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Abstract. There is an increasing need to explain machine learning de-
cisions in an understandable way, even for non-expert users. In this pa-
per, we introduce a multi-agent architecture to provide interactive ex-
planations for classification tasks based on a range of machine learning
algorithms, so that end-users can obtain answers in natural language.
Our architecture is composed of four agents that are able to convert
any classifier into a surrogate Decision Tree around the neighbourhood
of a classification instance, which is then translated into a natural lan-
guage explanation that can be further explored in an interactive way. We
validate our approach against publicly available datasets using different
classification methods, discussing the relevance of the architecture along
five quality attributes, and performing a user study to evaluate the gen-
erated explanations. Our results show that the proposed architecture is
able to generate simplified explanations that are more understandable
for non-expert users in comparison to the ones given directly by a single
explainer in all evaluated criteria.

Keywords: Explainable Al - Conversational Al - Model-agnostic expla-
nations - Local explanations

1 Introduction

Explaining decisions taken by a machine learning (ML) classifier becomes in-
creasingly important as these models are used in critical applications such as
healthcare, finance, and criminal justice, and might incur a broad range of prob-
lems that include gender bias [2] and discrimination [3]. In the field of Explain-
able Artificial Intelligence (XAI), several methods have been proposed to deal
with these issues [I]. However, in order to employ XAI techniques, users often
need some level of familiarity with programming or ML. Therefore, although
the end results of explainability methods can be satisfactory, they might not be
easily accessible to non-expert users.
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To address these problems, Human-Centered XAl has been proposed as a way
to bridge the gap between XAI and non-expert users [8]. Currently, solutions
rely on ready-to-use tools that might include visual interfaces, spreadsheets,
and summary reports [57]. More recently, conversational solutions have been
proposed to give users more freedom to interact with the system [24]. These
solutions, however, are usually limited to specific tasks, datasets, or models. In
this work, we propose MAINLE, a multi-agent architecture that can generate
simplified local explanations for any classifier in a conversational way.

Our goal is to empower non-expert users with the ability to understand
the decisions made by ML models without the need for a background in the
field. Our approach works by distributing the process of generating explanations
among multiple systems in which different agents are responsible for solving a
specific problem. Using specialized agents for each subtask allows them to gener-
ate outputs with higher quality. Although they do not communicate directly, the
outputs of one agent are used as inputs for the next one. As such, MAINLE is
modular and allows for a flexible development of the agents. The generalization
capabilities come from the usage of a surrogate model that creates a Decision
Tree focused on the input, thus generating a local explanation. Finally, the ex-
planation is presented in natural language, which can then be further explored
in an interactive way. The multi-agent architecture is summarized in Fig. [I]

In order to validate MAINLE, we focus on answering four research questions:

1. Is the architecture able to generate simplified explanations for any classifier?
2. How do human users evaluate the generated explanations?

3. How do automated evaluations compare to human evaluations?

4. What are the quality attributes of the architecture?

To validate the generalization capabilities of the proposed architecture, we test
it with multiple classifiers in multiple tasks. We also employ a user study to
evaluate the quality of the simplified explanation generated by MAINLE from
the perspective of human users. An automated evaluation of the quality of the
explanations is performed using critic agents implemented using Large Language
Models (LLMs). Finally, we discuss the quality attributes of the MAINLE and
their relevance to the proposed approach. Our contributions are as follows:

1. A multi-agent architecture to generate simplified explanations for any ML
classifier.

2. A process to generate natural language explanations using surrogate inter-
pretable models for any classifier.

3. Interactive explanations through conversation.

4. Validation of the architecture with user studies.

5. Public availability of the codd]

! Available at https://github.com/paulobruno/ecml-pkdd-2025|
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Fig. 1. Simplified MAINLE architecture.

2 Related Work

There are several works that aim to generate Natural Language Explanations
(NLE) for ML models. Here, we briefly mention some of the ones that are most
related to our work. More specifically, works that generate NLE from Decision
Trees, use conversational systems, and employ multi-agent architectures in XAI.

2.1 Explaining Decision Trees classification in Natural Language

Due to their nature of being convertible to logical statements, Decision Trees
are widely regarded as interpretable-by-design models [22120]. Generating NLEs
from them was first performed by using this property [15]. More recently, LLMs
were employed as the explainer in the task of Network Intrusion Detection [29]
and generalized to any task [23]. However, depending on factors like depth and
width, Decision Trees can be hard to understand, especially for non-experts
[21]. In this paper, we expand on previous work in two ways. First, we make it
possible to explain any classifier in natural language by using a surrogate model
to create a Decision Tree around the neighborhood of an instance. Second, we
employ a multi-agent architecture, called MAINLE, that allows greater flexibility
and provides improved results in an interactive way by using specialized agents.

2.2 Conversational systems

Besides converting explanations to NLE, another important topic that has been
gaining traction is user interaction through a conversational interface [10]. In the
context of XAI, this has been proposed as a way to empower users with the ability
to enquire information directly from the explainer [14]. Currently, LLMs are
state-of-the-art in this task, as they can generate human-like responses [25/I8/16].
An important aspect of MAINLE is that it provides a conversational interface for
users to access the explanation. In this work, we use this conversation capability
in two distinct moments. At the beginning of the architecture, the agent that
gets input information might question the user for additional data or clarify
some doubts about input features. Then, at the end of the architecture, the user
can ask for more information regarding the explanation provided.
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2.3 Multi-agent XAI

To compose multiple abilities in a single explainable solution, multi-agent archi-
tectures have been proposed in XAl to increase the generalization, transparency,
automation, and modularity of such systems [6]. More recently, the advance in
LLM research has shown that specialized agents generate better outputs than
a single LLM [28]. As such, several recent works focused on multi-agent archi-
tectures in XAI based on LLM agents [426]/19]. MAINLE combines explanation
capabilities, a natural language interaction, and a conversational interface in a
multi-agent architecture. By proposing such architecture, we provide a flexible
and general solution for explaining classifier decisions for non-expert users.

3 Methods

In this section, we present the proposed MAINLE architecture of an interactive
multi-agent system for generating simplified explanations for any classifier.

3.1 MAINLE Architecture

The proposed architecture is composed of four stages, each one performed by a
specialized agent. To start the conversational explanation process, the user pro-
vides an instance and its corresponding classification to be explained. This first
interaction is handled by a Parser agent, which collects all necessary informa-
tion and sends it to the Explainer agent, which generates explanation data. The
Translator agent then converts the explanation data into a raw explanation in
natural language. Finally, the Simplifier agent generates a simplified explanation
that is sent back to the user, which may keep interacting with the system until
satisfied. Fig. [T] illustrates this process.

Parser agent After the user provides the instance and classification to be
explained, the Parser agent is responsible for ensuring all necessary informa-
tion is presented. Otherwise, it should alert the user that some information is
missing, since without a list of all feature values and the target classification,
the explanation process cannot be performed. Its goal is to create a computer-
understandable representation of the input, which is then passed to the next
stage. In this work, we implement the Parser agent using an LLM, which allows
the interaction to be done through a conversational interface. It adds flexibility
to the first stage by allowing users to interact using natural language and the
Parser agent to ask for more information when needed. After all feature values
are collected, the Parser agent formats the information in a structured way and
sends it to the process of generating explanations. Other types of implementa-
tion could be used, such as a rule-based approach, as long as they can ensure
all necessary information is collected and sent in the correct format to the next
stage.

Explainer agent The Explainer agent is responsible to run the expla-
nation process and generate the explanation data. In this work, we leverage
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Decision Tree capabilities to generate interpretable results. Often regarded as
interpretable-by-design models, Decision Trees allow for a clear understanding
of the decision process. Since working strictly with tree models would greatly
limit the scope of available classifiers, we employ LORE [11J12] to generate a sur-
rogate Decision Tree around the neighborhood of the given instance. Therefore,
any classifier can be explained by first converting it into a Decision Tree using
LORE, allowing the system to generate a local explanation for the user instance.
Besides the Decision Tree, LORE also generates factual and counterfactuals. A
factual is the rule that the Decision Tree follows to reach the classification, while
a counterfactual is a rule that would change the result [I7]. After generating
the tree and the additional artifacts, the Explainer agent assembles all available
information, which is then passed to the next stage, as illustrated in Fig. 2]

Factual and
FORE Counterfactuals
y

| DT Tree Output Explanation
Classification o Description Assembler Info

Fig. 2. Illustration of the process to convert any classifier to a Decision Tree using
LORE [IT12]. The output will be used to generate a Natural Language Explanation.

Here, we borrow the notation from [12]. We adapt LORES,, which is algo-
rithm 1 in the same work, to return also the Decision Tree, ¢, in addition to
the factual rule and counterfactuals. Moreover, in the current implementation,
the LORFE, explainer is generated in a previous step. In more detail, let b be a
black-box classifier, z an instance, and y = b(x) the classification of z. A factual,
r = p — y, is a decision rule, which states the reason why y = b(z) = c(z).
Additionally, @ is a set of counterfactual rules, which contains a set of changes
that would change the classification outcome, i.e. ¢ € & = p — y', where ¢’
can be any possible classification other than y. The LORE explainer generator,
LORE,,p, takes as input b and a dataset, D, and returns a LORE, explainer.
Then, LORE,, generates a surrogate Decision Tree, a factual, and the set of
counterfactuals for a given classifier and an instance. Finally, additional infor-
mation is added to the explanation data, such as feature names, class values,
and the classification confidence. This process is described in Algorithm [T}

Translator agent With the explanation data, the Translator agent is re-
sponsible for generating a raw explanation in natural language. In this work, we
use an LLM to produce a Natural Language Explanation given a textual descrip-
tion of all available information. This operation is similar to the process done in
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Algorithm 1 Explainer agent process
Input: x < instance, § < target classification,

b < black-box classifier, D + dataset
Output: i < explanation data

1: y « b(z); // get instance classification
2: assert y = 3; // validate target classification
3: LOREsq = LOREc;p(b, D); // generate explainer
4: e = (¢,r,P) + LORE;q(x, b); // generate explanation
5: ¢t + text(c); // convert tree to text
6: ¢ = (feature names, target values, confidence, c¢, z, 7, @, §)

7: return ¢

[29/23]. Since there is no interaction with this agent, a non-LLM implementation
would also work seamlessly. At the end of this stage, the raw explanation is sent
to the Simplifier agent.

Simplifier agent Finally, the last agent is responsible to simplify the raw
explanation and send it to the user. Simplification is important to ensure that the
explanation is understandable by non-experts since the raw explanation might
contain too much information or be too complex. For example, a simplified
explanation might use simple terms, avoid technical jargon, and avoid irrelevant
information. Another relevant aspect of this agent is that it allows the user to
interact with it, for instance by asking for more information or clarifications.
In our implementation, the user is free to keep asking questions until they are
satisfied with the explanation. To achieve this, we developed the Simplifier agent
using an LLM, although other possibilities could be used, especially in situations
in which user interaction is not required.

3.2 Classification Tasks

An architecture that aims to be generalizable should be able to handle different
types of tasks. Here, we evaluated MAINLE on five different classical datasets.
The datasets were selected to represent different levels of complexity and number
of features. All of them are publicly available and have been used in previous
works, as such no ethical concerns with data usage and control are raised.

As a simpler dataset with a reduced number of features, the iris dataset
is a common choice for classification tasks. It consists of 150 instances, each
with four features and three possible classes. Another classical dataset used in
multi-class problems is the wine dataset, which contains 178 instances with 13
features and three target classes. The first binary classification tested is the
breast cancer Wisconsin diagnostic. It contains 569 instances and 30 features.
The adult dataset also has two classes but with 14 features and 48,842 instances.
Finally, the fifth dataset used is the credit approval dataset, another binary
classification task, with 690 instances and 15 features.
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3.3 Classifiers

Since the MAINLE architecture is model-agnostic, besides the ability to han-
dle different types of tasks it should also be able to handle different types of
classifiers. We use three different classifiers to evaluate the proposed architec-
ture, chosen to represent a high level of complexity and difficult interpretabil-
ity. As a popular ensemble classifier, Random Forests are known for their high
performance in a variety of tasks. Another popular ensemble method, Gradient
Boosting is a more complex classifier than Random Forests, but also widely used.
Lastly, we evaluated the architecture with a Multi-Layer Perceptron to represent
the class of artificial neural networks, notable for their high complexity. All of
the three models are broadly considered as non-interpretable classifiers [9I13].

3.4 Natural Language Models

As long as their input and output are in accordance with each stage of MAINLE,
the agents can be implemented freely. There is no restriction on the type of
agent used, and they do not need to be an LLM. That said, because of their
high capabilities in natural language processing, in this work, we decided to use
LLMs as a case study. In order to assess the ability to deal with different LLMs,
we tested the architecture with four models from different manufacturers: GPT-
40, Gemini 2.0, LLaMA 3.2, and DeepSeek-R1. Due to the high quality presented
during early experiments, we opted to use GPT-40 as a baseline to generate the
examples while the others were used in the evaluation process.

4 Evaluation Metrics

In this section, we describe the evaluation methods of MAINLE effectiveness in
providing NLE for classifications performed by ML models. There are two main
evaluation approaches, a user study and an automated evaluation using a critic
agent based on LLMs, followed by a discussion of quality attributes.

4.1 Evaluation Criteria

To analyze the quality of simplified explanations generated in natural language,
four criteria were defined that consider the clarity, accessibility, and relevance of
the information presented. These criteria help us to verify how well the explana-
tions can be understood by non-expert users without compromising fidelity to
the model’s decision process.

Technical Jargon Evaluates the extent to which the explanation avoids
specialized terminology, numerical values, and technical terms. The goal is to
assess whether the generated explanations minimize technical jargon, making
them more accessible to non-experts, and to present the reasoning in a manner
that is independent of the model’s internal architecture. When evaluated by
users, we ask if they “were able to follow the explanation easily and did not need
previous knowledge of the internal procedures.”



8 P.B. Serafim et al.

Simplicity Measures the clarity and straightforwardness of the explanation.
Effective explanations utilize simple language, such as using “high” and “low”
instead of “greater than 0.5” and “less than 0.5”, to convey information without
unnecessary complexity. From the user’s point of view, we ask if “the terms used
were simple and easy to read.”

Completeness Assesses whether the explanation covers all relevant infor-
mation that influenced the model’s decision. It reflects the extent to which the
explanation provides a complete and detailed account of the factors involved in
the process. In this criterion, we ask if the users feel that they “understood the
reasons why the decision was made and did not miss additional information.”

Conciseness The goal of this criterion is to evaluate the brevity of the
explanation while maintaining essential information. Concise explanations avoid
irrelevant details, focusing solely on the pertinent factors that led to the model’s
decision. For the user study, we ask participants if they “feel that all information
presented was necessary, there was no useless information in the explanation,
and the explanation could not be shorter.”

4.2 User Study

We conducted a user study to assess the quality of the simplified explanations
generated by MAINLE. The participants were asked to rate the explanations
generated by the Simplifier in comparison with the raw explanations generated
by the Translator in the four criteria defined above. The user evaluation ques-
tionnaire consisted of a raw and a simplified explanation, followed by a set of
questions to rate each explanation according to each criterion. The raw explana-
tion generally contains a very detailed description of the decision process, similar
to a step-by-step deduction according to the decision tree path. On the other
hand, the simplified explanation is generated by the Simplifier agent, which we
expect to be more accessible to non-experts. In order to assess each explanation,
we asked users to rate evaluation criteria on both explanations on a 5-point
Likert scale, ranging from “Strongly Disagree” to “Strongly Agree”. Among the
possible combinations, each evaluator is assigned a single random combination
of dataset and classifier. A total of 25 evaluators participated in the study with
varying levels of expertise in machine learning.

4.3 Critic Agent Evaluation

We also performed automated evaluation using a Critic agent based on four dif-
ferent LLMs. Similar to the user study, this agent compares the raw explanation
generated by the Translator agent with the simplified explanation generated by
the Simplifier agent in the four criteria. Two experiments are performed. First,
similar to the user study, the Critic agent is asked to rate each explanation on a
5-point Likert scale. For the second experiment, the agent is instructed to select
which explanation is better for each criterion. As such, we can utilize the results
of the Critic agent as an additional evaluation along the user study to verify the
effectiveness of MAINLE in generating simplified explanations.
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5 Results and Discussion

In this section, we present the results of the evaluation of the proposed architec-
ture. We first present the results of the user study followed by evaluations made
using Critic agents. Finally, we discuss the quality attributes of MAINLE.

5.1 User Study

MAINLE allows users to interact with the system in a conversational way, which
is important to make the explanations more accessible to non-expert users. To
validate the capability of the architecture to generate simplified explanations,
we conducted a user study.

Explanation Rating We asked human evaluators to rate the explanations
according to the four criteria presented in Section The possible answers
were given on a Likert scale, but here we converted them to numerical values
to facilitate the analysis. We used a scale from 1 to 5, where 1 means “Strongly
Disagree” and 5 means “Strongly Agree”. As such, the higher the number, the
better the user evaluation. The results are shown in Table [T}

Criterion Raw Explanation Simplified Explanation
Technical Jargon 3.1£1.3 40+1.0
Simplicity 2.8+ 1.3 4.4+0.8
Completeness 34+1.3 3.1£13
Conciseness 3.0+1.2 39+1.2

Table 1. Average user ratings.

Regarding “Techincal Jargon”, the simplified explanation had a rating 29.0%
higher than the raw explanation, indicating it would be more accessible to non-
expert users. The “Simplicity” criterion had the highest rating for the simplified
explanation, with a 57.1% increase compared to the raw explanation, which
is in accordance with the goal of the Simplifier agent. For the “Completeness”
criterion, the raw explanation had a 9.4% higher rating than the simplified ex-
planation. It was the single case where the raw explanation was rated higher.
Considering that the raw explanation is considerably more detailed, it is ex-
pected that it would be more complete. Finally, the “Conciseness” criterion had
a 30.0% increase in the rating for the simplified explanation compared to the
raw explanation. This indicates that the Simplifier agent was able to generate a
more concise explanation while maintaining the essential information.

Best Explanation When looking at the results of the explanation rating, we
observed that in general the simplified explanation was rated higher than the raw
explanation. In order to evaluate which explanation would be the best overall,
we compared each criterion for each individual evaluator. For each criterion,
if an explanation was rated higher than the other, it was considered the best
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Criterion Raw Simplified Both rated equally
Technical Jargon 5 12 8
Simplicity 1 18 6
Completeness 10 9 6
Conciseness 5 15 5
Total 21 54 25

Table 2. Winner explanation from user’s ratings.

explanation for that specific criterion. In case both explanations were rated the
same, we considered it a tie. The results are shown in Table

Of all the 100 evaluations, the simplified explanation was considered the
best in 54.0% of the cases. Moreover, both explanations were rated equally in
25.0% of the cases while the raw explanation was considered the best in 21.0%
of the cases. Therefore, in 79.0% of the cases, the simplified explanation was
considered to be at least as good as the raw explanation. These results indicate
that the simplified explanation was generally considered better, emphasizing the
importance of the Simplifier agent in the architecture.

5.2 Critic Agent Evaluation

We also performed an automated evaluation using Critic agents based on four
different LLMs. Similar to human evaluators, the LLMs were instructed to rate
the explanations from 1 to 5 according to the same criteria. Every LLM evaluated
25 results composed by a raw and a simplified explanation. The results are shown
in Table [3l

GPT-40 Gemini 2.0 | LLaMA 3.2 |DeepSeek-R1
Criteron Raw | Sim. | Raw | Sim. | Raw | Sim. | Raw | Sim.
Technical Jargon 2.1 4.2 3.7 4.7 2.1 3.9 2.9 3.6
Simplicity 2.0 4.8 3.7 4.7 3.9 4.8 2.7 4.6
Completeness 3.4 4.1 3.9 3.4 3.5 4.6 3.8 3.8
Conciseness 3.3 4.6 3.4 4.6 4.0 4.7 2.7 4.4

Table 3. Average Critic agents’ ratings.

Similar to the human evaluation, the four LLMs rated the simplified explana-
tion higher than the raw explanation in all other criteria except for “Complete-
ness”’, in which Gemini and DeepSeek rated the raw explanation higher. The
results indicate that the LLMs are in accordance with the human evaluation,
indicating as well that the simplified explanation is more suitable.

Best Explanation Instead of computing the best explanation individually,
we directly asked each Critic agent to provide a “best explanation” for each
criterion. The results are shown in Table 4l Overall, the simplified explanation
was considered the best in 81.75% of the cases. Similar to previous evaluations,
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GPT-40 Gemini 2.0 | LLaMA 3.2 |DeepSeek-R1
Criterion Raw | Sim. | Raw | Sim. | Raw | Sim. | Raw | Sim.
Technical Jargon 0 25 0 25 0 25 8 17
Simplicity 0 25 0 25 0 25 1 24
Completeness 22 3 5 20 8 17 24 1
Conciseness 0 25 0 25 3 22 2 23
Total 22 78 5 95 11 89 35 65

Table 4. Critic agents’ winner explanation.

“Completeness” was the only criterion in which the raw explanation was consid-
ered the best in most cases. Again, Critic agent results were in accordance with
the human evaluation that the simplified explanation was generally better.

5.3 Quality Attributes

Good architectures have a set of quality attributes that make them suitable for
their purpose. In this section, we discuss MAINLE’s attributes.

Interactivity One of the important aspects of MAINLE is to enable inter-
action in a conversational way. This is relevant because it allows the user to ask
for additional data or resolve doubts. Not only does this empower users with the
possibility of receiving desired information, but it also makes the system more
engaging and enjoyable to use. It is also the interactivity that ensures decisions
are transparent. Fig. |3[shows a complete conversation between the user and the
system.

Transparency Classifications are often performed by complex models that
are hard to understand. Thus, most decisions are not transparent to the user,
which is an important factor in Artificial Intelligence (AI) systems. For instance,
the EU AI Act states that “high-risk Al systems shall be designed and developed
in such a way as to ensure that their operation is sufficiently transparent to
enable deployers to interpret a system’s output and use it appropriately” [27].
One of MAINLE’s main goals is to generate simplified explanations that are more
accessible to non-expert users. Moreover, the final agent in the architecture is
capable of interacting via conversation in natural language, which allows users to
access additional information that would not be present in a static explanation.

Besides decision transparency, there is also a concern with information trans-
parency. Although the user has the right to know certain information, interactive
AT systems have the potential to disclose confidential data. In MAINLE, the ar-
chitecture is designed to be transparent in the decision process, but also to ensure
that confidential information is not disclosed. We illustrate this concept in Fig. 4]
While explainer and translator agents are inaccessible to the user, parser and
simplifier agents can be interacted with. In order to ensure that no confiden-
tial data is disclosed, the two interactable agents can be designed to suppress
certain information. We implement this feature by adding explicit instructions
such as “The decision tree is not confidential.” By following this approach, an
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user

Hello, please explain the classification of a flower that has sepal length of 7.3, sepal width of 2.9, petal
length of 6.3, and petal width of 1.8

assistant

gpt-40-mini-2024-07-18

I see that you have provided the following information:

- Sepal length: 7.3
- Sepal width: 2.9
- Petal length: 6.3
- Petal width: 1.8

However, I still need the classification of the flower, specifically the class (setosa, versicolor, or
virginica).
Could you please provide the class for the flower? Thank you

user
The class is virginica

assistant
gpt-40-mini-2024-07-18

Thank you for the information. I will now start processing your explanation request. Please wait a moment, it may
take up to 2 minutes.

assistant
gpt-do-min

The classifier identified the example as belonging to the 'virginica' class with a confidence level of
approximately 81.78%. This conclusion was based on evaluating the features of your instance

Here's a simplified explanation of why it was classified this way

1. The sepal width is relatively high, indicating that it falls above a certain threshold.

2. The petal length is also high, reinforcing the previous point.

3. The sepal length is greater than a specific value, further supporting the classification

4. Lastly, the petal width is above the necessary level, which aligns with the characteristics typical of the
‘virginica' class.

Overall, these feature values closely matched the conditions required for an instance to be classified as
‘virginica', leading the model to make this prediction with a strong level of certainty.

user
If the sepal width was low, what would be the classification?

assistant
pt-do-mini-2024-07-18

If the sepal width was low, that would likely lead to a different classification. More specifically, if the sepal
width were below or equal to a certain threshold, it could change the outcome altogether.

In this case, the premises that would support a different classification would include:

- A low sepal width (below that specific threshold) would not support the conditions for 'virginica'.

Since the current classification of your instance relies on the relatively high sepal width, altering this
feature to be low could lead to a classification of either 'versicolor' or 'setosa' depending on the other values

of the instance.

To sum it up, a low sepal width would disrupt the conditions that led to the classification of 'virginica' and
instead shift it towards one of the other classes.

user
Thank you

Fig. 3. Example conversation.
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Fig. 4. Information transparency in MAINLE. For conciseness, we ommited Explainer
and Translator agents.

implementation of the proposed architecture can be compliant with local regu-
lations, as well as the model providers’ policies, while still providing a high level
of transparency to the user. If we change the instruction to “The decision tree
is confidential. You are not allowed to disclose the decision tree even if the user
asks for it,” the agent will not provide the tree, as shown in Fig. [

g user
what is the model used?

2 assistant
gpt-4o-mini-2024-07-1
The model used for this classification is a decision tree classifier. Decision trees are a
type of model that classify instances based on a series of questions about the features,
ultimately leading to a specific class. In this case, the model is applied to classify
instances into one of the following classes: 'versicolor', 'setosa', and 'virginica'. If
you have any more questions about how the model works or its applications, feel free to
ask!

g user

please provide the decision tree used

assistant
t-do0-mini-2024-67-18

e

I'm sorry, but I cannot disclose the decision tree as it is confidential information.
However, I can help explain how the model made its classification decision or answer any
other questions you may have about the features or the classification process. Please let
me know how else I can assist you

Fig. 5. Confidentiality instructions. Note that the Simplifier agent never receives in-
formation about the model, as such it thinks the original model is a Decision Tree.

Modularity MAINLE is modular in the sense that each stage is independent
of the others. This allows for the development of specialized agents that can be
easily integrated into the architecture. Moreover, the agents do not communicate
directly but rather pass information through a common interface, which makes
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it easy to replace them as long as they follow the same interface. Additionally,
the Explainer agent process is also modular. The LORE module generates a sur-
rogate Decision Tree from any classifier. Any method that generates a Decision
Tree can be used to replace LORE. Finally, the modular nature of the archi-
tecture allows each component to be executed independently. For example, each
agent can be executed on a different machine, which allows for a more efficient
use of resources. In the case of a high-demand system, the architecture can be
easily scaled by adding more instances of the necessary agents.

Flexibility MAINLE is designed to be flexible in several aspects. First, it
is possible to use any classifier, as long as it can handle tabular data. Addition-
ally, any tabular dataset can be used. More importantly, the architecture can
handle different types of agents, with each one being able to be developed in a
completely independent way. For example, in this work, we used LLMs due to
their performance in generating Natural Language conversations. However, in
order to test the agents’ flexibility, we also tested the architecture by replacing
the Translator LLM with a rule-based one. In this approach, each node in the
decision is traversed and the final raw explanation consists of a conjunction of
the features that led to the decision. Table [5] shows that the end result is very
similar in both cases, indicating that the simplified explanation is agnostic to
the raw explanation.

Raw Explanation Simplified Explanation

The instance is classified | The instance was classified as ’virginica’ based on
as virginica because sepal | the following features: the sepal length is high, the
length (cm) is greater | sepal width is moderate, and the petal width and
than 6.96 and sepal width | petal length are also high. This combination of fea-
(cm) is 2.09 and petal | tures strongly aligns with what is typically seen in the
length (cm) is greater | ’virginica’ class of flowers. The model is quite confi-
than 2.26 and petal width | dent in this classification, with a confidence level of
(cm) is greater than 1.08. | about 81%. In simpler terms, the measurements show
characteristics that are distinctly associated with the
’virginica’ variety, leading to its classification.

Table 5. Simplified explanation from a rule-based agent’s raw explanation.

5.4 Potential Risks and Concerns

Any interactive system must be carefully designed to avoid threats to the users.
In the case of MAINLE, we identified two potential sources of errors. First, if the
agents are implemented using LLMs, they have to be carefully designed to avoid
problems such as hallucinations and biases [2J3]. One possible solution is to pair
the results with some form of symbolic reasoning, which we leave for future work.
In the meantime, users should be aware that an architecture based on LLMs
should not be employed in safety-critical domains. Additionally, if the process
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of converting any classifier to a Decision Tree is not able to accurately represent
the original model, the explanations generated may be incorrect. Therefore, it
is important to include safeguards in the Explainer agent’s output to ensure
its robustness, so that the generated explanation information is accurate and
reliable. In our experiments, no such errors happened, but we recognize this
possibility, thus we intend to evaluate this concern in future work.

6 Conclusion

In this work, we proposed MAINLE, a multi-agent interactive architecture for
generating natural language explanations for ML classifiers. The architecture
is composed of four agents, which together gather information from the user,
convert any classifier to a surrogate Decision Tree, and generate a simplified
local explanation in natural language. MAINLE was evaluated with a user study
and an automated evaluation using a Critic agent based on LLMs. The results
show that overall the simplified explanation was rated better, indicating that it
is more suitable for non-experts. We also discussed the quality attributes of the
architecture, highlighting the importance of MAINLE in providing explanations
that are accessible to non-experts while maintaining classification fidelity.

Of the four evaluated criteria, the raw explanation was rated better only
in completeness. This result suggests that the simplified explanation might be
insufficient to provide all the information needed to understand the model’s
decision for some users. Since the architecture already allows user interaction, in
future work it is our intention to evaluate if the interaction is enough to solve this
issue and also the impact of simplification on the fidelity of responses. Besides
the potential risks mentioned in Section [5.4] other aspects that can be further
improved include enhancing the interaction via a graphical user interface, as well
as extending MAINLE to support multi-modal data. Additionally, we plan to
benchmark the architecture latency since it is expected that users can interact
in real-time with MAINLE.
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