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Abstract—This paper proposes a new framework, connecting
natural language and logic programming languages, through
which the automatic generation of executable Prolog code from
queries of the user expressed in natural language. Exploiting
Large Language Models (LLMs), the framework transforms the
input problems in natural language into Prolog syntax, runs the
implemented logic using a middleware layer connected to the
SWI-Prolog engine, and performs a reverse transformation into
natural language. Unlike general-purpose systems that integrate
LLMs with symbolic solvers for diverse reasoning tasks, this work
focuses on leveraging Prolog to enhance reasoning reliability and
ensure verifiable outputs.

Experimental comparisons in fact show that the framework
can outperform the base LLMs on select symbolic reasoning
tasks. These findings are obtained without the need for Prolog-
specific extension of the LLM, which demonstrates the utility of
the framework to enhance reasoning accuracy when the base
model fails to produce logical valid code. Although the base
LLM is performing best on average, the framework does show a
clear advantage in tasks demanding both accuracy and verifiable
answers.

For demonstration of its practical value, the framework has
been deployed within a chat interface, which illustrates how it
could make logic programming accessible to non-experts. Yet, the
modularity and adaptability of the framework go well beyond
this particular application and form a base from which to better
LLM performance via symbolic reasoning and to develop at the
same time avenues for using natural language understanding with
formal logics systems.

Index Terms—LLM, Prolog, Qwen, chatbot, AI, logic program-
ming

I. EXTENDED ABSTRACT

Logic programming[1], specifically Prolog [?], is perhaps the
most widely recognized symbolic language and an effective
paradigm for knowledge representation and problem solving
in situations that require symbolic computation, logical reason-
ing, and the modeling of complex dependencies. Nevertheless,
the technical syntax and declarative paradigm of Prolog is
very difficult to be widely used. This paper introduces a
framework that leverages Large Language Models (LLMs) to
bridge the gap between natural language and Prolog, enabling
users to harness the benefits of logic programming without
prior expertise in its syntax.

The framework converts natural language problem state-
ments into Prolog code via a pre-trained LLM (i.e., Qwen [2]
implementation). The workflow consists, first, in the creation

of Prolog code guided by a well-tailored prompt, then in the
cleaning of the provided code to extract the most useful logical
clauses and queries, and finally in the running of this cleaned
code with SWI-Prolog[3]. The resulting output is reverse-
translated into natural language for user interpretation, with
the original Prolog code made available for further study and
learning.

One of the main innovation of the framework is the iterative
error-handling scheme. If execution errors happen, the system
generates refined code by asking the LLM for rephrased
problem description on the basis of error message from Prolog
and the original description. This iterative process, which
may include adjustments to parameters like LLM temperature
to encourage diverse solutions, continues until successful
execution or a retry limit is reached. This iterative update
not only increases the stability of code generation, but also
demonstrates the ability of the framework to expand reasoning
through symbolic logic.

Although previous studies have addressed LLM applications
in logic programming, e.g., code completion, logical form
translation, and neuro-symbolic reasoning, this framework
combines those tasks into an end-to-end LLM system with a
deep focus on automated error-correction and refinement. As a
result of its modular architecture, the framework has a poten-
tial generalizability to situations that are not merely question
answering, and has potential for more general applications,
where symbolic thinking and strict logical precision may be
desired.

As evidence of its practical value, the framework has been
realized as part of a chatbot interface, demonstrating how
Prolog-based reasoning can be made available to users in the
world, i.e. this application illustrates the broader promise for
enhancing LLM reliability and verifiability of the framework
by combining natural language understanding with formal
logic. By lowering the entry barrier to logic programming and
expanding its applications, this work contributes to advancing
the integration of symbolic reasoning into modern AI systems.
The combination of Large Language Models (LLMs) and logic
programming has increasingly been a lively field of research,
including numerous studies that address different challenges
in this integration, such as code generation or symbolic
reasoning. One such contribution is made by Shin et al. [4],



who explored the translation of natural language into formal
logic. Their contribution dictates the translation component
of this framework, in which natural languages syntaxes map
onto formal logical syntaxes. Nevertheless, the paper method
further generalizes this idea by fusing the translation in a
more concrete way into Prolog code generation and execution.
This allows this framework to not only to natural language to
logic, but also to execute and validate generated Prolog code,
thereby providing us with a more complete solution for logical
reasoning.

In program synthesis, effort, e.g., LogiGLUE[5], is focused
on automating logical reasoning, and although this approach
also targets the automation of logical reasoning, it is different
from other work in that it implicitly embeds an error-driven
refinement scheme. The generator repeatedly optimizes the
created code with respect to the occurrence of execution errors
and, in conjunction with feedback from the Prolog engine,
ensures an updated output. By iteratively refining the reasoning
accuracy, in particular very importantly for LLMs where the
impact of a single error in reasoning can be massively impor-
tant in the output, this process is demonstrated to improve the
reasoning accuracy.

Neuro-symbolic systems, as in NS-CL [6], can offer in-
triguing perspectives, integrating neural and symbolic AI for
the solution of such difficult tasks. In contrast, as NS-CL is
concerned with general concept learning in different domains,
this work is more specific. Automated generation of Prolog
code, however, specifically targeted toward logic programming
tasks was the goal. The framework allows best of all worlds,
not to say that it is a solution automation workflow, but writing
code, executing code, error correction of code.

Moreover, studies such as that of Yang et al [?] explored
the task of generating Prolog code from formula, offering a
more domain-specific implementation of LLMs in logic pro-
gramming. This framework, however, is designed for broader
applicability. This paper deals with a major class of logic
programming problems, and introduces a natural language
interface that can be used by any persons who have no
knowledge on these topics. Together with the iterative error
refinement procedure this interface guarantees that the gen-
erated code, not only functionally correct but also logically
correct.

A recent contribution by Pan et al. (2023) [7] further
explores LLM integration with logic programming. Their re-
search offers an analogous iterative error-refinement loop, such
that the logically generated output can be refined iteratively,
or cyclically. In this framework, we also take into account the
dynamic updates of the temperature parameter, which in this
work has a key role to play in the variety and quality of the
generated solutions. As the temperature is gradually increased,
the proposed framework pushes the LLM to search around a
wider search space for solutions, which finally results in a
more robust and generalizable reasoning process.

This paper presents an end-to-end general solution that
integrates LLMs and Prolog on one hand, on the other to
code generation and code execution. Compared with other

approaches which are usually used to narrow down logic
programming, or are not sufficiently mature to carry out robust
error handling, the system treats such aspects as a core issue
and allows automatic error correction, dynamic temperature
adaptation, and ordered code refinement. Not only does this
approach ensure the correctness of the output, but it also gives
the system the ability to solve a more general class of logical
problems more easily, i.e., the logical reasoning based on LLM
is further accessible and believable to a broader audience.

Evaluations conducted on the Qwen2.5-Coder-32B-Instruct
and Qwen2.5-72B-Instruct models demonstrate the effective-
ness of the proposed framework on the complex logical rea-
soning task with high accuracy. While the chatbot application
is used as a practical demonstration of the capabilities of
the framework, its usability extends beyond this application,
showing the wider applicability of the system to a variety of
logic programming scenarios.

Future work will consider extending the framework to
address a larger class of problem domains and, also, to cover
more sophisticated Prolog extensions. Furthermore, more ex-
plorations will be performed on the integration of multiple
LLMs and other approaches to provide code generation with
better quality and stability. This framework is a highly relevant
advance in bringing logic programming to a general audience,
as well as exploiting the capabilities of LLMs in performing
complex reasoning tasks, which opens new perspectives in
both research and application domains.
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