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Abstract

Modern Large Language Models (LLMs) offer many interest-
ing new avenues for research in Knowledge Representation
and Reasoning (KRR), due to their complementary natures.
Most interestingly, they could offer a novel solution to the so-
called Knowledge Acquisition Bottleneck, which arises from
the difficulty in making accurate and reliable logical models
of a problem domain. In literature, state-of-the-art research
demonstrates how LLM-based formalization is already capa-
ble of translating small problem descriptions into a formal
notation. However, these works focus on a fully automatic
process, without any external input. In this position paper,
we argue that domain experts should instead retain an active
role in the formalization process as an important validation
step. We introduce three complementary methods for doing
so, and discuss their implementations and challenges.

1 Introduction
The recent surge in Large Language Model (LLM) develop-
ment has opened up new possibilities within many scientific
fields. In the field of knowledge representation and reason-
ing (KRR), researchers are actively looking at using LLMs
to close the gap between state-of-the-art KRR and industry.
Interestingly, both AI approaches are quite complementary:
where LLMs are great at interpreting fuzzy text but struggle
to faithfully reason over it1, formal KRR engines can reli-
ably reason over a problem domain, but only when given a
precise, non-ambiguous problem encoding.

By fusing these approaches together, we can build sys-
tems that combine their advantages. For instance, LLMs
can be used as a “front-end” for a reasoning engine, serv-
ing as a chat interface that can perform fact extraction and
perform queries (Rajasekharan et al. 2023; Callewaert and
Vennekens 2024; Vakharia et al. 2024). They can also help
improve explainability, by rewriting automatically gener-
ated explanations to be more understandable for laypeo-
ple (Vasileiou and Yeoh 2025). Lastly, LLMs could also
help formalize (parts of) problem knowledge by automat-
ically translating natural language to a formal representa-
tion (Ishay, Yang, and Lee 2023).

1whether or not they are capable of reasoning at all is still
subject to much debate (Bender et al. 2021; Wu et al. 2024;
Shojaee et al. 2025)

Crucially, this third method could offer a novel solution
to one of the most significant challenges of KRR, namely
the Knowledge Acquisition Bottleneck (Cullen and Bryman
1988). Knowledge Acquisition is the process of external-
izing domain knowledge from experts and formalizing it in
a formal model, and is typically the first step of building
knowledge-based systems. The precess is known for be-
ing error-prone and time-consuming, which is why it’s often
called a “bottleneck”. If LLMs could somehow

Though domain experts play a crucial role in traditional
knowledge acquisition, current research on LLM-based for-
malization does not involve them. In this position paper, we
argue that domain experts should instead play a central role
in the process, and offer a few methods towards this idea.
Put together, they form a novel methodology for human-AI
knowledge formalization.

2 Knowledge Acquisition
When building knowledge-based systems, it is important to
have an accurate and precise formal model of the problem
domain at hand. For example, to build a legal reasoning
tool, a knowledge engineer must correctly model a set of rel-
evant laws so that a reasoning system can reason over them.
However, this knowledge engineer is likely not well-versed
in legal matters, and might find “legalese” (a.k.a. Legal En-
glish (Williams 2011)) hard to interpret. As a result, they
decide to collaborate with a lawyer or notary to help them
better understand the material, and to help them validate
whether their tool works correctly.

This process is often referred to as knowledge acquisi-
tion (Leu and Abbass 2016), and is the first step in build-
ing knowledge-based tools. In brief, knowledge acquisition
involves two parties: a domain expert with knowledge of a
problem domain, and a knowledge engineer capable of mod-
eling it. However, as both parties have diverging expertise,
miscommunication will slip in quickly, making their collab-
oration time-consuming, error-prone, and labour-intensive.
This difficulty is also known as the Knowledge Acquisition
Bottleneck (Cullen and Bryman 1988), and is often cited as
one of the main challenges for development of knowledge-
based tools (Delgrande et al. 2024).

In an attempt to remove this bottleneck, research on
knowledge acquisition has spawned many new and unique
methodologies (Leu and Abbass 2016). With the widespread



availability of high-performant LLMs, the following ques-
tion naturally arises: can LLMs auto-formalize knowledge
for knowledge-based systems? Given that LLMs seem
promising for writing imperative code such as Python or
Java (Fan et al. 2023), generating models in a logical for-
malism does not seem far-fetched.

3 LLM-based Knowledge Formalization
In literature, we can already find multiple works in which
LLMs generate logical models in one way or another. For
instance, they might use an LLM to generate models in First
Order Logic or as Answer Set Programs (ASP) (Brewka,
Eiter, and Truszczyński 2011), and use solvers such as pro-
log (Bratko 2001), clingo (Gebser et al. 2018), or IDP-
Z3 (Carbonnelle et al. 2022). The existing literature on auto-
formalization can be roughly divided into two groups based
on their intention:

Formalize domain knowledge. The focus of the works
in the first group is to generate a formal model based on
a natural language description of a problem domain. These
descriptions are typically quite general, without having an
intended reasoning task in mind. Once a formal representa-
tion has been created, it can be fed by the user to a reasoning
engine to solve problems in that domain. Examples of this
group are (Goossens et al. 2023; Ishay, Yang, and Lee 2023;
Mensfelt, Stathis, and Trencsenyi 2024; Coppolillo et al.
2024). A major difficulty in generating these formal models
is ensuring that they are syntactically correct. Here, (Cop-
polillo et al. 2024) have shown that it is feasible to fine-tune
the LLM for a specific formalism (in their case ASP), which
greatly improved the results.

Improve LLM reasoning. The aim of the works in the
second group is to improve the logical reasoning of LLMs
by giving them the capability of “outsourcing” their reason-
ing to a dedicated reasoning engine. When faced with a
logical reasoning problem, they (a) convert it into a syn-
tactically correct model, (b) execute the reasoning engine,
and (c) convert the output back to natural language. Im-
portantly, the conversion step (a) also takes into account
the type of reasoning requested, which is a crucial differ-
ence with the first group. Indeed, some problem descrip-
tions might require inductive reasoning, while others rely
more on querying, optimization, or another reasoning type.
Some examples of this approach are described in (Olaus-
son et al. 2023; Pan et al. 2023; Yang, Ishay, and Lee 2023;
Callewaert, Vandevelde, and Vennekens 2025). When eval-
uated on reasoning benchmarks (e.g., (Tafjord, Dalvi, and
Clark 2021; Zhong et al. 2021)), these neurosymbolic rea-
soners markedly outperform LLMs with “chain-of-thought”
reasoning as a baseline.

While these prior works are already able to deliver
promising results, they all share a major problem: they are
unable to offer formal guarantees that their generated mod-
els are valid (i.e., that they actually correctly encoded the
intended meaning of the problem description). This means
that, when an LLM generates a seemingly correct solution,

it might actually have major flaws – especially considering
what we know about LLMs’ tendency to “hallucinate” in-
correct knowledge. It is easy to imagine how a hallucinating
LLM tasked with formalizing a piece of law text could have
dire consequences if the resulting model is employed in a
production environment unchecked.

Moreover, this issue is further exacerbated by domain
size. In the aforementioned works, the problem descrip-
tions in natural language were typically rather short, never
exceeding more than a few paragraphs in length. Still, the
systems in the second group were not able to exceed an accu-
racy of 90%. If an LLM cannot reliably generate valid mod-
els for small problem sizes, it will certainly struggle with
larger ones where it will potentially compound the errors.

To make matters worse, manually finding such errors to
fix the generated model is rather difficult. Interestingly, this
difficulty shares a root cause with the knowledge acquisi-
tion bottleneck: domain experts cannot interpret the formal
logics to ensure correctness, and knowledge engineers have
insufficient knowledge of the problem domain to judge it.
While one could devise a pipeline of test cases to automati-
cally validate model instead, this requires cases to be avail-
able and a test flow to be carefully designed.

For these reasons, though a fully automatic translation
from problem description to logical model is a “holy grail”
of LLM-based formalization, we feel that it is not yet possi-
ble with the current generation of LLMs. Instead, we argue
that, for realistic industry problems, reliable LLM-based for-
malization requires rigorous validation by keeping the do-
main expert in the loop.

4 Domain expert in the loop
As mentioned earlier, current state-of-the-art LLMs are not
capable of formally guaranteeing the correctness of a model
generated from natural language. Moreover, it is likely that
they will never be able to do so altogether. We believe the
most compelling viable alternative to be validation by do-
main experts, where humans check that a logical model ex-
hibits the correct behavior.

This is not an easy task however, as we cannot expect
domain experts to interpret the output of reasoning engines
directly. Instead, validation for LLM-based formalization
requires suitable tools and methodologies to support it. In
what follows in this section, we outline three possible ways
to involve the domain expert.

4.1 Visualisation and Interaction Tools
One promising method for validation by domain experts are
tools that visualise solutions and offer interaction with the
logical models. In this way, they can let domain experts “ex-
plore the formalized problem domain” and verify that the
model’s behavior meets their expectations. For instance, af-
ter an LLM has generated a formal model of a (set of) legal
texts, a lawyer could try out some inputs and verify if the
outputs correspond accordingly.

An example of such a tool is the Interactive Consul-
tant (IC) (Carbonnelle et al. 2023), which is an interactive
interface for knowledge bases in First Order Logic (FOL).



It is fully generic in the sense that it automatically gener-
ates a GUI in which each variable of the logical model is
represented by an input field. Users can assign values to
these variables, after which the system derives the conse-
quences. If a user is unsure why a consequence was derived,
the system can also generate an explanation by pointing to
the relevant user input and formulas in the knowledge base.

Figure 1 shows the system in action for a small example
knowledge base on driver’s permits. In essence, the knowl-
edge base (shown here2) states that a person may only drive
if they have their full permit or a learner’s permit, which is
only possible if they are over 18 or 16 years old respectively.
The image on the left shows how the IC generates a tile for
each symbol in the knowledge base, and allows a user to set
specific values. In the image on the right, the IC shows the
consequences of entering “age = 15”, i.e., driving is not al-
lowed. If a user asks why, it explains that driving requires
one of two permits, neither of which are possible. In this
way, the IC offers a very flexible interface for interacting
with the formalized knowledge, allowing domain experts to
validate it more efficiently.

Besides the IC, other existing tools that fit this idea are
clinguin (Beiser, Hahn, and Schaub 2025), clingraph (Hahn
et al. 2024), ASP Chef (Alviano and Rodriguez Reiners
2024) and the Clafer configurator (Bkak et al. 2014), though
these require some configuration and are not fully automatic.

4.2 End-user formalisms
In its current form, LLM-based formalization has focused
on going from a natural language description directly to the
input language of a state-of-the-art solver, such as ASP or
FOL. These formalisms are likely too technical for laypeo-
ple, who, as a result, cannot interpret them directly. Instead,
we propose to have LLMs generate into an “intermediary
format” that is more user-friendly, which we refer to as end-
user formalisms or end-user notations. In this way, the nota-
tion becomes more accessible for validation by domain ex-
perts.

For a formalism to be seen as an end-user formalism, it
requires two important properties. Firstly, it should be de-
signed with laypeople in mind, with the explicit focus of
being intuitive and interpretable by people without a logic
background. Secondly, it should still be a precise formal lan-
guage, which can be easily translated to the input language
of an off-the-shelf reasoning tool.

A well-known class of such formalisms are Controlled
Natural Languages (CNL), which restrict a natural lan-
guage to a precise, non-ambiguous subset. Examples of
such CNL are ACE (Fuchs, Kaljurand, and Kuhn 2008)
and PENG (White and Schwitter 2009), which translate
to first order logic, and CNL2ASP (Caruso et al. 2023),
which translates to ASP. Though a small learning curve is in-
evitable, we can expect that knowledge formalized in CNLs
will be easier to interpret (and thus, validate) by domain ex-
perts.

When targeting specific domains, we can also rely on
domain-specific notations, which have the benefit of align-

2Full ex.: https://interactive-consultant.idp-z3.be/permit.idp

ing closer to the natural intuition of a domain expert. For
instance, Logical English (Kowalski 2020) is a CNL which
has been specifically designed with the legal field in mind.
Therefore, a piece of law text in Logical English will likely
be more intuitive to legal professions than one in a more
general CNL like ACE.

Note that end-user formalisms are not limited to CNLs,
but that these simply lend themselves well to the text-based
nature of LLMs. Other types of end-user formalisms tend
to be more graphical, such as (c)DMN (Object Management
Group 2021; Vandevelde, Aerts, and Vennekens 2021) and
UML (Felfernig et al. 2002), which are likely harder to gen-
erate correctly.

4.3 Incremental Formalization
In current state-of-the-art LLM-based formalization, the
translation from natural language to formal model happens
in a single step. However, this is not possible for realistically
large problem descriptions, such as the case for multiple law
texts, due to three main reasons. Firstly, LLMs are limited
in the number of input tokens they can handle per query, by
way of a hard “context limit” that cannot be exceeded. Sec-
ondly, as explained earlier, LLMs struggle with formalizing
larger problems, causing errors to slip in. Lastly, as the re-
sulting model will be quite large, it will likely be challenging
to validate all at once.

Instead of a single-shot approach, we argue to use an in-
cremental formalization in which a formal model is built
in multiple steps. This effectively decomposes the formal-
ization in subproblems, where the result of each subprob-
lem can straightforwardly be validated by a domain expert
through the methods outlined earlier. For instance, a law
text could be subdivided by its articles, resulting in bite-
sized pieces of knowledge that can be more reliably con-
verted into a formal model by an LLM and validated by the
domain expert.

Additionally, incremental formalization also opens up
possibilities for interactive chat sessions as a source of
knowledge. This is useful in situations where knowledge is
not (completely) written down. For instance, a design engi-
neer relies on many heuristics and rules-of-thumb which are
not explicitly expressed anywhere. Through interactive chat
sessions, they could still try to describe these tacit pieces of
knowledge.

5 Challenges
We believe that joining all three ideas outlined in the pre-
vious section leads to a more robust and less error-prone
formalization methodology. Nevertheless, introducing a do-
main expert in the loop brings new challenges, which we
discuss here.

To begin with, involving people with non-IT backgrounds
will inevitably increase the variability in result quality. For
instance, we can expect that an engineer with a formal back-
ground in mathematics picks up the formalization process
quicker than an administrative assistant without higher edu-
cation. While both people will encounter a learning curve,
it will undoubtedly be less steep for those with an IT, maths,

https://interactive-consultant.idp-z3.be/permit.idp


Figure 1: Left: IC without user choices. Right: IC explaining why drive is not possible when age = 15.

or logics background. Therefore, it is important to select the
proper tools for each situation, to ensure that they align well
with the domain expert’s reasoning (e.g., Logical English for
the legal domain).

Another challenge is the syntactic and semantic correct-
ness of the LLM-generated models. Though state-of-the-art
research shows steady improvements on this front, errors are
always bound to slip in. This is particularly true when using
a “lesser known” language like the CNLs mentioned earlier,
which appear less frequently (if at all) in the LLM train-
ing corpora. Possible solutions involve few-shot prompting,
which showed promise in (Callewaert, Vandevelde, and Ven-
nekens 2025), and futher fine-tuning LLMs for the specific
language, as demonstrated by (Coppolillo et al. 2024).

Lastly, depending on the problem domain, incremental
formalization can be tricky to get right in complex domains.
In “traditional” knowledge acquisition, experienced knowl-
edge engineers typically develop an intuition on how to par-
tition a large problem into smaller ones. Without such a
knowledge engineer present, it will be up to the domain ex-
pert to do this correctly. As a possible solution, we could
prompt LLMs to act as knowledge engineers and ask the
right questions at the right moments. However, more re-
search is needed to better estimate the feasibility of such an
approach.

6 Conclusion
The recent advent of LLMs has opened up a number of in-
teresting paths for KRR research which could help reach a
broader applicability. Importantly, through LLM-based for-
malization, LLMs offer a promising approach to tackling the
knowledge acquisition bottleneck, which has been a long-
standing issue for knowledge-based applications. However,
state-of-the-art research has so far exclusively focused on
fully automatic formalization, without additional user input.
Though these systems achieve encouraging results, they are
limited to rather small problems which are not realistic for
real-life use cases.

In this position paper, we argue for an active involvement

of a domain expert in LLM-based formalization to validate
the resulting logical models. We have outlined three possi-
ble methods towards this goal: (1) visualisation and inter-
action tools, (2) end-user formalisms, and (3) incremental
formalization. Each of these methods focuses on putting do-
main experts in the driver’s seat when it comes to validation.
Combined, they form a methodology which could enable do-
main experts to model their own domain knowledge with the
help of LLMs.

Ethical Considerations LLMs are still surrounded by
many ethical considerations. They exist in a grey zone w.r.t.
foundational laws such as copyright, impose a high strain
on energy and water consumption, and struggle with bias
and transparency. These are important factors to take into
account when designing LLM-based tools or workflows.
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