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Abstract

Languages for Knowledge Representation and Reasoning, such as ASP, CP, and SMT, excel at solving complex
combinatorial problems. However, their use typically requires expertise in formal logic and programming,
which poses a barrier for domain experts and non-specialists. Controlled Natural Languages (CNLs) offer a
promising solution by providing a restricted subset of natural language that is both human-readable and machine-
interpretable. This paper presents a tool set designed to convert CNLs into formal knowledge representation
languages, enabling broader accessibility and usability of these powerful reasoning systems. In particular, we
introduce two tools that translate CNL into ASP and TELINGO input language, and a third tool that facilitates the
definition of CNLs and their mappings into corresponding target formalisms. Together, these tools support the
use of formal knowledge representation paradigms through structured natural language, lowering the barrier for
non-experts.
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1. Introduction

Answer Set Programming (ASP) [1], Constraint Programming (CP) [2], and Satisfiability Modulo
Theories (SMT) [3] are three powerful and widely used approaches for solving complex combinatorial
problems. Each offers a distinct approach to modeling and solving problems. ASP is a declarative
programming rooted in logic programming and non-monotonic reasoning. ASP solvers (see, e.g., [4, 5, 6])
generate solutions, called answer sets, that satisfy a given logic program. It is particularly well-
suited for problems requiring reasoning with incomplete or evolving information, such as knowledge
representation, reasoning, and Al applications [7], recently particularly in the Healthcare sector [8,
9, 10, 11, 12, 13, 14, 15], possibly in combination with machine learning and LLM techniques (see,
e.g., [16, 17, 18]). ASP also presents several extensions introduced in the past years, such as TELINGO,
which supports temporal operators, cLINGO[DL] that provides a seamless way to integrate linear
constraints, or casp that integrates Answer Set Programming with constraint processing. CP focuses
on defining problems in terms of variables, the domains they can take, and the constraints that must be
satisfied. The goal is to find assignments to variables that satisfy all the specified constraints, making
CP particularly effective for problems with intricate combinatorial structures, such as scheduling,
planning, and resource allocation [19, 20]. SMT extends Boolean satisfiability (SAT) by incorporating
more expressive theories like arithmetic, bit-vectors, and arrays [21]. SMT solvers (see, e.g., [22, 21?
]) determine whether logical formulas are satisfiable within these theories, making them particularly
effective in fields like formal verification, model checking, and software synthesis, where mathematical
precision is crucial. Despite their unique approaches, CP, SMT, and ASP share a common purpose:
solving complex combinatorial problems and they can be seen as complementary formalisms within
the same broader framework of declarative problem-solving, where each formalism excels in different
problem domains, yet they can be integrated or used in tandem to leverage their respective strengths.
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Although they are able to solve complex combinatorial problems and their wide usage in several
domains, their usage is still problematic for people without a mathematical or logical background. Thus,
to make these technologies more accessible, Controlled Natural Languages (CNLs) have emerged as
a promising solution. CNLs are simplified versions of natural language with restricted grammar and
vocabulary, designed to reduce ambiguity and complexity. They offer a bridge between formal systems
and human-readable specifications, allowing domain experts to describe complex problems in a more
intuitive and accessible manner without requiring deep expertise in the underlying formalism.

However, the task of defining a CNL and its mapping into a target formalism, from a technical
perspective, is a time-consuming and challenging process. Indeed, creating a custom CNL involves
designing a grammar, creating and processing a corresponding Abstract Syntax Tree (AST), and finally,
generating code that translates the natural language input into the specific formalism. The first step
requires defining a set of syntactic rules capable of capturing the nuances of the language while
maintaining precision and clarity. The grammar must be comprehensive enough to cover the wide
variety of constructs that users may wish to express, yet restricted enough to avoid ambiguity. Once the
CNL input is parsed according to the grammar, it must be converted into an AST. This stage is complex
because it involves resolving ambiguities, managing scope, and ensuring compliance with all semantic
rules of the CNL. The final step involves translating the AST into code that conforms to the specific
formalism, whether it be ASP, CP, or SMT. This translation process is intricate, as it must carefully map
the high-level CNL constructs to their corresponding representations in the target language. To address
these challenges, we developed a tool set designed to bridge the gap between formal methods and
human-readable specifications. As a starting point, we introduced a new CNL along with a tool called
CNL2ASP, which translates CNL input into Answer Set Programming. We then extended CNL2ASP
to support the TELINGO input language, thereby enabling the use of temporal operators. Finally, we
created CNLWizard, a novel framework aimed at simplifying the development of CNLs for various
knowledge representation formalisms.

2. Background

Several CNLs have been proposed and used in several domains. For instance, [23] introduced a CNL
which can be translated into various formalisms: linear time logic (LTL), computational tree logic,
graphical interval logic, metric temporal logic, timed computational tree logic, and real-time graphical
interval logic. This CNL has been applied in different practical applications and domains. [24] tested its
applicability in the automotive domain, while [25] employed it to verify industrial system requirements
via SMT-based translations. Similarly, [26] and [27] converted CNL constraints into LTL formulae, while
[28] used a CNL to specify embedded systems specifications for the automotive industry in natural
language, subsequently translating them into Boolean expressions and checking their consistency using
Z3.

In the field of logic programming, one of the first approaches was proposed by [29] and [30], resulting
in Attempto CNL [31], a CNL designed to translate natural language sentences into Prolog clauses.
[32] presented a computer-processable language designed to be more accessible for computers than
for human users. [33] proposed BIOQUERYCNL, a CNL for expressing biomedical queries, along with
an algorithm designed to automatically convert this biomedical query expressed in this language into
an ASP program. BIOQUERYCNL is a subset of Attempto CNL that can represent queries, and it was
also used as a basis to generate explanations of complex queries [34]. [35] proposed a CNL specific
for solving logic puzzles, whose idea is to have two sets of sentences, namely Puzzle Domain data
and Puzzle clues, which are then converted into ASP rules. More recently, [36] defined the language
PENG*S?, which is similar to our CNL2ASP tool. However, PENGA is specifically designed to express
combinatorial problems in a way that feels natural yet remains unambiguous and reliably translatable
into ASP. To achieve this, it uses words that stand out during reading and whose meanings can be
easily inferred from context. This design choice enhances the predictability in the translation but
comes at the cost of the naturalness of the language. Although CNLs are widely used, they are rarely



made publicly available. This limits their practical use and makes it challenging to conduct meaningful
comparisons. Motivated by this, we have made our tools open source and publicly available to support
broader adoption and facilitate reproducible research.

CNLWizard is a grammar-based system with a scope similar to the traditional compiler-compiler
frameworks such as the Cornell Program Synthesizer [37]. However, while these frameworks generate
parsers and compilers for formal programming languages through syntax-directed grammars and
semantic rules, CNLWizard focuses on translating CNLs into KR formalisms. Moreover, unlike the
interactive, template-based editing of the Synthesizer that guides users in building correct programs,
CNLWizard generates a grammar using commands provided in a YAML-based format and processes
a complete CNL specification. Though both are grammar-driven, CNLWizard serves domain experts
modeling knowledge, not programmers building executable systems.

Another line of related work concerns LLMs, even if they differ fundamentally from CNLs. Indeed,
while LLMs show generally good performance, they remain unreliable for (consistently) generating
correct logic programs due to their probabilistic nature. As a result, they lack the precision and reliability
required in knowledge representation tasks. This is crucial for logic programming languages, which are
highly sensitive to both syntax and semantics, where even small mistakes, common in LLM-generated
output, can result in programs that are either unusable or, worse, incorrect. In contrast, CNLs ensure
precision through grammar-based determinism, making them more suitable for such tasks. For instance,
[38] suggested that LLMs such as GPT-3 can function as few-shot semantic parsers, transforming
natural language into logical forms for ASP. However, as noted by the authors, some results remain
unpredictable, and the LLM does not always behave as intended. Other works focus on specific tasks,
as [39], which translates NL sentences into ASP facts, or [40], which supports some simple patterns.
Thus, despite their promise, LLMs are not yet capable of reliably producing arbitrary KR programs.
While CNLs continue to offer a more consistent alternative, another promising direction is the approach
proposed by [18], where natural language sentences are translated into ASP using our CNL2ASP system.

3. Goal of the Research

This research explores the integration of CNLs with formal reasoning paradigms such as ASP and its
extensions, CP, and SMT. These paradigms are well-established for their expressiveness and effectiveness
in solving complex combinatorial and logical problems. However, their usage outside expert communities
remains limited, primarily due to the steep learning curve associated with formal syntax and semantics.
On the other hand, CNLs offer a bridge between human-readable specifications and formal methods.
They enable domain experts to formalize complex problems in an intuitive and accessible manner,
without requiring in-depth knowledge of the underlying computational formalisms. The integration of
CNLs with formal reasoning systems offers several benefits, as highlighted in earlier work by Clark et
al. [32] and more recently by Caruso et al. [41]. These include:

« enhanced accessibility, as CNLs lower the entry barrier for non-experts, allowing them to par-
ticipate in problem formulation, as they can express constraints, rules, and requirements in a
language close to the natural one;

« reduced errors by minimizing ambiguity, since CNLs help to prevent misinterpretations and
errors in problem specifications, leading to more accurate solutions;

« improved collaboration, as CNLs facilitate the communication between interdisciplinary teams,
including domain experts and developers;

« fast prototyping, as experts can intuitively formulate problem encodings in natural language,
which can then be further optimized;

« improved performance of natural language processing tools, as recently shown by [18].

Thus, the goal of this research is to develop a tool set able to integrate knowledge representation
formalisms with CNLs in order to make these systems more accessible and usable to a wider audience,
including those without expertise in logic or formal methods.
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Figure 1: Time comparison of the performance of the original and the CNL encodings.

4. Current Status

Following the goal directions mentioned above, we have developed three tools: CNL2ASP, CNL2TEL,
and CNLWizard. CNL2ASP was developed to convert controlled natural language sentences into ASP.
To this scope, we first defined a specification language intending to be general enough to represent
problems from several (possibly all) domains in a natural way. Then, we developed a tool called
CNL2ASP to convert such language into ASP as a first target formalism.

The tool takes as input a file containing a list of statements written in CNL and produces as output
the translated ASP program. A specification written in this CNL is made of propositions, the structure of
which is defined by clauses, linked by connectives, that are used to express concepts, to query them for
information, or to express conditions on them. The combination of clauses that produces a proposition
defines its type, which is used to understand what the proposition is supposed to mean and how that
meaning can be translated into ASP rules and facts. More in detail, CNL2ASP is made of four main
components, namely the Parser, the Compiler, the Intermediate Data Structure, and the ASP Rewriter.
Each CNL proposition in the input file is processed by the Parser, whose role is to tokenize the CNL
statements and construct a parsing tree, then the Compiler visits this tree bottom-up and initializes an
Intermediate Data Structure. This is an abstract representation of the problem concepts and rules. This
structure decouples the CNL from the target formalism, making it easy to extend the CNL itself and to
support multiple target languages. Finally, the ASP Rewriter processes the Intermediate Data Structure
and returns the corresponding ASP encoding.

To demonstrate the effectiveness of the specification language of CNL2ASP, we specified well-
known combinatorial problems and performed an empirical analysis comparing the performance of the
encodings automatically generated by CNL2ASP and the encoding written by human experts. While
for simplicity we do not report the CNL specification of the problems, which is available in the tool
repository’, here, we report the results obtained by two well-known scheduling problems: the Nurse
Scheduling Problem (NSP) [42] and the Chemotherapy Treatment Scheduling (CTS) Problem [43]. The
NSP is the problem of assigning nurses to shifts (morning, afternoon, night, or rest) in a given period of
time such that the assignment satisfies a set of requirements. The CTS problem, instead, consists of
assigning a starting time to the chemotherapy treatments of the patients and to the phases necessary
before each treatment.

Overall, as expected, the original human-written encodings perform in general better than those
automatically generated by CNL2ASP as shown in Figure 1; concerning the NSP, it is approximately
between 1.5 to 2 times slower than the original one, while the CTS on average requires 32 seconds to
compute a solution, with a peak of 2 minutes on the hardest instance against an average of 8 seconds
for the human-written encodings. While this overhead might be acceptable in some cases, it is not
comparable to the optimized encodings that experts could manually produce. However, optimization is

'https://github.com/dodaro/cnl2asp/tree/main/examples



CTS GC MAO NSP All
CNLWizard 266 130 287 415 514
CNL2ASP 2620 2162 2422 2566 2936

Table 1
Comparison of the lines of code needed to define CNLs using CNLWizard and CNL2ASP.

not the current focus of our tool. That said, existing tools such as NGO 2 which aim to automatically
optimize ASP encodings, could improve the performance of the encodings automatically generated by
CNL2ASP.

Subsequently, we extended CNL2ASP to support temporal operators, resulting in CNL2TEL. Thus,
the specification language of CNL2ASP and the tool were extended to support temporal specifications
and convert such language into the TELINGO input language, respectively. Then, a similar to CNL2ASP
experimental analysis was conducted for CNL2TEL, demonstrating that the automatically generated
temporal encodings do not introduce significant performance overhead. CNL2ASP and its extension
with temporal operators are open source and publicly available °.

CNLWizard, instead, was developed to facilitate the development of such CNLs and their conversion
into a target logic formalism. This framework enables the user to specify a grammar for multiple
target languages abstractly, automatically suggests a possible default implementation for some elements
involved in the pipeline, and provides auxiliary data structures that make the construction of the CNL
language more flexible and guided. CNLWizard is a two-phase system, in which in the first phase
processes an input described in a simple YAML-based language and automatically generates the grammar
for the CNL, along with a set of pre-implemented imperative functions that minimize boilerplate code.
This allows developers to focus primarily on writing the specific code required to convert sentences into
the target formalism, streamlining the process and making custom CNL development more accessible
and efficient. Then, in the second phase, it expects as input the generated grammar and the implemented
imperative functions, together with the CNL input text, and produces the corresponding KR program.
As for CNL2ASP and CNL2TEL, CNLWizard is open source and publicly available *.

For the evaluation of the performance, as CNLWizard is a tool to define novel CNLs, we evaluated how
it can help developers to reduce their development time. This is often measured in Software Engineering
as the number of lines of code needed to solve a problem (see, e.g. [44] for a discussion about pros and
cons). In our case, the problem is the generation of a grammar for a CNL and its translation to a KR
formalism. Specifically, we compared the lines of code (both grammar and Python code) required to
implement the translations from a CNL into ASP using CNLWizard with the ones required by CNL2ASP.
Concerning the problem specifications, we used the domains we previously defined for CNL2ASP,
namely Chemotherapy Treatment Scheduling (CTS), Graph Coloring (GC), Manipulation of Articulated
Objects (MAO), and Nurse Scheduling (NSP). However, being CNL2ASP a versatile tool with many
constructs and functions, e.g., it supports temporal operators, and with a total of about 6 thousand
lines of code, for a fair evaluation of the lines of code, for CNL2ASP, we only considered the lines
needed for parsing and translating the specific problem. The results are presented in Table 1, where
the column labeled “All" indicates the total lines of code required to support the CNL sentences across
all the considered domains. The main advantages of CNLWizard are the compact way of describing
the grammar of the CNLs, a quick and easy way to import parts of the grammar, and import/generate
Python functions, and internal management of features such as the concatenation of grammar rules. As
a result, CNLWizard consistently generated a corresponding CNL with significantly fewer lines of code,
up to 10 times fewer than CNL2ASP.

*https://github.com/potassco/ngo
*https://github.com/dodaro/cnl2asp
*https://github.com/dodaro/CNLWizard
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5. Preliminary Results and Open Issues

CNL2ASP has been published in the Theory and Practice of Logic Programming journal, while CNL2TEL
has been presented in the 5th International Workshop on the Resurgence of Datalog in Academia and
Industry (Datalog 2.0) and its extended version is currently submitted to Theory and Practice of Logic
Programming journal. In addition, CNL2ASP is currently being used as a middle layer between LLMs and
ASP in the work of Borroto et al. [18]. They introduced a tool, NL2ASP, for generating ASP programs
from natural language specifications. The tool accepts in input specifications written in natural language
and translates them into CNL statements recognizable by CNL2ASP, which subsequently converts those
into ASP code. Their experimental analysis showed that this is an effective solution and most often
provides correct ASP code.

CNLWizard, instead, has been accepted to the 34th International Joint Conference on Artificial Intelli-
gence. For future work, we plan to support a conversion from ASP into CNL to enhance the readability
of models already encoded in ASP. Another planned direction is the support for additional languages,
both on the CNL and the target formalism sides. For instance, the Semantics of Business Vocabulary
and Business Rules (SBVR) can be a possible CNL target. SBVR, standardized by the Object Manage-
ment Group, enables the structured and human-readable specification of business rules. However, due
to the inherent complexity of business rule formalization, often involving intricate constraints and
policies, rule conflicts (i.e., logical inconsistencies within a rule set) frequently arise. These conflicts can
undermine system reliability, introduce ambiguity, and hinder automation. Translating SBVR into a
KR language could enable automated conflict detection, a key step in the validation and verification of
business rules.

We are also exploring support for translation into cLiNGo[DL], which extends cLiNGo with difference
and linear constraints. Concerning CNLWizard, it could be extended to naively support additional
languages, currently limited to ASP, CP, and SMT, and enable users to share their custom CNLs with
the broader community. Moreover, it would be interesting to extend the implementation of CNLWizard
to avoid misspelled CNL text, e.g., by adding an optional syntax check that users can enable.

Finally, a valuable application could be providing high-level explainability. This capability is crucial
for the success of any system that needs to justify its decisions. Being able to explain why one solution
is preferred over another, or why a certain element is included or excluded, is essential. By taking
advantage of the readability offered by a CNL, we can present these explanations in a way that is easier
to understand, while, currently, solver outputs are often difficult to interpret, especially for users who
lack experience with Al and formal logic. Improving this aspect could significantly enhance the usability
and accessibility of logic programs.

Declaration on Generative Al

During the preparation of this work, the authors used ChatGPT in order to: Grammar and spelling check.
After using this tool, the authors reviewed and edited the content as needed and take full responsibility
for the publication’s content.
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