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Abstract

Automated planning requires explicit domain knowledge to
generate effective solutions. The process of formulating,
maintaining, and validating this knowledge is the corner-
stone of Knowledge Engineering for Planning and Schedul-
ing (KEPS). Although Large Language Models (LLMs) have
shown promise for automated planning tasks, and are gain-
ing popularity in the field, their impact on KEPS remains
under-explored. In this paper, we investigate the potential of
LLMs to streamline and enhance the KEPS field by taking a
close look at the processes used to develop explicit symbolic
knowledge models, in particular for use in safety-related ap-
plications. The paper’s findings are that while LLMs can as-
sist in knowledge acquisition and formulation, human domain
expertise and external symbolic validators remain indispens-
able for ensuring correctness, operationality and complete-
ness of planning applications.

Introduction
There has been a significant amount of work recently inves-
tigating the use of Large Language Models (LLMs), either
for end-to-end planning or as part of more complex architec-
tures, where they support the planning systems in some way
(Kambhampati et al. 2024; Huang, Lipovetzky, and Cohn
2024; Pallagani et al. 2024). The initial conclusions of such
work are that, while LLMs could be central components in
common-sense planning, a specific reasoning engine is re-
quired when the problem is computationally complex. But
this leaves the crucial question about the development of
the domain model unanswered—could this be created by an
LLM? More extreme, is there still a need for the creation of
an explicit symbolic model?

While substantial progress has been made in the field of
model-free reasoning (Arulkumaran et al. 2017; Wang et al.
2021), that has even led to a belief that Deep Reinforce-
ment Learning (DRL)-based agents would replace those us-
ing symbolic reasoning (e.g., automated planning) as argued
during the “AI History Panel” held at the AAAI 2020 con-
ference, DRL-based techniques have significant downsides:
they lack explainability (e.g., explaining why the agent acted
in a certain way) and may not scale well in terms of rea-
soning on larger problem instances than those provided in
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the training datasets (Acharya et al. 2024). Similarly, Graph
Neural Networks (GNNs) have also attracted attention for
problems such as Generalised Planning, but the expressive
power of GNNs depends on their ability to correctly distin-
guish between different states (Horcı́k and Sı́r 2024).

The rise of Large Language Models has also led to
model-free reasoning techniques with interfaces that sup-
port “human-like” interactions between the user and (au-
tonomous) systems. Recent work leverages LLM-based rea-
soning in promising areas such as robotics (Zeng et al.
2023), although concerns remain about safety and the dif-
ficulty of accessing real-time data, which limits real-world
applicability (Wang et al. 2024b). On a larger scale, LLM-
based approaches need significant amounts of training data
and tend to perform poorly on problems larger than those in
the training set (Rossetti et al. 2024). Although LLMs pro-
vide a natural way to “explain” their reasoning, they can hal-
lucinate, which makes their explanations less reliable.

We argue for the continued use of model-based symbolic
reasoning for applications where the risk of using a gener-
ated plan must be kept at an acceptable level—in so-called
safety-related systems. The knowledge model plays a crucial
role in model-based planning, and we argue that in safety-
related applications it remains the only viable planning ap-
proach. This is due to a number of key reasons: (i) the abil-
ity to perform verification and validation; (ii) the possibil-
ity of leveraging models to support explainability; (iii) the
maintainability of models, that can be modified if circum-
stances change; and (iv) the fact that no training is needed—
avoiding at once the need to collect training examples and
any generalisability issues. Hence, although model-free rea-
soning can achieve good results, and might be sufficient
for constrained applications (e.g., game-playing agents), this
paper assumes that specialised solvers will be necessary in
the formation of plans and schedules.

This leaves the question of how much LLMs can be in-
volved in the formulation of knowledge which, traditionally,
forms the set of action schema (the domain model) used to
construct a solution. In the main, the development of plan-
ning domain models has followed the symbolic knowledge
route common to knowledge-based areas, and thus the appli-
cations have warranted a knowledge engineering approach.
However, the peculiarities of planning have also resulted in
much more nuanced approaches than in general knowledge
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Figure 1: An overview of KEPS processes.

engineering: the output of planning is a synthesised structure
(a plan or schedule) which must conform to strict rules in
syntax and semantics to be considered valid. Hence, while
recent work on the integration of general knowledge engi-
neering and LLMs (Allen, Stork, and Groth 2023) informs
our work, we need to consider more specific concerns.

In this context, this paper investigates the role that LLMs
based on current technology can play in the main processes
of knowledge engineering for planning and scheduling. We
utilise our experience in fielding planning applications to
analyse the processes involved in producing the required
knowledge, and point out the promising areas for LLM use,
as well as the potential pitfalls. We conclude that while
LLMs can be employed to improve the efficiency and effec-
tiveness of knowledge engineering processes, they will not
substitute human experts in KEPS for safety-critical appli-
cations. In the next section, we provide an overview of the
KEPS field, and then explore the impact that LLMs can (or
could) have on the corresponding KEPS processes.

Knowledge Engineering for Planning and
Scheduling (KEPS)

KEPS covers a spectrum of processes that are needed to
form automated planning and scheduling applications (Mc-
Cluskey, Vaquero, and Vallati 2017). It can be seen as a
special case of knowledge engineering, where the need for
methodologies for acquiring, domain modelling, and man-
aging formally captured knowledge has long been accepted.
The main KEPS processes of interest for this position paper
are shown in Figure 1, and briefly described below. We note
that there is disagreement in the literature about the naming
of the processes, but not about the corresponding tasks.

• Acquisition. This process conceptualises the knowledge
taken from the initial domain analysis, source documents
and expertise, into a requirements specification. No as-
sumptions are made on the nature of the specification. It
can be fully formal, natural language, diagrams, etc.

• Formulation. This process encodes the conceptualised
knowledge taken from the initial domain analysis, under
the form of requirement specification, until it reaches a
final form in planning knowledge models which can be
input to AI planning engine(s).

• Verification and Validation. Verification is the pro-
cess of demonstrating that the outputs of Formulation,
a knowledge model, is a correct implementation, under

some interpretation of the specification produced in the
Acquisition phase. Validation instead focuses on ensur-
ing the completeness and operationality of the knowledge
models, in terms of their syntactical properties, and the
ability to allow planning engines to generate solutions
which are usable in the broader application area. Anal-
ogous to the terms’ use in software engineering, Veri-
fication in this context examines whether the model is
formed right, and Validation examines whether we have
created the right model.

• Maintenance. This process focuses on the evolution of
knowledge models. Evolution can be triggered by in-
ternal and external factors, such as new reformulation
techniques, the availability of new planning engines, or
changes in the application domain that need to be re-
flected in the models.

As in software engineering, carrying out these processes is
rarely or never done in a linear fashion (as in a “waterfall”
method) but can be tailored to a method that best fits the
specific application at hand.

We regard the knowledge engineering process through the
lens of real planning problems within “industrial” or similar
settings, for example, in transport, logistics, drilling, manu-
facturing, maintenance, etc. (many of the common bench-
mark planning domain models are abstractions of these
types of real problems). By “real” we mean that the plan-
ner’s input must be consistent with the requirements of the
application environment (made explicit and formal by the
first two KEPS processes), and its output must obey all the
constraints that are embedded into the planner’s application
environment. In particular, the achievement of the planner’s
goal must produce a plan usable within the wider environ-
ment and understandable and acceptable to domain experts
(as required by the Validation process outlined above). This
requires much engineering of knowledge, on top of the usual
requirements that a valid/consistent/efficient action set must
be created. Hence, in real applications, the end result of For-
mulation is not just a set of action schemas, but a set of
constraints and background knowledge that is essential for
guiding the planner to output application-acceptable solu-
tions, which can be shown formally to meet safety criteria,
and be in a format which fits within the surrounding envi-
ronment of the planner. This is in contrast to common sense
planning (e.g., planning a meal or a holiday) which are ubiq-
uitous activities not usually requiring formal, novel, or com-
putationally complex techniques.

Real-World Examples
In the following we use two example domains to help with
our discussion around KEPS processes: the development
and deployment of a planner which produces (i) traffic signal
plans for urban traffic control (McCluskey and Vallati 2017),
and (ii) activities for workflow within a railway rolling stock
maintenance site (McCluskey et al. 2021). In these kinds of
applications, the planner will replace part of an automated
process that was not performing well (application (i)) or
form a component of the process which up to now has been
manual or semi-manual (application (ii)). A key considera-

392



tion dealt with in the Acquisition process is: what is the goal
or task of the planner? In benchmark models, goals are taken
to be conditions on a state description, whereas in applica-
tions the determination and nature of a goal is a non-trivial
task. In the case of application (i), within our own experi-
ence, the process of working with domain experts and plan-
ning experts stretched to years before finding a goal which,
on the one hand was of great value to the domain experts,
and on the other was expressed in terms that would be solv-
able by a planner. We could not, for example, input to the
planner: “find a plan that minimises delay for traffic in a cer-
tain region,” which is too abstract and ambiguous. The an-
swer (in essence) we derived in the end was the goal of min-
imising traffic delay through identified routes, while making
sure that other routes would not delay traffic more than a set
of specified constraints.

The result of Acquisition in a strong sense follows from
the goal space agreed, in that sufficient knowledge must be
formalised for the planner to derive solutions, and to ensure
that those solutions are in a form acceptable by the con-
sumer (urban traffic software controllers in traffic junctions
for (i), and workforce management for (ii)). While much of
this knowledge is available in both publicly-accessible doc-
uments and confidential company-specific documents, some
knowledge must still be derived for the application. For ex-
ample, in (ii), we used software to machine process several
hundred vehicle maintenance instruction documents into a
knowledge graph forming part of the background knowl-
edge; while in application (i) only a manual method could
be established to encode relevant topological and distance
information within defined urban regions.

Acquisition and Formulation in these applications are in-
variably linked by translators, which help both in Verifica-
tion (to establish that the formalization is a faithful rep-
resentation of the conceptualisation) and Maintenance (so
changes in the environment can be efficiently passed to the
knowledge model). For example, in application (ii), a trans-
lation mechanism was used between a standard ontology
language and a language in the PDDL family. Or again, in
application (i), knowledge is acquired automatically from
existing data sources, for each urban region, creating a new
domain model for a new region. Indeed, without these au-
tomated mechanisms in Formulation, the cost of deploying
these planning applications would be unacceptable.

For Validation, the issue of producing plans which are
guaranteed to meet certain criteria is encountered. Applica-
tions involving industrial or public services are often safety-
related, or in some cases, safety-critical. For instance, in (i),
generated plans must satisfy criteria related to acceptable
traffic signal behaviour. In (ii), a maintenance depot main-
taining a fleet of (e.g., 50) trains must ensure that gener-
ated plans (specifically maintenance activity workflows) will
guarantee every train is serviced within a distance limit, oth-
erwise the company could break legally binding agreements.
In these cases, the planning experts must not only be able
to deploy a planner to generate plans in an acceptable for-
mat for the domain experts, but must also be able to rigor-
ously demonstrate that the plan generation process is sound
in meeting these criteria.

Anticipated Effects of Using LLMs in KEPS
Acquisition
Depending on the formalism used to encode the require-
ments specification, Acquisition is one of the KEPS pro-
cesses where LLMs have the potential to deliver significant
benefits. This is particularly true in applications where a vast
amount of knowledge is freely available: in the field of soft-
ware engineering it has been demonstrated that LLMs can
harvest such knowledge and draft documents that are com-
parable in quality to those of entry-level engineers (Krishna
et al. 2024). While Acquisition is less explored in automated
planning and scheduling, the similarities with software engi-
neering suggest that similar performance could be expected.

There are, however, cases where LLMs are likely to strug-
gle in generating good quality drafts. The most intuitive are
domains where specialised knowledge is not readily avail-
able on the Internet, but is either embedded in human ex-
pertise, or stored in proprietary physical manuals and books,
such as for the real application domains mentioned above.
If the knowledge is available in a digital format, domain-
specialised LLMs can be built and could support Acquisition
(Ling et al. 2023; Zhang et al. 2025), but this is expected to
come at a significant upfront cost. Another critical case for
LLMs is when requirements are specified for features or do-
mains that do not yet exist, hence are not documented or
described anywhere, but will be created as a result of the
engineering activity. In application domains, this can occur
when new disruptive technologies become available; in more
frivolous scenarios, this is the case when new games or puz-
zles are invented.

Formulation
The enhancement of the Formulation process with LLMs
has attracted very significant attention from the planning
community and neighbouring fields, where symbolic mod-
els provide the knowledge needed for automated reason-
ing (Kautz 2024): a fully automated Formulation process
would result in the abatement of the extremely high adop-
tion barrier that model-based techniques face, fostering the
widespread use of such approaches. In this sense, LLMs
could aid in democratising the use of planning and other
model-based techniques. Unfortunately, LLMs do not ap-
pear to work very well to automatically create complete
PDDL models (Oswald et al. 2024; Tantakoun, Muise, and
Zhu 2025), particularly for domains that are not available on
the Internet, and often struggle with detailed spatial reason-
ing and processing low-level environmental features, limit-
ing their effectiveness in model construction (Pallagani et al.
2024). This is true even when multiple steps and layers
are involved (Gestrin, Kuhlmann, and Seipp 2024; Smirnov
et al. 2024) or feedback from the environment is considered
(Mahdavi et al. 2024a). A different line of work has pro-
posed using LLMs to generate multiple alternative PDDL
action schema, and then select the most appropriate ones for
a given domain (Huang, Lipovetzky, and Cohn 2024). Given
the challenges of generating a complete domain model using
LLMs only, there is an opportunity to complement LLMs
with tools such as ASP or exploration walks (Agarwal et al.
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2024; Mahdavi et al. 2024b).
While the methods mentioned above can provide initial

draft models for well-known application domains, they face
similar issues to those described for the Acquisition process:
in domains where knowledge is not available on the Inter-
net, or does not exist in the required form, LLMs will not be
able to provide meaningful encodings. Further, the ability
of LLMs to generate draft encodings appears to be limited
to classical PDDL or PDDL with simple numeric aspects:
when domains require temporal reasoning or the expressiv-
ity of PDDL+, the performance of LLMs suddenly drops.

In application domains, there is a need for human domain
experts to be involved in the Formulation process to ensure
that models are semantically correct. For this reason, some
work has focused on using LLMs as support tools, where
they can act as approximate knowledge sources to extract
information from a body of textual/raw knowledge (Oates
et al. 2024; Kambhampati et al. 2024; Chen, Shen, and He
2024), or to provide “soft” critique (style, preference elic-
itation, etc.) to human knowledge engineers. This appears
to be a very promising way of exploiting the capabilities
of LLMs, that could turn into a retrieval-augmented gener-
ation tool for streamlining the work of humans on the large
amount of domain-specific documents (Fan et al. 2024).

When we embrace that human engineers have to be part of
the Formulation process for application domains, rather than
being substituted by LLMs, the possibility of leveraging an
intermediate representation as a step between requirements
specification and operational symbolic knowledge models
becomes appealing. An intermediate semi-formal represen-
tation would bridge this gap, supporting human experts in
grasping the characteristics of the domain while ensuring
that relevant aspects are considered and encoded.

Validation, Verification, and Maintenance
Validation and Verification are not processes that LLMs can
perform at a satisfying level (Kambhampati et al. 2024), and
we note that the validation of LLMs itself is an open problem
for the research community (Huang et al. 2024). The ability
to validate and verify knowledge models is a cornerstone of
trustworthy AI applications in critical domains (Kaur et al.
2022), and it does not appear that LLMs will provide the
required level of formal guarantees needed in safety-critical
domains (drilling, transport, control, etc.). The use of valida-
tion and verification tools, such as VAL or other approaches
(Fox, Howey, and Long 2005; Scala, McCluskey, and Vallati
2022), will remain a key aspect of planning in such domains.

Explainability is an area where LLMs are expected to
add significant value, particularly in the role of approximate
knowledge machines. During the engineering process, they
can answer queries on the characteristics of the models, and
on the decisions made. For final users and domain experts,
LLMs can leverage knowledge models and generated plans,
plus the available domain knowledge, to provide convinc-
ing explanations using human language (although there is
still the possibility for hallucinations, of course). In a simi-
lar fashion, LLMs can support the process of model recon-
ciliation to bridge the gap between human mental models

and agents’ symbolic models (Sreedharan, Chakraborti, and
Kambhampati 2021).

While not strictly related with Maintenance, the selection
and enhancement of planning approaches to solve planning
problems falls within the KEPS remit, in its aims at ensur-
ing the operationality of the overall planning system in the
target domain application. In this regard, LLMs could help
in designing domain-specific heuristics—as heuristics can
be seen as a form of tacit knowledge that tends to be hard
to encode, but has a significant impact on the overall plan-
ning system. For instance, LLMs could help identify the best
“model configuration” (Vallati et al. 2021) to support reason-
ing, or even help characterise the approximate reasoning that
can be helpful in guiding a formal reasoner to a goal state for
a problem (Hazra, Dos Martires, and De Raedt 2024).

The situation for Maintenance is different and LLMs can
help in the steps that encompass the debugging of a knowl-
edge model (Silver et al. 2023). Work in this area shows
that LLMs can be fruitfully exploited in model-space search
to fix issues in models or align models used by different
agents (Caglar et al. 2024). LLMs can also support the Main-
tenance process by suggesting reformulations for models,
and by supporting human knowledge engineers in identify-
ing where and how to modify existing models to incorpo-
rate changes. It is also easy to foresee the use of LLMs for
automatising intra-formalism model reformulations: LLMs
could foster the creation of a spectrum of models, ranging
from human-friendly to planning-engine friendly according
to domain needs.

Another aspect where LLMs can strongly support hu-
man engineers is in the evolution and update of a model
according to different design criteria (Caglar et al. 2024).
For instance, a provided knowledge model can be optimised
to support early goal recognition; in cybersecurity settings,
models can be optimised to provide a honeypot where at-
tackers are likely to make their attempts known to defenders
(Wang et al. 2024a).

Conclusion
We investigated how LLMs can be part of KEPS in real-
world applications, focusing on safety-related/-critical ones.
Our stance is clear: in this class of domains, there is still the
need for explicit symbolic knowledge, and LLMs will not
supplant human experts. However, we highlight that LLMs
can play a very valuable role in KEPS: they can be used
to augment human capabilities in many of the processes.
To further develop and characterise the synergies that can
arise, it is crucial to understand what is the best functional
role LLMs should play: knowledge bases, approximate rea-
soning machines, etc. Future research is needed in KEPS to
characterise and design dedicated LLMs, and processes, that
can effectively support human experts in these domains.
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