domain The domain defines general rules, con-
straints, and actions applicable across multiple sub-
task instances. In formal terms, the domain speci-
fies the lifted representation of the planning prob-
lem, including the state space .S, the set of actions
A, and the transition function f.

In HiP-LR, we adopt a single domain named
allactionrobot, based on the AI2-THOR envi-
ronment (Kolve et al., 2017), as the shared sym-
bolic environment for all subtask planning in-
stances.

* Types: The domain defines two top-level ob-
ject classes to organize the entities in the state
space S into a type hierarchy. Specifically, robot
covers all physical robot agents (e.g., robot1),
and object covers all manipulable and environ-
mental entities (e.g., butterknife, drawerT,
countertop?). These types constrain valid pred-
icate arguments and action parameters.

Predicates: Predicates are logical atomic for-
mulas that describe conditions or relationships
among typed entities, collectively defining state
space S. We categorize predicates as follows:

— Unary predicates (P;): These describe the
properties or conditions of a single en-
tity. Example: (hand-empty robot1),
the robot robot1 is not holding any object;
(fridge-open fridge1), the fridge is cur-
rently open.

— Binary predicates (P»): These represent re-
lationships between two entities. Exam-
ple: (at robot1 butterknife), robot1 is
adjacent to the butterknife; (at-location
butterknife countertop2), the but-
terknife is located on countertop?2.

Actions (A): Actions define how the environ-
ment transitions from one state to another. Each
action a € A is characterized by its precondi-
tions pre(a) and effects eff(a), which together
define the transition function f : § x A — S.
For example, the action PickupObject(robotl,
butterknife, countertop2) has:

— pre(a): hand-empty(robot1), the robot
must not be holding any object.

— eff(a): (holding robot1 butterknife),
the robot now holds the object.

Problem Each planning problem instance defines
a grounded subtask over the shared domain, repre-
sented as a tuple (Objects,;, Init;, Goal;) where:

* Objects Objects;: The specific entities instanti-
ated for the subtask (e.g., robot1, butterknife,
countertop2, drawer1, floor).

 Initial state Init;: A complete assign-
ment of predicate values describing the
starting configuration (e.g., (at-location
butterknife countertop2), (object-close
robot1 drawer?)).

* Goal conditions Goal;: A set of predi-
cate conditions that must hold in any valid
goal state (e.g., (at-location butterknife
drawer1), (object-close robot1 drawer1),
(hand-empty robot1)).

In summary, the domain defines the common
environment through (S, A, f), while each prob-
lem grounds the domain with a specific subtask
instance (Objects;, Init;, Goal;). An example of
a full PDDL domain and problem file is provided
in Appendix A.1.

A.1 Example of PDDL Domain File and
PDDL Problem File

End-to-end PDDL workflow. The Domain
file (top-left) is the symbolic rule book: it
specifies (i) abstract types robot and object;
(ii) predicates such as object-close(?r,?x)
and at-location(?o0,?loc); and (iii) actions
GoToObject and PickupObject, whose precondi-
tions and effects delimit all legal state transitions.
The Conceptual Mapping arrow shows how these
symbolic elements are reused downstream: types
— objects and predicates — state literals in the
grounded problem instance. During Grounding
(=), the domain symbols are instantiated with con-
crete objects (robot1, butterknife, drawer1), a
concrete initial state Init;, and goal conditions
Goal;, yielding the Problem file (right). The Fast
Downward planner (Helmert, 2006) then performs
Planning ({}), binding domain actions to these
grounded elements to generate an executable Plan
(bottom). Overall, the figure traces the PDDL
pipeline: from symbolic specification, through
grounded problem instantiation, to concrete plan
execution. This shows how domain knowledge
is propagated and reused at each stage of subtask
planning in HiP-LR.
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Domain File (allactionrobot)

(define (domain allactionrobot)
(: types robot object)

(: predicates
(at ?r - robot ?x - object)
(holding ?r - robot ?0 - object)
(at-location ?0 - object ?1 - object)
(hand-empty ?r - robot)
(object-open ?r - robot ?x - object)
(object-close ?r - robot ?x - object)
(is-fridge ?x - object)
(fridge-open ?f - object)
L)
(: action GoToObject
:parameters (?r - robot ?dest - object)
:precondition (not (inaction 7?r))
:effect (and (at ?r ?dest)
(forall (?x - object)
(when (at ?r ?x)
(not (at ?r ?x))))))
(:action PickupObject
:pre (at ?r ?0)(hand-empty ?r)...
:eff (holding ?r ?0)...)
(:action PutObject ...)
(:action OpenObject ...)
(:action CloseObject ...)

.; 15 actions total

=
Grounding

Problem File (74 : Put ButterKnife in Drawerl)

(define (problem put-butterknife)
(:domain allactionrobot)

(: objects

robot1 - robot

butterknife - object

countertop2 - object

drawerl - object
floor - object)
(: init

(not (inaction robot1))

(at robotl1 countertop2)

(hand-empty robot1)

(at-location butterknife countertop2)
(at-location drawer1 floor)
(object-close robot1 drawer1))

(: goal (and

(at-location butterknife drawer1)
(object-close robot1 drawerl)
(hand-empty robot1))))

{ Fast Downward Planner

Plan (6 steps, total-cost = 6)

GoToObject(robot1, butterknife) — PickupObject(robotl, butterknife, countertop2) —
GoToObject(robotl1, drawer1) — OpenObject(robotl, drawerl) —
PutObject(robotl1, butterknife, drawer1) — CloseObject(robot1, drawerl)

Figure 6: End-to-end PDDL workflow for HiP-LR. The Domain file (left) is the symbolic rule book: it specifies
types robot and object, predicates such as (at-location ?0 ?loc) and (object-close ?r ?x), and 15
primitive action schemas. During Grounding (=), domain symbols are instantiated with concrete objects (robot1,
butterknife, drawer1), an initial state, and goal conditions Goal;, yielding the Problem file (right). The Fast
Downward planner performs Planning ({}), binding domain actions to the grounded elements to produce the 6-step
Plan that achieves Goal;.
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A.2 Example of Execution Logs
Example: Successful Subtask Execution (77: Put the ButterKnife in Drawer1)

Natural Language Instruction: Put the ButterKnife in Drawer1
PDDL Problem (generated by Central Agent):

(define (problem put-butterknife)

(:domain allactionrobot)

(:objects

robot1 - robot butterknife - object

countertop2 - object drawerl - object floor - object)
(:init

(not (inaction robot1)) (at robotl1 countertop2)
(hand-empty robot1)

(at-location butterknife countertop2)

(at-location drawer1 floor) (object-close robot1 drawer1))
(:goal (and

(at-location butterknife drawer?)

(object-close robot1 drawerl) (hand-empty robot1))))

Assigned Robot: Robot 1 Group: G = T, i}
Completed Actions (logged in M}°<?!):

GoToObject(robot1, butterknife)
PickupObject(robotl, butterknife, countertop2)
GoToObject(robot1, drawerl)

OpenObject(robotl1, drawerl)
DropHandObject(robot1, butterknife, drawer?)
CloseObject(robot1, drawerl)

Execution Result: SUCCESS Replan version: 0

Example: Failed Subtask with Failure Report (75: Turn on the Faucet)

Natural Language Instruction: Turn on the Faucet
PDDL Problem (generated by Central Agent):

(define (problem switch-on-faucet)

(:domain allactionrobot)

(:objects

robot1 - robot faucet - object floor - object)
(:init

(not (inaction robot1)) (at robot1 floor)
(hand-empty robot1)

(at-location faucet floor) (is-faucet faucet))
(:goal (and

(switch-on robotl1 faucet) (faucet-on))))

Assigned Robot: Robot 1 Group: G = {Ts}

Failure Cause: Faucet object is unreachable in the current environment configuration; no actions were completed.
Failure Report I}, (compiled by Local Agent for GI):

Ttain = T5 (switch-on-faucet)

Tcause faucet object unreachable

Hction [ 1 (no actions completed)
remain = {TS}
s = 50 (unchanged; no effects applied)

Causal Isolation: 75 € G (singleton group). The failure is fully contained within GJ ; groups G{ = {T1, To}, G1 = {Ts},
and GI = {T4} complete their subtasks without interruption.

Execution Result: FAILED Replan triggered for: G7 only

Figure 7: Execution log for T} (successful) and T% (failed) with failure report Fj.
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B Dependency Graph Construction

The key claim of HiP-LR is that failure impact can
be structurally bounded: when a subtask fails, only
the subtasks that are causally or resource-connected
to it need to be replanned. The dependency graph is
the data structure that makes this containment pos-
sible. By encoding ordering constraints between
subtasks as directed edges, the dependency graph
lets the system identify exactly which subtasks be-
long to the same failure boundary, and which do
not.

This appendix explains how the dependency
graph is constructed from PDDL representations
(Appendix A) and how it yields the two operational
units used by HiP-LR: subtask groups for localized
failure recovery, and execution layers for concur-
rent dispatch.

B.1 Edge Extraction

After PDDL grounding, the Central Agent con-
structs the dependency graph G* = (T, ), where
nodes 7; € 7T are subtasks and directed edges
ej; € & encode ordering constraints. An edge
T; — T} is inserted under either of two conditions.

Causal dependency. A causal edge is inserted
when a PDDL effect of T; directly satisfies a neces-
sary precondition of T);. For example, if T; picks
up a pan (effect: holding robot pan) and T); re-
quires the pan to be held (precondition: holding
robot pan), then 7} cannot begin until 7; com-
pletes, so T; — T7j. This extraction is fully deter-
ministic from the PDDL representations; no LLM
reasoning is involved.

Resource dependency. A resource edge is in-
serted when T; and T share a manipulable object
or exclusive resource (e.g., the same receptacle),
creating a potential spatial or manipulation con-
flict if both execute concurrently. For example,
two subtasks that both require opening and clos-
ing the same drawer cannot safely run in parallel.
The direction of each resource edge is determined
from the initial PDDL plan ordering: since each
subtask’s solution is a sequential action list, the
relative execution order of two resource-sharing
subtasks is read directly from those lists, ensuring
that the inserted edge does not form a cycle. In
practice, mutual resource cycles are rare in house-
hold task domains because objects have unique
initial locations and subtasks consume resources in
a strictly forward direction.

B.2 Structural Units Derived from the
Dependency Graph

Once all edges are inserted, the dependency graph
naturally yields two structural units that govern
HiP-LR’s execution strategy.

Subtask group Q,{. Each weakly connected com-
ponent of GT defines a subtask group. Because
no directed edge crosses component boundaries by
definition, a failure within g,"{ cannot propagate
to any Q’Z; %+ ng. This is the formal guarantee of
causal isolation: the Local Agent assigned to g,”{
may suspend and replan without affecting any other
group. This property holds in the worked example
below.

Execution layer L,. All subtasks at topologi-
cal depth ¢ in GT' (those whose longest depen-
dency path from any source node has length exactly
¢) form an execution layer. Subtasks within L,
share no mutual precedence constraints and are dis-
patched concurrently across available robots. Lay-
ers are executed in increasing depth order: L first
(source nodes with no predecessors), then L; once
all L subtasks succeed, and so on.

Action-level Dependency Graph for local
scheduling. The subtask dependency graph de-
fines the ordering of subtasks, but robot execution
operates at the level of individual primitive actions.
Upon receiving subtask group Q,CT, the Local Agent
expands QZ into a low-level action dependency
graph G ,‘:‘. Each subtask node 7; is replaced by the
linear chain of primitive actions (a},...,al, ) pro-
duced by Fast Downward, preserving intra-subtask
ordering. Cross-subtask dependency edges from
g,"{ are carried over by connecting the final action
of T; to the first action of each successor T);. The
Local Agent then schedules and monitors execution
at this action-level granularity: a primitive action is
dispatched as soon as all of its predecessors in g;;‘
have completed successfully. This allows robots
assigned to subtasks within the same execution
layer to proceed concurrently wherever their action
chains do not share dependencies.

B.3 Worked Example

The following example traces the full pipeline from
a natural-language instruction to groups, layers,
and failure containment.

Instruction: “Organize the kitchen: put the But-
terKnife and Fork in Drawerl, place the Bowl and
Mug on CounterTop2, and turn on the Faucet.”
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Step 1: Subtask identification. The Central Agent
decomposes the instruction into five subtasks:

e T7: Put ButterKnife in Drawerl
e T5: Put Fork in Drawerl

 T3: Place Bowl on CounterTop2
e Ty: Place Mug on CounterTop2

e T5: Turn on Faucet

Step 2: Edge extraction. PDDL grounding reveals
one ordering constraint. 77 — 715 is a resource
dependency: both subtasks require exclusive ac-
cess to drawer1, which must be opened and closed
between successive placements; running them con-
currently would cause a manipulation conflict. 73,
Ty, and T5 share no PDDL effects, preconditions,
or exclusive resources with each other or with the
Drawer group, so no ordering edges connect them.

Step 3: Group and layer formation. The four
weakly connected components and the resulting
execution layers are:

Gl = {T1, T,} (Drawerl group, Robots 1, 2)
GI' = {T3} (CounterTop2 group, Robot 3)
GI'={Ty} (CounterTop2 group, Robot 1)
GI'={Ts} (Faucet group, Robot 4)

The global execution layers are
Lo={T1,T3,Ty,T5} (source nodes, dispatched
concurrently at the start) and L1={T%} (dispatched
only after 77 succeeds). Within Q?, Robots 1
and 2 serialize access to drawerl through a
four-phase protocol (open — drop — close —
repeat). Robots 3 and 4 independently execute 73
and 75 in parallel during Lg; Robot 1 proceeds to
T4 upon completing 77 .

Step 4: Failure and causal isolation. During exe-
cution, T5 fails because the faucet is unreachable.
Because 75 is the sole member of singleton group
GT, causal isolation contains the failure entirely
within Q4T: the Local Agent for ng completes T}
and 75 (ButterKnife and Fork stored in Drawerl),
the Local Agent for QQT completes T3 (Bowl placed
on CounterTop2), and the Local Agent for g;f com-
pletes T, (Mug placed on CounterTop2), all with-
out interruption. Only the Local Agent for G}
initiates recovery.

C RECAP-THOR: A Benchmark for
Replanning Capability under Failures

C.1 Motivation

While MAP-THOR (Nayak et al., 2024b) evalu-
ates long-horizon multi-agent tasks, the rarity of
naturally occurring execution failures limits its util-
ity for assessing replanning capabilities. To ad-
dress this, we introduce RECAP-THOR (REplan-
ning CAPability under failures in THOR), a failure-
injection benchmark where every task embeds a
controlled failure specifically designed to trigger
replanning.

The four failure categories in RECAP-THOR
are empirically grounded. Based on execution logs
from preliminary MAP-THOR experiments, we
identified four primary failure types: unpickable
objects (T1), lack of valid placement positions (T2),
single-hand capacity limits (T3), and state mis-
matches in receptacles (T4). While sharing the
AI2-THOR simulator and floorplans with MAP-
THOR, RECAP-THOR utilizes entirely new, non-
overlapping task instructions tailored to evaluate
these specific failure conditions.

C.2 Failure Types and Injection Mechanisms

RECAP-THOR includes four failure types, each
requiring a distinct replanning behavior. For each
type, we describe the injection mechanism, fail-
ure condition, and the expected “correct recovery”.
Note that the correct recovery is descriptive: any
recovery that completes the affected subtask and
satisfies the task goal is counted as successful in
RSR evaluation (Appendix E).

T1 (Unpickable Object). We include an object
with CanPickup=False as part of the task goal.
The first pickup action on that object fails during
execution. The correct recovery is to abandon the
subtask involving the unpickable object and com-
plete the remaining subtasks.

T2 (No Valid Position). We configure the target
receptacle so that it cannot hold all listed items,
either by pre-filling it with non-task filler objects or
by including more items than fit within its physical
capacity (as determined by AI2-THOR’s collision-
based placement check). The first placement action
on that receptacle fails. The correct recovery is to
place the excess items in a different receptacle of
the same type.
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RECAP-THOR Task Scenarios

Scenario Room Type Failure Type Floorplans

Clear Countertop (Include Toaster) Kitchen T1 4,7,9,11, 16

Tidy Livingroom (Include Houseplant)  Living T1 201, 209, 215, 224, 230
Overfill Drawer (Utensils) Kitchen T2 2,4,5,25,30
Overflow Kitchen Cabinet Kitchen T2 2,6,7,8,30

Put Ingredients on Counter Kitchen T3 1,2,7,13, 16

Organize Livingroom Items Living T3 201, 209, 215, 224, 230
Organize Kitchen (Cabinet Closed) Kitchen T4 2,5, 16, 20, 30
Organize Kitchen (Drawer Closed) Kitchen T4 2,5, 16,20, 30

Table 4: RECAP-THOR task scenarios. Each scenario belongs to one of the four failure types, and is applied to five
floorplans for a total of 40 instances. Floorplan numbers follow AI2-THOR’s convention: 1-30 for kitchens and

201-230 for living rooms.

T3 (One-Hand Limit). We place a non-target
object in the robot’s hand at episode start. The
first pickup action fails because the hand is already
occupied. The correct recovery is to empty the
hand and then retry the pickup.

T4 (State Mismatch). Before planning, we open
the target receptacle so that the planner observes
it as open. After planning completes but before
execution begins, we close the receptacle. The first
placement action targeting that receptacle then fails.
The correct recovery is to insert an Open action for
the receptacle.

C.3 Task Instances

We design 8 scenario templates covering the four
failure types (two templates per type). By deploy-
ing these templates across 5 distinct floorplans, we
generate a total of 40 unique task instances. During
evaluation, each instance corresponds to a single
episode executed by a team of three robots. Table 4
provides the complete list of scenarios.

D Baseline Descriptions

We evaluate HiP-LR against seven baselines span-
ning four categories: (i) no symbolic represen-
tation and no recovery (SMART-LLM, DMRS);
(i1) PDDL grounding without recovery (LaMMA-
P); (iii) naive feedback loops with global restarts
(LaMMA-P+); and (iv) recovery at an inappropri-
ate granularity (H-AIM, KGLAMP).

SMART-LLM (Kannan et al., 2024). This pure
LLM-based planner decomposes tasks and assigns
subtasks to robots via skill-based matching. It lacks
both symbolic representations and failure recovery
mechanisms, serving as the lower bound in our
comparative evaluation.

DMRS-1D and DMRS-2D (Zhang et al., 2024).
These are decentralized CoELA planners where
robots coordinate through inter-robot dialogue to
reduce information asymmetry. DMRS-1D utilizes
a single round of dialogue, while DMRS-2D ex-
tends this to two rounds. CoELA provides neither
symbolic grounding nor failure recovery.

LaMMA-P (Zhang et al., 2025). As the clos-
est symbolic predecessor to HiP-LR, this baseline
integrates PDDL planning with LLMs for multi-
robot task allocation. However, it lacks a depen-
dency graph and provides no failure recovery; con-
sequently, any execution failure brings the entire
system to a complete halt.

LaMMA-P+. An augmented version of
LaMMA-P equipped with a naive feedback loop.
Upon encountering a failure, it fetches updated
environment metadata from the simulator and
entirely reruns its six-module planning pipeline
from the current state, effectively executing a
costly global restart.

H-AIM (Zeng and Li, 2026). This framework
supports failure recovery, but strictly at the action
level via Behavior Trees. When a node fails, a local
subtree attempts to retry or substitute the action.
Crucially, it cannot propagate updated world states
to downstream subtasks if a failure invalidates their
preconditions.

KGLAMP (Shek et al., 2026). Serving as our
strongest replanning baseline, KGLAMP utilizes a
knowledge graph to track the environment state and
regenerates PDDL plans via the Fast Downward
solver upon failure. However, its replanning is
entirely centralized, forcing all robots to idle until
a new global plan is issued.
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E Metric Details

We adopt four standard task metrics (SR, TR, C, B)
from MAP-THOR (Nayak et al., 2024b). To eval-
uate our specific setting, we additionally propose
the Step Efficiency (SE) for measuring parallel ex-
ecution efficiency, alongside four novel replanning
metrics (RSR, RW, RT, RTU). Throughout the eval-
uation, subtask completion and action execution
are verified using AI2-THOR’s object state meta-
data, which confirms whether the simulator state
satisfies the predefined goal conditions.

An episode is defined as a single execution of
instruction Z on a fixed floorplan. All metrics
are computed per episode and averaged over F
episodes in total.

Task Metrics.
* Success Rate (SR) [T, [0, 1]]: The fraction of
episodes where every subtask is completed suc-
cessfully.

* Transport Rate (TR) [1, [0, 1]]: The fraction
of subtasks completed per episode, providing a
finer-grained measure of overall task progress.

* Coverage (C) [T, [0, 1]]: The fraction of ground-
truth target objects that robots interact with at
least once per episode, measuring the system’s
ability to correctly identify implicitly specified
objects.

* Balance (B) [T, [0, 1]]: A measure of how uni-

formly the workload is allocated across robots,
averaged over I episodes.

» Step Efficiency (SE) [|, [1/|aseq|, 1]1: A novel
metric quantifies how fast a task is completed in
terms of execution steps. For each episode e €
E, it generates a single sequential action plan
and computes the ratio of the actual execution
steps to the total steps of this plan:

1 o ot
SE = — exel 1
E;ae (1)

seq

where |arg,q

tions across all robots in episode e, while |«
is the number of real execution steps.

| is the total number of sequential ac-

e
exe

Replanning Metrics. All replanning metrics are
reported as per-episode averages: values are first
aggregated within an episode, then averaged across
all F episodes. A replanning begins when the local
agent detects a failure and ends when a new plan is
dispatched to the affected robots.

* Replanning Success Rate (RSR) [T, [0, 1]]:
Within an episode, the fraction of replanning
subtasks that succeed. A replanning result
is considered successful if the regenerated
plan executes to completion and the originally
failed subtask reaches its goal condition:

TS?ILeCCESS (2)

total

RSR =

where T¢,,..ss denote the number of success-
ful replannings and T, ., the total in episode

e.

* Replan Wait (RW) [], robot-seconds]:
Within an episode, the cumulative robot idle
time during replanning, measured in robot-
seconds:

E
_ 1 halt, .
RW = — D O IRME| - time® (3)

e=1

where RMte C R is the set of halted robots
and time® the duration of the replannings in
episode e.

Replanning Time (RT) [, seconds]: Within
an episode, the average wall-clock time re-
quired to generate a new plan during replan-
nings. The final RT is averaged over E
episodes:

1 E
RT = Ezwe 4)
e=

where w* is the wall-clock time for the replan-
nings in episode e.

Replanning Token Usage (RTU) [{, tokens]:
Within an episode, the total number of LLM
tokens consumed during replannings. The
final RTU is averaged over F episodes:

1

E
RTU = — > "(tokens, + tokengu) (5
e=1

&

where token, and tokeng,, are the input and

output token counts for the replannings in
episode e.

F Additional Experiments

F.1 Effect of Different LLMs

Setup. To verify that HiP-LR’s advantages gen-
eralize beyond GPT-40 (Achiam et al., 2023), we
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LLM Method SRT TRT Ct Bt SE| RSRtT RT| RTU|
MAP-THOR
KGLAMP 0.28 0.55 0.62 0.74 1.00 0.05 378.62s 136,760
Llama 3.3 70B .
HiP-LR 0.53 0.77 0.79 0.51 0.58 0.40 83.96s 23,913
KGLAMP 0.21 042 044 0.15 052 0.10 78.65s 40,352
Qwen 2.5 72B .
HiP-LR 0.64 087 083 0.17 074 0.92 8.07s 7,947
RECAP-THOR
Liama 3.3 70B IgGLAMP 0.12 025 031 1.00 1.00 0.00 - -
HiP-LR 0.37 0.70 0.84 0.57 051 0.81 201.05s 123,643
KGLAMP 0.12 057 0.77 020 0.89 0.08 370.30s 111,683
Qwen 2.5 72B .
HiP-LR 025 069 0.73 041 044 0.76 61.47s 39,723

Table 5: Effect of different LLM backbones on HiP-LR and KGLAMP. Best results in each (LLM, benchmark)

group in dark beige.

evaluate both HiP-LR and our strongest baseline,
KGLAMP, using two open-source models: Llama
3.3 70B and Qwen 2.5 72B. Evaluations are con-
ducted on both MAP-THOR and RECAP-THOR.
All other configurations remain identical to those
in Section 4.1. The open-source LLMs are served
via VLLM on a single NVIDIA B200 GPU using
greedy decoding, and we apply the exact same
prompts across all models to ensure a fair compari-
son.

Results. Table 5 summarizes the performance
across all three LLLMs. HiP-LR consistently out-
performs KGLAMP in task success and replanning
success rate metrics (SR, TR, RSR), while substan-
tially reducing planning costs across most settings.
Notably, while absolute scores naturally drop for
both methods when switching from GPT-4o to the
less capable open-source models, the relative per-
formance gap in favor of HiP-LR is robustly pre-
served.

F.2 Analysis by Failure Type

Motivation. The main results report overall per-
formance on RECAP-THOR. To see which failure
categories benefit most from HiP-LR’s localized re-
planning, we break down results by the four failure
types (T1 to T4) defined in Appendix C.

Results. Table 6 details the performance across
each failure type, demonstrating that HiP-LR con-
sistently outperforms KGLAMP across all four cat-
egories. This advantage is most pronounced in T1
(unpickable object) and T2 (no valid position), as
unaffected groups can seamlessly continue parallel
execution while only the disrupted group undergoes

replanning. Conversely, the performance margin
narrows in T4 (state mismatch). Recovering from
this specific failure merely requires inserting an
Open action for a single receptacle, a minor adjust-
ment that KGLAMP’s monolithic approach also
handles effectively.

F.3 Extended Ablation Study

This appendix extends Section 4.4 with the com-
plete ablation results across all evaluation metrics
(Table 7).

w/o Dual Memory. We replace HiP-LR’s per-
agent local memory with a single shared memory
pool accessible to all Local Agents. Every action,
observation, and failure log that would normally be
stored locally is appended to this shared buffer, and
each Local Agent retrieves the full buffer when gen-
erating its next action. The Dependency Graph and
hierarchical structure are preserved: Local Agents
are still spawned per dependency-isolated group,
and the Global Planner still performs the initial
plan decomposition. Only the memory layer is
modified.

w/o Dependency Graph. We skip the depen-
dency graph (DG) construction step entirely and let
the LLM produce groups directly from the PDDL-
decomposed subtasks. We use the same LLM back-
bone (GPT-40). The LLM outputs a JSON list of
subtask groups, and each group defines one Lo-
cal Agent’s scope. Group partitioning is thus per-
formed solely by the LLM’s judgment, without any
explicit structure. Dual Memory and hierarchical
execution are preserved.
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RECAP-THOR (failure type)

Method Task type LM SRt TRt Ct Bt SE| RSRf RW| RT| RTU]
Tl GPT40 050 084 050 034 071 029 9056 30.06 67,059
mpir 12 GPT4o 060 096 100 060 099 022 11030 3824 141,661
T3 GPT4o 040 085 090 062 088 058 88.09 3415 108,448
T4 GPT40 040 070 090 087 0.68 050 6430 51.86 84,600

Table 6: Per failure-type results of HiP-LR on RECAP-THOR. Best in dark beige, second-best in light beige.

Method SRt TRt Ct BT SE|/ RSRtT RW]| RT| RTU,
w/o Dual Memory 0.62 081 078 045 0.64 0.38 186.43 74.46 36,280
w/o Dependency Graph  0.64 0.84 0.83 028 045 0.14 74.69  74.67 144,644
w/o Hierarchical 0.65 0.81 081 0.70 049 0.50 57.20  73.69 37,059
HiP-LR (full) 0.73 090 0.87 0.75 048 0.90 3471 2698 11,219

Table 7: Ablation results across all evaluation metrics. Best in dark beige, second-best in light beige.

w/o Hierarchical.

We collapse the two-level ar-

chitecture into a single agent that performs both
global planning and execution. This single agent
maintains one memory buffer and operates over the
entire plan without dependency-group partitioning.
To isolate the effect of hierarchy itself, we keep
the Dependency Graph computation in place but
use its output only as ordering hints rather than as
Local Agent boundaries.

F.4 Schema Component Ablation Study

Motivation. Section 4.4 removes each architec-
tural module as a whole, showing that the schema
matters but not which part of it does. We therefore
ablate its three sub-components: the failure history
in local memory, and the causal and resource edges
of the dependency graph.

Setup. Each variant removes exactly one sub-
component while leaving the rest of the pipeline in-
tact. w/o failure history omits past failure records
from the replanning prompt while keeping the sym-
bolic state and action log. w/o causal edges and
w/o resource edges retain only the other edge type
in GT. All variants use GPT-40 on MAP-THOR
under the setup of Section 4.1.

Results. Table 8 shows that the three sub-
components fail in distinct ways. Removing the
failure history leaves task success nearly intact but
inflates replanning token usage by 2.6x, as the
Local Agent repeats attempts it has already made.
Removing causal edges yields the steepest drop in
RSR, since subtasks execute against states their pre-
conditions do not hold in and the replanning scope

Method SRT RSRT RTU|
w/o Failure History ~ 0.70  0.73 29,600
w/o Causal Edges 0.63 0.60 30,000
w/o Resource Edges  0.61 0.89 18,300
HiP-LR (full) 0.73 0.90 11,219

Table 8: Ablation of the three schema components on
MAP-THOR. Best in dark beige, second-best in light
beige.

no longer matches the actual failure boundary. Re-
moving resource edges shows the opposite pattern:
RSR stays high while SR falls the furthest, because
robots contend for shared receptacles and exhaust
the step budget without raising an explicit action
failure. Resource edges thus act preventively, rul-
ing out contention that localized recovery cannot
repair after the fact.

F.5 Robustness Under Noisy Dependency
Graphs

Motivation. Section 4.6 establishes that the gen-
erated subtask groups are execution-isolated (Ta-
ble 3), but that analysis assumes a correct depen-
dency graph. To characterize how far the property
extends once the graph itself is unreliable, we in-
ject controlled noise into the graph and measure
the resulting degradation.

Setup. We perturb the ground-truth dependency
graph under three noise types, each applied at a
noise ratio p € {0%, 10%, 20%, 30%, 50%}:
* Missing: Removes a fraction p of the ground-
truth edges, simulating an under-specified graph
that misses real dependencies.
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MAP-THOR

SRt RTU|
Method Noise type 0% 10% 20% 30% 50% 0% 10% 20% 30% 50%
Missing 0.71 0.72 0.71 0.62 15,000 18,400 21,700 21,500
HiP-LR Spurious 073 074 0.75 0.68 0.71 11,219 26,700 56,500 59,500 31,200
Both 0.70 0.68 0.65 0.59 31,300 53,100 85,300 93,900
KGLAMP - 0.51 - - - - 75,100 - - - -
LaMMA-P+ - 0.46 - - - - 129,600 - - - -

Table 9: Performance of HiP-LR under noisy dependency graphs on MAP-THOR. The 0% column is shared across
the three noise types, as no noise is injected. Baselines operate on noise-free graphs (p=0%). Among the three

noise types, best in dark beige, second-best in light beige.

* Spurious: Adds false edges until they account
for a fraction p of the edge set, simulating an
over-constrained graph.

* Both: Applies deletion and insertion jointly,
each at ratio p.

We report SR and RTU, the two metrics most di-
rectly sensitive to graph quality, since an inaccurate
graph affects both whether the task completes and
how much context each replanning call must pro-
cess. KGLAMP and LaMMA-P+ are evaluated
on perfect, noise-free graphs, the most favorable
condition for the baselines.

Results. Table 9 reports SR and RTU across three
noise types and five noise levels. Success rate de-
grades gracefully: even under combined noise at
the highest level, HiP-LR exceeds both baselines
evaluated on noise-free graphs, as Local Agents
recover missing dependencies through execution
feedback and symbolic memory. Replanning to-
ken usage stays bounded as well. Under single-
type noise, RTU never exceeds that of noise-free
KGLAMP; only combined noise at the two high-
est levels surpasses it, and HiP-LR remains below
LaMMA-P+ throughout. Missing edges are the
least costly noise type, since a dropped dependency
removes a coordination constraint rather than intro-
ducing a contradictory one. Spurious edges are the
most expensive, as falsely coupled subtasks merge
into larger groups that enlarge each Local Agent’s
replanning scope.

G Qualitative Analysis

This section presents two representative qualitative
scenarios that highlight behavioral differences be-
tween HiP-LR and prior methods under runtime
failures.

Example 1: No Valid Position. Figure 8 illus-
trates a representative “Overfill Drawer” scenario
(T2 failure). As shown on the left, in this long-
horizon task, utensils are placed into the same
drawer one or two at a time, eventually filling it and
causing the next placement to fail. As shown on the
right, baselines without a replanning mechanism,
such as LaMMA-P, simply terminate the task at
this point. HiP-LR, in contrast, detects the failure,
performs localized replanning, and redirects the re-
maining items to an alternative drawer of the same
type, successfully completing the task.

Execution failure

Other
;. e 5

gl Failed
HiP-LR(Ours)

No Valid Position

Figure 8: Example 1: Overfill Drawer. Baselines with-
out replanning terminate when the drawer fills up, while
HiP-LR redirects items to an alternative drawer.

Example 2: One-Hand Limit. As shown in (a)
of Figure 9, a robot already holding a vase in one
hand attempts to grasp another vase, but the grasp
fails because no hand is available. As shown in (b),
centralized baselines such as KGLAMP halt all
robots and regenerate the entire global plan, forc-
ing even unrelated robots to idle throughout the
replanning interval. In contrast, HiP-LR suspends
only the robots in the affected dependency-isolated
group, while robots in other groups continue exe-
cuting their subtasks in parallel.
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Figure 9: Example 2: One-Hand Limit. (a) A grasp
failure occurs when a robot already holding a vase tries
to grasp another. (b) KGLAMP halts all robots during
global replanning. (c) HiP-LR halts only the affected
group, letting other robots continue and finish earlier.

H Subtask Isolation Discrepancy

Computation of the 90% confidence interval.
For configuration c, task ¢, and subtask ¢, we define
the per-subtask isolation discrepancy as

par £5ed

d = cbi et
c,t,e — mpar seq »
Tc,t Tc,t

where t}'; is the runtime of subtask i when all
subtasks of task ¢ are executed in parallel, and
T = Y thy is the sum of the runtimes of
all subtasks of task ¢ under the parallel execution

setting. Similarly, ¢, is the runtime of the same

subtask when executed in isolation, and T35 =
> teti is the sum of the runtimes of all subtasks
of task ¢ under the isolated execution setting. Let
D, = {d.;,} be all per-subtask observations in
configuration ¢, with sample size n. = |D,|, sam-

ple mean d. = n% > _aep, d> and sample standard

\/ﬁ > den,(d— dc)2. The re-

ported two-sided 90% confidence interval is com-
puted as

deviation s, =

Se Se

/Te N
where 29,95, .1 is the 95th percentile of Student’s
t-distribution with n. — 1 degrees of freedom. Val-
ues of d ; close to zero indicate that each subtask

preserves its relative execution share even when
executed together with other subtasks.

~d.+1.9

Clgo(¢) = de 10,95 no—1

I Baseline Settings

The following settings apply to the main experi-
ment (Section 4.1). To ensure a fair comparison,

all baselines are evaluated under identical exper-
imental conditions. First, every method begins
from the same initial environment state sg. Sec-
ond, all methods operate over the same AI2-THOR
domain with an identical action set. Furthermore,
all PDDL-based methods (LaMMA-P, LaMMA-
P+, and KGLAMP) share the same PDDL do-
main used by HiP-LR. Third, GPT-40 (Achiam
et al., 2023) serves as the LLM backbone for all
methods, with temperature and other generation
hyperparameters held fixed. Where replanning is
supported, the maximum number of replanning at-
tempts per episode is also equalized to six times
across baselines. Prompts are not optimized in
our favor, as baselines retain their original prompt
templates wherever available and re-implemented
components reuse the same prompts as HiP-LR.

Regarding implementation, SMART-LLM (Kan-
nan et al., 2024), LaMMA-P (Zhang et al., 2025),
and H-AIM (Zeng and Li, 2026) are evalu-
ated using their original publicly released code.
KGLAMP (Shek et al., 2026) is re-implemented
from scratch based on the methodology described
in the original paper, as no public code was avail-
able at the time of evaluation. LaMMA-P+ is
built upon the LaMMA-P codebase with a replan-
ning module added. CoELA (DMRS-1D, DMRS-
2D) (Zhang et al., 2024) is adapted from its original
codebase with modifications to fit the evaluation
protocol. The details of these modifications are
described below.
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LaMMA-P+: LaMMA-P extended with replanning

Preserved components: task decomposition module and agent prompting strategy from the original LaMMA-P.
Added component: replanning loop, triggered upon any action failure during execution.

Replanning input: when a failure is detected, the LLM receives the structured failure information below, together with live
AI2-THOR environment metadata:

Ttait = failed subtask
T'cause = error message from execution
Tremain = remaining unfinished subtasks

Replanning scope: global (over all remaining subtasks Tremain)-

KGLAMP: Re-implemented from the original paper

Re-implemented components:

(1) Knowledge-graph construction module
(2) Centralized planner over the global KG
(3) Global replanning loop triggered on failure

Preserved components: KG construction logic, centralized planning structure, and KG-querying strategy from the original
paper.

Aligned for fair comparison: To eliminate prompt-induced performance differences, the LLM prompts (planning, replanning,
and KG-querying) are unified with those used by HiP-LR.

Replanning input: upon any failure, the centralized planner receives a global state update over the entire KG together with
the failed action’s context.

Replanning scope: global.

DMRS-1D / DMRS-2D: Decentralized dialogue baselines from CoELA

Variants:

DMRS-1D: Each robot proposes its next action via a single round of inter-agent dialogue, after which a designated
robot aggregates the exchanged messages into the final action decision.

DMRS-2D: Extends DMRS-1D to two dialogue rounds, giving robots that speak first in the first round the opportunity
to revise their proposals after observing later contributions, thereby reducing the gap in available context across
speaking order.

Preserved components: agent architecture, inter-agent dialogue mechanism, and prompting templates from the original
DMRS implementation.

Modifications: We follow the evaluation configuration (e.g., step budget) provided by the official COELA baseline of the
MAP-THOR benchmark, so that DMRS-1D and DMRS-2D are evaluated under the same protocol as all other baselines in
this work.

Replanning: DMRS-1D and DMRS-2D do not include an explicit replanning mechanism beyond inter-robot dialogue; RW,
RT, RSR, and RTU are not evaluated.

Figure 10: Implementation details of modified and re-implemented baselines. LaMMA-P+: LaMMA-P extended
with a naive global replanning loop. KGLAMP: re-implemented from the original paper with centralized knowledge-
graph-based replanning. DMRS-1D / DMRS-2D: decentralized CoELA variants with one and two rounds of
inter-robot dialogue, respectively.
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J Prompts with Examples

Prompt Module: Subtask Decomposition

Purpose. The subtask decomposition prompt is designed to decompose a natural-language task into a set of environment-
grounded subtasks that an agent can directly consume. Given the runtime environment description and the robot’s skill set,
the LLM emits one subtask per atomic goal, each annotated with the required skills and the involved objects.

Design Principles. The prompt is organized around three invariants that the LLM must preserve:
* Object grounding. Every referenced object must exist in the runtime-injected scene object list.

* Skill grounding. Subtask actions are restricted to the available skill set, decoupling decomposition from the specific robot
configuration (we use robot[@1]’s skill list to keep the prompt robot-count agnostic).

* Parallelism. Whenever possible, subtasks are emitted in an independent form so that downstream stages can exploit
parallelism.

Runtime Inputs. Three placeholders are substituted at runtime before the prompt is sent to the LLM.

{environment_objects} scene object 1list with 1locations and rounded
coordinates (coordinates rounded to 2 decimals)

{available_robot_skills} robot skill set (robot-count agnostic; uses
robot[@])

{task_description} natural-language task instruction

Core Instruction (excerpt). We show the key part of the instruction below. The full prompt is available in our code release.

ENVIRONMENT OBJECTS = {environment_objects}
AVAILABLE ROBOT SKILLS = {available_robot_skills}

You MUST ground every referenced object to ENVIRONMENT OBJECTS.
You MUST use only actions whose names are in AVAILABLE ROBOT SKILLS.
The destination of each subtask MUST DIFFER from the object’s current location.

# GENERAL TASK DECOMPOSITION
Decompose and parallelize subtasks wherever possible.
# Task Description: {task_description}

Output Schema. The LLM returns an enumerated list of subtasks. Each subtask specifies its required skills and the involved
objects together with their current locations, in the following format:

# SubTask N: <title>
Skills Required: <skill list>
Related Objects: <obj(Location=...) list>

Example Output. For the task “Put the bread, lettuce, and tomato in the fridge”, the LLM produces three independent
subtasks that the downstream scheduler can dispatch in parallel:

# SubTask 1: Move the bread into the fridge

Skills Required: [GoToObject, PickupObject, PutObject]

Related Objects: bread (Location=countertopl), fridge (Location=floor)
# SubTask 2: Move the lettuce into the fridge

Skills Required: [GoToObject, PickupObject, PutObject]

Related Objects: lettuce (Location=countertop2), fridge (Location=floor)
# SubTask 3: Move the tomato into the fridge

Skills Required: [GoToObject, PickupObject, PutObject]

Related Objects: tomato (Location=countertop2), fridge (Location=floor)

Figure 11: Subtask decomposition prompt module.
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Prompt Module: Precondition Analysis

Purpose. The precondition analysis stage analyzes each subtask produced by the decomposition stage and identifies, based
on the PDDL domain, the preconditions and effects required to later construct a PDDL problem instance. This stage does
not itself emit a PDDL problem; rather, it produces the domain-grounded analysis that the downstream problem-construction
stage consumes.

Design Principles. The prompt is organized around three invariants that the LLM must preserve:
» Two-tier object scope. The LLM prioritizes objects pre-selected for this subtask, but may also consider other objects from
the current environment when reasoning about preconditions and effects.

e Skill restriction. The analysis is restricted to the subtask’s required skills, drawn from the available skill set, ensuring that
only feasible actions are considered.

* Domain consistency. The LLM may only use predicates already defined in the provided PDDL domain when describing
preconditions and effects, and cannot introduce new ones.

Runtime Inputs. Seven placeholders are substituted at runtime before the prompt is sent to the LLM.

{environment_objects} scene objects with rounded coordinates
{subtask_objects} subtask-relevant objects from decomposition
{available_robot_skills} full set of available skills
{subtask_skills} skills required for this subtask
{domain_content} PDDL domain definition (allactionrobot.pddl)
{few_shot_precondition_example} few-shot output example

{subtask} subtask to analyze (dict)

Core Instruction (excerpt). The instruction block scopes the LLM to the current environment, the selected objects and
skills, and the provided PDDL domain. The full prompt is available in our code release.

You are a precondition/effect analyzer for robot subtasks.
Analyze the given subtask and identify the preconditions and effects required to execute it,
using the predicates defined in the PDDL domain.

CURRENT ENVIRONMENT OBJECT LIST = {environment_objects?}
SUBTASK OBJECTS = {subtask_objects}

AVAILABLE ROBOT SKILLS = {available_robot_skills}
SUBTASK SKILLS = {subtask_skills}

DOMAIN = {domain_content}

You MUST prioritize SUBTASK OBJECTS; other objects may be considered only when needed.
The analysis MUST be restricted to SUBTASK SKILLS.

All predicates MUST follow DOMAIN; do not introduce new ones.

=== SUBTASK TO ANALYZE ===

{subtask}

Output Schema. For each subtask, the LLM emits the subtask header, a precondition/effect block per required action, and
an overall goal condition, all expressed in domain predicates. The example below illustrates the format.

Example Output. For the subtask “Move the bread into the fridge”, the analysis produces:

# SubTask 1: Move the bread into the fridge
Skills Required: [GoToObject, PickupObject, OpenObject, PutObject, CloseObject]
Related Objects: bread (Location=countertopl), fridge (Location=floor)
PickupObject(robot1, bread)
Preconditions: (at robot1l bread) (hand-empty robot1)
Effects: (holding robot1 bread) (not (hand-empty robot1))
OpenObject(robot1, fridge)
Preconditions: (at robot1l fridge) (not (open fridge))
Effects: (open fridge)
(GoToObject, PutObject, CloseObject omitted)

Goal condition: (inside bread fridge)

Figure 12: Precondition analysis prompt module.
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Prompt Module: PDDL Problem Generation

Purpose. The PDDL problem generation stage converts the action-level analysis from the upstream precondition stage into a
valid PDDL problem file. The LLM takes the precondition/effect analysis as input and emits a single (define (problem
...)) file that a classical PDDL planner can directly consume.
Design Principles. The prompt is organized around four invariants that the LLM must preserve:
* Object closure. The (:objects ...) block may only include objects that appear in the current environment list,
preventing the planner from referencing nonexistent entities.

e Initial-state completeness. The (:init ...) block must contain all facts required to make the plan executable, drawing
predicates exclusively from the PDDL domain.

* Subtask-scoped goal. The (:goal ...) block represents completion of the current subtask only, so the resulting plan
does not over-reach into other subtasks.

e Format strictness. The output is restricted to a single PDDL problem file with no markdown or explanatory text, so that
the downstream planner can parse it directly.

Runtime Inputs. Five placeholders are substituted at runtime before the prompt is sent to the LLM.

{subtask_objects} subtask-relevant objects from decomposition
{subtask_skills} skills required for this subtask

{domain_content} PDDL domain definition (allactionrobot.pddl)
{few_shot_pddl_problem_example} few-shot PDDL problem example
{precondition_stage_output?} output of the precondition stage (actions, pre/eff, goal)

Core Instruction (excerpt). The instruction block scopes the LLM to the selected objects and skills, the PDDL domain, and
the upstream analysis. The full prompt is available in our code release.

You are a PDDL problem generation expert for robot manipulation tasks.
Generate a valid PDDL problem file for the given subtask.

SUBTASK OBJECTS = {subtask_objects}
SUBTASK SKILLS = {subtask_skills}
DOMAIN = {domain_content}

(:objects ...) MUST include ONLY objects from the current environment list.
(:init ...) MUST include ALL facts required to make the plan executable.
(:goal ...) MUST represent completion of THIS subtask only.

=== SUBTASK TO SOLVE ===
{precondition_stage_output?}

Output Schema. The LLM returns a single file following the standard PDDL problem format (define (problem ...)
(:domain ...) (:objects ...) (:init ...) (:goal ...)), with no markdown or explanatory prose.

Example Output. Taking the precondition-stage analysis of SubTask 1 (“Move the bread into the fridge”) as input, the
LLM produces the following PDDL problem file:

(define (problem move-bread-to-fridge)
(:domain allactionrobot)

(:objects

robot1 - robot

bread - object fridge - object
countertopl - object floor - object)
(:init

(hand-empty robot1)

(at-location bread countertopl)
(at-location fridge floor)

(not (open fridge)))

(:goal (and

(inside bread fridge)

(not (open fridge))

(hand-empty robot1))))

Figure 13: PDDL problem generation prompt module.
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Prompt Module: Subtask Dependency Graph Construction

Purpose. The dependency graph construction stage infers subtask-level dependencies and produces a directed acyclic graph
that downstream schedulers use both to determine parallelism and execution order, and to distribute subtasks to local agents.
The LLM is invoked once per task, taking a compact JSON summary of each subtask (key objects, preconditions, effects) as
input. When PDDL preconditions alone are insufficient to capture semantic ordering, the overall task goal is consulted as
additional context.

Design Principles. The prompt is organized around three invariants that the LLM must preserve:

e Instance-level reasoning. Dependencies are induced only by mutually exclusive resources (e.g., both subtasks acting
on drawer1). Different instances of the same type (drawer1 and drawer?2) run in parallel, and open surfaces such as
CounterTop, DiningTable, Floor, and Shelf never induce dependencies even when shared.

* Typed edges. Each dependency is labeled either causal or resource, so that the scheduler can interpret why two subtasks
are ordered and preserve graph acyclicity.

» Spurious-edge avoidance. Generic robot states (e.g., “robot not in action”) and shared source locations never trigger
edges, preventing over-constrained graphs that destroy parallelism.

Dependency Types. The prompt induces two kinds of edges:
* Causal dependency. Introduced deterministically when an effect of subtask 7 satisfies a necessary precondition of T};.
The edge direction follows this logical progression directly.

* Resource dependency. Introduced when subtasks share manipulable objects (e.g., the same fork), exclusive openable
instances (e.g., both drawer1), or exclusive robot resources. This imposes an execution order to prevent physical conflicts
or inconsistent states. To preserve acyclicity, the Central Agent aligns edge directions with the initial PDDL plan.

Runtime Inputs. Four placeholders are substituted at runtime before the prompt is sent to the LLM.

{task_goal?} overall task goal in natural language
{subtask_summaries} per-subtask summaries (key objects, preconds, effects)
{few_shot_dependency_graph_example} few-shot example dependency graph output
{replan_context} additional context block inserted only on replanning

Output Schema. The LLM returns a single JSON object whose dependencies field is a list of typed edges, each specifying
a source subtask ID, a target subtask ID, an edge type, and a brief justification.

{

"dependencies”: [

{"from": <id>, "to": <id>, "type": "causal | resource”, "reason”: "<brief>"},
1

}

Example Output. For a task involving washing a plate and then placing it on a shelf, the same plate is manipulated across
two subtasks, producing two edges between the same pair: a causal edge enforcing that washing precedes placement, and a
binding edge requiring the same robot to carry the plate throughout.

{

"dependencies”: [

{"from": 1, "to": 2, "type": "causal”, "reason”: "Plate must be washed before placing on
shelf”}

]

}

Figure 14: Subtask Dependency Graph construction prompt module.
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Prompt Module: Task Allocation

Purpose. The task allocation stage assigns each subtask to one robot, given the subtask dependency graph, the per-robot
capabilities, and the current robot state. The LLM is invoked once per task and returns a JSON mapping from subtask ID to
robot ID. The allocation must satisfy all constraints derived from the dependency graph and the robots’ inventory, while
optimizing for parallelism and balanced workload.

Design Principles. The prompt is organized around four invariants that the LLM must preserve:

» Single-hand constraint. Each robot has a single hand and may hold at most one object at any time, so two subtasks
requiring different pickups within the same component must be assigned to different robots.

* Inventory consistency. If a robot is currently holding an object, any subtask that manipulates that object must be assigned
to the same robot, and unrelated pickup-requiring subtasks should be routed elsewhere.

* Dependency-Graph-driven parallel distribution. Subtasks not connected in the dependency graph can run in parallel. The
LLM exploits this parallelism by distributing such subtasks across robots so that all robots execute simultaneously and
none remains idle.

* No-idle-robot policy. Every robot must receive at least one subtask. An idle robot is treated as the worst outcome, with
parallelism and workload balance as secondary objectives.

Runtime Inputs. The prompt assembles six structured blocks at runtime before invoking the LLM.

# Robots mass capacity, skills, currently held object

# Subtasks required mass, actions, distances

# Task Dependency Graph typed dependency graph edges from the previous stage
# Execution Components  subtask groups derived from the dependency graph

# Parallel Groups dependency graph topological levels

# Hard Constraints holding and forced assignments (used on replan)

Output Schema. The LLM returns a single JSON object that maps each subtask ID (string) to a robot ID (integer), with no
explanatory text or markdown.

{ "<subtask_id>": <robot_id>, ... }

Example Output. For a task with three subtasks and two robots, where subtasks 1 and 2 are independent in the dependency
graph and subtask 3 depends on subtask 2, the LLM distributes the independent pair across both robots and chains subtask 3
onto the same robot as its predecessor:

"1 1, m2ms 2, "3t 2)

Figure 15: Task allocation prompt module.
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