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Abstract

Robotic task planning in real-world environments requires reasoning over implicit
constraints from language and vision. While LLMs and VLMs offer strong pri-
ors, they struggle with long-horizon structure and symbolic grounding. Existing
methods that combine LLMs with symbolic planning often rely on handcrafted or
narrow domains, limiting generalization. We propose UniDomain, a framework
that pre-trains a PDDL domain from robot manipulation demonstrations and ap-
plies it to online robotic task planning. It extracts atomic domains from 12,393
manipulation videos to form a unified domain with 3,137 operators, 2,875 predi-
cates, and 16,481 causal edges. Given a target class of tasks, it retrieves relevant
atomics from the unified domain and systematically fuses them into high-quality
meta-domains to support compositional generalization in planning. Experiments
on diverse real-world tasks show that UniDomain solves complex, unseen tasks in a
zero-shot manner, achieving up to 58% higher task success and 160% improvement
in plan optimality over state-of-the-art LLM and LLM-PDDL baselines. 1

1 Introduction

Robotic task planning in real-world environments requires reasoning over complex constraints that
are often implicitly specified in natural language instructions and grounded in visual observations.
For instance, the task “partition the stack into even and odd numbers, sorted in ascending order”
implicitly encodes long-term dependencies involving unstacking, sorting, and placement. Similarly,

“make a cup of tea” entails a sequence of preparatory steps such as opening the cabinet, finding the
tea cup, and boiling the water. These tasks demand structured reasoning over action preconditions,
temporal dependencies, and physical affordances, in order to ensure safety (e.g., avoiding spills),
prevent irreversible states, and minimize human intervention.

However, these problems remain fundamentally challenging: instructions are open-ended, scenes are
unstructured, and constraints are implicit. Recent approaches leverage the commonsense priors of
Large Language Models (LLMs) and Vision-Language Models (VLMs) [1, 2] to generalize across
real-world tasks. Yet, despite their strengths in language and visual understanding, LLMs and VLMs
often fail to model action preconditions and effects accurately, and struggle with generating coherent,
long-horizon plans [3]. To improve reasoning, recent work [4, 5, 6] integrates LLMs with symbolic
planning using the Planning Domain Definition Language (PDDL) [7]. A common pipeline translates
language instructions and scene images into structured PDDL domain and problem files, then invokes
a symbolic planner [8] to produce a plan. While LLMs can reliably generate PDDL problems when
the domain is given [9, 10], they struggle to construct realistic domain files [11, 12] for planning tasks.

1The code and demonstration video are available at: https://roboticsjtu.github.io/UniDomain/
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Figure 1: Visualization of our pre-trained uni�ed domain, with 3,137 operator nodes (green) and
2,875 predicate nodes (purple).

Most models are only familiar with abstract domains [13, 14] such asBlocksWorld , Logistics ,
andRovers, and lack grounding in real-world robot interactions.

To overcome this limitation, we propose leveraging large-scale demonstration datasets designed for
training Vision-Language-Action (VLA) models [15, 16, 17] (e.g., DROID [18]). These datasets are
grounded in real robot executions. Visual information in demonstrations captures the actual precondi-
tions and effects of robot actions in diverse environments. Although each demonstration typically
covers a single operation, the collection spans a broad spectrum of manipulation tasks, enabling
compositional generalization. By learning atomic domains from12,393real-world demonstrations
and merging them into a structured uni�ed domain, we construct a connected symbolic knowledge
graph (Figure 1)—containing3,137operators,2,875predicates, and16,481causal edges—to support
long-term planning under complex constraints across diverse household tasks.

Particularly, we introduce UniDomain, a framework forpre-training a uni�ed, general-purpose
PDDL domain(referred to as theuni�ed domain) from large-scale robot manipulation demonstrations,
and applying it for online planning in unseen tasks. UniDomain comprises three stages: (1)Domain
Pretraining.Given a demonstration dataset, each video is segmented into keyframes using an energy-
based method. A VLM proposes an initial atomic domain from the keyframes, which is re�ned via
closed-loop veri�cation with an LLM to ensure syntactic correctness, solvability, and commonsense
alignment. The resulting set of atomic domains constitutes a large-scale uni�ed domain. (2)Domain
Fusion.For any targeted task class, a relevant subset of atomic domains is retrieved from the large-
scale uni�ed domain and systematically fused into a high-qualitymeta-domain. The fusion merges
functionally overlapping predicates and operators, yielding a compact yet expressive subgraph for
generalizable task planning. (3)Online Planning.Given a speci�c task, UniDomain constructs a
grounded PDDL problem with the high-quality meta-domain and solves it using a PDDL planner to
generate an optimal plan.

We analogize these stages to thepre-training, post-training, andinferencephases of foundation
models [19, 20]. Domain pretrainingbuilds a comprehensive uni�ed domain encoding general
manipulation knowledge.Domain fusionconstructs a specialized meta-domain with enhanced
symbolic connectivity.Online planningapplies the meta-domain in a zero-shot fashion, to solve
unseen tasks without additional demonstrations or feedback.

We evaluate UniDomain on four real-world task domains unseen during training, comprising 100
long-horizon tasks with complex constraints. Results show that UniDomain signi�cantly outperforms
popular LLM-only planners (e.g., Code-as-Policies [21], ReAct [22]) and state-of-the-art hybrid
LLM-PDDL baselines (e.g., ISR-LLM [23], BoN-iVML [ 14]), achieving up to 58% higher task
success and 160% better plan optimality than the strongest baselines. Ablation studies con�rm that
performance gains stem from data-driven domain learning, closed-loop veri�cation, hierarchical
fusion for meta-domain construction, and task-relevant grounding during online planning.

In summary, the main contributions of this work include: (1) The �rst framework to pre-train a
uni�ed PDDL domain for high-level robot task planning from large-scale, real-world demonstrations;
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(2) A novel LLM-based domain fusion method for combining small, disconnected PDDL domains
into a coherent and compact meta-domain thus supporting compositional generalization; and (3) A
novel online task planner that applies the fused meta-domain to solve general, unseen tasks through
VLM-grounded PDDL planning.

2 Background and Related Work

2.1 PDDL Fundamentals

The Planning Domain De�nition Language (PDDL) [7] formalizes classical planning problems
as a tuple(D; P ), whereD is a domainandP is a problem instance. The domain is de�ned as
D = ( O; P), consisting of a set of operatorsO and predicatesP. Each predicatep 2 P is a
Boolean-valued function over typed objects, representing properties or relations among entities. Each
operatoro 2 O is de�ned by its preconditionspre(o) � P [ :P and effectseff(o) � P [ :P ,
where:P denotes the set of negated predicates. These preconditions and effects describe the logical
requirements and state transitions induced by executingo. The problem instance is de�ned as
P = ( B; s0; sg), whereB is the object set,s0 is the initial state given as a grounded conjunction
of predicates, andsg is a partially speci�ed target state. A planner searches for an action sequence
A = ha1; a2; : : : ; aT i , where eachat is a grounded instance of an operator fromO, such that applying
A to s0 results in a state satisfyingsg. Given(D; P ), off-the-shelf symbolic planners such as Fast
Downward [8] use heuristic search to compute a valid plan that transitions the world froms0 to a
goal state. The symbolic structure of PDDL enables interpretable, veri�able, and constraint-aware
planning in complex domains.

2.2 LLM-based Task Planning

Large Language Models (LLMs) [1, 24] exhibit strong commonsense reasoning and structured
generation, making them appealing for robotic task planning. Recent work translates free-form
instructions into code-like plans (e.g., Code-as-Policies [21], ProgPrompt [25]), �lters actions using
affordance and cost (SayCan [26], SayCanPay [27]), or integrates feedback via closed-loop reasoning
(ReAct [22], Inner Monologue [28], Re�exion [29]). Others incorporate search (LLM-MCTS [30]),
symbolic grounding (Chain-of-Symbol [31]), or multimodal inputs (ViLa [32]). Yet, LLMs alone
often fail to enforce implicit constraints and produce coherent long-horizon plans, motivating their
integration with structured symbolic systems, such as PDDL.

2.3 Integration of PDDL and LLM Planning

Recent work has explored hybrid LLM-PDDL approaches to task planning. One common paradigm
�xes the PDDL domain and uses LLMs to generate problems. For example, LLM+P [4], Au-
toGPT+P [9], and ViLaIn [10] translate natural language into PDDL problems conditioned on
prede�ned domains, then solve them using classical planners. Some frameworks [5, 6] combine this
with adaptive planning. However, their reliance on manually crafted domains requires signi�cant
effort from PDDL experts and restricts generalization across tasks and environments.

Several works attempted to construct PDDL domains directly from language instructions. ISR-
LLM [ 23] generates a domain-problem pair from language. NL2Plan [13] uses �ve stages of LLM-
based veri�cation to iteratively construct a PDDL domain. BoN-iVML [14] uses Best-of-N sampling
followed by iterative re�nement to generate a domain. The domains generated by these methods
have limited quality due to restricted information. Other work attempts to iteratively construct PDDL
domains through external feedback. InterPreT [12] and LLM-DM [11] incorporate human-in-the-
loop to iteratively re�ne operators. Ada [33] and LASP [34] use environment feedback to re�ne the
domain. While effective in simulation, these methods are impractical for scalable deployment due to
the cost, latency, and noise in external feedback. In contrast, our method uses internal closed-loop
validation with synthetic test problems, which automates domain learning without human input.

There also exist a few works that learn PDDL domains from visual demonstration. BLADE [35]
learns a domain from a robot manipulation trajectory with a given set of actions. pix2pred [36]
extracts operators from visual demonstrations given a prede�ned set of predicates. Diehl et al. [37]
and Huang et al. [38] automate the generation of a robotic planning domain from single or a few
repeated demonstrations in simulation. These works typically aim to generate a narrow domain
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Figure 2: Overview of UniDomain. See detailed descriptions in Section 3.

tied to the demonstrated task, and require task-speci�c priors (action, predicate sets or in-domain
demonstrations) as input. UniDomain, however, learns a uni�ed, general-purpose PDDL domain
from large-scale robotic manipulation datasets, to enable compositional generalization and support
symbolic task planning in diverse manipulation tasks under complex constraints.

3 Method Overview

UniDomain(Figure 2) is a three-phase framework for vision-language-conditioned task planning
with symbolic structure. In the �rst phase,Domain Pretraining, atomic PDDL domains are extracted
from visual-language robot demonstrations using keyframe extraction (Figure 2a), VLM-based
domain construction, and LLM-based closed-loop re�nement (Figure 2b). These domains collectively
form a uni�ed domain capturing broad manipulation knowledge. In the second phase,Domain
Fusion(Figure 2c), task-class-relevant atomic domains are retrieved and hierarchically merged into a
compact meta-domain by aligning functionally-overlapping predicates and operators. In the �nal
phase,Online Planning, a task instruction and scene image are used to construct a grounded PDDL
problem (Figure 2d), which is solved with a classical planner (Figure 2e) using the fused meta-domain
to generate executable plans (Figure 2f).

4 Domain Pretraining

This section pre-trains a general PDDL domain for robot manipulation tasks, which aggregates a
large set of atomic domains learned from the DROID [18] dataset. Given each visual-language
demonstration, UniDomain generates an atomic domain via two steps: unsupervised keyframe
segmentation (Section 4.1) and LLM-guided domain construction with closed-loop veri�cation
(Section 4.2).

4.1 Energy-Based Keyframe Extraction

Keyframe extraction is a well-studied problem, though many robotics approaches rely on task-speci�c
signals such as human-object contact or end-effector trajectories [39, 40]. Other methods [41] extract
keyframes based on frame similarity using embeddings from pretrained vision-language models
like CLIP [42] or SigLIP [43], but these approaches incur high computational costs. We propose a
simple, domain-agnostic method that identi�es semantic transitions in videos by detecting changes in

4



grayscale intensity (Figure 2a). LetI t 2 RW � H denote the grayscale version of the input framet.
We de�ne the frame energy as

E(I t ) =
WX

i =1

HX

j =1

I t (i; j )2: (1)

The energy sequenceE(I t )t =1: T is computed across all frames, and keyframes are selected by
identifying local extrema using a sliding window of sizeK : a framet is chosen as a keyframe if

E t = max
i 2 [t � K;t + K ]

E i or E t = min
i 2 [t � K;t + K ]

E i : (2)

4.2 Closed-Loop Atomic Domain Generation

Given an ordered keyframe sequencef k1; : : : ; kN g and the associated task instructionT, we construct
a symbolic PDDL domain through a multi-stage LLM-guided pipeline (Figure 2b). For each transition
(ki ; ki +1 ), a vision-language model (VLM) infers the operator name, identi�es preconditions and
effects, and expands the predicate set if necessary, yielding an initial grounded domainD0. To
improve consistency and generality, we passD0 andT through a large language model (LLM) for
holistic revision. The LLM enforces syntactic correctness, predicate reuse, and naming consistency,
producing a revised domainD r . We then apply two nested veri�cation steps to re�ne the domain:

Solvability Check. To assess domain correctness, we prompt the LLM with(Pr ; T) to generateK
test problemsf P1; : : : ; PK g of increasing dif�culty. Only the predicate setPr is used for problem
generation, preventing the LLM from compensating for incorrect operators inD r . Each pair(D r ; Pk )
is evaluated by a PDDL planner. The solvability score is de�ned as

S(D r ) =
1
K

KX

k=1

I [PDDLSolver(D r ; Pk ) solvesPk ] : (3)

If S(D r ) < � (defaultK = 5 , � = 0 :6), the full, verbose feedback from the PDDL planner,
including search process logs and any validation errors, is passed back to prompt the LLM for domain
re�nement, resulting in an updated atomic domainD s.

Solution Veri�cation. We then verify the solution to the solvable and most challenging test problem,
AK = PDDLSolver(D s; PK ), using another LLM to check whether the plan satis�es physical
constraints and commonsense expectations. The LLM reads the action sequence and identi�es steps
that violate physical or operational commonsense. For example, it �ags errors such as trying to pick
an occluded object, stacking an object on itself, or applying an unsupported action to objects. If any
violations are found, LLM feedback is used to prompt further domain re�nement.

The two nested checks are repeated until both pass or a maximum ofL = 5 iterations is reached. If
convergence fails, the learned atomic domain is discarded. The entire closed-loop process can be
restarted to regenerate the domain.

4.3 The Uni�ed Domain

Using the domain learning pipeline described above, we process a total of12,393demonstrations
from DROID, each yielding a corresponding atomic domain. While each atomic domainD i captures
task-speci�c knowledge grounded in a single demonstration, the complete set forms a comprehensive
uni�ed domain that spans the full task space present in the dataset. Each atomic domain can be
interpreted as a minimal symbolic knowledge graphD = ( V; E), where the vertex setV = P [ O
includes predicatesp 2 P and operatorso 2 O , and the edge setE = Epre [ E eff encodes precon-

ditions (p
pre
�! o) and effects (o eff�! p). Aggregating all atomic domains (by taking the union of

predicate and operator sets and merging directly-overlapping nodes), the uni�ed domain forms a
large-scale symbolic knowledge graph for real-world robotic task planning (Figure 1), comprising
3,137operator nodes grouped into170semantic categories,2,875predicate nodes, and16,481causal
edges. This uni�ed representation connects otherwise isolated behaviors such aspick_from_table ,
pour_into_bowl , stir_bowl , remove_lid , place_in_pot , andwipe_table , enabling the plan-
ner to solve long-horizon tasks like “heat the milk using the pot and clean the table ”
through compositional generalization across atomic domains.
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Despite its broad coverage, the uni�ed domain is not directly suitable for online planning. Its large
scale poses challenges for LLMs and VLMs, making task grounding less reliable and increasing
computational overhead. Second, semantic inconsistencies across atomic domains—such as varying
predicate names for equivalent concepts—break symbolic continuity and reduce planning effec-
tiveness. Therefore, to ensure the quality of domains and enable effective planning, for a speci�c
task class, we �rst retrieve a relevant subset of atomic domains based on the relevance of language
instructions, and then fuse them into a compact, high-quality meta-domain.

5 Domain Fusion

With a retrieved set of task-relevant atomic domains,f D i gi =1: M , this section constructs a meta-
domain,D =

S
i D i , an integrated graph with improved symbolic and causal connectivity, so that

it better supports generalization across task variations. This is achieved by merging functionally-
overlapping nodes, via hierarchical fusion along a binary tree (Figure 2c).

5.1 Atomic Domain Retrieval

The set of task-relevant atomic domains can be retrieved either manually or automatically. For manual
retrieval, atomic domains can be selected based on whether the associated language instructions
show relevance to the target task class. For automatic retrieval, we prompt an LLM to infer the set
of relevant actions based on the language description of the target task class. We then use sentence
embedding similarity to �nd the top-K matching operators in the uni�ed domain. Atomic domains
containing these relevant operators are thus retrieved for fusion.

5.2 Binary Tree Fusion

We construct the meta-domain by recursively merging a set of atomic domains along a binary tree.
At each levell , a parent nodeD l

k is formed by fusing its two arbitrarily-paired child domains:
D l

k = f (D l +1
2k � 1; D l +1

2k ), wheref (�; �) performs structured alignment of predicates and operators.
This process proceeds bottom-up until a single, uni�ed meta-domain resides at the root. Each node
fusion is performed in two stages:

Predicate Merging. Let P1 andP2 be the predicate sets from two child domains. We compute
predicate similarity using� (pi ; pj ) = cos(E( pi ); E(pj )) , whereE(�) denotes a text embedding from
a pretrained language model [44]. Predicate pairs with� < � p (with � p = 0 :3) are discarded. The
remaining candidates are ranked by similarity and sequentially veri�ed by an LLM for semantic
equivalence. Equivalent predicates are merged.

Operator Merging. Following predicate alignment, we update all operators referencing merged pred-
icates using LLM assistance. Operator similarity is computed via name embeddings:� name(o1; o2) =
cos(E(name(o1)) ; E(name(o2))) . Pairs with� name < � o (with � o = 0 :3) are �ltered out. The re-
maining operator pairs are ranked and passed to the LLM along with their(name; pre ; eff ) tuples.
Functionally equivalent ones are merged, inheriting the union of their preconditions and effects.

6 Task Planning with UniDomain

Given a new task speci�ed by a language instructionT and a scene imageI , we apply the meta-domain
D for symbolic planning. The pipeline consists of two stages: (1) constructing a task-speci�c PDDL
problemP, and (2) solving the pair(D; P ) using a classical planner such as Fast Downward [8]. A
central challenge is �ltering task-relevant elements fromD to reduce symbolic noise and improve
solver ef�ciency.

Predicate Grouping. To help the LLM interpret the large predicate setP in D , we pre-organize
predicates into four semantic groups: object category descriptors, state or attribute indicators, spa-
tial relations, and affordance-related predicates. This structured input improves the reliability of
downstream problem construction.

Predicate and Operator Filtering. We �rst prompt a vision-language model with(D; I; T ) to
generate an initial problem:P0 = LLM (D; I; T ). FromP0, we extract the predicate setP0 used in
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the initial and goal conditions, treating these as task-relevant predicates. Next, we extract fromD the
operators whose preconditions or effects involve

P0 : Opre = f o 2 O : 9p 2 P 0; p
pre
�! og; Oeff = f o 2 O : 9p 2 P 0; o eff�! pg; (4)

and de�ne the reduced operator set
O0 = Opre [ O eff: (5)

UsingO0, a compact domainDnew = ( P0; O0) is constructed, and a re�ned problem is generated:
Pnew = LLM (Dnew; I; T ).

PDDL Planning. We then solve(D; Pnew) using a symbolic planner,A = PDDLSolver(D; Pnew),
yielding an action sequenceA that satis�essg under the symbolic constraints and minimizes cost.
This �ltering process improves both planning accuracy and computational ef�ciency by reducing
irrelevant symbolic clutter.

7 Experiments

We evaluate UniDomain on diverse real-world tasks. Results demonstrate that UniDomain achieves
substantial improvements over the strongest baseline methods, obtaining up to 58% higher task
success rate and 160% higher plan optimality. Speci�cally, UniDomain maintains consistently high
success and optimality across diverse and previously unseen tasks, signi�cantly reducing planning
overhead compared to both LLM-only planners (e.g., Code-as-Policies [21] and ReAct [22]) and
hybrid LLM-PDDL methods (e.g., ISR-LLM [23] and BoN-iVML [14]). Further ablation studies
con�rm that these performance gains result from learning a comprehensive domain via closed-loop
veri�cation and structured fusion and effectively �ltering irrelevant predicates and operators during
planning.

7.1 Experimental Setup

Tasks. The evaluation tasks span 4 unseen task domains:BlockWorld, Desktop, Kitchen, and
Combination. BlockWorldinvolves block sorting and stacking with ordering constraints;Desktop
includes drawer use, wiping, folding, and document organization;Kitchencovers object transfers
and food-tool manipulation;Combinationmixes all domains to test cross-context generalization.
There are 100 tasks in total. 40 atomic domains learned from DROID demonstrations are retrieved to
construct a meta-domain for all evaluation tasks, which includes 78 predicates and 61 operators. See
details of the evaluation tasks and the meta-domain in Appendix B and Appendix C, respectively.

Evaluation Metrics. We report success rate(SR), success-weighted relative path length (SPL), and
optimality rate (OR), de�ned as the fraction of plans whose costci falls within a thresholdK of the
optimalc�

i . Speci�cally,

SPL=
1
N

NX

i =1

I succ �
c�

i

ci
; (6)

OR(K ) =
1
N

NX

i =1

I [0 < c i � c�
i + K ] : (7)

We additionally report the thinking time (LLM wall-clock runtime) and number of LLM calls per
task to assess ef�ciency and overhead.

Baselines.We compare UniDomain against two categories of methods. The �rst uses LLMs or VLMs
as planners: Code-as-Policies[21] directly generates executable Python-style plans from language
instructions;ReAct[22] improves robustness through closed-loop reasoning with feedback;VLM-CoT
applies chain-of-thought prompting [31] in a zero-shot vision-language setting. The second category
integrates LLMs with PDDL planning:ISR-LLM[23] translates instructions into PDDL speci�cations
for building LLM planning and iteratively re�nes plans with validator feedback;VLM-PDDLgrounds
scene and language into symbolic speci�cations and plans with classical solvers;BoN-iVML[14]
generates an initial PDDL domain via Best-of-N sampling, re�nes it with verbalized feedback, and
then constructs the problem �le for planning.
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(a) (b) (c)

Figure 3: Comparison results of UniDomain and state-of-the-art methods on unseen evaluation tasks:
(a) success rates" , success-weighted relative path lengths" , and optimality rates with thresholds
(K = 2 ; 1; 0) " ; (b) Thinking time (s)# of the top-performing methods; (c) number of LLM calls#
of the top-performing methods. Average values are shown with standard errors.

Evaluation Protocol. We evaluate UniDomain as a high-level task planner, not as an integrated robot
system. To focus evaluation on the performance of high-level symbolic planning, we followed a
standard practice in the task planning literature [45, 46] and assumed a perfect low-level control policy
(human teleoperation in our experiments for both UniDomain and baselines), so that the measured
performance does not get confounded with potential imperfections in the low-level controller. We
used a semi-automatic evaluation approach, wherein an LLM reads the task and the plan to provide
an initial assessment, followed by �nal veri�cation by human experts. Example results in Appendix
E show that these judgments re�ect well-de�ned objectives and commonsense constraints.

Despite the stand-alone evaluation, UniDomain is ready for seamless integration into a complete
robotic system. Its high-level plan can be straightforwardly translated into natural language commands
and input to any low-level language-conditioned skill policy, like modern Vision-Language-Action
(VLA) models [15, 17], or modular approaches combining perception, motion planning, and affor-
dance learning. See real-world demonstrations of such an integrated system built upon UniDomain
on our project website:https://roboticsjtu.github.io/UniDomain/ .

7.2 Comparison Results

Figure 3a reports performance across three metrics:Success Rate, SPL, andOptimality Rateat
increasing strictness levels (K =2 ; 1; 0), transitioning focus from task feasibility to plan optimality.
All methods were evaluated using GPT-4.1 via API under a �xed temperature of 0.0.

Among LLM-only planners,Code-as-Policiesachieves moderate success (51%) but degrades rapidly
under stricter thresholds, highlighting its limited global reasoning capacity.VLM-CoT produces
slightly more optimal plans due to stronger visual grounding, but struggles with task completion due
to the absence of symbolic structure.ReActyields the highest success among LLM-only methods
by leveraging action feedback, yet its lack of explicit state tracking results in redundant or invalid
steps—especially on long-horizon tasks.

For PDDL-integrated planners,VLM-PDDL performs comparably toVLM-CoT, but is hindered by
fragile domain and problem generation—minor grounding or typing errors often lead to unsolvable
plans.ISR-LLMachieves the highest task success rate among all baselines through iterative validator
feedback, but its reliance on LLM-based planning results in sharp optimality drops (matchingVLM-
CoT at K =0 ). BoN-iVMLimproves overVLM-PDDL with verbalized re�nement but still fails to
construct reliable high-quality domains on the �y.

In contrast, UniDomain achieves strong and consistent performance across all metrics, attaining
85% success rate and 83% optimality atK =0 . It also incurs the lowest LLM thinking time and
fewest LLM calls among top-performing methods (Figures 3b and 3c). The meta-domain effectively
supports compositional generalization. In83%of tasks, our planner successfully produced not only
feasible but also optimal plans through the composition of learned operators in uni�ed domain. These
results show that pre-training the uni�ed domain, paired with post-training using domain fusion and

8




	Introduction
	Background and Related Work
	PDDL Fundamentals
	LLM-based Task Planning
	Integration of PDDL and LLM Planning

	Method Overview
	Domain Pretraining
	Energy-Based Keyframe Extraction
	Closed-Loop Atomic Domain Generation
	The Unified Domain

	Domain Fusion
	Atomic Domain Retrieval
	Binary Tree Fusion

	Task Planning with UniDomain
	Experiments
	Experimental Setup
	Comparison Results
	Ablation Studies

	Conclusion and Limitations
	The Task Included in Overview
	Evaluation Tasks
	Representative Tasks in BlockWorld
	Representative Tasks in Desktop
	Representative Tasks in Kitchen
	Representative Tasks in Combination

	Verb Distribution in the Unified Domain and the Meta Domain
	Details and Justification on Energy-based Keyframe Extraction
	Evaluation Results and Failure Examples Per Task Class
	UniDomain Main Failure Modes
	Prompt Design of the UniDomain Planner
	Setting and Prompts for Baselines
	Baseline Setting
	Prompt for VLM-CoT.
	Prompt for Code as policies.
	Prompt for ReAct.
	Prompt for VLM-PDDL.
	Prompts for ISR-LLM.
	Prompts for BoN-iVML.


