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Abstract. This tutorial presents the required steps to build trusted
neuro-symbolic conversational systems that integrate Large Language
Models (LLMs) with reasoning engines and process intelligence tools
for faithful and accurate process analysis. By adopting an “LLM-as-
formalizer” approach, where the LLM captures user intent, translates
it into machine-readable instructions, and orchestrates external tools to
generate actionable insights, we demonstrate how Information Systems
practitioners can effectively design and implement such systems.
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1 Motivation and goals of the tutorial

Large Language Models (LLMs) have shown impressive capabilities across var-
ious process analysis tasks, including process modeling, simulation, and mining
[2,1,9,4]. Nonetheless, the extent to which current LLMs can perform genuine
logical reasoning remains a critical area of investigation. Indeed, the reasoning
mechanism in LLMs is fundamentally based on probabilistic pattern recogni-
tion rather than formal logic. While they can approximate abstract reasoning
patterns, they fall short of true logical inference [11]. Their outputs are highly
sensitive to small input variations, and accuracy declines as the number of rea-
soning steps increases, limiting their reliability for complex tasks [10].

This limitation is especially relevant in production systems, where operating
and interpreting multiple reasoning and process intelligence tools requires highly
specialized expertise [6,8,5]. For example, revising a production plan to meet
delivery deadlines while minimizing disruptions, optimizing resources and inven-
tory, and ensuring system correctness demands complex multi-criteria analysis.
Nowadays, this work is performed manually by expert users using many external
tools, making the process time-consuming, skill intensive, and prone to subop-
timal decisions due to the limited exploration of available data and alternatives
[7]. As LLMs are increasingly used to support operators in these tasks, analytical
methods must deliver accurate and reliable diagnostic and prognostic insights
within strict time constraints, a guarantee that LLMs alone cannot provide [12].
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To address this challenge, in this tutorial we discuss the methodological and
development steps to create a new breed of trusted neuro-symbolic conversational
systems. These systems integrate LLMs with reasoning engines and process in-
telligence tools to support accurate, multi-perspective analysis of production
processes. Rather than adopting an “LLM-as-reasoner” approach, which may
generate seemingly coherent yet potentially inaccurate and unverifiable explana-
tions for human tasks [3], we advocate an “LLM-as-formalizer” paradigm [13],
in which the LLM is trained to capture the user’s intent, translate it into ma-
chine readable instructions, orchestrate external reasoning and process intel-
ligence tools and generate actionable insights and predictions to analyze and
optimize process performance. This hybrid approach ensures that the flexibility
of natural language is backed by the sound guarantees of formal solvers. Through
a real world production process, we demonstrate how Information Systems prac-
titioners can design and implement such systems effectively.
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