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Abstract
LLMs and their capabilities to handle natural language are increasingly used as an intuitive interface
between non-expert users and complex algorithms. This is facilitated by the recent introduction
of the Model Context Protocol (MCP). In this work, the LLMs facilitate the use of explanation
algorithms by translating their outputs back into natural language tailored to the user.
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1 Introduction

Large Language Models are increasingly being studied to automatically transform a natural-
language description of a combinatorial optimization problem into a model [3, 7, 8, 9, 10],
designing heuristics [2, 11, 12]. These techniques are primarily designed for non-experts to
help them model and solve their problems.

These models can then be solved by a solver. However, it has been shown that non-expert
users often do not trust overly complex automatic systems. This is why algorithms such
as stepwise explanation [1] have been designed. Such an algorithm provides explanations
alongside the propagation to explain the deductions made by the solver step by step.

However, the propagation can also lead to an unsatisfiable part of the search space. In
addition, such models made by non-experts can sometimes be totally unsolvable for various
reasons. First, the LLM used for modeling can have introduced an error. Secondly, as
non-experts, they could have designed an overconstrained problem without knowing it. To
identify the reasons why such a model or a subspace of the search space is unsat, one can use
other types of explanation techniques [4], such as Minimum Unsatisfiable Subsets (MUS) [6].

Unfortunately, for non-expert users, these explanation techniques produce outputs in
a mathematical-like form, which is often difficult to understand. The goal of this work
(still in progress) is to investigate (i) how LLMs can translate these mathematical-like
explanations into natural-language explanations, and (ii) how we can integrate explanability
tools seamlessly within the chats of LLMs.

To achieve the goal, a simple platform is currently being designed. Its aim is to provide the
LLM with access to explanation algorithms via Model Context Protocol (MCP) servers. Once
a tool returns an explanation, the LLM automatically translates it for the user, dynamically
adjusting to the user’s level of understanding.

2 Integration of Explanability Tools within LLM Chatbots

Model Context Protocol (MCP) [5] helps standardize the interface between AI applications and
other services, facilitating interactions between LLMs and other services. This standardization
allows practitioners to easily build tools usable by the LLMs. It improves reliability on
outputs to questions requiring actual reasoning by delegating them to such tools. In this
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context, the incorporation of explainability tools into LLM chatbots is studied by creating
MCP servers that can invoke them.

3 Translation of Explanations to Natural Language

The translation of mathematical-like explanations into natural-language explanations that
are understandable to non-expert users also depends strongly on the users themselves. As
you might not explain something to a child the same way you would to an adult, the LLM’s
translation should adapt to the user. This is why various levels have been defined.

▶ Example 1. (Stepwise explanation on a 4 by 4 Sudoku) To illustrate the level, a very
simple 4-by-4 Sudoku puzzle is used. On this sudoku, a line already contains the values 1, 2,
and 3, the propagation leads to assigning the 4 to the remaining cell. This is the translation
by the LLM of the stepwise explanation returned in some of the various levels defined:

Level 1 - Children 6-8 years old: In this row, the numbers 1, 2, and 3 are already there,
there is no more room for 4!
Level 3 - Young teen 12-14 years old: Given the constraint of row, each value can only
appear once per row. Row 2 already has 1, 3, and 4, we can thus deduce that cell (2,2)
has value 2.
Level 4 - Teen 15-17 years old: The column constraint excludes values 1, 3, and 4 as
already present. The bloc constraint also excludes 3. The unique remaining value in the
domain of (2,2) is thus 2.
Level 6 - University level, beginner: By propagation of the unicity constraints (row,
column, bloc), the domain of variable (2,2) is reduced to a singleton {2}. The assignment
Value(2,2) = 2 is a direct consequence of arc consistency.

This understanding level parameter can be dynamically determined, either by inferring
the education level of the user base from some prior questions. It can also be adjusted
automatically downward whenever the user requests more precision or upward when the user
requests greater formalism.

Preliminary results have already shown that the lexical similarity decreases as the levels
are farther away from each other in the scale.

4 Expected Results and Further Work

Our aim with this interactive platform is to demonstrate proof of concept for a selection
of known combinatorial problems. The goal is to have the LLM output a natural language
description of the reasoning behind the solver’s search for a solution. It would alternate
between stepwise explanation, explaining the deductions made along the way, and counter-
factual or MUS-based explanations [6] to explain dead ends in the search tree. The platform
would also dynamically adapt to the expertise of the user for a better experience.

Our planned experiments include testing the potential for improvement of the LLM
translations when documentation is provided to the LLM using a Retrieval Augmented
Generation (RAG) module.

One of the next steps to close the loop would be to also use automatic modeling tools
integrated into the chat via an MCP server. This way, users would get access to a fully
automatic tool to help them model, solve, and explain the findings of a solution to their
model.
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