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Abstract
Despite their remarkable achievements in tasks such as language generation or sentiment analysis, traditional

LLMs face significant challenges when tasked with complex reasoning and problem-solving. Answer Set Pro-

gramming (ASP) and Large Language Models (LLMs) offer complementary strengths in symbolic reasoning and

natural language understanding. Our research interest lay in combining both paradigms, applied to waste water

monitoring, to improve the structured representation of complex knowledge encoded in natural language and

enable more interactive and adaptive problem-solving workflows. This paper presents the integration between

these approaches. LLMASP, a neurosymbolic tool, where the interaction between ASP and LLMs is driven by

a YAML file specifying prompt templates and domain-specific background knowledge, combining syntactic

structures extracted by LLMs and semantic aspects encoded in the knowledge base. Moreover, within the platform

ASP Chef, a web-based environment which provides an intuitive "recipe" framework for operations on answer

sets, we present ASP Chef own specific LLM integration and the tool utility to interactive data analysis and

visualization.
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1. Introduction

Large Language Models (LLMs) and Answer Set Programming (ASP) represent two distinct but com-

plementary paradigms in Artificial Intelligence (AI). LLMs, such as GPT [1], PaLM [2], and LLaMa [3],

have transformed natural language processing (NLP) by achieving unprecedented levels of fluency

and understanding of text. In contrast, ASP [4, 5], a declarative programming paradigm rooted in

logic programming under answer set semantics [6], excels in knowledge representation and logical

inference, making it fundamental for AI systems that require robust logical capabilities. Individually,

LLMs and ASP offer unique advantages within their respective domains. LLMs excel at various NLP

tasks [7, 8], such as language generation, summarization, and sentiment analysis, utilizing deep learning

and extensive pre-trained language models. In contrast, ASP equips AI systems with robust reasoning

capabilities, enabling them to process complex knowledge bases, draw logical conclusions, and tackle

intricate combinatorial problems. This makes ASP particularly effective in decision-making scenarios,

including planning and scheduling [9, 10], as well as diagnosis and configuration [11, 12] tasks in which

LLMs do not perform well. Recognizing the complementary strengths and inherent limitations of LLMs,

notably their advanced linguistic capabilities but limited formal reasoning, and ASP’s logical capabilities,

this paper proposes an approach that leverages the synergies between these two paradigms, inspired

by recent works in the literature [13, 14]. Our objective is to develop neurosymbolic systems that

seamlessly integrates natural language understanding with logical inference, allowing AI applications

to adeptly handle the complex interplay between textual data and logical structures.

The LLMASP framework [15] integrates LLMs and ASP to extract structured relational knowledge

from natural language and reason over it declaratively. LLMASP is designed as a multi-stage pipeline
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driven by two YAML configuration files: the behavior file, which specifies general prompting strategies

and output formats, and the application file, which describes the domain-specific predicates to be

extracted. Given a user query, the system generates multiple LLM prompts, each tailored to extract a

specific predicate, parses the LLM responses as ASP facts, and evaluates them using an ASP solver.

ASP Chef [16], a web-based platform for designing and executing ASP-based pipelines, improves the

user experience of ASP and simplifies its use in various computational tasks. ASP Chef has its own

integration with LLMs [17] proving particularly usability in three areas. In an educational context, it

enables users to quickly generate example data by leveraging the broad knowledge base of LLMs, to

facilitate the understanding of ASP concepts and applications. For fast prototyping experience, provides

suggestions on ASP syntax, debugging hints and clarification regarding the platform documentation.

Finally, in practical problem-solving, LLMs can be used to extract structured data from unstructured

sources, which is then processed through ASP Chef recipes for logical reasoning; the results of the

reasoning process can subsequently be mapped back into natural language (using LLMs) to improve

their interpretability. This last area aligns with the design of LLMASP where the natural language and

reasoning abilities of the LLMs and ASP are leveraged, respectively. We also illustrate the application of

ASP Chef within the context of the Tech4You project (Technologies for climate change adaptation and

quality of life improvement; https://iia.cnr.it/project/tech4you/), where one of the goals is to develop

intelligent tools for analyzing environmental data, particularly focusing on water quality monitoring.

2. Background

LLMs are AI systems designed to process and generate human-like text. These models are based on

deep learning architectures, such as Transformers, and are trained on vast amounts of text data to learn

complex patterns and structures of language. In our neurosymbolic approach, LLMs are used as black

box operators on text (functions that take text in input and produce text in output). The text in input is

called prompt, and the text in output is called generated text or response. The prompt is a sequence of

messages from three roles, namely system, user and assistant. System messages set behavior, tone, and

context for the assistant. User messages represent queries to or instructions for the assistant. Assistant

messages are responses to user queries.

An ASP program is a finite set of rules. Each rule typically has a head, representing a conclusion

(which may be atomic or a choice), and a body, representing a set of conditions that must hold (a

conjunction of literals, aggregates and inequalities). Formally, an ASP program Π induces a collection

(zero or more) of answer sets (also known as stable models), which are interpretations that satisfy all the

rules in Π while also fulfilling the stability condition (i.e., the models must be supported and minimal

in a specific formal sense [6]). Quantitative preferences can be expressed in terms of weak constraints.

The intended output of a program can be specified using #show directives of the form

#show 𝑝(𝑡) : conjunctive_query.

Here, 𝑝 denotes an optional predicate symbol, 𝑡 is a (possibly empty) sequence of terms, and

conjunctive_query is a conjunction of literals serving as a condition for displaying instances of 𝑝(𝑡).
Answer sets are then projected accordingly. For a detailed specification of syntax and semantics,

including #show and other directives, we refer to the ASP-Core-2 standard format [18].

ASP Chef [16, 19, 20, 21] is a web-based platform where ASP users can create and execute complex

workflows, known as recipes, which are executed directly within the browser and can include data

manipulation and visualization operations. An operation 𝑂 is a function receiving in input a sequence

of interpretations and producing in output a sequence of interpretations. Operations may produce

side outputs (e.g., a graph visualization) and accept parameters to influence their behavior. An in-
gredient is an instantiation of a parameterized operation with side output. A recipe is a tuple of the

form (encode, Ingredients, decode), where Ingredients is a (finite) sequence 𝑂1⟨𝑃1⟩, . . . , 𝑂𝑛⟨𝑃𝑛⟩ of

ingredients, and encode and decode are Boolean values. If encode is true, the input of the recipe is

mapped to [[__base64__("𝑠")]], where 𝑠 = Base64 (𝑠in) (i.e., the Base64–encoding of the input string

𝑠in ). After that, the ingredients are applied one after another. Finally, if decode is true, every occurrence
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of __base64__(s) is replaced with (the ASCII string associated with) Base64−1(𝑠).
Works as [22] use the LLMs to transform a context and a question into atomic facts, which are

processed by an ASP solver equipped with background knowledge encoded as ASP rules to derive an

answer, focusing on question answering. Their approach uses few-shot examples rather than training

datasets. Another argument supporting the use of LLMs for data extraction only rather than for

reasoning is given by [23], suggesting that LLMs are suitable for System-1 thinking: LLMs are designed

to predict the next word in a sequence without deep comprehension of crucial reasoning concepts like

causality, logic, and probability. Another work aiming at generating ASP programs is presented by

[24], the main element in their work is a prompt engineering strategy to transform natural language

descriptions into ASP incrementally. The proposed pipeline initially identifies the relevant objects and

their categories. Subsequently, it forms a predicate that delineates the relationships between objects

from various categories. Using these derived data, the pipeline proceeds to build an ASP program

following the Generate-Define-Test paradigm. Merging LLMs with logical reasoning into neurosymbolic

frameworks is an active research field. In our work, we employ LLMs in information extraction tasks,

and in particular, we focus on the extraction of relational facts from text with the aim of addressing

subsequent reasoning tasks with formal logic systems. That is the approach followed by LLMASP and

ASP Chef, contributing to ease the interface of LLMs and ASP.

3. Goal of the research

The primary goal of this research is to develop and validate practical neurosymbolic frameworks that

synergistically leverages the strengths of Answer Set Programming (ASP) for robust logical reasoning

and Large Language Models (LLMs) for advanced natural language understanding and generation;

to make declarative programming paradigms more accessible, intuitive, and powerful for addressing

complex real-world problems. We address this objective by:

• Developing methods, exemplified by the LLMASP system, to accurately extract structured facts

from natural language to support robust ASP reasoning and enable coherent translation of ASP

outputs back into human-readable form.

• Enhancing ASP Chef into a more flexible web tool that uses a "recipe" approach to simplify

practical ASP use and support interactive workflows with LLM integration, advancing accessible

neurosymbolic AI for researchers and practitioners.

• Making declarative programming more accessible by enabling natural language interaction,

intuitive visualizations, and transparent reasoning, empowering users to better understand,

control, and trust AI systems.

4. Current Status

The architecture of LLMASP is shown in Figure 1 [25, 26, 15]. LLMASP takes in input two YAML files,

namely the behavior file 𝐵 and the application file 𝐴, together with a database file 𝐷 (comprising facts)

and a request text 𝑇 (expressed by the user in natural language). A set 𝐹 of facts is populated and a

database is given in output. This section defines 𝐵 and 𝐴, as well as the the LLMASP pipeline.

The behavior file specifies global behavior settings for LLMASP, such as tone, style and general

instructions for the LLM, while the application file contains domain-specific guidelines, as a description

of the context and mappings between facts and their corresponding natural language translation.

The pipeline implemented by LLMASP to map natural language into ASP facts follows a structured

four-step process, namely P1–P4. First, the system initializes the language model using a predefined

prompt from the behavior file (P1). Next, if a general context prompt is specified in the application file,

it is inserted into a template from the behavior file to extend the model’s input (P2). Then, for each

specific instruction defined in the application file, the LLM is queried using a customized prompt that

includes the target input, the atom being defined, and its corresponding instruction; only the resulting



User Input
I want three apples. Also add milk.

LLM
Query extraction as facts

request("apple"). request("milk").
quantity("apple", 3).

Behavior File

Database File

Application FileLLM Setup

ASP SOLVER
Problem Encoding

quantity(Product, 1) :- request(Product),
#count {Q: quantity(Product, Q), Q!=1} == 0.

Solution
request("apple"). request("milk").

quantity("apple", 3). quantity("milk",1).

Figure 1: Graphical representation of the LLMASP pipeline. The pipeline begins with a user query formulated
in natural language. The system also receives two YAML files: one specifying the system’s behavior and another
detailing the context of the specific application under development. The behavior YAML file provides initial
prompts for the LLM, which are enriched with contextual details derived from the application YAML file and the
user’s query. These enriched prompts guide the LLM in extracting relevant information from the user input,
transforming it into structured factual representations. These facts are subsequently integrated into an ASP
framework, where they are combined with the existing knowledge base and database, and processed by the
solver to compute an answer set.

ASP facts are extracted and stored (P3). Finally, these collected facts, along with predefined background

knowledge, are used to compute an answer set (P4).

In ASP Chef we introduce operations to register API keys of LLM servers, to configure endpoints

and models to use, and to perform remote chat completion requests. Such requests use messages

stored in ASP facts and can incorporate mustache queries [27] to dynamically include data from other

facts. This approach enables prompts for LLMs to be generated from templates, where placeholders

are automatically replaced with the results of mustache queries. As a result, ASP and LLMs can be

seamlessly combined for dynamic and context-aware interactions. The response generated by the LLM

is stored as an ASP fact, allowing seamless integration with other ASP Chef operations. For example, if

the LLM outputs a response in comma-separated values (CSV) format, the Parse CSV operation can

transform each value into a structured fact. Subsequently, the Search Models operation can process

these facts to derive a meaningful relational representation. Alternatively, the usual Markdown format

used by LLMs can be processed by the Markdown operation of ASP Chef to visualize the generated

response as a side output of the recipe.

Config. The @LLMs/Config operation extends each input interpretation with facts rep-

resenting parameters like server, model and temperature. These facts have the form

__llms_config__(key,"value"), where __llms_config__ can be set in the ingredient.

Chat Completion. For each input interpretation 𝐼 , the @LLMs/Chat Completion takes the configu-

ration from instances of __llms_config__ (or the predicate specified in the ingredient), and messages



from atoms of the form __message__(role("content")), where role is system, user or assistant,

and content is a string with mustache queries, defined in [27]. The response given by the LLM is

Base64-encoded in the predicate __base64__ (or the predicate specified in the ingredient), and can be

further processed by the subsequent ingredients in the recipe.

Register/Unregister API Keys. Servers usually expect an API key to be provided with each

request. In ASP Chef, such API keys are retrieved from the session storage, where they are saved via

a @LLMs/Register API Key ingredient. API keys enabled in the current session can be disabled via a

@LLMs/Unregister API Keys, which also lists the permanently stored API keys and gives the possibility

to remove them selectively or in block.

Interactive representations of ASP interpretations are now possible thanks to recent integrations

of data visualization tools into ASP Chef [27] with mustache templates. The mustache syntax is

essential because it offers a logic-less templating system that converts raw ASP outputs into formats

that javascript libraries like Tabulator, Chart.js, and vis.js may use directly. The efforts described in

[19] are enhanced by new operations like Tabulator, Chart.js, and @vis.js/Network, which make fully

browser-based interactive visualizations possible.

5. Preliminary results and Open Issues

Our LLMASP implementation is powered by Ollama, OpenAI API and clingo [28]. We focus on two

models, Llama 3.1 with 8 and 70 billions parameters. In order to assess LLMASP empirically, we defined

a dataset using domains from ASP Competitions [29]. Specifically, we use the description of the domain

and format of the facts available online, and systematically generate text representations (of portions)

of the instances. We therefore aim at extracting the facts from the generated text, and adopt F1-score as

a measure of quality. The dataset consists of 32 test cases for each domain problem, and the generation

of text is obtained by randomly applying templates (among several alternatives) to randomly selected

facts. The templates are structured to ensure variability in the generated natural language descriptions.

For example, the application of some templates of Incremental Scheduling (IS) to the facts

job(1). job(3). job(14). job(17). deadline(3,14). job_len(1,14). importance(1,2).
precedes(14,17). device(1). job_device(1,1). offline_instance(1,1).

may result to the following text:

The job 3 has a deadline 14. The job 1 has an importance of 2, must be executed by device

1, needs 14 timesteps to be performed. Device 1 has instance one offline. Job 14 must finish

before the start time of 17.

Our first experiment in [15] consisted of testing the ability of the models to extract facts from natural

text. For llama3.1 models with 8b and 70b parameters, best results were obtained when including

descriptions and formats of the problems with an F1-score of 73.7% and 90.4%, respectively. These

initial results suggest that clearly defining the fact format is crucial. We employ LLMASP to test several

prompts, by combining behavior and application files with different features. Best result were obtained

for the llama3.1 70b model with 91.1% with a behavior file combining extraction example in the context,

repeated instructions on the extraction task in the mapping and indication in the context to reply NONE

if the answer is missing, while for the 8b version was 80.9%, when also including repeated indication

on NONE in the mapping. Our last benchmark involves domains for which part of the generation

process can be addressed in ASP after some facts are extracted. We therefore encode such parts in the

knowledge base section of the application files. We observed a sensible improvement in some domains

with discrete results, up to 46% for the 8b model. With a few exceptions, the use of ASP is beneficial for

the generation process [15].

The integration of LLMs with ASP Chef was accepted in the Demonstrations Track of the 34th

International Joint Conference on Artificial Intelligence (IJCAI) [17]. Moreover, in [30] ASP Chef is

used to visualize and analyze water quality data collected by multisensory buoys, which monitor a

wide range of chemical and physical parameters. Selected portions of the cleaned data are explored



via ASP Chef recipes. The presented results show that ASP Chef enables effective visual exploration

of parameter trends, detection of critical values through logic queries, the creation of interactive

dashboards for domain experts and illustrates how declarative logic programming can be combined

with modern front-end technologies to build practical tools for environmental monitoring and decision

support. Extending the work on [30] the recipe https://tinyurl.com/aspchf/ICLP2025-DC/llm leverages

the LLMs to automatically generate high-level conclusions based on the visualizations produced by

other ingredients in the recipe. In this case, we are plotting the conductivity and pH trends over time,

the @LLMs/Chat Completion ingredient receives this context and produces human-readable summaries,

such as

The graph shows stable conductivity levels from January 17-19, 2023, with a dramatic

simultaneous drop on January 17th and January 19th where both parameters fell sharply.

This sudden decline suggests a significant water chemistry change, likely due to dilution

from freshwater influx or rainfall.

This approach demonstrates a neurosymbolic integration, where symbolic reasoning provided by

ASP handles structured, rule-based data interpretation, while neural models provide language-based

explanations. By embedding the LLM within ASP Chef, we enable a more intuitive understanding of

complex data patterns, opening up possibilities for interactive analysis and domain expert engagement

without requiring deep technical knowledge of logic programming.

Several open issues remain critical for advancing the LLMASP and ASP Chef frameworks. For LLMASP,

current efforts include an under submission work presenting an enhanced version of the framework

that employs grammar-constrained decoding. Using formal grammars gives precise control over LLM

outputs, reducing hallucinations and associated costs. Ongoing work on ASP Chef aims to enhance its

interactivity by integrating JavaScript frameworks like SurveyJS for dynamic form creation. This extends

its usefulness in domains requiring real-time data input and interactive workflows, complementing its

existing input and result visualizations.
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