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Abstract

Automated task planning traditionally relies on manually
generated domain models, creating bottlenecks in scalability
and requiring extensive domain expertise. This paper presents
a novel framework to automate the process of generating
Planning Domain Definition Language (PDDL) domains and
problem files by integrating Web Ontology Language (OWL)
ontologies with Visual Language Models (VLMs). Our ap-
proach leverages the rich semantic structure of OWL ontolo-
gies to systematically define domain classes, predicates, and
actions, while VLMs ground abstract ontological concepts
in concrete visual observations—automating the generation
of instance-specific planning problems. The proposed frame-
work transforms ontological knowledge into PDDL domain
files through a mapping algorithm that preserves semantic re-
lationships and logical constraints. The VLM performs vi-
sual scene analysis to identify relevant objects, attributes, and
spatial configurations for generating initial states, while natu-
ral language instructions are used to derive goal states. We
evaluate the framework across multiple planning domains,
demonstrating that it generates syntactically correct and se-
mantically coherent PDDL domain and problem files directly
from OWL ontologies, camera images, and natural language
inputs. The resulting files are comparable in quality to those
manually generated by planning experts and outperform pre-
vious automated systems in terms of semantic fidelity and
adaptability.

Introduction
Automated task planning remains one of the fundamental
challenges in artificial intelligence, requiring systems to rea-
son about complex environments and available actions to
generate executable action sequences to reach desired goal
states. Consider a simple task planning problem involving
a robot arm, as in Figure 1: the robot must arrange objects
on a table according to specific instructions, such as ”place
all the fruits in the bowl.” Traditional approaches would
require domain experts to manually define PDDL (Ghal-
lab et al. 1998) domain files specifying object types (fruits,
containers), predicates (on, in, clear), and actions (pick,
place), along with problem files detailing the initial state and
goal configuration. This process is not only time-consuming
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and error-prone, but also demands significant domain ex-
pertise. Furthermore, this process must be repeated for ev-
ery new task or environment, presenting a substantial scal-
ability challenge (Jiménez et al. 2012). Classical planning
methods also assume closed-world semantics, where the ini-
tial and possible future states are explicitly defined as fi-
nite first-order interpretations. This requires a simplified and
complete abstraction of the real world—an assumption that
becomes unrealistic in more complex or dynamic environ-
ments where agents possess only partial knowledge.

Figure 1: Robot used for the object arrangement scenario.

The integration of semantic knowledge representation
through ontologies presents a promising approach to over-
coming these limitations. Web Ontology Language (OWL)
ontologies (Baader et al. 2017) provide rich, machine-
readable representations of domain knowledge, capturing
not only the structure of entities and their relationships but
also semantic constraints and logical inference rules. In con-
trast to classical planning, ontologies offer a formalism for
representing complex domains under open-world semantics,
where the knowledge base is inherently incomplete and can
be extended with new facts over time. This allows agents to
reason more flexibly and robustly in uncertain or evolving
scenarios.

Recent advances in visual language models (VLMs) have
demonstrated remarkable capabilities in understanding and
reasoning about visual scenes, bridging the gap between per-
ception and symbolic representation for solving combined
task and motion planning problems (Xie et al. 2023; Liu
et al. 2023). These models can interpret complex visual in-

AAAI Fall Symposium Series (FSS-25)

634



formation and generate structured descriptions that capture
spatial relationships, object properties, and contextual infor-
mation—all essential components for effective task planning
in real-world environments. However, these approaches rely
heavily on manual knowledge engineering and expert in-
put, making domain adaptation impractical. Moreover, they
do not address long-term task planning, which becomes in-
creasingly intractable as problem complexity grows (Chen
et al. 2024). Despite significant individual progress, the inte-
gration of ontological knowledge representation with visual
scene understanding for the automated generation of plan-
ning domain and problem files remains largely unexplored.
Existing methods tend to operate in isolation: ontology-
based planning systems typically depend on predefined se-
mantic models without any visual grounding (Mayr, Rovida,
and Krueger 2023), whereas vision-based approaches often
lack the rich semantic structure and reasoning capabilities
offered by ontologies (Aregbede et al. 2025).

To address this gap, we propose PlanOwl, a novel frame-
work that integrates OWL ontologies with VLMs to auto-
matically generate both planning domains and problem files
for combined task and motion planning problems. PlanOwl
exploits the semantic expressiveness of ontologies to define
the structure of the planning domain and leverages VLMs to
ground this abstract knowledge in real-world visual observa-
tions, enabling the generation of problem files that reflect the
current environment. By translating semantic and visual in-
puts into PDDL representations, the framework bridges the
gap between high-level knowledge and executable planning
models. The key contribution of this work is PlanOwl, a uni-
fied framework that integrates a knowledge graph, a vision-
language model, and a task planner within a behavior tree
structure, with two main purposes: (1) to automatically gen-
erate planning domain files from ontologies and contextually
grounded problem files from images, natural language in-
structions, and semantic knowledge; and (2) to use the gen-
erated files to compute an execution plan that achieves the
desired goal states.

Related Work
LLM and VLM for Task Planning
Both Large Language Models (LLMs) and Visual Lan-
guage models (VLMs) have shown remarkable capabilities
in everyday tasks, increasing interest in their application in
different fields, such as robotics. Several works have ex-
plored using LLMs as planners (Huang et al. 2022). Prog-
Prompt (Singh et al. 2023) uses programming-like structures
to inform LLMs about available actions and environmental
context, enabling the generation of executable task plans.
Text2Motion (Lin et al. 2023) combines LLMs with learned
skills and geometric reasoning for long-horizon manipula-
tion tasks. LLM-Planner (Song et al. 2023) uses LLMs for
few-shot planning grounded in physical environments. It
combines LLMs with physical grounding to create and ad-
just plans using real-world environmental information. De-
spite these advances, LLM-based approaches remain funda-
mentally limited compared to classical planners. Their gen-
erative nature lacks the systematic search and reasoning ca-

pabilities required for reliable long-horizon planning (Hazra
et al. 2024). As a result, LLM-generated plans often contain
errors and fail to guarantee successful task execution or goal
achievement.

Rather than relying on LLMs as standalone planners, a
promising alternative is to use them for generating plan-
ning goals (Xie et al. 2023) or complete task planning in-
puts—such as domain and problem description files—which
are then passed to classical planners. Traditionally, these
files, which define actions, objects, initial states, and goals,
are manually authored by planning experts—a process that
is time-consuming, error-prone, and difficult to scale. To ad-
dress this, DELTA (Liu et al. 2025) integrates LLMs, scene
graphs, and automated planners by translating natural lan-
guage and visual inputs into PDDL problem and domain
files. DELTA uses LLMs to decompose complex goals into
subgoals, reducing planning complexity. However, it de-
pends on pre-constructed scene graphs for object retrieval
and assumes natural language input for domain generation.
Similarly, LLM+P (Liu et al. 2023) converts natural lan-
guage descriptions of scenes into PDDL, solves the result-
ing problem with a classical planner, and outputs the plan
in natural language. Nonetheless, it assumes that the en-
tire scene—including objects and initial state—is fully de-
scribed in natural language, which limits its applicability in
real-world scenarios. ViLaIn (Shirai et al. 2024) introduces
a modular pipeline that handles object detection, initial state
estimation, and goal generation using separate LLM com-
ponents refined via planner feedback. However, it requires
a known object list and multiple LLM queries per task.
ViPlan (Aregbede et al. 2025) integrates vision-language
models with classical planners to automatically generate
problem files from images and natural language instructions.
Embedded within a behavior tree, ViPlan orchestrates object
detection, problem generation, planning, and execution with
built-in failure recovery. Despite these strengths, ViPlan still
presents two key limitations: (1) domain files must be man-
ually provided; and (2) problem prompts are static and must
be manually adapted for each planning domain.

Knowledge Graph and Task Planning
Combining semantic technologies and classical planning
has been an active domain of research for decades (Jiming
Liu, Chi Kuen Wong, and Kin Hang Tsang 2005) and has
been used from manufacturing systems (Al-Safi and Vyatkin
2007) through configuring automated web services (Ďurčı́k
and Paralič 2011) to industrial kitting and assembly scenar-
ios involving robotic agents (Balakirsky et al. 2013; Koot-
bally et al. 2015). Several frameworks have explored this in-
tegration by combining high-level reasoning with execution-
level reactivity. In recent years, ontology-mediated planning
has emerged as a structured interface between OWL-DL and
PDDL, facilitating an integration between these languages
while keeping them separated (John and Koopmann 2024).
PlanOnto (Muppasani et al. 2024) has been developed as an
ontology that formalizes and stores both domain and plan-
ning problems in OWL, and supports reasoning about plan-
ner suitability for specific problems via SPARQL queries.
However, a key limitation of this approach is its inability

635



to explicitly and semantically represent the parameters, pre-
conditions, and effects of domain actions. These compo-
nents are treated as a single undifferentiated entity, which re-
stricts the ontology’s expressiveness and its utility for struc-
tured domain reconstruction. SkiROS2 (Mayr, Rovida, and
Krueger 2023) is a ROS-based, open-source control plat-
form that integrates symbolic task planning with reactive ex-
ecution via extended behavior trees. It uses a skill model
with semantic pre-, hold-, and post-conditions to support
reasoning, parameter inference, and modular skill compo-
sition. The architecture includes a shared ontology-based
world model (OWL/RDF) and automated PDDL generation.
However, the list of objects in each scene is retrieved from a
world model that maintains a persistent, explicitly structured
representation of the environment. As this list is not gener-
ated directly from sensor data, the system is less adaptable
to previously unseen objects.

Preliminary Concepts
The proposed framework adopts PDDL 2.1 (Fox and Long
2003) to model planning problems, which are specified
through two main components: a domain file and a prob-
lem file. The ontology is defined using the OWL DL lan-
guage (Bechhofer 2009), providing a formal and expressive
framework for representing domain knowledge, including
classes, properties, and constraints relevant to the planning
environment.

PDDL
The domain file defines the structure of a planning problem
through two fundamental components: predicates, which
capture object properties and relationships, and actions,
which describe the possible operations along with their pre-
conditions and effects. Formally, a PDDL domain D is de-
fined as a tuple D= ⟨T ,A⟩, where T is the set of predicates
and A is the set of actions.

The problem file defines a specific planning instance by
specifying the objects involved, the initial state of the world,
and the goal conditions to be achieved. It provides the con-
text in which the domain actions are applied, enabling the
planner to generate a valid sequence of actions that trans-
forms the initial state into the goal state. Formally, a PDDL
problem P= ⟨O, I,G⟩, where O is the set of objects, I
is the initial state, formed by applying predicates to argu-
ments (e.g., (on green block purple block)), and G is the
goal state, expressed as a first-order logic formula (e.g.,
(on yellow block green block) (on green block red block)),
meaning the green block should be placed on top of the red
block and the yellow block on top of the green block.

Knowledge Graph
A knowledge graph (Hogan et al. 2020) is a directed, la-
belled graph K = (V ,J , E), whose nodes V represent en-
tities (classes, individuals, literals), J represents a set of
properties and whose edges E ⊆ V × J × V encode rela-
tionships. Each edge (v1, p, v2) ∈ E encodes that node v1 is
connected to v2 via property p. An OWL Knowledge Graph
is a structured representation of entities (nodes) and their

relationships (edges), grounded in the W3C’s Web Ontol-
ogy Language (OWL) (Noy and McGuinness 2001). OWL
enables users to: (1) define classes (e.g., :Person), proper-
ties (e.g., :livesIn), and constraints (e.g., disjointness, cardi-
nality); (2) instantiate individuals (e.g., :Alice rdf:type :Per-
son) with associated data or object properties; and (3) per-
form automated reasoning, allowing inference of new facts,
classification of instances, and detection of logical inconsis-
tencies based on OWL’s formal semantics. To construct an
OWL knowledge graph, an ontology is written using formats
such as Turtle, RDF/XML, or functional syntax, then loaded
into a triple store (e.g., GraphDB, Stardog), and queried us-
ing SPARQL to access both asserted and inferred knowl-
edge. These graphs support semantic search, data integra-
tion, and intelligent reasoning, making them ideal for appli-
cations that require understanding complex domain rules.

Problem Statement
The system input S is defined as a tuple ⟨L, C⟩, where L
denotes a linguistic instruction (i.e., a natural language de-
scription of the tasks) and C represents a scene observation
(an RGB image capturing the environment’s state). The ar-
chitecture of the proposed framework is shown in Figure 2.

PlanOwl

Vision Language 
Model

Response

PDDL Parser

Task Planner

Executor

Planning
Failure

Execution 
Failure

Object Detection

Objects Locations

Object 
Detection
Failure

Planning Domain 
Generator

Prompt Generator

Real World Problem

Multiple documents

Image

"Arrange the table for 
breakfast for Athena"

Instruction

Figure 2: Architecture of PlanOwl. Contributions are high-
lighted in orange. White boxes represent modules retained
from (Aregbede et al. 2025). In case of planning, object de-
tection, or execution failure, the VLM system is reprompted
with a new prompt to generate a new PDDL problem file.
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The system produces three main outputs, generated se-
quentially as follows:
1. Planning domain file D: This file defines the domain-

specific components of the planning problem, including
the set of predicates, types, and actions. It encodes the
symbolic representation of the robot’s capabilities and
the rules governing the environment’s dynamics.

2. Planning problem file P: This file specifies the plan-
ning instance to be solved. It contains the list of objects
O present in the scene, the initial state I, and the goal
conditions G.

3. Execution plan Π = ⟨a1, . . . , an⟩: This is an ordered
sequence of symbolic actions, where each action ai ∈ A,
representing the steps the robot must follow to transition
from the initial state to the desired goal state. This plan
is generated by a classical planner using the generated
domain and problem files.

Unifying the Planning Ontology
To tackle the challenge of automatic planning domain gen-
eration, we integrate two complementary systems: (1) the
Planning Ontology (PO) (Muppasani et al. 2024), which
enables the semantic modeling of planning domains and
problems in OWL, and (2) the Unified Planning (UP) li-
brary (Micheli et al. 2025), a Python library that provides
tools for formulating and manipulating planning problems.
While PO offers a rich, high-level representation, it lacks the
detailed structure needed for seamless integration with UP.
To bridge this gap, we extend PO with additional classes
tailored for UP compatibility. This approach enables bidi-
rectional conversion—allowing OWL files to be generated
from planning problems and planning problems to be re-
constructed from semantic descriptions—thus combining
the strengths of both frameworks. This section details the
changes made to PO to make the integration possible, while
the practical functionality and utility are described in the fol-
lowing section.

Extended Classes and Properties
To accurately capture the nested and compositional struc-
ture of action effects and preconditions, we introduce
new classes and properties that extend the planning on-
tology. While PO lacks native support for representing
complex logical formulae, such expressiveness is essen-
tial for interoperability with unified planning and for
faithfully modeling planning domains. Our extension
introduces a general FormulaNode class, which is
specialized by two subclasses: LogicalConnective
(for representing And, Or, and Not operators) and
AtomicFormula (for atomic predicates with ar-
guments). The hasRootNode object property links
ActionEffect and ActionPrecondition in-
stances to their corresponding formula trees. Further-
more, action effects in UP are represented as value
assignments to domain predicates, taking the form
handfull(robot) := false. To support this, we
introduce an AssignmentEffect class, which con-
nects the effect to the affected domain predicate via the

assignsFluent object property and specifies the as-
signed value (such as a boolean) using the assignsValue
data property.

For our purposes—retrieving, constructing, and mod-
ifying domain files automatically—we also introduce a
belongsToDomain predicate. This property makes the
connection between each domain component and its corre-
sponding domain explicit, significantly speeding up the re-
construction and retrieval process. This design enables the
ontology to capture arbitrarily complex and nested logical
conditions, as well as explicit value assignments, facilitat-
ing full round-trip conversion between OWL and UP. An
overview of these extensions and their integration with PO
is shown in Figure 3.

Additional Considerations
One of the key challenges in translating between plan-
ning representations is the preservation of argument order
for predicates and action effects. For example, in pred-
icates such as smaller(?x, ?y), simply associating
arguments via a generic hasArgument property is in-
sufficient, as the positional information is essential for
correct interpretation and therefore reconstruction. To ad-
dress this, we introduce a hasArgumentIndex data
property, which assigns a non-negative integer to each
DomainPredicateParameter instance. This ensures
that the ordering of parameters is explicitly recorded within
the ontology, enabling lossless and unambiguous mapping
between OWL and PDDL/UP representations. In addition,
one of the main benefits of using a knowledge representation
formalism such as OWL is the ability to express rich meta-
data and annotations. To leverage this, we enable each do-
main node to be enriched with a textual description through
the hasDomainDescription annotation property. This
not only aids in the semantic differentiation between do-
mains but also supports documentation and search function-
alities. Furthermore, while the raw syntax of PDDL and the
corresponding UP components may differ in representation,
we explicitly preserve the original PDDL formulation using
the hasSyntax property. This approach ensures that the
native syntax is always available for parsing tools and for
maintaining compatibility with existing planning software.

While a complete integration of the two frameworks is
still a work in progress, the changes to PO described above
already enable a seamless integration with the UP frame-
work, resulting in a semantically rich and interoperable
knowledge representation.

Proposed System
Our approach builds upon two prior systems:
PlanOnto (Muppasani et al. 2024), which we extend
and integrate with the Unified Planning library, and
ViPlan (Aregbede et al. 2025), which employs a behavior
tree structure for modular and reactive task planning and ex-
ecution. By embedding the enhanced ontology into ViPlan,
we enable more advanced knowledge-based planning and
reasoning capabilities.

Our method introduces three key innovations. First, we
expand PlanOnto by introducing new ontology classes that
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Figure 3: The main classes and object properties extending the Planning Ontology of (Muppasani et al. 2024).

enable the semantic reconstruction of planning domains and
facilitate integration with the Unified Planning library. Sec-
ond, unlike ViPlan, where planning domain files are man-
ually defined, our framework automatically generates them
from a knowledge graph. Third, we replace ViPlan’s static
planning prompts with dynamically generated ones, auto-
matically adapted to the current context. This design en-
ables our system to generalize across diverse domains with-
out manual reconfiguration.

Our approach integrates both the generation of PDDL
files and the planning process within a unified behavior tree
framework (see Figure 4), resulting in a system that empha-
sizes efficiency, modularity, flexibility, and reactivity.

Recovery action

Update 
Prompt

Root

Compute 
Plan

Generate 
PF

Pipeline         
Sequence

Changed 
Prompt

Recovery

Recovery action

Update 
PromptDetect 

Objects

Recovery

All Objects 
Detected

Generate 
DF

Generate 
Prompt

Figure 4: The proposed behavior tree framework, following
the formalism of (Colledanchise and Ögren 2017). Novel
nodes are highlighted in orange. Recovery and Pipeline Se-
quence nodes are as in (Macenski et al. 2020), while nodes
highlighted in blue are based on (Aregbede et al. 2025).

A summary of the custom behavior tree nodes used in the
system is provided in Table 1. The framework supports inter-
changeable components, allowing for the selection of differ-

ent planners to compute execution plans and various VLMs
to extract information from the current scene. To reduce re-
dundant computation and support context-aware operation,
we adopt the Changed Prompt decorator node introduced
in (Aregbede et al. 2025), which triggers re-computation of
the planning problem file only when the prompt provided to
the VLM has changed.

Generate DF (A) Generate a PDDL domain file.
Generate Prompt (A) Generate the prompt for the VLM.
Generate PF (A) Generate a PDDL problem file.

Table 1: Novel action (A) behavior tree nodes.

The workflow of the proposed system is divided into 4
steps:

Step 1: Domain File Generation

The first step of PlanOwl is to generate a planning domain
file D using the OWL ontology. To generate actions A and
predicates T , the system must first determine which plan-
ning domain is most appropriate for the user’s needs. To
achieve this, the system takes the linguistic instruction L,
and searches for the corresponding domain in the ontology
to construct D. Specifically, each domain individual in the
ontology is annotated with a hasDomainDescription
data property, which stores a natural language description
of the domain. Both this description and the L are embed-
ded using a SentenceBERT model (Reimers and Gurevych
2019). The system then performs a similarity search and se-
lects the domain whose description embedding is closest to
the input embedding. Once the most relevant domain is iden-
tified, the corresponding planning domain is reconstructed
using Unified Planning’s (UP) native methods. An outline
of this system component can be seen in Figure 5.

Step 2: VLM Prompt Generation

The second step involves generating a prompt Y for the
VLM. As shown in Figure 6, the prompt consists of three
main components: (1) a fixed template for generating PDDL
planning problems, (2) the planning domain file D produced
in the previous step, and (3) the natural language instruction
L that describes the task to be accomplished.
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Source 
Domain Files

Unif ied Planning Library

Planning Domain Generator

Parse PDDL

PlanOnto 

PlanOnto 
ExtensionUpdate

Insert

Query

Figure 5: An outline of the planning domain generator ele-
ments. Given a set of domain files contained in the knowl-
edge graph, the generator returns and reconstructs the closest
match to the system input L.

I want you to create PDDL problem file of the image. 
A template for an PDDL problem file is reported below:
(define (problem object_arrangement)
    (:domain object_arrangement)
    (:objects
        object - type
    )
    (:init)
    (:goal (and))
)
Type and predicated can be retrieved from the domain file:

(define (domain name)
    (:requirements :strips)
    (:predicates
 ...
    )
    (:action action1 ...)
    (:action action2 ...)
  ...)

Your tasks are:
....

Figure 6: The structure of the prompt to the VLM. Fixed part
is highlighted in purple, the domain file D in blue, and the
natural language instruction L in green.

Step 3.1: Problem File Generation
The third step involves generating a PDDL planning prob-
lem file P using a VLM and the prompt assembled in the
previous step. Instead of depending on a specific VLM,
the framework offers a standardized plugin interface, en-
abling users to integrate their preferred model. The RGB
image serves as visual input, providing contextual infor-
mation about the current environment, is used to infer the
:init section of the problem file, while the natural lan-
guage prompt specifies the desired task or goal, such as ob-
ject arrangement or navigation to a target location, and is
used to generate the :goal section. The predicate syntax
is directly derived from the previously generated planning
domain file D, ensuring syntactic and semantic consistency
across the domain and problem representations.

Step 3.2: Object Detection
The object detection module serves two purposes: (1) verify-
ing that the objects specified in the PDDL file correspond to
those present in the input image; if a mismatch is detected,

the system return to step 2 and generate a new prompt (see
Figure 7); (2) estimating the positions of the detected ob-
jects, used during the execution of the plan, by leveraging
GroundedSAM2 (Ren et al. 2024).

I want you to create PDDL problem file of the image. 
A template for an PDDL problem file is reported 
below:
.....
Your tasks are:
.....
In this problem you have:
- Object1: # instances
- Object2: # instances 
- ....

Figure 7: Structure of the updated prompt to the VLM. The
original prompt Y is highlighted in red, while the added part
is highlighted in orange.

Step 4: Execution Plan Computation
The fourth step of PlanOwl is computing an execution plan.
The PDDL problem file P produced in Step 3.1, along with
the domain file D generated in Step 1, are passed to a task
planner. The planner first verifies the syntactic validity of
both files. If they are valid, it proceeds to generate an ex-
ecution plan based on the provided specifications. In case
planning fails, the system enters a recovery loop: it returns
to Step 2 and re-prompts the VLM, appending a new predi-
cate that captures the cause of the failure. This process is re-
peated for a configurable number of iterations, defined as a
system parameter. If a valid plan cannot be generated within
this limit, the system requests user intervention to help gen-
erate correct planning problem and domain files. Otherwise,
it advances to the execution phase using the computed plan.

Experimental Validation
Benchmark Problems
We considered three robot planning domains1: Hanoi,
Block-world, and Object Arrangement (Figure 8). A brief
summary of each is provided below.

Block-World Problem: This domain involves rearranging
a set of blocks to reach a specified goal configuration (Gupta
and Nau 1992). Blocks can either be stacked on top of one
another or placed directly on the table.

Hanoi Problem: This domain requires moving a stack
of disks from a source peg to a target peg, subject to two
constraints: only one disk may be moved at a time, and a
disk can only be placed on an empty peg or atop a larger
disk (Hinz et al. 2013).

Object Arrangement Problem: This domain focuses on
arranging objects in their designated locations, such as plac-
ing food items into containers.

1https://github.com/PaoloForte95/planning domains
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a)

c)

b)

Figure 8: Example of the blockworld (a), hanoi (b), and ob-
ject rearrangement (c) planning problems.

Setup
We employ the model Gemini 2.5 Pro2 to generate the plan-
ning problem files and the Fast Downward planner (Helmert
2006) to create the execution plan. Real-world experiments
are carried out using the robot arm shown in Figure 1 for the
object arrangement scenario, while simulation experiments
are used to validate the system in the Blockworld and Hanoi
planning domains. The proposed system3 is implemented in
Python and C++ and runs on an Intel Core i9-10885H CPU
2.40GHz × 16 processor with 32 GiB of memory.

Metrics
We evaluate our framework by assessing the quality of the
generated domain and problem files, as well as the resulting
execution plan. To measure the solution quality, we adapt
and extend the evaluation metrics proposed in (Aregbede
et al. 2025) to better suit our system and use case.

1. A correctness metric F plan ∈ {0, 1}, which evaluates
whether an execution plan can be successfully generated
and validated by a task planner. This metric ensures that
the plan achieves the specified goal state without intro-
ducing unintended actions. Specifically, F plan = 1 if a
valid and feasible plan exists and leads to the desired
goal; otherwise, F plan = 0 if the plan is incorrect, in-
feasible, or cannot be generated.

2. A syntax correctness metric F syn = 0.5 ·F syn
p +0.5 ·F syn

d ,
with F syn ∈ {0, 1}, which assesses whether the gener-
ated PDDL problem and domain files can be successfully
parsed by a task planner. Here, F syn

p,d ∈ {0, 1} denote the
syntax validity of the problem and domain files, respec-
tively. The metric F syn = 1 only if both F syn

p = 1 and
F syn
d = 1 have no syntax errors.

3. A balanced F-score as in (Aregbede et al. 2025):

F pd
1 = 2 ∗ p * r

p + r
p =

Tr

Tta
r =

Tr

Ttr
(1)

2We use the most recent model as of August 2025
3https://github.com/PaoloForte95/athena

where Tr represents the total correctly identified in-
stances (init, goal, object), Tta refers to the number of
instances extracted in the generated problem, and Ttr de-
notes the total ground truth items.

System F1
pd Fplan Fsyn

O I G
H 100 95.6 100 80 100

ViPlan B 100 88.6 100 80 100
O 98.0 98.0 98.0 80 100

LO 93.0 93.0 93.0 0 100
MO 87.8 87.8 87.8 0 100
R 100 100 100 100 100
H 95.6 97.4 98.4 80 100

PlanOwl B 100 100 100 100 100
O 100 100 100 100 100

LO 100 100 100 100 100
MO 98.8 98.8 98.4 0 100
R 100 100 100 100 100

Table 2: Solution quality (%) for the Hanoi (H), Blockworld
(B), and Object Arrangement (O) problems. For the latter,
additional variants are considered: a large number of objects
(LO), multiple objects of the same type (MO), and prede-
fined relationships (R) between objects.

Results
Table 2 report the solution quality metrics achieved by the
proposed framework across the three domains introduced in
the previous section. These results reflect the system’s per-
formance prior to the object detection stage (i.e., before Step
3.2), meaning no explicit object detection has yet been ap-
plied. Furthermore, since only three distinct domains were
present in the knowledge base, the planning domain gener-
ator achieved a perfect accuracy, consistently returning the
correct domain. As shown in the tables, our framework out-
performs the baseline ViPlan (Aregbede et al. 2025) across
all evaluated metrics. This improvement can be attributed
not only to our architectural contributions but also to re-
cent advancements in visual language models, which have
demonstrated notable improvements in both visual under-
standing and language generation capabilities—resulting in
more accurate and coherent domain and problem file genera-
tion. One limitation observed in the results is a metric degra-
dation in one of the Hanoi tasks due to an object detection
error, which affected the correctness of the generated plan.
However, the system still demonstrated improved accuracy
in generating initial conditions for planning, highlighting
its robustness even in the presence of partial perception er-
rors. A key contribution of this experiment is demonstrat-
ing PlanOwl’s ability to automatically adapt its prompt and
planning strategy to different domains. Unlike the baseline
in (Aregbede et al. 2025), which requires manually switch-
ing between domain files and rewriting prompts for each
scenario, our framework autonomously selects the appropri-
ate domain and generates a context-aware prompt based on
the scene and task description. This significantly enhances
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the generality and scalability of the approach, making it suit-
able for multi-domain robotic applications without manual
intervention.

Figure 9 illustrates the online adaptation process of
PlanOwl. In the initial generated problem file (Figure 9 b))
additional objects were incorrectly included. This mismatch
is detected during object pose estimation using Grounded-
SAM2. The detection triggers a recovery action, which up-
dates the prompt to the VLM, prompting the system to re-
generate the PDDL problem file (Figure 9 c)). In the updated
prompt, the correct number of detected objects is explicitly
included, ensuring that the regenerated file is consistent with
the environment.

(define (problem object_arrangement)
    (:domain object_arrangement)
    (:objects
        plate - container
        banana - food
        robot1 - robot
        wp1s wp2s home1 wp1f- location)
    (:init (free robot1)
        (at robot1 home1)
        (at plate wp1s)
        (at banana wp2s)
    (:goal (and
            (at plate wp1f)
            (on banana plate))))

c)

(define (problem object_arrangement)
    (:domain object_arrangement)
    (:objects
        plate1 plate2 - container
        banana1 banana2 - food
        robot1 - robot
        wp1s wp2s wp3s wp4s home1 
        wp1f wp2f - location)
    (:init (free robot1)
        (at robot1 home1)
        (at plate1 wp1s)
        (at plate2 wp2s)
        (at banana1 wp3s)
        (at banana2 wp4s))
    (:goal (and
            (at plate1 wp1f)
            (at plate2 wp2f)
            (on banana1 plate1)
            (on banana2 plate2))))

b)a)

Figure 9: Example of the updated prompt recovery action in
response to an object detection failure: (a) current scenario,
(b) initial PDDL problem file, and (c) regenerated PDDL
problem file after recovery.

Limitations and Future Work
As our current extensions to the Planning Ontology still rely
on already existing domain files to be added to the Knowl-
edge Base, future work will focus on several key advance-
ments aimed at supporting fully automatic domain construc-
tion and greater flexibility.

First, we aim to make the Planning Ontology more
broadly compatible with Unified Planning (UP), allowing
for the representation and reasoning over multiple planning
problems within a single ontology. Future extensions will
also focus on leveraging PO’s native ability to encode infor-
mation about the suitability of different planners for specific
domains, a feature not currently exploited in our system.
Finally, we intend to develop more autonomous methods
for domain file construction by employing reusable action

templates and discovering semantically similar predicates
and actions across domains, standardizing common patterns
(such as always using load for loading actions or on for spa-
tial relationships). This will reduce manual modeling effort
while enabling the creation of semantically rich and reusable
planning knowledge.

Second, we plan to develop alignment modules for other
robotics-oriented ontologies, such as (Beßler et al. 2020)
and (Adamik et al. 2025), enabling the integration of user-
specific preferences, richer reasoning over object properties
and affordances, and explicit representation of robot capabil-
ities. This will foster a more adaptive and context-aware con-
struction of planning domains. For instance, distinct users
may prefer different configurations for tasks like setting a
breakfast table; our objective is to encode and dynamically
apply such preferences during goal generation.

Third, we aim to explore automatic Knowledge Graph
Construction methods (KGC) combined with Graph Re-
trieval Augmented Generation methods (Martorana et al.
2025) to explore possibilities of automatic domain file gen-
eration based on the extended planning ontology.

Conclusion
In this paper, we presented PlanOwl, a novel framework that
bridges the gap between semantic knowledge representation
and automated task planning and execution by integrating
OWL ontologies with visual language models for automatic
PDDL generation. Our approach systematically tackles the
scalability bottleneck by automatically generating both do-
main and problem files from visual observations and natu-
ral language instructions, reducing the need for manual do-
main engineering while maintaining semantic consistency.
The key contributions of this work include: (1) a system-
atic methodology to automatically generate, store and ma-
nipulate PDDL domain files from OWL ontologies by cre-
ating an integration of the Planning Ontology and the Uni-
fied Planning library, (2) an integrated framework that com-
bines ontological knowledge with visual language models to
create contextually grounded planning problems from im-
ages and natural language instructions, and (3) a reactive
behavior tree architecture that enables dynamic adaptation
and failure recovery during the planning process. The mod-
ular design of PlanOwl, built upon a behavior tree frame-
work, provides flexibility in component selection and sup-
ports interchangeable planners and visual language mod-
els. Our experimental validation across three distinct plan-
ning domains—Blocksworld, Hanoi, and Object Arrange-
ment—demonstrates the effectiveness of the proposed ap-
proach. The framework successfully generates syntactically
correct and semantically meaningful PDDL files, achieving
comparable performance to manually crafted domains while
significantly reducing the manual effort required for domain
modeling.

Overall, PlanOwl demonstrates how the fusion of onto-
logical knowledge with neural models can advance auto-
mated planning, offering the community a practical path to-
ward scalable, semantically grounded, and adaptive robot in-
telligence.
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