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Abstract

With the growing adoption of machine learn-
ing models in critical domains, techniques for
explaining differences between models have
become essential for trust, debugging, and in-
formed deployment. Previous approaches ad-
dress this by identifying input transformations
that cause divergent predictions (Shah et al.,
2022) or by learning joint surrogate models
to align and contrast behaviors (Haldar et al.,
2023). These methods often require access to
training data and do not produce natural lan-
guage explanations. In this paper, we introduce
SLED, a framework that generates faithful nat-
ural language explanations of when and how
two ML models converge or diverge in their pre-
dictions. SLED first uses gradient-based opti-
mization to synthesize input samples that high-
light divergence and convergence patterns, and
then leverages a large language model (LLM)
to generate explanations grounded in these syn-
thetic samples. Across both text-based (3 tasks,
7 models) and structured (10 tasks, 4 models)
classification tasks, we show that SLED ex-
planations are 18-24% more faithful than the
strongest baselines. User studies also indicate
that SLED explanations achieve a real-world
simulatability of 63.5%. Importantly, SLED re-
quires minimal access to training data and gen-
eralizes well to real-world samples, enabling
transparent model comparison. !

1 Introduction

Machine learning models trained for the same task
often exhibit surprising differences in behavior
due to variations in training data, model architec-
tures, or optimization techniques. For instance,
consider two sentiment classifiers that were trained
on slightly different review datasets. When pre-
sented with a complex movie review, Model A

!Code and data for reproducing all experiments will be
released on first publication.

might label it as negative (recognizing subtle sar-
casm), while Model B predicts positive (missing
the sarcasm). Why do these models disagree? Un-
derstanding such differences is crucial for inter-
pretability, model debugging, debiasing, and mak-
ing informed deployment decisions. Communi-
cating how two models diverge in plain language
is particularly important, as textual explanations
are accessible and user-friendly (Luo et al., 2024).
However, generating these model divergence ex-
planations is challenging, especially when we have
limited access to the models’ original training data.
This raises the question: Can we explain how two
models behave differently with minimal access to
their architecture or training data?

In this work, we study the problem of generat-
ing faithful natural language explanations that de-
scribe where a pair of models converge (agree) or
diverge (disagree) in their predictions. Throughout
the paper, we refer to samples where the models
agree in their predictions as convergent samples
and where they disagree as divergent samples. Our
goal here is to produce explanations that accurately
reflect the models’ differing decision logic in a
human-interpretable way.

To interpret ML models, Ribeiro et al. (2016)
and Ribeiro et al. (2018) generate local explana-
tions using feature importance and high-precision
rules, respectively, but they lack model-level in-
sights. Menon et al. (2023) produce natural lan-
guage explanations for model predictions but do
not address divergence or convergence between
models. Shah et al. (2022) focus on identifying in-
put transformations that lead to divergent behavior,
yet they do not provide textual explanations and
are not applicable to text-based tasks.

We introduce SLED : Sample Learning to Ex-
plain Divergence Between Models, a framework
that generates faithful natural language explana-
tions describing where and how two ML models
agree or disagree in their predictions. SLED op-
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Figure 1: Overview of our SLED framework for explanations describing differences between pairs of models. The
framework consists of four steps: (1) Initializing random input samples (2) Applying gradient updates on the random
samples to learn synthetic divergent samples (3) Applying gradient updates to learn synthetic convergent samples
(4) Prompting an Explainer LLM to generate a text-based explanation based on the synthetic samples.

erates in two stages: (1) learning synthetic con-
vergent and divergent samples via gradient-based
optimization with a distance regularization with
the original data distribution, and (2) generating
text-based explanations using these samples with
an Explainer LLM (Figure 1).

We evaluate SLED on a variety of tasks and mod-
els. In experiments with both text classification
tasks (spanning sentiment analysis and other NLP
classification problems) and structured classifica-
tion tasks (tabular benchmarks), SLED significantly
outperforms prior approaches. For each input, we
assess the quality of the explanation by using it to
predict whether the models will agree or disagree
(divergence prediction), with ground truth based on
model outputs (§ 3.3). We measure faithfulness and
simulatability (§ 3.3), comparing SLED to MaNtLE
(Menon et al., 2023), LIME (Ribeiro et al., 2016),
and Anchors (Ribeiro et al., 2018). On structured
tasks, SLED is 24—48% more faithful, and on text
tasks, it outperforms LLLM-based explanations by
18%. Performance remains stable across different
explainer LLMs and input sizes. We also show that
distance regularization improves alignment with
real data, significantly enhancing both faithfulness
and simulatability (§ 5.3). Through user studies, we
find that SLED explanations achieve a real-world
simulatability of 63.5%. Human evaluations also

reveal that our explanations are understandable, in-
formative, and have a high perceived utility (§ 5.4).
Our contributions are: (1) we develop SLED ,
a novel framework that explains the divergence
and convergence between machine learning mod-
els using faithful natural language explanations;
(2) we design a synthetic sample learning method
that generates synthetic samples revealing areas
of divergence and convergence between two mod-
els while closely aligning with the original data
distribution; (3) we demonstrate the effectiveness
of SLED across multiple structured and text-based
classification tasks with varied model configura-
tions; (4) we show that SLED outperforms exist-
ing explanation frameworks (e.g., MaNtLE, LIME,
Anchors) in generating more faithful model-level
explanations; and (5) through user studies, we also
demonstrate the effectiveness of SLED explanations
in improving users’ ability to simulate model pre-
dictions, understand model differences, and make
informed decisions based on those explanations.

2 Related Work

Extensive research explains individual model pre-
dictions. LIME (Ribeiro et al., 2016) uses linear
models to approximate local behavior and iden-
tify key features. Anchors (Ribeiro et al., 2018)
extends this by creating precise, human-readable
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rules ("anchors") that ensure consistency under per-
turbations. Both methods, though model-agnostic
and effective for local interpretation, do not ex-
plain differences between models or offer natural
language explanations.

Other works have proposed fine-tuning language
models to generate explanations that align with
classification outputs. CAGE (Rajani et al., 2019)
and WT5 (Narang et al., 2020) generate textual
explanations that provide interpretable rationales.
However, the explanations are limited to individ-
ual samples and do not offer insights at the model
level. Menon et al. (2023) introduce MaNtLE, a
model-agnostic explanation framework that uses
large-scale pretraining on synthetic tasks to gener-
ate faithful natural language explanations. How-
ever, MaNtLE focuses on explaining single-model
predictions and does not address model differences.
To compare models, ModelDiff (Shah et al., 2022)
identifies input transformations that induce diver-
gent predictions. While effective for highlighting
behavioral shifts, the outputs are not natural lan-
guage explanations. Haldar et al. (2023) propose
Interpretable Differencing, which learns a joint sur-
rogate model to capture the behavioral gaps. Al-
though suitable for structured data and useful for
interpretation, the method assumes access to train-
ing data and is not applicable to text classification
or settings with limited data.

3 SLED

In this section, we first define our problem setup,
the various components of SLED , and the stages
involved in generating explanations. Figure 1 illus-
trates our framework.

3.1 Problem Setup

We consider two machine learning classifiers, fi :
X — Yand fy : X — ), parameterized by 6;
and 6, respectively, trained for the same task 7.
The input space X is defined by the nature of the
task: if 7 is a structured prediction task, X con-
tains structured inputs; if 7 is a text classification
task, X’ contains natural language inputs. The label
space ) consists of the labels for 7. Classifier f;
is trained on dataset D+, and classifier fs is trained
on a separate dataset Do, with both datasets corre-
sponding to the same task 7. We define O C X as
a small reference set comprising 10 randomly sam-
pled inputs from the task domain. This set serves
as an approximate representation of the input dis-

tribution of 7.

Algorithm 1 SLED

Require: Classifiers f1, f2; Data O; Task T; Samples N;
Steps max_steps; Thresholds p, o; Distance d
Ensure: Explanation £
1: if 7 is text then

2: O’ < Emb;(O); learn A: Emb; — Emby
3: else
4: A <« Identity
5: end if
6: Z17 o 0
7: for i = 1to 2N do
8: a < (—1)*; s ~ Random
9: for ¢t = 1 to max_steps do
10: ,CCE — o CE(f1 (5)7 f2 (.A(S)))
) =10 ifd(O,s) <pu+o
i B {— 0.05 otherwise
12: £<—£CE+ﬁd(O,S)
13: Update s via gradient step on £
14: end for

15: if « = 1 and arg max f1(s) = argmax f2(s) and
d(O,s) < p+ o then

16: Zo +— Za U {S}

17: else if « = —1 and arg max f1(s) # arg max fa(s)
and d(O, s) < p+ o then

18: Z1+— 71 U {8}

19: end if

20: end for

21: if T is text then

22: Generate subcategories via LLM; synthesize corpus C

23: for s € Z, U Z> do

24: Replace s with nearest neighbor in C

25: end for

26: end if

27: €= LLM(Z:1,%>)

28: return £

3.2 Approach

Our framework consists of two primary stages: (1)
synthetic sample learning, and (2) explanation gen-
eration. In the first stage, we generate two sets of
synthetic inputs: a set of divergent (Z7) and conver-
gent (Z2) samples. These sets are then passed to
the explanation generation stage, which produces
an explanation £ that captures the divergence and
convergence between the classifiers f; and fo. By
learning both divergent and convergent samples,
we aim to generate a precise explanation £ that
differentiates these areas effectively. The algorithm
for SLED can be found in Algorithm 1.

Synthetic Sample Learning for Structured
Tasks

We use an iterative, gradient-based procedure to
learn synthetic samples that capture model conver-
gence or divergence. Starting from a randomly
initialized sample s, we optimize a custom loss
L =oa-Lcg+ B+ Lreg, Where:
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A Cross-Entropy Loss, Lcg captures the di-
vergence or convergence between the mod-
els. We define cross-entropy loss Lcg = « -
CrossEntropy(fi(s), f2(s)), the cross entropy
from the output distribution of f; to f». By adjust-
ing o, we control the behavior of the optimization:

* o = 1: minimizing cross entropy encourages
convergence as optimization reduces the di-
vergence between f1(s) and f2(s))

* o =-1: maximizing cross entropy encourages
divergence as optimization increases the di-
vergence between f1(s) and f2(s))

A Regularization Loss, L, keeps samples
close to the original data distribution O, using the
Mahalanobis distance d(O, s): Leg = 5 - d(O, s)
The scaling factor g is dynamically adjusted based
on the current optimization state:

e If d(O,s) > u+ o, B is set to 10 to prioritize
minimizing Lreg.

» Ifd(O, s) < p+o, Bissetto 0.05 to prioritize
minimizing Lcg because d(O, s) is already
within the desired range.

Here, 11 and o denote the mean and standard devia-
tion of Mahalanobis distances computed across all
samples in O.

Optimization terminates when the models con-
verge (arg max f1(s) = argmax fa(s)) or diverge
(argmax fi(s) # arg max fa(s)), and d(O, s) <
i + o. We generate sets of A/ convergent (Z3) and
divergent (Z1) samples for explanation generation.
The regularization loss ensures that all synthetic
samples lie within a Mahalanobis distance of y+ o
from the original data distribution.

Synthetic Sample Learning for Text-based
Tasks

Extending the same optimization procedure to text-
based classifiers is non-trivial due to differences
in tokenization schemes across models, which re-
sult in distinct embedding spaces. To bridge this
gap, we learn an affine transformation .4 that maps
embeddings from the space of fi to that of fs.
Specifically, we perform regression on aligned
pairs of embeddings from both models and en-
sure that the learned transformation achieves an
average R? score of at least 0.85 across all pairs,
indicating a high-quality alignment. We then mod-
ify the cross-entropy loss as follows: Lcg =

CrossEntropy( f1(s), f2(A(s))). All other compo-
nents remain unchanged. Using this objective, we
learn a set of /' convergent sentence embeddings
71 and NV divergent sentence embeddings Z5.

To map the sentence embeddings to text samples,
we construct a synthetic corpus of task-relevant sen-
tences and retrieve the nearest sentences to the em-
beddings in Z; and Zs using cosine similarity. The
corpus is generated using a Data Generator LLM,
following prior work showing that LLMs can pro-
duce high-quality synthetic data for classification
tasks (Li et al., 2024, 2023). Given a classification
task 7, we first prompt the LLM to enumerate rep-
resentative subcategories that capture semantic or
behavioral variations—e.g., in hate speech detec-
tion: explicit hate speech, coded or euphemistic
hate, neutral factual content, and sarcastic or am-
biguous statements (see Table 9 for prompt). These
subcategories guide sentence generation. Using a
set O of few-shot examples drawn from the task 7T,
we prompt the LLM to generate 50 new samples
per subcategory (see Table 6 for prompt). The re-
sulting sentences are aggregated into an unfiltered
synthetic corpus. For each embedding in Z; and
Zs, we retrieve its nearest neighbor from the cor-
pus to form the final decoded sets, which reflect
the divergence and convergence patterns learned
by SLED and serve as inputs for explanation gener-
ation. Since these synthetic samples are retrieved
from a set of semantically valid, task-oriented ex-
amples generated by an LLM, this ensures that the
samples are meaningful, human-interpretable, and
aligned with the task.

Explanation Generation

Prior work has shown that LLMs can produce accu-
rate and interpretable explanations from structured
example sets by identifying and articulating un-
derlying patterns (R Menon and Srivastava, 2024;
Gat et al., 2023; Wang et al., 2024; Singh et al.,
2022; Siegel et al., 2025). Building on this, we
use an Explainer LLM to analyze the synthetic
samples learned in the previous step and generate
explanations that capture the behavioral differences
between models.

In a zero-shot setting, we prompt the LLM to
generate an explanation £ that captures the areas
of divergence and convergence between f; and
f2 based on the synthetic sample sets Z; and Zs.
The prompt is designed to elicit precise, faithful,
pattern-level descriptions that generalize to unseen
examples. The prompt for explanation generation
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can be found in Table 7. Examples of explanations
generated by SLED can be found in Table 1.

3.3 Evaluation Metrics

We evaluate the quality of our natural language
explanations using two widely recognized met-
rics in explainable Al: faithfulness and simulata-
bility. Faithfulness measures how well the expla-
nation reflects the true behavior of the models on
the examples used to generate the explanation (Ja-
covi and Goldberg, 2020). Simulatability assesses
whether the explanation enables accurate predic-
tion of model behavior on unseen samples (Hase
and Bansal, 2020). Our explanations characterize
the divergence and convergence between two clas-
sifiers. To evaluate them, we assess how well the
explanation predicts whether the classifiers will
converge or diverge on individual samples. Follow-
ing recent work demonstrating the effectiveness of
using LL.Ms as proxies for human evaluators in
explainability tasks (Poché et al., 2025; Bona et al.,
2024), we utilize a Predictor LLM, which is a
proxy for a human user, to predict classifier conver-
gence or divergence based solely on the explanation
and the input sample. We measure faithfulness by
evaluating how well the explanation captures true
classifier behavior on the synthetic samples used to
generate it. Specifically, we prompt the predictor
LLM with each synthetic sample and the gener-
ated explanation, asking it to predict whether the
classifiers will converge or diverge.

Faithfulness is computed as the fraction of pre-
dictions that match the actual convergence or di-
vergence between the models. To measure simu-
latability, we evaluate the explanation’s ability to
generalize to a set of unseen samples. We ensure
that this test set is balanced with respect to conver-
gent and divergent samples, as simulatability scores
should not reward degenerate explanation strate-
gies (e.g., always predicting divergence). For each
test sample, we prompt the predictor LLM with
the explanation and the input, and record whether
it correctly predicts model convergence or diver-
gence. Simulatability is defined as the fraction of
correct predictions on this balanced test set.

The evaluation of faithfulness was adapted to
each method’s explanation process using their best
configurations. LIME and Anchors used real-world
samples selected via sub-modular pick (SP), and
faithfulness was measured on these. MaNtLE used
its PF variant for better faithfulness, while SLED
used synthetic samples from its optimization. This

approach ensures each method is assessed fairly
and accurately on the data it generated explanations
from.

4 Experiments

In this section, we outline our experimental proce-
dures to evaluate SLED explanations.

4.1 Tasks

Our evaluation covers two categories of tasks:

Text-based Classification tasks: We use 3 tasks:
tweet hate-speech detection (Davidson et al., 2017),
multi-class sentiment analysis (Parvez, 2023), and
IMDB Movie Review polarity prediction (Maas
etal., 2011)

4.2 Classifiers

SLED is designed to generate explanations for struc-
tured and text-based classification tasks. So, we
include a diverse variety of ML models that can
be utilized as classifiers. For our experiments with
structured classification tasks, we use 4 models:
linear regression model, logistic regression model,
MLP classifier, and deep MLP classifier. For text-
based classification tasks, we use the following 7
transformer (Vaswani et al., 2023) based models:
bert-base-uncased and bert-large-uncased (Devlin
et al., 2019), distilbert-base-uncased (Sanh et al.,
2020), roberta-base (Liu et al., 2019), xIm-roberta-
base (Conneau et al., 2020), llama-3.2-1B, and
llama-3.2-1B Instruct (Grattafiori et al., 2024).

4.3 Baselines

Structured Classification Tasks: LIME approx-
imates local model behavior by fitting a linear
model to a classifier’s predictions on perturbed in-
puts sampled near a given example. While origi-
nally designed for single-model explanations, we
adapt LIME for model comparison by training a
divergence classifier to predict whether two clas-
sifiers converge or diverge on a given input. This
divergence classifier is trained on the full train-
ing set of the original models to ensure robustness.
We then apply LIME to explain the divergence
classifier’s predictions, yielding interpretable ex-
planations of model agreement and disagreement.
LIME generates high-precision, human-readable
rules. We apply Anchors to the same setting as
above, to the divergence classifier, to provide rule-
based interpretations of model convergence and
divergence. We also evaluate both MaNtLE and a
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Task Explanation

Hate Speech Detec-

Models diverge when the input expresses frustration, sarcasm, or ironic criticism of
tion societal issues like hate speech or discrimination. Models converge when the input
focuses on constructive dialogue, empathy, and actionable, respectful solutions.

Balance Scale

weight.

Models diverge when both distances are between 1 and 4, and at least one weight is
low (1-3), without any side having maximum values. Models converge when one side
has both distance and weight at 4 or 5, or when there is a clear extreme in distance or

Table 1: Examples of SLED explanations for hate speech detection (text-based task) and balance scale (structured

task). More examples can be found in Appendix D

Faithfulness Simulatability

Task SLED MaNtLE-PF Mantle LIME Anchors SLED MaNtLE-PF Mantle LIME Anchors

Wine Quality 097 +£0.06 050+£0.13 055+0.13 035+0.12 0.34+020 | 0.61+021 051+0.17 053+£0.08 042+0.12 0.32+0.18
MAGIC Gamma | 0.95+0.11 0.50+0.08 049+0.14 048+0.25 0.24+0.18|0.75+0.14 051+0.06 048+0.13 0.50+0.20 0.24+0.18
Rice 099 +0.03 052+0.11 051+0.14 053+0.16 0.18+0.16 | 0.79+0.16 0.49+0.13 049+0.14 053+0.12 0.26+0.13
Bank Note 0.69 £022 053+021 053+0.10 046+024 0.16+0.18|0.76 £020 052+0.18 0524+0.12 049+£023 0.18 +0.17
Adult 0.84+020 055+0.11 049+0.27 049+0.07 0.34+0.14|078+0.11 053+0.12 048+0.24 047+0.09 0.37+0.10
Bank Marketing | 0.68 +0.28 0.60 £0.20 048 +£0.15 0.50+0.10 0.61 £042 | 0.65+0.11 057+021 048+0.16 0.51+0.06 0.65+0.43
Car Evaluation 053 +£025 047x0.16 052+0.09 050£0.19 020+0.28 | 0.69 £0.16 044+0.19 0.50+0.07 048 £0.16 0.20=+0.12
Tic Tac Toe 0.53+027 049+0.11 051+0.11 048+0.18 0.36+0.19 | 0.66 +=0.06 0.46+0.09 0.50+0.08 0.49+0.14 0.30+0.18
Nursery 055+023 051+£011 050+£0.09 0.59+0.12 020+0.11 | 0.73+0.15 052+0.09 050£0.12 050+£0.10 0.34+0.16
Balance Scale 085+0.18 050+0.13 050+0.14 048+0.18 0.13+0.14 | 0.73+0.16 049 +0.09 0.51+£0.17 0.57+0.10 0.20+0.15
Overall ‘ 0.76 £ 018 0.52+0.13 0.51+£0.14 049+0.16 0.28+0.20 ‘ 072+ 013 050+0.13 0.50+0.13 0.50+0.13 0.31+0.18

Table 2: Faithfulness and simulatability scores for explanations across 10 different tasks. Results are averaged over
130 runs per task. Bold numbers indicate the best scores for each metric on a particular dataset. Scores indicate
mean + standard deviation.Scores are aggregated across various model pair configurations.

Effect of Sample Size on SLED Explanation Quality

1.0

0.9

0.8

0.7 -
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5 10 15 30 50 100

# input examples

Figure 2: Effect of sample size on SLED explanation
quality.

variant, MaNtLE-PF, which shows improved faith-
fulness. We generate explanations for both classi-
fiers and concatenate them to create the final expla-
nation.

Text-Based Classification Tasks: We use expla-
nations generated by an explainer LLM with full
access to the classifiers’ training data as a base-
line. We consider this a strong baseline given its
unrestricted access to the data. LIME, Anchors,
MaNtLE, and MaNtLE-PF were used as baselines
only for structured classification tasks and were not
used for text-based tasks, because of their limited
applicability in text-based tasks.

5 Results and Analyses

In this section, we discuss and analyze results from
experiments. For structured tasks, we report av-
erage performance across 130 runs, each employ-
ing different classifier configurations and training
subsets. For text tasks, we average results over
100 runs. All classifiers are trained to conver-
gence prior to explanation generation. We compare
SLED against several baselines: MaNtLE-PF, MaN-
tLE, LIME (submodule pick), Anchors (submodule
pick), and for text tasks, an LLM with full access
to training data.

5.1 Faithfulness

SLED explanations are significantly more faith-
ful to divergent and convergent model behavior
than all baselines. On structured tasks (Table 2),
SLED explanations achieve significantly higher
faithfulness scores: 24% more than MaNtLE-PF,
25% more than MaNtLE, 27% more than LIME
and 48% more than Anchors. In text classifica-
tion tasks (Table 3), SLED explanations are 18%
more faithful than the LLM baseline. SLED expla-
nations demonstrate consistent faithfulness across
all tasks. These improvements are statistically sig-
nificant (paired t-test, p < 0.01), confirming that
SLED, through its use of both divergent and conver-

28742



Task Faithfulness Simulatability

SLED LLM Explanations SLED LLM Explanations
Hate Speech Detection  0.78 &+ 0.11 0.66 £ 0.10 0.70 = 0.12 0.63 £ 0.08
IMDB Movie Reviews  0.81 + 0.10 0.54 4+ 0.06 0.67 + 0.11 0.54 4+ 0.09
Sentiment Analysis 0.74 £ 0.12 0.47 £0.08 0.67 £ 0.12 0.38 £0.12
Overall 0.77 £ 0.11 0.59 £0.13 0.67 + 0.16 0.57 £ 0.16

Table 3: Faithfulness and simulatability scores across 3 tasks, comparing SLED and LLM-generated explanations.
Results are averaged over 100 runs. Bold values indicate the best performance for each task. Scores indicate mean +
standard deviation.Scores are aggregated across various model pair configurations.

Explainer LLM  Faithfulness Simulatability " Original Training Set
" . S |
GPT-40 mini 0.74+0.14 074 40.14 o e anobis
GPT-4.1 mini 0.77 £ 0.27 0.71 £ 0.15 "a ., *  Regularization
GPT-40 0.76 £0.18 0.72 £0.13 = . VF\(itholut Mahalanobis
GPT-4.1 0.854+020  0.74+0.13 - . egularization
(1)
o~ " - ‘-. -
Table 4: Faithfulness and Simulatability of SLED Ex- 4 . . " "_ P
planations across various explainer LLMs. GPT-40 was S 2 _'. :
used for all experiments in Tables 2 and 3. Scores indi- . . La LA
cate mean + standard deviation. A . ast ‘::’ %
. : ) ‘A “A A
s sk
gent synthetic samples,‘ more accurately captures -

the true behavior of the models under comparison.

5.2 Simulatability

SLED explanations reliably capture and general-
ize the convergence and divergence behavior of
classifiers on real-world samples. Tables 2 and 3
show that SLED explanations significantly outper-
form all other approaches in terms of simulatability
(paired t-test, p < 0.01), indicating robust general-
ization to unseen real-world data. In particular, we
note that SLED explanations achieve simulatabil-
ity scores that are 22% higher than MaNtLE-PF,
MaNtLE, and LIME, and 41% higher than An-
chors. Similarly, in text-based tasks, the perfor-
mance from SLED exceeds the LLM baseline per-
formance by 10% in simulatability. These results
demonstrate that the patterns captured by SLED
are not only faithful on synthetic samples but also
translate into more accurate predictive alignment
on new, unseen data. Next, we look at a series of
ablation studies that provide insights into SLED ’s
performance.

5.3 Ablations

How does the choice of the Explainer LLM
affect the quality of the explanations?

We evaluate the impact of varying the explainer
LLM used to generate SLED explanations, while

PC1

Figure 3: PCA projections of training set examples and
SLED learned samples, with and without regularization.

keeping all other components constant. All stan-
dard experiments reported in Tables 2 and 3 were
conducted using GPT-4o.

In Table 4, we observe that faithfulness scores
range from 0.74 (GPT-40 mini) to 0.85 (GPT-4.1).
Using a smaller LLM than GPT-40 does not signif-
icantly affect the faithfulness score (paired t-test;
p-value > 0.01). However, employing a more capa-
ble LLM like GPT-4.1 leads to higher faithfulness.
Simulatability scores also remain within a narrow
range (0.71-0.74) across all explainer models, sug-
gesting that the generated explanations generalize
equally well to unseen test instances. The consis-
tency of both metrics indicates that SLED is robust
to the choice of explainer LLM. Even smaller mod-
els like GPT-40 mini are sufficient for generating
high-quality explanations, making SLED practical
for low-resource settings.

How does the number of samples used for
generating the explanation affect its quality?

To examine how the number of input examples in-
fluences explanation quality, we vary the number
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Task Name SLED Explanations Without Regularization Loss
Faithfulness Simulatability Faithfulness Simulatability
Wine Quality Dataset 0.97 + 0.05 0.61 + 0.21 0.85 £0.10 0.53 £0.16
MAGIC Gamma Telescope  0.95 £ 0.11 0.75 + 0.14 0.71 £0.18 0.50 £ 0.05
Rice 0.99 + 0.03 0.79 + 0.16 0.92 4+ 0.07 0.53 4+ 0.09
Bank Note Auth 0.69 + 0.22 0.75 + 0.21 0.60 4+ 0.23 0.63 +0.20
Adult 0.84 + 0.20 0.78 + 0.11 0.51 £ 0.21 0.53 +0.07
Bank Marketing 0.68 + 0.28 0.65 + 0.11 0.52 +0.20 0.51 +0.03
Car Evaluation 0.54 + 0.25 0.70 + 0.16 0.39 +0.17 0.50 + 0.07
Tic Tac Toe 0.53 +0.28 0.66 £ 0.06 0.454+0.23 0.49 4+ 0.08
Nursery 0.55 + 0.24 0.73 + 0.15 0.52 +0.19 0.50 +0.11
Balance Scale 0.85 + 0.18 0.73 + 0.16 0.63 +£0.20 0.50 + 0.09

Table 5: Faithfulness and simulatability of SLED explanations with and without regularization loss. Scores indicate

mean * standard deviation.

of synthetic convergent and divergent samples pro-
vided to the explanation model and measure the
resulting faithfulness and simulatability scores. As
shown in Figure 2, we observe a clear trend: in-
creasing the number of input examples beyond 50
does not improve explanation faithfulness. Inter-
estingly, very high faithfulness scores are achieved
even with as few as 5 examples. This may be be-
cause the LLM tends to explicitly describe each
sample in the explanation rather than abstracting
general patterns of convergence and divergence.
Providing more than 50 examples appears to in-
troduce noise, leading to a decline in faithfulness.
Notably, explanations generated with as few as 30
examples yield competitive faithfulness and near-
maximal simulatability.

How does the regularization loss impact the
quality of the synthetic samples and the
explanation?

To assess the impact of the regularization loss Lyeg
on generating high-quality synthetic samples, we
generate SLED explanations for all structured clas-
sification tasks without applying L,. As shown
in Table 5, explanation quality drops significantly
when the regularization component is removed.
Specifically, we observe a 14% decrease in faith-
fulness and a 19% drop in simulatability. Figure 3
further demonstrates that omitting the regulariza-
tion loss causes synthetic samples to fall outside
the original training data distribution. In such cases,
SLED tends to produce edge-case examples. In con-
trast, applying regularization yields samples that
better reflect the training distribution, resulting in
more coherent and faithful explanations.

5.4 Human Evaluation

To evaluate the quality of SLED explanations, we
assess their understandability, informativeness, and
perceived utility. We also examine whether humans
can use SLED explanations to accurately predict
model divergence or convergence.

We define understandability as how clear and
comprehensible the explanations are in the given
context. Informativeness measures whether the
explanations reveal meaningful patterns of conver-
gence and divergence between the models, rather
than merely describing the provided samples. Per-
ceived utility reflects participants’ confidence in
classifying new samples as divergent or convergent
based on the explanation.

We recruited 10 participants, all pursuing at least
an undergraduate degree in Computer Science, to
rate SLED explanations on a 1-5 Likert scale for un-
derstandability, informativeness, and perceived util-
ity. Additionally, participants were shown SLED ex-
planations and asked to predict whether the models
would converge or diverge on individual samples.
We find that SLED explanations achieve a simu-
latability score of 63.5% with real human users.
On average, participants rated the explanations
highly: understandability at 3.86/5, informative-
ness at 4.61/5, and perceived utility at 3.87/5.

6 Conclusion

We present SLED , a framework for generating
faithful natural language explanations of where
two machine learning models converge and diverge,
with minimal access to training data. SLED com-
bines gradient-based generation of synthetic con-
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vergent/divergent samples with LLM-based expla-
nation generation to produce high-quality, faithful
explanations. On evaluations across 13 datasets and
11 model configurations, SLED consistently outper-
forms baselines such as MaNtLE, LIME, Anchors,
and explainer LLMs with access to the training
set, achieving 18-24% improvements in faithful-
ness and 10-22% gains in simulatability. Through
ablation studies, we demonstrate that: (1) a regu-
larization loss encourages realistic synthetic sam-
ples and enhances explanation quality; (2) SLED is
sample-efficient, requiring as few as 10 examples;
and (3) explanation quality is robust to the choice
of LLM, including smaller models. User studies
also reveal that SLED explanations achieve a real-
world simulatability score of 63.5%. Participants
also found SLED explanations understandable, in-
formative, and useful in classifying new samples
Looking ahead, future work can include extend-
ing SLED to multi-model tasks, and interactive set-
tings where users can pose follow-up “why” ques-
tions on-the-fly. Integrating stronger safeguards
against potential misuse, such as revealing sensi-
tive failure modes, is another important direction.

Limitations

SLED is only applicable to ML models that are
differentiable because of our reliance on gradient-
based optimization to learn synthetic samples. Our
framework also heavily relies on the capabilities of
LLMs. The diversity and coverage of synthetic in-
puts for the text-based tasks depend on the LLM’s
ability to generate realistic and varied task-relevant
samples. We evaluate SLED only on classification
tasks; applicability to generative tasks remains un-
explored. If the synthetic samples generated by
SLED are overly similar to the training data, the
resulting explanations may fail to capture model
behavior on truly out-of-distribution inputs. In ad-
dition, our human evaluation was limited in demo-
graphic diversity, and a broader participant base
would have been more beneficial.
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pre-trained models, which are beyond the scope of
this study.
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Prompt Template for Example Generation

Given a subcategory, your task is to generate
30 new sentences that exemplify it. Ensure
that the generated sentences are human-like
and closely match the style and register of
the following examples:
{few_shot_examples}

The generated samples should strictly ad-
here to the given subcategory and follow the
same style and format as the examples.
Subcategory: {subcategory}

Sentences:

Table 6: Prompt used to generate sentence examples for
a given subcategory, based on few-shot examples.

Appendix

In the appendix, we add the prompts used across
all LLMs, hyperparameter details, libraries, and
examples of explanations generated using SLED .

A Prompts

The prompts for: generating synthetic samples can
be found in Table 6, generating explanations can
be found in Table 7,and generating subcategories
can be found in Table 9

B Hyperparameter Details

Here, we outline the hyperparameters that have
been used across various stages of SLED . Table 8
includes details about the sample learning algo-
rithm, training classifiers, LLMs used, and hard-
ware requirements.

C Libraries

We implement all classifiers using PyTorch. The
sample learning stage of SLED was also imple-
mented using PyTorch. We use the Huggingface
library for all pre-trained models. Classifiers were
trained with full precision until their performance
could no longer be improved. We use the Ope-
nAl API to make calls to GPT-40 mini, GPT-4o0,
GPT-4.1 mini, and GPT-4.1.

D Examples of SLED Explanations

Wine Quality

The models diverge when the combination of
volatile acidity is at least 0.08 and at most 0.554,

citric acid is at most 0.654, and pH is at least 2.769
and at most 3.7778, with at least one of the follow-
ing: total sulfur dioxide is at most 294.18 and free
sulfur dioxide is at most 85.96, or density is at least
0.9892 and at most 1.0052 with residual sugar at
least 1.05 and at most 26.81, and sulphates is at
least 0.22 and at most 1.147, while alcohol is at
least 8.0 and at most 9.3; these conditions interact
such that moderate to high acidity, variable sugar,
and a wide pH range combine with either low to
moderate sulphur dioxide or higher density and sul-
phates, creating ambiguous chemical profiles. The
models converge when volatile acidity is at least
0.0845 and at most 0.5809, citric acid is at least
0.00498 and at most 0.654, pH is at least 2.775 and
at most 3.5107, and the interaction of total sulfur
dioxide at least 7.73 and at most 294.47 with free
sulfur dioxide at least 1.29 and at most 85.96, den-
sity at least 0.9900 and at most 1.0052, residual
sugar at least 1.05 and at most 26.81, sulphates
at least 0.248 and at most 0.846, and alcohol at
least 8.0069 and at most 11.2154, results in chemi-
cal profiles where the relationships among acidity,
sulphur compounds, and sugar content are more
consistent and less ambiguous, leading to model
agreement.

MAGIC Gamma Telescope

The models diverge when the combination of fDist
less than or equal to 250 and either fLength less
than or equal to 35 or fWidth less than or equal to
12 is present, especially when these are paired with
fSize less than or equal to 2.7 and at least one of
the following: fConc greater than or equal to 0.43,
fConcl greater than or equal to 0.29, or fAlpha
greater than or equal to 66. In these cases, the inter-
action of compact spatial features, moderate to high
concentration values, and high orientation angles
leads to disagreement. The models converge when
fDist is greater than 250 regardless of other fea-
tures, or when fDist is less than or equal to 250 but
both fLength and fWidth exceed 35 and 12 respec-
tively, or when fSize is greater than 2.7 and fConc
and fConcl are both less than 0.43 and 0.29, with
fAlpha below 66, resulting in agreement due to the
presence of more distributed spatial characteristics,
lower concentration, and moderate orientation.

Rice

The models diverge when the combination of a Ma-
jor Axis Length between 145 and 232, a Minor
Axis Length below 90, and an Eccentricity above
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Prompt Template for Explanation Generation

You are given two sets of samples:
Divergent Samples:
{divergent_list}

Convergent Samples:
{convergent_list}

The explanation must:

COl’lVCI'gCIlt ones.

ones.

Format your explanation as follows:

and human-understandable explanation.

Divergent samples are those where two machine learning models produce different predictions.
Convergent samples are those where the models produce the same predictions.

Your task is to generate a natural language explanation that identifies the general patterns or
characteristics that distinguish divergent samples from convergent ones.

* Clearly describe the shared properties or features that cause the models to diverge.
* Clearly describe the shared properties or features that lead the models to converge.

» Ensure that the identified divergence patterns apply to all divergent samples and none of the

* Ensure that the convergence patterns apply to all convergent samples and none of the divergent

* Be generalizable — it should apply to unseen samples with similar characteristics.

“The models diverge when ... The models converge when ...”
Do not refer to or quote the samples directly. Focus only on the abstract, generalizable patterns
behind the divergence and convergence. Generate a single short paragraph with a detailed, precise,

Table 7: Prompt used to generate a generalizable explanation for model divergence and convergence based on

synthetic samples generated by SLED .

0.93 occurs together, particularly when Area is be-
tween 7,900 and 16,500 and Extent is below 0.7,
indicating elongated shapes with narrow widths and
high eccentricity, often accompanied by relatively
low Extent values. The models converge when ei-
ther the Minor Axis Length is at least 90 regardless
of Eccentricity, or when Eccentricity is below 0.93
even if the Minor Axis Length is less than 90, and
these patterns are found across a broad range of
Area and Extent values, reflecting more balanced
or less elongated shapes where the relationship be-
tween axis lengths and eccentricity does not reach
the critical thresholds that trigger disagreement.

Bank Note

The models diverge when variance is greater than or
equal to 0, regardless of the values of skewness, cur-
tosis, and entropy, or when variance is less than 0
but entropy is greater than or equal to 0, indicating

that either a non-negative variance or the combina-
tion of negative variance with non-negative entropy
leads to disagreement. The models converge when
variance is less than O and entropy is less than O,
showing that only the joint presence of negative
variance and negative entropy produces consistent
agreement, regardless of the values of skewness
and curtosis.

Bank Marketing

The models diverge when the individual is married,
has an education level of ’tertiary’, and is contacted
in the months of May or June, with age between
18 and 34.5, duration less than or equal to 191.8,
and previous contacts less than or equal to 2.2,
regardless of balance, job, or housing status, and
with ’poutcome’ being either ’success’ or “other’.
The models converge when these conditions are not
simultaneously met, specifically when education is
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Component Details
Sample Learning
Ifd>u+o B =10
fd<u+o B =10.05
Convergent samples a=1
Divergent samples a=-—1
# Divergent samples A = 30
# Convergent samples N = 30
Optimizer Adam
Adam Betal 0.9
Adam Beta2 0.999
Classifier Settings
Learning Rate le-5
Batch Size 10
LR Scheduler Linear
Warmup Steps 500
LLMs Used
Explainer LLM GPT-40
Predictor LLM GPT-40
Data Generator LLM ~ GPT-4.1
Hardware 2x A6000 GPUs

(48 GB VRAM each)

Table 8: Training settings, LLM configuration, and hard-
ware requirements

not ’tertiary’ or marital status is not “married’, or
when age is above 34.5, or when duration exceeds
191.8, or when previous contacts are greater than
2.2, or when the month is not May or June, or when
poutcome’ is *failure’ or ’other’ in the absence of
the other criteria, reflecting a holistic interaction
where the combination of marital status, education,
age, timing, and engagement history determines
model agreement.

Tic Tac Toe

The models diverge when the board contains at
least five squares marked with ’x’, at least three
squares marked with ’b’, and the 'middle-middle-
square’ is always ’o’, with no row, column, or diag-
onal fully occupied by a single symbol; this config-
uration creates ambiguous board states where the
distribution of ’x’, ’0’, and ’b’ prevents a clear win
or block, leading to different model interpretations.
The models converge when the board features a mix
of ’x’, ’0’, and ’b’ such that the *middle-middle-
square’ is not consistently "o’, and the arrangement
allows for either a clear line of three identical sym-
bols or an unambiguous path to victory or block,
resulting in both models producing the same pre-
diction due to the determinacy of the board state.

Nursery

The models diverge when the combination of "hous-
ing’ is *convenient’ or ’less conv’, ’finance’ is ’con-
venient’, ’social’ is 'nonprob’, and "health’ is either

Prompt Template for Subcategory Genera-

tion

Given a classification task. Generate a di-
verse and representative set of fine-grained
subcategories that capture distinct behav-
ioral or semantic variations within the task
domain. The subcategories should capture
meaningful differences and variations in
context, expression, and intent. The subcate-
gories should capture all polarities involved
in the task. Make sure the list of subcate-
gories you generate is exhaustive. The list
you generate should contain at least 10 sub-
categories.

For example:

Task: Hate Speech Detection
Subcategories: {Examples of subcategories
in hate speech detection}

Now:

Task: Task T

Subcategories:

Table 9: Prompt used to generate fine-grained, polarity-
aware subcategories for classification tasks.

recommended’ or ’priority’, regardless of the val-
ues of ’parents’, "has nurs’, *form’, or ’children’,
or when “housing’ is convenient’, ’finance’ is ’in-
conv’, ’social’ is ’slightly prob’, and health’ is
“priority’. The models converge when any of these
feature interactions are not present, such as when
"housing’ is ’critical’, or when ’finance’ is “inconv’,
or when ’social’ is not 'nonprob’, or when ’health’
is 'not recom’, or when the combination of "hous-
ing’, ’finance’, ’social’, and "health’ does not match
the specific patterns described for divergence.

Balance Scale

The models diverge when both the right-distance
and left-distance are within the range of 1 to 4
and at least one of the weights (right-weight or
left-weight) is 1, 2, or 3, with no side having both
distance and weight simultaneously at their maxi-
mum values of 5; this pattern often involves combi-
nations where neither side dominates in both dis-
tance and weight, and low or moderate values are
distributed across features. The models converge
when at least one side—either right or left—has
both distance and weight at 4 or 5, or when the
interaction of distances and weights across both
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sides includes at least one feature at its maximum
or minimum (1 or 5), creating a clear dominance or
balance that leads to consistent model predictions.

IMDB Movie Reviews

The models diverge when the input contains strong
emotional reactions to films, offering either ex-
treme praise or harsh criticism. These inputs em-
phasize a clear sentiment and often highlight a stark
contrast between outstanding acting and a weak
plot. The models converge when the input takes a
more balanced tone, acknowledging both strengths
and weaknesses in the film. These inputs provide
nuanced critiques, recognizing redeeming qualities
alongside flaws without intense emotional polariza-
tion.

Sentiment Analysis

The models diverge when the input expresses per-
sonal experiences and emotional reactions, mixing
positive and negative sentiments about situations
like receiving packages, attending events, or us-
ing technology. These inputs highlight subjective
viewpoints and individual feelings such as frustra-
tion, disappointment, or satisfaction. The models
converge when the input presents neutral, factual
statements or descriptions of mundane activities
without emotional depth. These inputs lack per-
sonal reflection and focus on objective reporting
rather than subjective experiences.

Hate Speech Detection

The models diverge when the input expresses frus-
tration, sarcasm, or criticism toward societal issues
such as hate speech, discrimination, and cultural
behaviors. These inputs often use irony or humor to
highlight hypocrisy or absurdity in social attitudes.
The models converge when the input centers on
constructive discussions, advocacy, and respectful
dialogue. These inputs emphasize unity, empathy,
and actionable solutions to address hate and dis-
crimination without using sarcasm or negativity.

E User Study

The following questions were presented to the par-
ticipants:

* Simutalability: Based on the provided expla-
nation, classify the sample as convergent or
divergent.

¢ Understandability: On a scale of 1-5, how
understandable are these explanations?

» Informativeness: On a scale of 1-5, how use-
ful are these explanations in capturing diver-
gence/convergence patterns across models?

* Percieved Utility: On a scale of 1-5, how
confident are you that you can classify a new
samples as divergent or convergent based on
the provided explanation.

F Synthetic Samples and Explanations

F.1 Wine Quality
Faithfulness: 0.84

Explanation: The classifiers diverge when en-
countering samples that exhibit a distinctive profile
characterized by a fixed acidity ranging from 5.13
to 11.40, with a notable presence of citric acid
between 0.21 and 0.77, which contributes to a bal-
anced flavor profile. These samples typically have
a volatile acidity between 0.1 and 0.4, suggesting
a moderate level of acidity that complements the
overall taste. Residual sugar levels are consistently
elevated, spanning from 13.31 to 25.44, indicating
a sweeter profile that harmonizes with the acidity.
Chlorides remain low, generally under 0.04, while
free sulfur dioxide levels vary from 3.3 to 82.79, re-
flecting a careful preservation approach. The total
sulfur dioxide content ranges from 8.17 to 283.33,
supporting the wine’s stability and longevity. Den-
sity values hover around 0.99 to 1.01, and pH levels
are maintained between 2.74 and 3.31, reinforcing
the wine’s freshness and crispness. Alcohol con-
tent is moderate, ranging from 8.01 to 12.20, which
aligns well with the overall flavor profile, creating
a well-rounded and enjoyable tasting experience.
This combination of features creates a unique and
appealing character that distinctly defines the posi-
tive samples, making them easily identifiable and
classifiable. The classifiers converge when samples
do not fit this distinctive profile.

Divergent Samples:

 {fixed_acidity: 6.11, volatile_acidity: 0.16,
citric_acid: 0.21, residual_sugar: 21.2, chlo-
rides: 0.01, free_sulfur_dioxide: 48.52, to-
tal_sulfur_dioxide: 260.76, density: 1.0, pH:
2.91, sulphates: 0.26, alcohol: 8.03}

* {fixed_acidity: 9.18, volatile_acidity: 0.27,
citric_acid: 0.48, residual_sugar: 21.4, chlo-
rides: 0.03, free_sulfur_dioxide: 23.18, to-
tal_sulfur_dioxide: 98.44, density: 1.01, pH:
2.94, sulphates: 0.49, alcohol: 8.28}
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* {fixed_acidity: 8.52, volatile_acidity: 0.1, cit- * {fixed_acidity: 11.33, volatile_acidity: 0.13,

ric_acid: 0.77, residual_sugar: 16.9, chlo- citric_acid: 0.51, residual_sugar: 1.51, chlo-
rides: 0.01, free_sulfur_dioxide: 37.58, to- rides: 0.02, free_sulfur_dioxide: 1.86, to-
tal_sulfur_dioxide: 146.18, density: 1.0, pH: tal_sulfur_dioxide: 7.3, density: 0.99, pH:
2.74, sulphates: 0.35, alcohol: 8.01} 2.84, sulphates: 0.32, alcohol: 9.95}

* {fixed_acidity: 9.06, volatile_acidity: 0.22, « {fixed_acidity: 10.04, volatile_acidity: 0.47,
citric_acid: 0.56, residual_sugar: 14.23, chlo- citric_acid: 0.36, residual_sugar: 9.34, chlo-
rides: 0.02, free_sulfur_dioxide: 17.7, to- rides: 0.14, free_sulfur_dioxide: 5.9, to-
tal_sulfur_dioxide: 135.77, density: 1.0, pH: tal_sulfur_dioxide: 12.51, density: 1.0, pH:
2.89, sulphates: 0.29, alcohol: 8.01} 2.92, sulphates: 0.64, alcohol: 8.03}

» {fixed_acidity: 5.82, volatile_acidity: 0.11,
citric_acid: 0.41, residual_sugar: 14.42, chlo-
rides: 0.01, free_sulfur_dioxide: 61.48, to-
tal_sulfur_dioxide: 251.64, density: 0.99, pH:
2.85, sulphates: 0.26, alcohol: 8.13}

* {fixed_acidity: 6.69, volatile_acidity: 0.12,
citric_acid: 0.34, residual_sugar: 10.64, chlo-
rides: 0.01, free_sulfur_dioxide: 45.06, to-
tal_sulfur_dioxide: 223.43, density: 0.99, pH:
2.95, sulphates: 0.39, alcohol: 8.42}

 {fixed_acidity: 11.07, volatile_acidity: 0.29, —— ) ——
citric_acid: 0.74, residual_sugar: 16.97, chlo- * {'ﬁX'ed_a.Cldlty. 7‘85,’ volatile_acidity: 0.17,
rides: 0.04. free sulfur dioxide: 12.23. to- citric_acid: 0.47, residual_sugar: 11.68, chlo-
tal_sulfur_dioxide: 121.01, density: 1.0, pH: rides: 0.02, free_sulfur_dioxide: 54.28, to-

3.05, sulphates: 0.55, alcohol: 9.28) tal_sulfur_dioxide: 181.34, density: 1.0, pH:
2.84, sulphates: 0.26, alcohol: 8.01}

 {fixed_acidity: 8.93, volatile_acidity: 0.15,

citric_acid: 0.63, residual_sugar: 15.92, chlo- e {fixed_acidity: 7.55, volatile_acidity: 0.59,
rides: 0.02, free_sulfur_dioxide: 16.84, to- citric_acid: 0.26, residual_sugar: 16.57, chlo-
tal_sulfur_dioxide: 109.73, density: 1.0, pH: rides: 0.01, free_sulfur_dioxide: 19.14, to-
2.83, sulphates: 0.31, alcohol: 8.37} tal_sulfur_dioxide: 38.98, density: 1.0, pH:

3.19, sulphates: 0.64, alcohol: 8.09}
* {fixed_acidity: 8.58, volatile_acidity: 0.1, cit-

ric_acid: 0.52, residual_sugar: 22.83, chlo-  {fixed_acidity: 9.21, volatile_acidity: 0.52,
rides: 0.01, free_sulfur_dioxide: 47.08, to- citric_acid: 0.44, residual_sugar: 11.29, chlo-
tal_sulfur_dioxide: 270.74, density: 1.0, pH: rides: 0.02, free_sulfur_dioxide: 13.96, to-
2.83, sulphates: 0.29, alcohol: 8.03} tal_sulfur_dioxide: 33.78, density: 1.0, pH:

- . - . 3.03, sulphates: 0.29, alcohol: 8.1}
* {fixed_acidity: 9.51, volatile_acidity: 0.4, cit-

ric_acid: 0.58, residual_sugar: 13.71, chlo- « {fixed_acidity: 7.84, volatile_acidity: 0.29,
rides:  0.02, free_sulfur_dioxide: 3.3, to- citric_acid: 0.23, residual_sugar: 7.12, chlo-
tal_sulfur_dioxide: 163.11, density: 1.0, pH: rides: 0.07, free_sulfur_dioxide: 47.37, to-
3.0, sulphates: 0.3, alcohol: 8.04} tal_sulfur_dioxide: 72.84, density: 0.99, pH:

« {fixed_acidity: 9.62, volatile_acidity: 0.22, 3.31, sulphates: 0.87, alcohol: 12.69}

citric_acid: 0.61, residual_sugar: 17.62, chlo-
rides: 0.01, free_sulfur_dioxide: 34.98, to-
tal_sulfur_dioxide: 216.92, density: 1.0, pH:
2.81, sulphates: 0.25, alcohol: 8.01}

* {fixed_acidity: 8.23, volatile_acidity: 0.45,
citric_acid: 0.25, residual_sugar: 11.29, chlo-
rides: 0.02, free_sulfur_dioxide: 26.92, to-
tal_sulfur_dioxide: 100.18, density: 1.0, pH:

Convergent Samples: 3.24, sulphates: 0.39, alcohol: 8.17}

* {fixed_acidity: 10.71, volatile_acidity: 0.53,  {fixed_acidity: 6.35, volatile_acidity: 0.35,
citric_acid: 0.56, residual_sugar: 10.31, chlo- citric_acid: 0.13, residual_sugar: 16.77, chlo-
rides: 0.1, free_sulfur_dioxide: 5.03, to- rides: 0.04, free_sulfur_dioxide: 73.0, to-
tal_sulfur_dioxide: 61.99, density: 1.0, pH: tal_sulfur_dioxide: 119.71, density: 1.0, pH:
2.96, sulphates: 0.64, alcohol: 8.07} 3.02, sulphates: 0.47, alcohol: 10.06}
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F.2 MAGIC Gamma

Faithfulness: 0.94

Explanation: The classifiers diverge when en-
countering samples that exhibit a distinctive pat-
tern characterized by dimensions with lengths rang-
ing from approximately 6.26 to 140.86 and widths
from about 0.51 to 63.07, suggesting a compact
and slender morphology. These samples typically
possess sizes between 1.96 and 3.92, indicating a
moderate scale that aligns with their dimensions.
The concentration values, both fConc and fConcl,
are generally low, with fConc values falling be-
tween 0.021 and 0.707 and fConcl values ranging
from 0.002 to 0.376, reflecting a tendency towards
lower density characteristics. The asymmetry val-
ues, fAsym, vary widely but often fall within the
range of -165.53 to 207.44, indicating a diverse
range of shapes, while the fM3Long and fM3Trans
values suggest a complex internal structure, with
fM3Long values typically between -134.53 and
112.33 and fM3Trans values from -87.86 to 60.27.
The alpha values, which range from approximately
43.20 to 81.09, further emphasize the unique struc-
tural properties of these samples. Additionally, the
distances, fDist, span from about 15.62 to 389.29,
indicating a variety of spatial distributions. Collec-
tively, these features create a cohesive profile that
defines the positive samples, distinguishing them
from negative counterparts through their compact
size, low density, and diverse asymmetry, mak-
ing them identifiable in new, unseen data. The
classifiers converge when samples do not fit this
distinctive pattern.

Divergent Samples:

e {fLength: 25.4, fWidth: 2.56, fSize: 2.94,
fConc: 0.09, fConcl: 0.04, fAsym: -89.08,
fM3Long: -63.26, fM3Trans: 25.94, fAlpha:
43.2, {Dist: 102.61}

* {fLength: 41.23, fWidth: 3.59, fSize: 2.95,
fConc: 0.11, fConcl: 0.03, fAsym: -85.98,
fM3Long: 47.34, fM3Trans: 34.81, fAlpha:
46.26, fDist: 24.02}

* {fLength: 45.52, fWidth: 9.49, {Size: 3.16,
fConc: 0.18, fConcl: 0.03, fAsym: -165.53,
fM3Long: -52.43, fM3Trans: 36.74, fAlpha:
53.28, {Dist: 220.74}

e {fLength: 13.19, fWidth: 4.36, {fSize: 2.99,
fConc: 0.19, fConcl: 0.03, fAsym: 65.89,

fM3Long: -53.57, fM3Trans: -7.62, fAlpha:
53.64, fDist: 15.62}

* {fLength: 50.8, fWidth: 9.23, fSize: 2.75,
fConc: 0.39, fConcl: 0.19, fAsym: -66.35,
fM3Long: 8.0, fM3Trans: 0.09, fAlpha:
74.52, fDist: 296.37}

* {fLength: 140.86, fWidth: 26.92, {Size: 3.05,
fConc: 0.22, fConcl: 0.13, fAsym: -34.32,
fM3Long: 70.71, fM3Trans: 35.97, fAlpha:
58.05, tDist: 203.44}

* {fLength: 41.56, fWidth: 10.51, fSize: 2.85,
fConc: 0.02, fConcl: 0.01, fAsym: 161.98,
fM3Long: 22.25, fM3Trans: 1.64, fAlpha:
51.75, fDist: 202.45}

* {fLength: 11.21, fWidth: 10.26, fSize: 3.29,
fConc: 0.17, fConcl: 0.05, fAsym: 140.28,
fM3Long: 112.33, fM3Trans: -1.84, fAlpha:
62.91, fDist: 121.89}

* {fLength: 6.26, fWidth: 2.05, fSize: 1.96,
fConc: 0.46, fConcl: 0.31, fAsym: 160.94,
fM3Long: -10.24, fM3Trans: 40.21, fAlpha:
76.14, tDist: 19.08}

* {fLength: 22.43, fWidth: 5.9, fSize: 2.51,
fConc: 0.13, fConcl: 0.02, fAsym: -19.86,
fM3Long: 107.2, fM3Trans: 25.55, fAlpha:
58.41, tDist: 193.56}

Convergent Samples:

* {fLength: 109.19, fWidth: 36.15, {Size: 3.25,
fConc: 0.33, fConcl: 0.17, fAsym: -143.84,
fM3Long: 16.55, fM3Trans: 10.89, fAlpha:
44.55, fDist: 316.14}

* {fLength: 65.97, fWidth: 34.36, {Size: 2.68,
fConc: 0.31, fConcl: 0.12, fAsym: -210.99,
fM3Long: -100.89, fM3Trans: 34.42, fAlpha:
22.05, fDist: 350.74}

* {fLength: 94.67, fWidth: 54.87, {Size: 3.29,
fConc: 0.04, fConcl: 0.04, fAsym: -221.32,
fM3Long: -53.0, fM3Trans: 27.1, fAlpha:
25.47, fDist: 199.49}

* {fLength: 27.71, fWidth: 24.87, {Size: 2.53,
fConc: 0.39, fConcl: 0.12, fAsym: 32.83,
fM3Long: 88.38, fM3Trans: 23.62, fAlpha:
45.45, fDist: 104.09}
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* {fLength: 66.96, fWidth: 28.97, fSize: 3.74,
fConc: 0.26, fConcl: 0.14, fAsym: -23.99,
fM3Long: 72.42, fM3Trans: 67.6, fAlpha:
24.12, fDist: 283.52}

e {fLength: 113.81, fWidth: 15.64, fSize: 2.88,
fConc: 0.29, fConcl: 0.09, fAsym: -171.73,
fM3Long: -60.98, fM3Trans: -15.34, fAlpha:
21.6, fDist: 258.8}

* {fLength: 79.83, fWidth: 17.95, fSize: 2.14,
fConc: 0.67, fConcl: 0.39, fAsym: 48.33,
fM3Long: -89.49, fM3Trans: 66.06, fAlpha:
65.97, tDist: 227.17}

* {fLength: 60.37, fWidth: 33.59, fSize: 3.52,
fConc: 0.3, fConcl: 0.11, fAsym: -82.88,
fM3Long: -98.04, fM3Trans: -15.34, fAlpha:
84.24, fDist: 201.47}

o {fLength: 108.53, fWidth: 19.74, fSize: 2.67,
fConc: 0.55, fConcl: 0.26, fAsym: -217.19,
fM3Long: -3.97, fM3Trans: -8.01, fAlpha:
18.36, fDist: 298.34}

o {fLength: 52.78, fWidth: 15.9, fSize: 2.4,
fConc: 0.76, fConcl: 0.42, fAsym: -212.02,
fM3Long: 26.81, fM3Trans: 7.42, fAlpha:
71.37, fDist: 174.28}

F.3 Rice
Faithfulness: 0.83
Explanation: The classifiers diverge when en-

countering samples that exhibit a distinctive pat-
tern characterized by a balanced interplay of ge-
ometric properties, where the area ranges from
approximately 7,800 to 18,400 square units, and
the perimeter spans from about 360 to 550 units.
These samples consistently demonstrate a major
axis length between 145 and 239 units and a mi-
nor axis length that typically falls between 64 and
107 units, reflecting a well-defined elliptical shape.
The eccentricity values, which range from 0.82 to
0.95, indicate a moderate to high degree of elon-
gation, while the convex area closely aligns with
the actual area, suggesting minimal irregularity in
shape. Furthermore, the extent values, ranging
from 0.49 to 0.86, highlight a strong correlation
between the area and the convex area, reinforcing
the samples’ compactness and structural integrity.
This cohesive combination of features not only de-
fines the essence of the positive set but also serves
as a reliable framework for classifying new, unseen

samples that share these geometric characteristics.
The classifiers converge when samples do not ex-
hibit this specific pattern of geometric properties
and relationships.

Divergent Samples:

e {Area: 17197.34, Perimeter: 548.45,
Major_Axis_Length: 238.92, Mi-
nor_Axis_Length: 94.29, Eccentricity:

0.92, Convex_Area: 17551.86, Extent: 0.84}

* {Area: 10107.45, Perimeter: 392.05,
Major_Axis_Length: 150.51, Mi-
nor_Axis_Length: 86.27, Eccentricity:

0.85, Convex_Area: 10237.1, Extent: 0.73}

e {Area: 18424.43, Perimeter: 548.26,
Major_Axis_Length: 227.01, Mi-
nor_Axis_Length: 107.49, Eccentricity:

0.88, Convex_Area: 18791.85, Extent: 0.8}

e {Area: 18401.71, Perimeter: 548.26,
Major_Axis_Length: 227.67, Mi-
nor_Axis_Length:  107.11, Eccentricity:

0.88, Convex_Area: 18746.34, Extent: 0.81}

* {Area: 8903.08, Perimeter: 375.57,
Major_Axis_Length: 145.55, Mi-
nor_Axis_Length: 80.8, Eccentricity:

0.84, Convex_Area: 9224.63, Extent: 0.72}

e {Area: 10539.21, Perimeter: 440.33,
Major_Axis_Length: 195.61, Mi-
nor_Axis_Length: 68.03, Eccentricity:

0.95, Convex_Area: 10851.4, Extent: 0.74}

* {Area: 11198.2, Perimeter: 451.88,
Major_Axis_Length: 201.98, Mi-
nor_Axis_Length: 70.62, Eccentricity:

0.95, Convex_Area: 11590.84, Extent: 0.65}

Perimeter:  471.76,
Major_Axis_Length: 183.14, Mi-
nor_Axis_Length: 104.28, Eccentricity:
0.82, Convex_Area: 15310.79, Extent: 0.7}

* {Area: 14902.21,

17345.04, Perimeter:  524.78,
Major_Axis_Length: 211.36, Mi-
nor_Axis_Length:  107.49, Eccentricity:
0.86, Convex_Area: 17665.62, Extent: 0.81}

e {Area:

Perimeter:  536.71,
Major_Axis_Length: 218.11, Mi-
nor_Axis_Length: 106.87, Eccentricity:
0.87, Convex_Area: 18086.54, Extent: 0.8}

e {Area: 17708.63,
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Convergent Samples: * {Area: 16072.5, Perimeter: 539.74,
Major_Axis_Length: 234.79, Mi-

* {Area: 12345.76, Perimeter:  418.18, nor_Axis_Length: 86.47, Eccentricity:

Major_Axis_Length: 1582, Mi- 0.95, Convex_Area: 16505.27, Extent: 0.53)

nor_Axis_Length: 97.84, Eccentricity:

0.81, Convex_Area: 12591.93, Extent: 0.74} o {Area: 15458.95, Perimeter: 523.83,
e {Area: 15686.19, Perimeter: 495.05, Major_Axis_Length: 230.95, ) Ml_

Major_Axis_Length: 197.67. Mi- nor_Axis_Length: 85.12, Eccentricity:

nor_Axis_Length:  103.32, Eccentricity: 0.95, Convex_Area: 15572.44, Extent: 0.63}

0.85, Convex_Area: 15936.47, Extent: 0.67} . {Area: 10982.32. Perimeter: 39072

e {Area: 16776.94, Perimeter: 533.87, Major_Axis_Length: 14526,  Mi-
Major_Axis_Length: 222.79, Mi- nor_Axis_Length: 95.11, Eccentricity:
nor_Axis_Length: 98.47, Eccentricity: 0.81, Convex_Area: 11306.44, Extent: 0.72}

0.89, Convex_Area: 17039.94, Extent: 0.65}
e {Area: 18322.18, Perimeter:  544.85,

e {Area: 16913.29, Perimeter: 545.04, Major_Axis_Length: 225.23, Mi-
Major_Axis_Length: 237.79, Mi- nor_Axis_Length:  107.45, Eccentricity:
nor_Axis_Length: 91.17, Eccentricity: 0.87, Convex_Area: 18689.46, Extent: 0.65}

0.94, Convex_Area: 17062.7, Extent: 0.63}

F.4 Bank Note
e {Area: 17401.85, Perimeter: 547.88, .
Major_Axis_Length: 23892, Mi- Faithfulness: 0.84
nor_Axis_Length: 95.2,  Eccentricity:

Divergent Samples:
0.93, Convex_Area: 17574.62, Extent: 0.68}

e variance: -1.43, skewness: 5.23, curtosis:

e [Area: 1 1 Peri : .
{Area 5936.16, Perimeter:  533.68, 0.94, entropy: -4.44

Major_Axis_Length: 234.32, Mi-
nor_Axis_Length: 87.52, Eccentricity:

e variance: -3.28, skewness: 2.96, curtosis: -
0.95, Convex_Area: 16141.24, Extent: 0.63}

2.52, entropy: -1.84

e {Area: 10107.45, Perimeter: 381.82, ) )
Major_Axis_Length: 148.26 Mi- e variance: -1.54, skewness: 1.22, curtosis: -2.5,
nor_Axis_Length:  87.38, Eccentricity: entropy: -3.95

0.83, Convex_Area: 10373.61, Extent: 0.81} e variance: -2.06, skewness: 9.58, curtosis: -

o {Area: 16288.38, Perimeter:  543.33, 3.45, entropy: -1.2
Major_Axis_Length: 237.98, Mi- . )
nor_Axis_Length: 88.48, Eccentricity: e variance: -6.89, skewness: 2.8, curtosis: -0.06,
0.95, Convex_Area: 16653.16, Extent: 0.66) entropy: -3.96

o {Area: 0368.92, Perimeter: 375.57, e variance: -3.09, skewness: 4.03, curtosis:
Major_Axis_Length: 147.42, Mi- 2.33, entropy: -5.03
nor_Axis_Length: 83.11, Eccentricity:
0.84, Convex_Area: 9725.18, Extent: 0.74} e variance: -4.67, skewness: 5.34, curtosis: -0.6,

entropy: -0.33
e {Area: 16072.5, Perimeter: 537.65,
Major_Axis_Length: 233.85, Mi- e variance: -1.37, skewness: 7.18, curtosis: -
nor_Axis_Length: 87.14, Eccentricity: 1.32, entropy: -0.87

0.95, Convex_Area: 16562.15, Extent: 0.63}
e variance: 1.07, skewness: 3.6, curtosis: -2.9,

e {Area: 11323.18, Perimeter: 450.55, entropy: -3.91
Major_Axis_Length: 201.51, Mi-
nor_Axis_Length: 71.1, Eccentricity: e variance: -3.13, skewness: 6.27, curtosis: -
0.95, Convex_Area: 11568.09, Extent: 0.53} 0.39, entropy: -6.34
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Convergent Samples:

e variance: -1.43, skewness: 5.23, curtosis:

0.94, entropy: -4.44

e variance: -3.28, skewness: 2.96, curtosis: -
2.52, entropy: -1.84

e variance: -1.54, skewness: 1.22, curtosis: -2.5,
entropy: -3.95

e variance: -2.06, skewness: 9.58, curtosis: -
3.45, entropy: -1.2

e variance: -6.89, skewness: 2.8, curtosis: -0.06,
entropy: -3.96

e variance: -3.09, skewness: 4.03, curtosis:
2.33, entropy: -5.03

¢ variance: -4.67, skewness: 5.34, curtosis: -0.6,
entropy: -0.33

e variance: -1.37, skewness: 7.18, curtosis: -
1.32, entropy: -0.87

e variance: 1.07, skewness: 3.6, curtosis: -2.9,
entropy: -3.91

e variance: -3.13, skewness: 6.27, curtosis: -
0.39, entropy: -6.34

F.5 Adult
Faithfulness: 0.94
Explanation: The classifiers diverge when exam-

ining individuals predominantly aged between 21
and 74 years, with a notable concentration around
the mid-40s to early 50s, reflecting a diverse range
of life experiences. Their education levels vary,
with education-num values typically ranging from
5.44 to 15.95, indicating a mix of lower to higher
educational attainment, often associated with occu-
pations in skilled trades, management, and service
sectors. Capital gains are generally modest, falling
between 0 and 18699, while capital losses remain
low, typically under 900, suggesting a stable finan-
cial situation without extreme fluctuations. The
hours worked per week vary from approximately
12.76 to 59.51, with many individuals working
around 25 to 45 hours, indicating a balance be-
tween work and personal life. Marital statuses are
diverse, with many individuals being married or
separated, and occupations span a range of fields,
including craft-repair, managerial roles, and ser-
vice positions. This combination of moderate age,

varied education, stable financial indicators, and
diverse work hours and marital statuses creates a
distinct profile that sets these samples apart from
the negative set, making them identifiable as part of
the positive group. The classifiers converge when
these characteristics are not present, indicating a
different pattern in the negative samples.

Divergent Samples:

e age: 45.32, fnlwgt: 124621.74, education-
num: 9.87, capital-gain: 3799.96, capital-loss:
418.18, hours-per-week: 25.3, workclass:
?, education: 9th, marital-status: Married-
spouse-absent, occupation: Craft-repair, re-
lationship: Husband, race: White, sex: Male,
native-country: Laos

* age: 47.08, fnlwgt: 61062.79, education-
num: 9.07, capital-gain: 1799.98, capital-
loss: 78.41, hours-per-week: 28.54, work-
class: Local-gov, education: HS-grad, marital-
status: Married-spouse-absent, occupation:
Priv-house-serv, relationship: Wife, race:
White, sex: Male, native-country: Haiti

e age: 35.83, fnlwgt: 200005.61, education-
num: 11.92, capital-gain: 18699.81, capital-
loss: 148.1, hours-per-week: 38.24, work-
class: ?, education: Assoc-acdm, marital-
status: Married-civ-spouse, occupation: Exec-
managerial, relationship: Wife, race: Black,
sex: Male, native-country: Guatemala

e age: 48.54, fnlwgt: 157140.27, education-
num: 13.35, capital-gain: 7499.93, capital-
loss: 348.48, hours-per-week: 45.79, work-
class: Never-worked, education: 11th, marital-
status: Divorced, occupation: Transport-
moving, relationship: Husband, race: Asian-
Pac-Islander, sex: Female, native-country:
Portugal

* age: 35.91, fnlwgt: 32978.61, education-num:
6.45, capital-gain: 300.0, capital-loss: 13.07,
hours-per-week: 28.44, workclass: Local-gov,
education: Bachelors, marital-status: Sepa-
rated, occupation: Other-service, relationship:
Husband, race: White, sex: Female, native-
country: Guatemala

* age: 47.60, fnlwgt: 251739.63, education-
num: 11.89, capital-gain: 5799.94, capital-
loss: 823.28, hours-per-week: 28.54, work-
class: Never-worked, education: HS-grad,
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marital-status: Married-spouse-absent, occu-
pation: Handlers-cleaners, relationship: Hus-
band, race: Black, sex: Female, native-
country: Germany

age: 38.68, fnlwgt: 24109.92, education-num:
5.44, capital-gain: 200.0, capital-loss: 8.71,
hours-per-week: 31.97, workclass: Local-gov,
education: HS-grad, marital-status: Divorced,
occupation: Other-service, relationship: Not-
in-family, race: Black, sex: Male, native-
country: Japan

age: 49.48, fnlwgt: 31500.5, education-num:
15.4, capital-gain: 499.99, capital-loss: 34.85,
hours-per-week: 12.76, workclass: Local-gov,
education: 11th, marital-status: Separated,
occupation: Craft-repair, relationship: Wife,
race: White, sex: Male, native-country: Portu-
gal

age: 58.17, fnlwgt: 35934.84, education-num:
15.44, capital-gain: 3199.97, capital-loss:
43.56, hours-per-week: 40.49, workclass:
Self-emp-inc, education: Masters, marital-
status: Married-spouse-absent, occupation:
Exec-managerial, relationship: Not-in-family,
race: Asian-Pac-Islander, sex: Male, native-
country: Haiti

age: 68.03, fnlwgt: 15241.23, education-num:
8.2, capital-gain: 200.0, capital-loss: 4.36,
hours-per-week: 38.83, workclass: Federal-
gov, education: 9th, marital-status: Separated,
occupation: Handlers-cleaners, relationship:
Not-in-family, race: White, sex: Male, native-
country: Guatemala

Convergent Samples:

e age: 50.8, fnlwgt: 137924.78, education-
num: 11.84, capital-gain: 8699.91, capital-
loss: 892.98, hours-per-week: 30.11, work-
class: ?, education: 5th-6th, marital-status:
Divorced, occupation: Craft-repair, relation-
ship: Wife, race: Black, sex: Male, native-
country: El-Salvador

age: 39.19, fnlwgt: 155662.16, education-
num: 10.92, capital-gain: 13099.87, capital-
loss: 1507.18, hours-per-week: 37.55, work-
class: Self-emp-not-inc, education: 7th-8th,
marital-status: Separated, occupation: Prof-
specialty, relationship: Wife, race: Black, sex:
Female, native-country: Poland
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* age: 45.1, fnlwgt: 117231.17, education-
num: 9.28, capital-gain: 7999.92, capital-loss:
317.99, hours-per-week: 39.61, workclass:
Self-emp-inc, education: 9th, marital-status:
Separated, occupation: Handlers-cleaners, re-
lationship: Wife, race: White, sex: Male,
native-country: Cuba

* age: 39.12, fnlwgt: 353729.57, education-
num: 10.78, capital-gain: 4799.95, capital-
loss: 339.77, hours-per-week: 38.04, work-
class: Self-emp-inc, education: 11th, marital-
status: Never-married, occupation: Prof-
specialty, relationship: Other-relative, race:
Asian-Pac-Islander, sex: Female, native-
country: Germany

* age: 65.55, fnlwgt: 160096.5, education-
num: 8.51, capital-gain: 16099.84, capital-
loss: 400.75, hours-per-week: 59.31, work-
class: Federal-gov, education: Assoc-voc,
marital-status: Married-spouse-absent, occu-
pation: Tech-support, relationship: Other-
relative, race: Asian-Pac-Islander, sex: Male,
native-country: Philippines

e age: 57.0, fnlwgt: 469022.51, education-
num: 8.62, capital-gain: 4699.95, capital-
loss: 378.97, hours-per-week: 34.12, work-
class: ?, education: Assoc-acdm, marital-
status: Married-spouse-absent, occupation: ?,
relationship: Wife, race: Black, sex: Male,
native-country: Germany

e age: 50.95, fnlwgt: 599096.68, education-
num: 12.79, capital-gain: 3899.96, capital-
loss: 553.21, hours-per-week: 34.81, work-
class: ?, education: HS-grad, marital-status:
Separated, occupation: Prof-specialty, rela-
tionship: Husband, race: Black, sex: Female,
native-country: Puerto-Rico

* age: 55.62, fnlwgt: 157140.27, education-

num: 14.33, capital-gain: 13499.87, capital-
loss: 291.85, hours-per-week: 48.33, work-
class: State-gov, education: O9th, marital-
status: Separated, occupation: Sales, relation-
ship: Wife, race: Black, sex: Male, native-
country: Canada

* age: 45.18, fnlwgt: 112796.83, education-

num: 9.13, capital-gain: 4599.95, capital-
loss: 853.78, hours-per-week: 50.39, work-
class: Federal-gov, education: Masters,



marital-status: Married-AF-spouse, occupa-
tion: Machine-op-inspct, relationship: Wife,
race: Black, sex: Male, native-country: Hon-
duras

* age: 47.0, fnlwgt: 142359.12, education-
num: 12.1, capital-gain: 14099.86, capital-
loss: 483.52, hours-per-week: 34.32, work-
class: ?, education: Assoc-voc, marital-status:
Separated, occupation: Farming-fishing, re-
lationship: Not-in-family, race: White, sex:
Male, native-country: Honduras

F.6 Bank Marketing
Faithfulness: 0.68

Explanation: The classifiers diverge when indi-
viduals are predominantly in the age range of 18 to
54 years, with a notable tendency towards younger
adults, particularly those aged between 21 and 39
years. These individuals typically exhibit a nega-
tive balance, ranging from approximately -3172 to
-7908, indicating financial challenges. The dura-
tion of their interactions tends to vary significantly,
spanning from brief engagements of around O to 73
seconds, with many samples reflecting durations
between 19 and 49 seconds. The campaign vari-
able shows a range from 1.0 to 4.78, suggesting a
moderate level of outreach efforts. Most samples
are associated with a marital status of "married’
and possess a tertiary education, which appears
to correlate with their job roles, predominantly in
sectors such as management and blue-collar work.
The contact method is primarily cellular, and the
outcome of their previous interactions is consis-
tently successful, reinforcing a pattern of resilience
despite financial difficulties. This combination of
age, financial status, interaction duration, and edu-
cational background creates a distinct profile. The
classifiers converge when these characteristics are
not present.

Divergent Samples:

e age: 39.18, balance: -7468.27, day: 4.36,
month: jun, duration: 9.84, campaign: 1.06,
pdays: 164.68, previous: 0.28, job: en-
trepreneur, marital: married, education: ter-
tiary, default: no, housing: yes, loan: no, con-
tact: cellular, poutcome: success

e age: 47.64, balance: -3172.58, day: 18.01,
month: may, duration: 162.29, campaign:
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2.43, pdays: 335.59, previous: 5.77, job: man-
agement, marital: married, education: tertiary,
default: no, housing: no, loan: no, contact:
cellular, poutcome: success

age: 29.32, balance: -6256.66, day: 7.69,
month: may, duration: 29.51, campaign: 1.37,
pdays: 435.0, previous: 1.93, job: blue-collar,
marital: married, education: tertiary, default:
no, housing: yes, loan: no, contact: cellular,
poutcome: success

age: 26.24, balance: -6366.81, day: 8.26,
month: may, duration: 19.67, campaign: 1.31,
pdays: 337.34, previous: 1.1, job: blue-collar,
marital: married, education: tertiary, default:
no, housing: yes, loan: no, contact: cellular,
poutcome: success

age: 25.85, balance: -6697.25, day: 5.71,
month: may, duration: 34.43, campaign:
1.43, pdays: 441.98, previous: 2.2, job: en-
trepreneur, marital: married, education: ter-
tiary, default: no, housing: yes, loan: no, con-
tact: cellular, poutcome: success

age: 29.7, balance: -5375.5, day: 22.0, month:
may, duration: 359.01, campaign: 4.78, pdays:
331.23, previous: 4.12, job: management,
marital: married, education: tertiary, default:
no, housing: yes, loan: no, contact: cellular,
poutcome: success

age: 42.41, balance: -4274.04, day: 13.45,
month: may, duration: 270.49, campaign:
3.23, pdays: 338.21, previous: 7.7, job: man-
agement, marital: married, education: tertiary,
default: no, housing: yes, loan: no, contact:
cellular, poutcome: success

age: 39.1, balance: 5749.25, day: 3.13,
month: jun, duration: 34.43, campaign:
1.37, pdays: 180.38, previous: 1.1, job: en-
trepreneur, marital: married, education: ter-
tiary, default: no, housing: yes, loan: no, con-
tact: cellular, poutcome: success

age: 21.77, balance: -6366.81, day: 4.54,
month: may, duration: 290.16, campaign:
1.87, pdays: 177.76, previous: 1.37, job: nan,
marital: married, education: tertiary, default:
no, housing: yes, loan: no, contact: cellular,
poutcome: success



e age: 39.56, balance: -6807.39, day: 14.83,
month: may, duration: 63.93, campaign: 1.12,
pdays: 140.26, previous: 0.83, job: manage-
ment, marital: married, education: tertiary,
default: no, housing: yes, loan: no, contact:
cellular, poutcome: success

Convergent Samples:

e age: 49.72, balance: -2181.26, day: 11.71,
month: may, duration: 73.77, campaign: 5.15,
pdays: 583.24, previous: 11.28, job: retired,
marital: single, education: secondary, default:
no, housing: yes, loan: no, contact: cellular,
poutcome: success

e age: 39.18, balance: -1189.95, day: 8.59,
month: may, duration: 118.03, campaign:
1.87, pdays: 491.68, previous: 7.15, job: tech-
nician, marital: single, education: secondary,
default: no, housing: no, loan: no, contact:
cellular, poutcome: other

e age: 31.01, balance: -2291.41, day: 12.49,
month: may, duration: 250.82, campaign:
2.67, pdays: 420.18, previous: 7.43, job: en-
trepreneur, marital: single, education: sec-
ondary, default: no, housing: no, loan: yes,
contact: cellular, poutcome: success

e age: 25.39, balance: -7247.98, day: 15.94,
month: may, duration: 19.67, campaign:
1.25, pdays: 491.68, previous: 0.83, job: en-
trepreneur, marital: married, education: sec-
ondary, default: no, housing: yes, loan: no,
contact: telephone, poutcome: success

e age: 35.86, balance: -4824.77, day: 20.05,
month: may, duration: 93.44, campaign: 4.97,
pdays: 626.84, previous: 7.15, job: techni-
cian, marital: single, education: nan, default:
no, housing: yes, loan: no, contact: cellular,
poutcome: success

e age: 31.86, balance: -2731.99, day: 8.89,
month: may, duration: 127.87, campaign:
1.81, pdays: 402.74, previous: 6.6, job: en-
trepreneur, marital: single, education: sec-
ondary, default: no, housing: no, loan: no,
contact: cellular, poutcome: success

e age: 36.4, balance: -6476.96, day: 24.97,
month: may, duration: 39.34, campaign: 4.29,
pdays: 513.48, previous: 2.75, job: manage-
ment, marital: single, education: secondary,

default: no, housing: yes, loan: no, contact:
telephone, poutcome: success

* age: 35.63, balance: -5155.2, day: 13.06,
month: may, duration: 216.39, campaign:
1.93, pdays: 233.57, previous: 6.05, job: tech-
nician, marital: single, education: secondary,
default: no, housing: yes, loan: no, contact:
telephone, poutcome: other

* age: 35.56, balance: -749.36, day: 15.04,
month: may, duration: 368.85, campaign:
3.17, pdays: 400.99, previous: 6.6, job: ad-
min., marital: divorced, education: secondary,
default: no, housing: yes, loan: no, contact:
cellular, poutcome: success

e age: 55.27, balance: 7952.17, day: 19.03,
month: may, duration: 147.54, campaign:
3.36, pdays: 205.66, previous: 3.58, job: tech-
nician, marital: married, education: nan, de-
fault: no, housing: no, loan: no, contact: cel-
lular, poutcome: success

F.7 Balance Scale
Faithfulness: 0.52

Explanation: The classifiers diverge when there
is a harmonious balance between right and left
distances and weights, where right distances pre-
dominantly range from 1 to 5 and right weights
vary from 1 to 5, often reflecting a tendency for
higher values in both dimensions. Specifically, the
right distance frequently reaches values of 4 or 5,
while the left distance typically spans from 1 to
5, with many instances showcasing a left weight
that also aligns closely with the right weight, often
falling between 1 and 5. This interplay creates a co-
hesive structure where the right and left attributes
complement each other, resulting in configurations
that exhibit a notable symmetry or proportional-
ity, particularly when both right and left weights
are elevated. The instances also demonstrate a ten-
dency for the left distance to be equal to or greater
than the right distance, fostering a sense of equilib-
rium. The classifiers converge when this distinctive
pattern of balanced proportions and complemen-
tary values is absent, making the instances easily
identifiable and classifiable based on their intrinsic
relationships among the features.

Divergent Samples:

* right-distance: 4, right-weight: 3, left-

distance: 5, left-weight: 3
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right-distance: 4, right-weight:

distance: 1, left-weight: 4

right-distance: 5, right-weight:

distance: 5, left-weight: 5

right-distance: 5, right-weight:

distance: 3, left-weight: 3

right-distance: 5, right-weight:

distance: 3, left-weight: 5

right-distance: 5, right-weight:

distance: 4, left-weight: 5

right-distance: 5, right-weight:

distance: 2, left-weight: 5

right-distance: 3, right-weight:

distance: 2, left-weight: 2

right-distance: 1, right-weight:

distance: 4, left-weight: 5

right-distance: 5, right-weight:

distance: 2, left-weight: 1

Convergent Samples:

right-distance: 2, right-weight:

distance: 5, left-weight: 1

right-distance: 1, right-weight:

distance: 3, left-weight: 2

right-distance: 3, right-weight:

distance: 5, left-weight: 2

right-distance: 1, right-weight:

distance: 2, left-weight: 1

right-distance: 1, right-weight:

distance: 5, left-weight: 2

right-distance: 3, right-weight:

distance: 5, left-weight: 2

right-distance: 1, right-weight:

distance: 3, left-weight: 2

right-distance: 3, right-weight:

distance: 5, left-weight: 2

right-distance: 1, right-weight:

distance: 5, left-weight: 3

right-distance: 1, right-weight:

distance: 5, left-weight: 3

left-

left-

left-

left-

left-

left-

left-

left-

left-

left-

left-

left-

left-

left-

left-

left-

left-

left-

left-
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