HiTAMP: A Hierarchical LLM-Modulo Planner for Feasible
Long-Horizon Task and Motion Planning

Claudius Kienle!, Benjamin Alt?, Oleg Arenz! and Jan Peters!

I. INTRODUCTION

As robots become more integrated into complex envi-
ronments for advanced manipulation tasks, their ability to
reason over extended action sequences is crucial [1], [2].
This necessitates long-horizon task and motion planning,
where traditionally formal languages are being used to define
the problem and domain in structured definitions, enabling
Al planners to compute a valid task sequence [3], [4].
However, constructing accurate formal descriptions remains
a significant challenge, particularly due to the complexity of
accurately modeling real-world interactions [5], [6].

Recent advancements leverage Large Language Models
(LLMs) as either translators [6]-[10] or planners [5], [11]-
[16] to facilitate task planning directly from natural language,
removing the need to manually define structured definitions.
While promising, these approaches sacrifice the strong feasi-
bility guarantees provided by classical Al planners and often
struggle with reliably generating correct long-horizon plans
[5], [6], [17]. To address these limitations, prior research has
proposed verification and correction mechanisms for LLM-
generated plans [11], [13], [18], such as selecting the most
feasible plan among multiple candidates [5], [9], [11], [18]
or iterative re-prompting for refinement [7], [19]. However,
these methods often use sparse or no feedback about feasi-
bility violations, forcing the LLM to make educated guesses
about errors [18], [19] and require global re-planning [19],
increasing computational cost as task complexity grows.

In response, we propose HiTAMP, a novel LLM-
augmented hierarchical task and motion planner that gen-
erates long-horizon plans from natural language instructions
while ensuring plan feasibility (see Fig. 1). Our approach
decomposes the planning hierarchically: it first constructs
an abstract domain and high-level plan, which is then in-
crementally refined into sub-plans. This structure enables
partial re-planning while maintaining state alignment across
hierarchy levels. Additionally, we incorporate motion-level
feasibility verification to ground the LLM’s world knowledge
in observed state transitions from simulation. Finally, we in-
troduce a central reasoner that addresses feasibility violations
at the hierarchical level the violation occurs and triggers re-
planning only within the affected sub-plan, avoiding unnec-
essary changes to the rest of the plan.
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Fig. 1. HiTAMP: The task instruction is translated into high-level PDDL

definitions, from which a Modulo-Planner generates an action sequence
ai,...,ay. Each action a; and its state transition Ps, s, is either mapped
to a predefined robot skill 1»; € L%, or decomposed into a sub-plan. Motion
verification of each skill 1; detects deviations from simulation, sending
violations to a central reasoner to identify the cause and trigger re-planning.

II. HIERARCHICAL AT PLANNING

The goal of task planning is to find a feasible sequence of
predefined skills 11, ..., ¢, 10; € LY that satisfies a natural
language instruction ¢. Given ¢ and initial state s;, we prompt
a LLM to generate a Planning Domain Definition Language
(PDDL) domain definition d' and problem definition p!.
Rather than enforcing a specific action format or abstraction
level, we guide the the LLM to define a small number of
high-level actions a}, which are subsequently decomposed.
This approach significantly simplifies domain generation and
improves correctness. An LLM-modulo planner [11] then
generates an action sequence ai,...,al and automatically
corrects any syntactic or semantic errors in the PDDL defini-
tions [11]. To handle high-level actions that may not directly
correspond to predefined skills, we introduce a hierarchical
decomposition algorithm. For each action a} in the plan,
the algorithm first attempts to map it to a predefined skill
V; € L% through a process we refer to as Mapping and
Translation. If the action cannot be directly grounded in
the skill library £?, the algorithm triggers Decomposition,
generating a lower-level sub-plan a?, ... a2, that implements
the intended behavior of the high-level action.

a) Mapping and Translation: Given a domain d, prob-
lem p and an action sequence ar,...,ax, the planner pro-
cesses actions in a depth-first manner, starting with the
first action a;. To determine whether a; corresponds to a
predefined skill, we prompt the LLM with the skill library
LY and the PDDL definition of a;. Based on that, the
model proposes a sequence of predefined skills that could
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Fig. 2.
screw-in and re-planning due to a motion verification violation of the insert bulb base skill.

implement the action. If this sequence consists of a single
skill, the action is marked as a leaf node and passed directly
to motion-level feasibility verification. If multiple skills are
required, the action is passed on for Decomposition.

b) Decomposition: For actions that cannot be directly
mapped to a single predefined skill, we apply hierarchical
decomposition. The process splits a high-level action a; into
a sequence of lower-level actions a?, . .., a2, e.g. decompos-
ing Grasp into Approach, CloseGripper, and Lift. To do this,
we define a new problem definition Psli —s.4, that captures
the state before and after executing a}. The LLM is then
prompted to generate a new domain that defines lower-level

actions required to achieve the same state transition.

ITII. MOTION VERIFICATION AND RETRACTION

Since all PDDL actions are generated by the LLM, their
preconditions and effects are not guaranteed to be correct.
To address this, we developed a motion verification process
that checks the correctness of PDDL actions in simulation.
After planning a leaf action a;, that action is executed in
simulation and its effects are verified against those observed
in simulation. If motion verification fails, the system iden-
tifies the most likely point in the planning hierarchy where
the discrepancy between the LLM’s world knowledge and
the simulation occurred. A centralized error reasoner (itself
a correspondingly prompted LLM) processes the entire chat
history along with the motion verification results to pinpoint
the step at which the error likely originated. Once the error
location is identified, the system retracts to that point and re-
prompts the LLM with the observed discrepancy, realigning
the world knowledge with the simulation results.

IV. HIERARCHICAL KNOWLEDGE
CONSISTENCY AND PLAN ALIGNMENT

Dividing the planning problem hierarchically presents two
key challenges: preserving knowledge across abstraction
levels and ensuring alignment between planning problems
at different hierarchy levels to ultimately produce a coherent
hierarchical plan. To maintain knowledge consistency, PDDL
predicates and object types are retained across hierarchy
levels and made available for decomposition. This enables
the LLM to utilize these predicates when defining PDDL
actions, which is crucial, as the motion verification relies
on the predefined predicates to verify action feasibility.
Additionally, LLMs at lower hierarchy levels have access to
the chat history from higher levels, ensuring that information
generated by upper-level LLMs remains available. Our ob-
servations indicate that omitting this history by encapsulating

Planning a long-horizon task with the hierarchical planner from natural language, including the decomposition of high-level actions such as

hierarchy levels and their LLM calls leads to reduced robust-
ness, redundant decompositions, and instability in planning.

When an action a® with effects ¢! is decomposed into sub-
actions a?,...,a2,, the effects of a' must correspond to, or
align with, the combined effects of a? through a?,. While
sub-actions cannot omit any of the effects from the original
action, they may introduce additional effects not defined in
the initial problem. For example, if the action ‘grasp’ has
the effect grasped object, but the decomposition adds
closed-gripper, it leads to an unintended expansion
of effects. Such expansions, where additional predicates are
modified beyond those specified in the original action, can
disrupt the alignment between the hierarchy levels. To ad-
dress this, we re-prompt the decomposition model to correct
the effects of a' and realign them with the sub-actions,
followed by re-planning as necessary.

V. EXPERIMENTS

We evaluate HITAMP on the FurnitureBench Benchmark
[20], which provides complex long-horizon tasks in a sim-
ulated environment. Given a skill library and predicates to
evaluate the state of the simulation, we task the planner to
assemble a lamp, as shown in Figure 2. The hierarchical
decomposition reduces complexity by first generating a high-
level action sequence consisting of three distinct actions.
During the initial decomposition of the screw-in action,
the lower-level action sequence misses a necessary align
skill, causing the insertion to fail. However, through motion
verification, HITAMP detects a deviation of the expected
state with the state observed in simulation. This triggers re-
planning, which corrects the decomposition by adding a new
action to align the parts, leading to successful insertion and
screwing of the bulb. Additional experiments on the remain-
der of FurnitureBench, planner benchmarks, ablation studies
as well as real-world robot experiments are forthcoming.

VI. CONCLUSION

We introduce HiTAMP, a hierarchical task and motion
planner designed to solve long-horizon tasks via the gener-
ation of reliable, simulation-verified plans. By decomposing
tasks hierarchically, our approach reduces the complexity
of generating correct domain definitions with LLMs and
enables the reuse of previously decomposed skills. Each
planned skill is grounded in simulation, aligning the LLM’s
world knowledge with observations. We further introduce an
centralized reasoner that adapts and realigns plans based on
simulation feedback, resulting in more reliable and feasible
planning.
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