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Abstract

Explainable Artificial Intelligence has become a crucial area of re-
search, aiming to demystify the decision-making processes of deep
learning models. Among various explainability techniques, coun-
terfactual explanations have been proven particularly promising,
as they offer insights into model behavior by highlighting minimal
changes that would alter a prediction. Despite their potential, these
explanations are often complex and technical, making them difficult
for non-experts to interpret. To address this challenge, we propose
a novel pipeline that leverages Language Models, large and small,
to compose narratives for counterfactual explanations. We employ
knowledge distillation techniques along with a refining mechanism
to enable Small Language Models to perform comparably to their
larger counterparts while maintaining robust reasoning abilities.
In addition, we introduce a simple but effective evaluation method
to assess natural language narratives, designed to verify whether
the models’ responses are in line with the factual, counterfactual
ground truth. As a result, our proposed pipeline enhances both the
reasoning capabilities and practical performance of student models,
making them more suitable for real-world use cases.
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1 Introduction

Counterfactual Explanations (CE) have become a cornerstone of
Explainable AI (XAI), providing intuitive insights into model deci-
sions by demonstrating how minimal changes to input features can
alter outcomes. This approach is increasingly critical in domains
like healthcare, finance, and policy-making, where transparency is
essential for trust, accountability, and compliance with emerging Al
policies. For instance, the European Union’s AI Act [10] mandates
explainability for high-risk Al systems, while U.S. guidelines on
Al governance [20] emphasize interpretable decision-making to
mitigate bias and ensure fairness. While early XAI efforts targeted
specific data types—such as graph-based models in drug discov-
ery [15], recent work has expanded to diverse modalities, including
tabular data and natural language. Large Language Models (LLMs)
have been instrumental in this shift, converting technical coun-
terfactuals into human-readable narratives. Fredes and Vitria [12]
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showcase LLM-driven explanations for tabular data counterfactu-
als, prioritizing user accessibility, while Cheng et al. [7] explore
LLMs’ role in generating and evaluating counterfactuals for nat-
ural language tasks. Similarly, He et al. [15] and Wang et al. [26]
demonstrate LLMs’ versatility in graph-based contexts, suggesting
their potential as a unifying tool across XAI applications.

Building counterfactual narratives, particularly for tabular data,
which underpins applications like credit scoring and medical diag-
nostics, is extremely important to improve models’ explainability.
Current methods often remain domain-specific or computationally
expensive, limiting their scalability and alignment with policy-
driven transparency requirements [10, 20]. This paper introduces a
novel pipeline for counterfactual narrative generation, centering
on tabular data. We propose a methodology leveraging Language
Models to produce semantically rich, user-centric counterfactual
narratives. By aligning with Al policy mandates for interpretabil-
ity, this work advances the practical adoption of counterfactual
reasoning in XAl, enhancing model transparency and usability
in real-world, regulated environments. Our contributions can be
summarized as follows:

e We introduce a novel pipeline for generating coherent coun-
terfactual narratives.

e We propose a new evaluation framework for assessing the
quality of narratives generated by language models.

o We released both the code https://github.com/flaat/llm_kd
and the four datasets used to fine-tune the models https:
//huggingface.co/datasets/Anon30241/model_kd_Ilm.

2 Related Works

Recent advancements in narrative-driven explainable Al leveraging
LLMs significantly enhance the interpretability of complex machine
learning models across diverse data types. This trend addresses a
critical gap between the outputs of XAI algorithms and the com-
prehension of end-users, in particular, non-experts. A significant
portion of this research targets tabular data. For instance, Zeng
et al. [27] use a locally deployed LLM to translate the numerical
outputs of SHAP [18] into plain-language summaries, enhancing
their accessibility. Similarly, Fredes and Vitria [12] demonstrate
that LLMs can effectively explain sets of counterfactual examples
by mimicking human reasoning, achieving high validity on bench-
mark datasets. Going beyond static explanations, Slack et al. [23]


https://github.com/flaat/llm_kd
https://huggingface.co/datasets/Anon30241/model_kd_llm
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Figure 1: Overview of the dataset generation process for the draft narrative generation step and the refiner step using knowledge distillation.

Given a factual instance x with its features (e.g., age, work class, education, etc.), a counterfactual generator g(x) modifies the instance to
create a counterfactual example x’, altering specific attributes (e.g., age, work class) to yield a different predicted outcome (e.g., income = 0) (red
zone). The factual and counterfactual instances are then integrated into the prompt that is fed into the teacher model, which produces the
narrative for the draft narrative generation step (yellow zone) and for the refiner step (purple zone). For the draft narrative generation step, the
response is collected and put along with the prompt pg,4f; in the new dataset Dy, ;. Concerning the dataset for the refiner step, we generate
N = 3 draft responses and integrate all three into the prompt p,¢finer- Finally, we feed the prompt into the teacher, collect the response, and
put the newly formed pair py.finer, response into the dataset Dy finer-

develop TalkToModel, an interactive dialogue system that allows
users to converse with a model to understand its predictions.

Researchers also develop broader frameworks for generating
and evaluating narrative explanations. Cedro and Martens [4] pro-
pose a comprehensive survey of narrative-driven XAI, introducing
"XAlstories" that translate SHAP values into compelling narratives.
Recognizing the need for systematic quality control, Zytek et al. [29]
introduce Explingo, a dual-LLM system composed of a narrator to
generate narratives from SHAP explanations and an automated
grader to assess them on metrics like accuracy, completeness, and
fluency. On the evaluation front, Ichmoukhamedov et al. [16] pro-
pose quantitative metrics such as faithfulness and human similarity
to standardize the assessment of LLM-generated narratives.

The application of narrative XAI extends beyond tabular data
to more complex structures like graphs, images, and 3D point
clouds. For Graph Neural Networks (GNNs), several approaches
have emerged. Giorgi et al. [13], for example, generate counterfac-
tual explanations for graphs and use open-source LLMs to produce
human-readable outputs, while Cedro and Martens’s [5] GraphX-
AIN translates explanatory subgraphs into natural language, show-
ing high user satisfaction. Pan et al. [21] develop TAGExplainer
to generate faithful and concise explanations for text-attributed
graphs, which are common in social networks and recommendation
systems. In the visual domain, Castellano et al. [3] combine Grad-
CAM heatmaps from image classifiers with LLMs to create textual
descriptions that explain why a model focused on certain areas of
an artwork. Ko¢ic¢ et al. [17] instead present a framework where
an LLM is an active participant in the counterfactual generation

process itself, selecting segment perturbations in 3D point clouds to
ensure they are semantically meaningful. Finally, these techniques
are also being adapted for highly specialized fields. He et al. [15], for
example, apply LLMs to explain GNNs used for molecular property
prediction, demonstrating the broad applicability of this paradigm.

Together, these works illustrate a clear and growing trend toward
using LLMs to make Machine Learning models more transparent
and trustworthy.

3 Background

Before introducing our pipeline, we formalize two important defini-
tions, namely, the Counterfactual Explanation Problem (CEP) and
the Counterfactual Narrative Generation Problem (CNGP). We take
the definition for the CEP from [13].

DEFINITION 1 (THE COUNTERFACTUAL EXPLANATION PROBLEM).
Given a sample x and a predictive model f(-) parametrized by 0,
hereinafter referred to as oracle, a distance function d(-,-), and a
generic counterfactual generator g(-) the goal is to find a sample x’
using g(-) where x’ # x and f(x’) # f(x) such that the distance
d(x’,x) is minimized, or L if no valid counterfactual example exists.
The sample x” is called a counterfactual example for x.

The distance function d(+, -) ensures that the counterfactual sam-
ple x” remains as close as possible to the original factual sample
x. We can formalize the role of the counterfactual generator g by
casting it as the problem of solving the following objective:

x" = argmin d(x, x*) st:x #x* A f(x) # f(x¥).

X
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Hereinafter, we assume to have an oracle f(-) for a binary classi-
fication task; the arguments generalize with minor modifications to
multiclass classification and regression as well. Below, we formally
define the Counterfactual Narrative Generation Problem.

DEFINITION 2 (THE COUNTERFACTUAL NARRATIVE GENERATION
ProBLEM). Given a generic pair of factual-counterfactual samples
(x, x”) where the counterfactual sample x” is a solution of the Coun-
terfactual Explanation Problem, a generic function H, and a prompt p
we want to generate a natural language narrative ¢ associated with the
generic factual-counterfactual pair (x,x"), namely, ¢ = H(p, x,x”)
also known as counterfactual narrative.

The function H is defined generically to accommodate differ-
ent instantiations, including deterministic mappings, probabilistic
generative models, or ensembles thereof.

4 Proposed Pipeline

In order to solve the problem in Definition 2, we propose a new
pipeline (see Figure 2, Algorithm 1) to generate coherent and useful
narratives for factual-counterfactual pairs. Our approach enhances
the capabilities of Small Language Models (SLMs) through a two-
stage pipeline called Multi-Narrative Refinement (MNR), which
encourages structured self-correction. The entire framework is fine-
tuned using knowledge distillation, allowing us to leverage the
expertise of a much larger teacher models.

In the first stage, a Draft Narrative Generator (DNG) M is tasked
with generating multiple candidate draft explanations. Given a fac-
tual instance x, its counterfactual x’, and a structured prompt p
encoding task-specific instructions, the DNG is queried indepen-
dently N = 3 times to produce diverse draft explanations for the
prediction shift from x to x’. These drafts reflect different plausible
reasoning paths the model might follow.

In the second stage, a different model called the Refiner R receives
as input the same factual instance x, counterfactual x’, prompt p,
and the three draft explanations. Its goal is to synthesize a coherent
and accurate explanation by comparing, contrasting, and integrat-
ing the drafts. This additional refinement step promotes consistency
and correctness, encouraging the model to resolve contradictions
and highlight salient differences between x and x’ in a principled
manner. We introduce the refinement step because integrating it
into the generation pipeline has been shown to enhance the perfor-
mance and reliability of language models, particularly by fostering
self-correction through iterative reasoning [22, 25, 28].

Finetuning Using Knowledge Distillation. In order to be more
efficient and accurate, our pipeline uses Knowledge Distillation
(KD), a training paradigm where a compact student model (an SLM)
is trained to replicate the behavior of a powerful teacher model (T).
This allows us to transfer the powerful reasoning and generation
abilities of a large, state-of-the-art model to our much smaller,
more efficient SLMs. Since the generation process is split into two
different stages, each one addressing a different task, we use KD
differently for each one of the stages.

Concerning the draft generation (stage 1), the KD process be-
gins with creating a high-quality training dataset (See Figure 1).
Given a counterfactual explainer g(-), consider a set of n instances
{xi}L,. For each of these instances, we generate its corresponding
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Algorithm 1 MNR pipeline pseudocode

Input: x: a factual example, x": a counterfactual example, pgrqf;:
the draft prompt, pyc fine,: the refiner prompt
Output: ¢: a narrative explanation for (x, x”)
Pdraft < format_prompt(pdmft,x, x')
i<—0
E—go
while i < 3 do
Eéiraft — M(pdraft)
E<EU Etiiraft
i—i+1
end while
Prefiner < format_Prompt(Prefinersx’ x', E)
& — R(Prefiner)

optimal counterfactual, i.e., x; = g(x;), thereby obtaining n factual-
counterfactual pairs {(x;, x})}/_,. These pairs are embedded into
n different structured prompts p1,p2 ..., pn and then fed to the
teacher model T (for further details on the prompts see Figure 4).
The high-quality outputs from T are then used to build a dataset
D p to finetune the DNG.

The KD process is also applied to the refiner R. Here, we leverage
the teacher model T to construct a training dataset Dg including
not only the factual and counterfactual inputs and prompt, but also
a corresponding set of N = 3 draft explanations. This enriched
supervision allows the student model to learn from the implicit
variation, redundancy, and conflict present across multiple gener-
ated rationales. Further details on the practical implementation of
the KD process can be found in Section 5.1.

4.1 Quantitative Evaluation Metrics for
Factual-Counterfactual Narratives

To quantitatively assess the narratives produced by our MNR pipeline,
we developed a structured evaluation framework that allows us to
measure the accuracy of each narrative. Our evaluation approach,
inspired by the methodology in [13], requires the model to structure
its output. Specifically, the prompt p instructs the SLM to embed
its explanation within a structured dictionary format (see Figure 4).
After the refiner model generates the final narrative, we parse this
dictionary to extract key information about the feature changes
between the factual instance x and its counterfactual x’. The core
assumption is that a model’s ability to populate this structured for-
mat correctly reflects its underlying understanding of the narrative.
Therefore, errors in the dictionary signal potential inaccuracies
in the subsequent natural language narrative. This technique of-
fers a reliable and automated method for evaluating the factual
correctness of the generated text. The following metrics quantify
how accurately the refined narratives align with the ground truth
factual and counterfactual feature changes.

Given four feature vectors Fryer, Fer, Efacn Fﬁcf containing
respectively, the factual ground truth, the counterfactual ground
truth, the factual values, and the counterfactual values generated
by the MNR pipeline, we can define the following metrics:
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Figure 2: Multi-Narrative Refinement pipeline schema

Average Feature Faithfulness (AvgFF). Given the set of all the
narratives generated E, and all the vectors above for each narrative
¢, we can compute the fraction of correctly interpreted features as:

551 [(F 0 paer = Pl aer) A (FoLiley = el
AvgFF = £ =0

|E| - k
where k = |Ff 44| is the vector size, and I is the indicator function.

Perfect Feature Faithfulness (PFF). This metric measures the
fraction of generated explanations that correctly identify all feature
changes. Formally, given the set of all the narratives generated E,
the Perfect Feature Faithfulness is calculated as:

£ —_Fe e _ e
21 (e =Fraee) A (e =Fe )|
|E|
This binary indicator is averaged over all narratives ¢ € E, result-

ing in the proportion of narratives that precisely match all factual
and counterfactual feature values.

PFF =

Target Faithfulness (TF). This metric measures the ability of
the function H to "understand" the factual and counterfactual de-
pendent variables and compare them against the provided ground
truth. Let E be the set of all the narratives generated by our pipeline,
Yfacts Yef the ground truth target outcomes, and let Yraes, Yy be
the corresponding predicted outcomes by the pipeline. The Target
Faithfulness computed over all the narratives ¢ € E is defined as:

SEE]I [(y;act = g}acﬁ) A (yif - gif)]
N |E|

These metrics provide a clear, quantitative assessment of how re-
liably the explanations reflect the ground truth provided by the
factual and counterfactual scenarios.

4.2 Narrative Quality

The Narrative Quality dimension focuses on assessing explanations
through human evaluation, emphasizing the readability, clarity, and
coherence of the provided narrative. The questionnaire comprises 5
specific questions, each rated on a scale from 1 (poor) to 5 (excellent):

e Q1:Is the terminology and language used in the narrative
appropriate and easy to understand?

Q2: How clear and understandable is the provided narrative
regarding feature changes?

Q3: How clearly does the narrative describe the specific
feature changes that led to the counterfactual outcome?

® (Q4: Are the described feature changes easy to interpret, and
do they make sense within the context of the original data?
Q5: What is your overall assessment of the clarity and co-
herence of the narrative?

5 Experiments

Our experimental framework is detailed below, covering the hard-
ware, datasets, models, and language models used in our evaluation.
Experiments are conducted on a system equipped with an AMD
Ryzen 9 7900 12-Core Processor, an NVIDIA GeForce RTX 4090
GPU, and 64 GB of RAM. We evaluate our approach on two bench-
mark datasets: the Adult dataset [1], for predicting whether an
individual’s income exceeds $50K/year, and the Titanic dataset [11],
for predicting passenger survival. The oracle model is a Decision
Tree classifier from the scikit-learn library, configured with a
max_depth of 4,a criterionof 'gini’, and min_samples_split
set to 2. This model achieves an accuracy of 0.84 on the Adult dataset
and 0.82 on the Titanic dataset. Counterfactual explanations are
generated using the DiCE library [19]. We utilize models from
two distinct families for narrative generation: Qwen2.5 [24] and
DeepSeek-r1 [9]. The specific hyperparameters used for response
generation are detailed in Table 1.
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Table 1: Hyperparameter Settings for all the Large Language
Models used, namely, Temperature, Top-k, Top-p, Max To-
kens, Repetition Penalty

Model Name T. Top-k Top-p M.T. R.P.
Qwen2.5-0.5B-Instruct 0.6 10 0.8 8192 1.05
Qwen2.5-3B-Instruct 0.6 10 0.8 8192 1.05

DeepSeek-R1-D.-Qwen-1.5B 0.6 10 0.7 8192 1.05
DeepSeek-R1-D.-Qwen-7B 0.6 10 0.7 8192 1.05
DeepSeek-R1-D.-Qwen-32B 0.7 10 0.7 8192 1.05

5.1 Knowledge Distillation and Fine-tuning

Since our pipeline uses Knowledge Distillation to improve
model performance, we built four new datasets (two for each
dataset we tested) tailored explicitly for our tasks (draft nar-
rative generation and narrative refinement). The draft nar-
rative generation dataset consists of a JSON file containing
prompt-response pairs, where each prompt is designed for the ex-
planation task and the corresponding response is generated by the
DeepSeek-R1-Distill-Qwen-32B teacher model. We choose the
DeepSeek-R1-Distill-Qwen-32B model due to its strong initial
performance in generating coherent and contextually accurate text,
especially suited for complex reasoning tasks. For the narrative re-
finement dataset, we employ fine-tuned Qwen2.5-0.5B-Instruct
models as the Draft Narrative Generators, which are the smallest
model considered in our evaluation. Our rationale is to construct
a dataset using what can be seen as the hypothetically weakest
drafter, thereby making the refinement task particularly challeng-
ing. In this way, the Refiner is forced to handle noisy, incomplete,
or inconsistent drafts, which provides a more rigorous test of its
ability to synthesize coherent explanations through self-correction
and additional reasoning. Also in this case, the refiner model that
merges the drafts is DeepSeek-R1-Distill-Qwen-32B.

Leveraging this structured and targeted dataset, we expect our
fine-tuned models to achieve significantly better accuracy and clar-
ity in producing comprehensive and natural-language counterfac-
tual explanations. Figure 1 illustrates the dataset generation process
for both the draft narrative generation and the narrative refinement
tasks. To perform the fine-tuning, we used the Unsloth [8] frame-
work; all the parameters can be seen in Table 2.

Table 2: Finetuning parameters: Checkpoint: checkpoint used
during evaluation, B.S.: Batch Size, T.E.: Training Epochs,
M.S.: Max Steps, C.S.S.: Checkpoint Saving Steps

Model Checkpoint B.S. TE. MS. CS.S.
Qwen2.5-0.5B-Instruct 500 1 1 1562 50
Qwenz2.5-3B-Instruct 500 1 1 1562 50
Deepseek-R1-D.-Qwen-1.5B 400 1 1 1562 50
Deepseek-R1-D.-Qwen-7B 1000 1 1 1562 50
6 Results

In this section, we present the results of our study along two differ-
ent dimensions. First, we quantitatively and qualitatively analyze
the performance of MNR pipeline, assessing both accuracy and
narrative quality. Next, we examine the feasibility of employing
SLMs for narrative explanation tasks, focusing on efficiency and
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resource requirements. Finally, we provide an illustrative example
to highlight the effectiveness and interpretability of the generated
narratives.

6.1 Multi-Narrative Refinement Results.

The results presented in Table 4 provide compelling evidence for
the efficacy of our pipeline, highlighting two primary conclusions:
the necessity of fine-tuning and the significant performance boost
provided by the refinement stage.

Across both datasets, the base models are incapable of per-
forming the narrative generation task, with metrics for Feature
Fidelity (FF) and Target Faithfulness (TF) consistently at or near
zero. The impact of fine-tuning is dramatic and immediate. For
instance, in the “No Refiner” baseline for the Adult dataset, the
DeepSeek-R1-Distill-Qwen-1.5B Draft Explainer sees its Perfect
FF score jump from 0.0 to 0.946 after fine-tuning. This pattern con-
firms that distillation is essential to impart the required capabilities
to the models.

The value of the two-stage refinement process is most evident
when examining the interplay between models. A fine-tuned Draft
Explainer alone sets a strong baseline, but adding a capable refiner
elevates performance. This is particularly striking when a weaker
drafter is used. For example, the Qwen2.5-0.5B-Instruct fine-
tuned drafter only achieves a Perfect FF of 0.485, but when its
outputs are processed by the Qwen2.5-3B-Instruct refiner, the
score more than doubles (0.980).

The Qwen2.5-3B-Instruct model emerges as the best refiner.
Across nearly all configurations on the Adult dataset, it delivers
the highest scores, pushing both Perfect FF and TF metrics above
0.97 and achieving near-zero standard deviation, indicating highly
consistent and accurate outputs.

On the Titanic dataset, the best configurations reach a Perfect FF
of 0.790, and the standard deviation is relatively high (often >0.40).
This suggests that while our pipeline is robust, its performance
limit could be influenced by the inherent difficulty of the dataset or
by the model’s hyperparameters.

In Table 4, we also introduced the performance obtained using
the teacher model to directly generate the narratives. Results show
that our MNR pipeline can perform better than the teacher model
used to generate the dataset for the model fine-tuning.

Since the combination draft generator M Qwen2.5-0.5B-Instruct
and refiner R Qwen2.5-3B-Instruct have the best performance, from
now on, we will use these models in our pipeline.

Table 3: Narrative Quality Evaluation Scores. Our solution
(MNR pipeline) has as a draft generator M Qwen2.5-0.5B-1.
and as refiner R Qwen2.5-3B-1. The model DeepSeek-R1-D.-
Qwen-32B is the teacher model we used to build the fine-
tuning dataset, Qwen2.5-0.5B-1,, instead, is the fine-tuned
model without refiner.

Model Q1 Q2 Q3 Q4 Q5

DeepSeek-R1-D.-Qwen-32B 4.5+ 0.6 44+0.6 43+06 42+1.0 44+0.6
Qwen2.5-0.5B-1. 32+£09 31x12 31+£11 2910 3.0%0.7
MNR pipeline 44+07 46+x05 40x+09 43+£06 44+05
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Table 4: Performance comparison of base versus fine-tuned models using the Multi-Narrative Refinement (MNR) pipeline. The
first row for each dataset shows the performance of the teacher model solving the counterfactual narrative generation problem
by itself. The rows with No Refiner serve as a baseline to get the model performance without a refiner attached. The results
shown here evaluate the impact of fine-tuning the Draft Explainer model directly. If the Refiner is indicated, the rows evaluate
the performance of the Refiner model. In these cases, the comparison is between a plain and a fine-tuned Refiner, both of

which use drafts generated by an already fine-tuned Draft Explainer.

AvgFF + std PFF TF
Draft Model (M) Refiner Model (R) VeFF + std T T T
Base Tuned Base Tuned Base Tuned
Adult Dataset
DeepSeek-Q-32B (Teacher) 0.94520.10 0.865 0.980
No Reﬁner 0.000 + n.d. 0.485 + 0.24 0.000 0.485 0.000 0.515
Qwen2.5-0.5B-1 0.012 £ 0.19 0.796 + 0.12 0.005 0.790 0.000 0.810
Qwen2.5-0.5B-1 DeepSeek-Q-1.5B 0.000 = n.d. 0.868 + 0.10 0.000 0.855 0.150 0.750
Qwen2.5-3B-1 0.122 +£0.10 0.980 = 0.00 0.120 0.980 0.125 0.980
DeepSeek-Q-7B 0.048 + 0.44 0.854 +0.24 0.035 0.755 0.120 0.965
No Refiner 0.000 = n.d. 0.946 + 0.03 0.000 0.945 0.135 0.410
Qwen2.5-0.5B-1 0.005 + n.d. 0.892 + 0.08 0.005 0.890 0.000 0.900
DeepSeek—Q—1.5B DeepSeek-Q-1.5B 0.000 + n.d. 0.902 = 0.10 0.000 0.885 0.120 0.785
Qwen2.5-3B-1 0.085 +£0.00 0.976 +0.04 0.085 0.970 0.085 0.980
DeepSeek-Q-7B 0.030 +£ 0.51 0.823 + 0.26 0.030 0.700 0.070  0.955
No Reﬁner 0.053 +£ 0.10 0.988 + 0.00 0.050 0.988 0.055 0.988
Qwen2.5-0.5B-1 0.007 +£ 0.42 0.908 + 0.02 0.005 0.905 0.005 0.910
Qwen2.5-3B-1 DeepSeek-Q-l.SB 0.005 +0.13 0.922 + 0.08 0.005 0.905 0.090 0.795
Qwen2.5-3B-1 0.085+0.00 0.995 +0.00 0.085 0.995 0.085 0.995
DeepSeek-Q-7B 0.038 + 0.48 0.840 + 0.24 0.035 0.750 0.105 0.945
No Reﬁner 0.251 £ 047 0.855+0.11 0.230 0.855 0.405 0.865
Qwen2.5-0.5B-1 0.005 + n.d. 0.873 =0.10 0.005 0.865 0.000 0.885
DeepSeek-Q-7B DeepSeek-Q-1.5B 0.000 = n.d. 0.904 + 0.05 0.000 0.895 0.106 0.770
Qwen2.5-3B-1 0.080 £ 0.00 0.973 +0.04 0.080 0.970 0.080 0.975
DeepSeek-Q-7B 0.035+0.47 0.843 +0.26 0.030 0.715 0.090 0.980
Titanic Dataset
DeepSeek-Q-32B (Teacher) 0.608 + 0.47 0.590 0.945
No Refiner 0.000 £ nd. 0.790 +0.16 0.000 0.740  0.000 0.840
Qwen2.5-0.5B-1 0.052 +£0.40 0.251 +0.49 0.040 0.243 0.015 0.592
Qwen2.5-0.5B-1 DeepSeek-Q-1.5B 0.000 + n.d. 0.522 + 0.47 0.000 0.510 0.050 0.805
Qwen2.5-3B-1 0.040 +£ 0.00 0.782 + 0.40 0.040 0.780 0.040 0.985
DeepSeek-Q-7B 0.080 + 0.48 0.562 + 0.49 0.075 0.550 0.210 0.960
No Reﬁner 0.003 +£ 0.15 0.475 +0.49 0.000 0.470 0.035 0.095
Qwen2.5-0.5B-1 0.052 +£ 0.38 0.350 + 0.49 0.045 0.340 0.000 0.660
DeepSeek-Q-l.SB DeepSeek-Q-l.SB 0.000 + n.d. 0.507 + 0.48 0.000 0.500 0.030 0.790
Qwen2.5-3B-1 0.050 £ 0.00 0.790 = 0.40 0.050 0.785 0.050 0.995
DeepSeek-Q-7B 0.117 £ 0.49 0.568 + 0.49 0.110 0.555 0.240 0.955
No Reﬁner 0.000 + n.d. 0.635 + 0.46 0.000 0.625 0.005 0.920
Qwen2.5-0.5B-1 0.040 + 0.34 0.383 + 0.49 0.030 0.365 0.010 0.715
Qwen2.5-3B-1 DeepSeek-Q-1.5B 0.005 + 0.22 0.507 + 0.48 0.005 0.495 0.055 0.840
Qwen2.5-3B-1 0.065+0.00 0.738 +0.44 0.065 0.737 0.065 0.987
DeepSeek-Q-7B 0.102 +£ 0.49 0.578 + 0.49 0.095 0.565 0.210 0.975
No Refiner 0.287 £ 0.36  0.385 + 0.49 0.280 0.280 0.345 0.490
Qwen2.5-0.5B-1 0.033 +£0.37 0417 +£0.49 0.030 0.410 0.005 0.720
DeepSeek—Q—7B DeepSeek-Q-1.5B 0.010 +£ 0.39 0.522 + 0.47 0.010 0.515 0.035 0.805
Qwen2.5-3B-1 0.050 £ 0.00 0.777 £0.41 0.050 0.775 0.050 0.990
DeepSeek-Q-7B 0.133 +£ 048 0.583 + 0.49 0.120 0.570 0.245 0.990
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6.2 Qualitative Results

The survey has been conducted on a sample of 15 people with
different backgrounds, ages, and genders. The results of the hu-
man evaluation in Table 3 highlight the significant impact of our
pipeline on the narrative quality. The teacher model (DeepSeek-
R1-D.-Qwen-32B) gets high scores across all five of the evaluation
criteria. Notably, our approach (MNR pipeline) achieves comparably
high scores in all categories, with Q4 (interpretability and contex-
tual coherence) receiving the highest rating of 4.3 (slightly higher
than the teacher). This suggests that the narratives generated by the
MNR pipeline are as clear as the one generated by the 32B model
used as teacher. Similarly, Q2 and Q3, which assess the clarity and
specificity of feature changes, exhibit strong performance (4.6 and
4.0, respectively), indicating that our solution effectively conveys
how and why changes lead to a counterfactual outcome.

In contrast, the model without refiner scores significantly lower,
particularly in Q4 and Q5, with ratings of 2.9 and 3.0, respectively.
These results suggest that without the refinement step, the model
struggles to produce clear and coherent narratives, making them
harder to interpret and understand.

6.3 Feasibility

Beyond accuracy and quality, the feasibility of deploying counterfac-
tual narrative generators critically depends on their computational
requirements. In our study, we compare three settings: a teacher
LLM, a worker SLM without refinement, and a Multi-Narrative Re-
finement pipeline composed of two SLMs, both finetuned. To assess
their practical applicability, we analyze three key dimensions: (i)
model size, (ii) inference time, and (iii) energy consumption during
explanation generation.

Model size directly affects deployability. Large LLMs demand
tens of gigabytes of memory, whereas distilled SLMs are an order of
magnitude smaller, enabling deployment on commodity hardware.
In the case of the MNR pipeline, model size reflects the combined
size of both SLMs. Regarding inference time, the MNR pipeline’s re-
ported latency corresponds to the full generation process of a final
explanation, which includes producing three independent draft nar-
ratives followed by a refinement step. By contrast, the SLM without
refinement and the teacher model T each generate only a single
draft. For energy consumption, we measure the total GPU energy
required to generate a single explanation. GPU power draw was
sampled every 200 milliseconds, yielding a fine-grained trace of
instantaneous consumption. The total energy was then computed
by integrating power measurements over time. Specifically, given
the set of samples S = {(to, Po), (t1, P1), ..., (tn, Pn)}, where t; de-
notes the timestamp of sample i and P; the corresponding power
(in Watts), the energy consumption is approximated as

n
Pi_1+P;
Etotal ® Z _— 5 = (b — tie1).
i=1

This calculation yields the total energy expenditure (in Joules) for
generating a single explanation under each configuration. Table 5
reports the results for the Adult dataset, comparing the LLM, the
worker SLM without refiner, and the MNR pipeline. Our findings
show that the MNR approach reduces memory usage by a factor
of 2.7 compared to the large model (DeepSeek-R1-D.-Qwen-32B),

HCAI Workshop @ CIKM °25, November 14, 2025, Seoul, Republic of Korea

400 /L

30 —— DeepSeek-R1-D.-Qwen-32B
< 300 — QWEnZI.S-O..SB-L
E —— MNR pipeline
g 250 /

220

£ 200

150

100

0 5 10 15 20 25 30 35

Time (s)

Figure 3: GPU power comparison of three techniques for
narrative generation. Our approach (MNR pipeline) uses
Qwen2.5-0.5B-1. as draft generator M and Qwen2.5-3B-1. as
refiner R. DeepSeek-R1-D.-Qwen-32B is the teacher model,
while Qwen2.5-0.5B-1 is the fine-tuned model without refiner.
Solid lines show average power; shaded areas denote stan-
dard deviation.

while also lowering inference time by nearly 50% and energy con-
sumption by 62% (see Fig. 3 for the power consumption trends over
time). Although the standalone SLM achieves even lower mem-
ory usage, faster inference, and reduced energy consumption, its
performance is consistently halved across all evaluation metrics.

Table 5: Feasibility results for explanation generation across
different pipelines for the Adult dataset. The first row reports
the performance of the teacher T, the second corresponds
to the worker SLM without refinement, and the third to the
MNR pipeline composed of two fine-tuned SLMs, a draft
generator M Qwen2.5-0.5B-1. and a refiner R Qwen2.5-3B-1.

Model Name Size (GB) Time (s) Energy (J)
DeepSeek-R1-D.-Qwen-32B 18.16 20.5+4.1 7613.6 £ 1536.5
Qwen2.5-0.5B-L. 0.92 1.23 £0.29 215.5 £ 53.3
MNR pipeline 6.71 1233 £2.0  2867.2 £ 5484

6.4 Narrative Example

Table 6 illustrates the effectiveness of the MNR pipeline by compar-
ing the raw drafts generated by the Draft Narrative Generator M
with the merging phase produced by the Refiner R.

The three drafts provide diverse but imperfect accounts: for
instance, Draft 1 correctly identifies occupation and marital status
as influential, yet introduces minor ambiguities by overstating the
role of race; Draft 2 emphasizes the importance of the first two
feature changes, and also speculates that race change does not
have a direct impact on prediction; Draft 3, instead, misattributes
relevance to unchanged factors such as age, thereby introducing
noise into the explanation. Left on their own, each draft offers only
a partial and potentially misleading picture of the prediction shift.

The refinement stage addresses these limitations by systemati-
cally comparing the drafts, resolving contradictions, and merging
complementary insights. In the merging phase shown in the table,
the Refiner explicitly discards Draft 3’s error (“Draft 3 seems incor-
rect because age didn’t change”) and aligns the narrative with the
factual-counterfactual pair. At the same time, it strengthens the
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A counterfactual explanation refers to a type of explanation in machine learning
and artificial intelligence that describes how altering certain input features can change the
output of a model. It answers 'what if' scenarios by identifying minimal changes necessary
to achieve a different desired outcome. Counterfactual explanations provide
insights into the decision-making process of complex models, enhancing
transparency and interpretability. For example, consider a credit scoring model that
denies a loan application. A counterfactual explanation might be: 'If your annual income
had been $50,000 instead of $45,000, your loan would have been approved.' This helps
the
applicant understand what specific change could lead to a different decision. Your task is
to generate a comprehensive, natural language counterfactual explanation of the
classification change when transitioning from a factual example. Given the following
inputs:
- Dataset Description: Background knowledge about the dataset, including
feature definitions, their significance, and statistical distributions.
- Factual Example: A specific instance from the dataset that was classified under
the original conditions.
- Counterfactual Example: A modified version of the factual example where
certain features have been altered, resulting in a different classification.
The explanation should:
1. Identify Feature Changes: List and describe the features that differ between the factual
and counterfactual examples. You should follow the structure outlined below.
2. Reasoning: Carry out a reasoning step that is functional to generating the
final summary, in particular:
- Analyze Contribution of Features: Assess the influence of each changed feature on the
classification outcome, leveraging dataset knowledge to justify its impact.
- Highlight Interactions: Discuss any interactions between features that may have played
a role in shifting the classification outcome.
- Summarize Key Factors: Conclude with a concise summary of the most
influential features and their role in altering the prediction.
Provide your responses in complete sentences and paragraphs, explaining concepts
clearly and concisely in a continuous flow. The summary should be clear, coherent, and
provide an intuitive understanding of how the model's decision was influenced by the
observed
feature modifications. Your output should follow the following JSON structure:
{{ "feature_changes": [

{{"<FEATURE {"factual": "<FACTUAL_VALUE_1>",

"counterfactua COUNTERFACTUAL_VALUE_1>"}}}}, ..

{"'<FEATURE_N>": {{"factual": "<FACTUAL_VALUE_N>",

": "<COUNTERFACTUAL_VALUE_N>"M}}, 1,

"target_variable change" {{"factual": "<FACTUAL_TARGET>",
"counterfactual'” "<COUNTERFACTUAL_TARGET>"}},
"reasoning": "<YOUR_REASONING>",
"explanation": "<YOUR_SUMMARY> ))
Please remeber to include also the target variable in the feature_changes list.
Please avoid any further explanation, clarification or other unnecessary outputs,
just provide the JSON. Here is your input: ### Dataset Description ###
{dataset_description} ### Factual Example ### {factual_example} ###
Counterfactual Example ### {counterfactual_example} Avoid using bullet points, lists, or
numerical outlines.

A counterfactual explanation refers to a type of explanation in machine learning and artificial
intelligence that describes how altering certain input features can change the output of a
model. It answers ‘what if' scenarios by identifying minimal changes necessary to achieve a
different desired outcome. Counterfactual explanations provide insights into the decision-
making process of complex models, enhancing transparency and interpretability.
For example, consider a credit scoring model that denies a loan application. A counterfactual
explanation might be: 'If your annual income had been $50,000 instead of $45,000, your loan
would have been approved.' This helps the applicant understand what specific change could
lead to a different decision. Your task is to generate a comprehensive, natural language
counterfactual explanation of the classification change when transitioning from a factual
example to its counterfactual counterpart. Given the following inputs:
- Dataset Description: Background knowledge about the dataset, including feature
definitions, their significance, and statistical distributions.
- Factual Example: A specific instance from the dataset that was classified under the original
conditions.
- Counterfactual Example: A modified version of the factual example where certain features
have been altered, resulting in a different classification.
- Draft Explanations: Three independent draft explanations of the same
factual/counterfactual pair. These explanations may overlap, complement, or partially
contradict each other. The explanation should:
1. Identify Feature Changes: List and describe the features that differ between the factual
and counterfactual examples. You should follow the structure outlined below.
2. Reasoning: Carry out a reasoning step that is functional to generating the final summary,
in particular:

- Analyze Contribution of Features: Assess the influence of each changed feature on the
classification outcome, leveraging dataset knowledge to justify its impact.

- Highlight Interactions: Discuss any interactions between features that may have played a
role in shifting the classification outcome.
3. Integrate Draft Explanations: Carefully review the three draft explanations. Extract the
core claims and evidence presented in each. In particular:

- Where explanations conflict or differ, resolve these contradictions by prioritizing
statements best supported by the dataset description and the identified feature changes.

- Merge complementary insights to create a unified, logically consistent explanation,
avoiding redundancy and ensuring the final narrative flows coherently.
4. Summarize Key Factors: Conclude with a concise summary of the most influential
features and their role in altering the prediction. The summary should be approximately 250
words. Avoid using bullet points, lists, or numerical outlines. Provide your responses in
complete sentences and paragraphs, explaining concepts clearly and concisely in a
continuous flow. The summary should be clear, coherent, and provide an intuitive
understanding of how the model's decision was influenced by the observed feature
modifications. Your output should follow the following JSON structure:
{{ "feature_changes": [

{"'<FEATURE_1>": {{"factual’: "<FACTUAL_VALUE_1>",
"counterfactual”: "<COUNTERFACTUAL_VALUE_1>"}}}, .
{"<FEATURE_N>": {{"factual FACTUAL_VALUE_N>", "counterfactu:

<COUNTERFACTUAL_VALUE N>“)}})

1

"target_variable_change": {{"factual": "<FACTUAL_TARGET>", "counterfactual": "
<COUNTERFACTUAL_TARGET>"

"l OUR REASONING>"
: "<YOUR_SUMMARY>"

1

Please remeber to include also the target variable in the feature_changes list.

Please avoid any further explanation, clarification or other unnecessary outputs, just provide
the JSON. Here is your input: ### Dataset Description ### {dataset_description} ### Factual
Example ###

{factual_example} ### Counterfactual Example ### {counterfactual_example} ### Draft
Explanation 1 ### {draft_explanation_1} ### Draft Explanation 2

#H#H# {draft_explanation_2} ### Draft Explanation 3 ### {draft_explanation_3}

Figure 4: Right side: prompt used to refine multile narratives. Left side: prompt to generate the draft explanations.

explanation by integrating overlapping claims from Drafts 1 and 2:
namely, that occupation is the primary driver of the income change,
while marital status contributes additional financial stability. The
Refiner also goes beyond simple aggregation, providing deeper rea-
soning on feature interactions — for example, noting that being
married and working in a white-collar job together exert a stronger
effect than either factor alone, or that the impact of the change in
race from ‘White‘to ‘Other’ is uncertain or secondary.

This process exemplifies the self-correcting nature of MNR: by
leveraging multiple imperfect narratives, the pipeline constructs a
coherent, accurate, and more nuanced explanation than any single
draft could provide. As a result, the final narrative not only corrects
factual inconsistencies but also enriches the reasoning, highlighting
feature interactions and causal plausibility in a way that enhances
both fidelity and user interpretability. For other examples, please
refer to the code https://github.com/flaat/llm_kd.

7 Conclusion

In this work, we introduced the Multi-Narrative Refinement
pipeline, a novel approach to generating human-readable coun-
terfactual narratives from tabular data. By combining knowledge
distillation with a structured two-stage draft-and-refine process, we
demonstrated that Small Language Models can be empowered to de-
liver coherent and contextually accurate narratives that demystify
the decisions for complex AI models.

Our experiments yield several key insights. First, fine-tuning
via knowledge distillation is not merely advantageous but indis-
pensable: base SLMs without distillation fail to perform the task,
whereas distilled versions consistently achieve high feature fidelity
and narrative coherence. Second, the refinement stage consistently
amplifies performance by resolving contradictions between drafts,
correcting errors, and synthesizing more robust explanations.

Taken together, these results highlight the dual importance of dis-
tillation and multi-narrative refinement. The MNR pipeline not only
advances the state of the art in counterfactual narrative generation
but also demonstrates a practical path toward deploying smaller,
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Table 6: Comparison between the three draft explanations and the Refiner’s reasoning phase for the Adult dataset.

Example

Factual: age: 33; workclass: Private; education: School; marital status: Divorced; occupation: Blue-Collar; race: White; gender: Male; hours per week: 35
Counterfactual: age: 33; workclass: Private; education: School; marital status: Married; occupation: White-Collar; race: Other; gender: Male; hours per week: 35

DNG (M): Qwen 2.5 0.5B

Refiner (R): Qwen 2.5 3B

Draft 1: The most influential features contribut-
ing to the change in income prediction are marital
status, occupation, and race. Being married, which
often signifies stability, likely enhances earning po-
tential. Changing occupation to white-collar sug-
gests a higher-paying job, which directly impacts
income. Lastly, race may play a role in the model’s
perception of economic status, possibly reflecting
broader societal factors. Together, these changes
shift the model’s assessment. Draft 2: The most
influential factor in altering the prediction is the
occupation change from 'Blue-Collar’ to "White-
Collar’. This shift suggests a move to a higher-
paying, professional role, which is strongly corre-
lated with higher income. Additionally, the marital
status change to 'Married’ may imply financial sta-
bility or dual income, contributing to the higher
income prediction. The race change might reflect
broader economic disparities, though this effect is
less direct. Draft 3: The increase in income classi-
fication from ‘Income <=50K’ to "Income >50K’ is
primarily driven by three factors: older age, married
status, and a white-collar job. These changes sug-
gest that individuals in these categories are more
likely to earn above 50K

Merging Phase: Okay, so I need to help the user by generating a comprehensive counterfactual explanation
based on the given inputs. Let me start by understanding the problem. First, the dataset is the Adult dataset, which
predicts income above or below 50K. The factual example has an income of 0 (<=50K), and the counterfactual
has 1 (>50K). So, the goal is to explain why changing certain features caused this shift. Looking at the factual and
counterfactual examples: Factual: - age: 33 - workclass: Private - education: School - marital_status: Divorced -
occupation: Blue-Collar - race: White - gender: Male - hours-per-week: 35 Counterfactual: - age: 33 - workclass:
Private - education: School - marital_status: Married - occupation: White-Collar - race: Other - gender: Male
- hours-per-week: 35. So, the features that changed are: - marital_status: Divorced -> Married - occupation:
Blue-Collar -> White-Collar - race: White -> Other. Wait, but looking back, the factual example’s education
is ’School’, while the counterfactual’s is still ’School’? Or did I misread? Oh no, wait, the factual example’s
education is *School’, and the counterfactual’s is School’ too. So those didn’t change. Hmm, maybe I missed
something. Let me check again. No, both have ’School’ as education. So the only changes are marital_status,
occupation, and race. Wait, in the factual example, the occupation is 'Blue-Collar’, and in the counterfactual, it’s
"White-Collar’. Also, race changes from "White’ to ’Other’. Now, looking at the draft explanations: Draft 1 says
marital status, occupation, and race are the main factors. It mentions being married enhances earning potential,
white-collar jobs indicate higher pay, and race reflects economic status. Draft 2 focuses mainly on occupation
change to white-collar, suggesting higher income correlation. It also mentions marital status implying financial
stability and possible dual income. Race might reflect economic disparities. Draft 3 talks about older age, married
status, and white-collar job driving the income increase. But in our case, age remains 33, so that doesn’t apply
here. Hmm, so Draft 3 seems incorrect because age didn’t change. So we can disregard that part. Now, analyzing
the contributions: Occupation is a big one. Blue-Collar typically pays less than White-Collar. So changing to
White-Collar likely increases income. Marital status: Married might correlate with higher income due to potential
dual income or stability. Race: Changing from White to Other this is tricky. The dataset’s race categories might
have different income implications. Maybe ’Other’ includes groups with higher average incomes, but it’s not
straightforward. But in the dataset description, race is a categorical variable, and the target variable is income.
So perhaps 'Other’ isn’t necessarily worse; maybe it’s neutral or positive in this context. Interactions: Maybe
being married and having a White-Collar job together have a stronger effect than individually. Integrating the
drafts: Draft 1 and 2 agree on occupation and marital status. Draft 2 adds marital status implying financial
stability. Draft 3 incorrectly mentions age and doesn’t address all changes. So, the key factors are occupation and
marital status. Race’s impact is uncertain but might contribute positively. Putting it all together, the explanation
should highlight occupation as the primary driver, followed by marital status, and note the race change without
overemphasizing it since age remained the same. Narrative: Occupation change from Blue-Collar to White-Collar
likely increased income. Marital status from Divorced to Married might imply stability or dual income. Race
change to Other might have a slight positive effect. The main factors are occupation and marital status. The
race change is less impactful but still contributes. Wait, but in the factual example, the person is male, divorced,
working blue-collar, white, and making <=50K. In the counterfactual, they’re married, white-collar, male, and
making >50K. So the key changes are occupation and marital status. So, the summary should focus on those
two features, noting that occupation is a strong indicator of income level, and marital status can add to that
effect. Race’s role is secondary or unclear without more data. I think I've got it.
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resource-efficient models that preserve both reasoning depth and
explanatory quality.

8 Social Impact

The research presented in this paper carries relevant social implica-
tions by addressing the need for transparency and interpretability
in Al systems. The positive impact of our work is the democratiza-
tion of Al explainability. By converting technical counterfactuals
into clear and accessible natural language narratives, our frame-
work empowers individuals who are not Al experts to understand
the reasoning behind automated decisions that directly affect their
lives. This fosters greater trust in Al systems and provides a basis
for users to contest unfair or erroneous outcomes. Furthermore, in
high-stakes domains like finance and healthcare, our method can
help organizations meet regulatory requirements for transparency,
such as those outlined in the EU AI Act (see Section 1). Furthermore,
by enabling the use of smaller and more efficient models, our work
also contributes to a more sustainable and economically viable ap-
proach to deploying explainable Al (see Section 6.3), making these
powerful tools available to a wider range of organizations. Despite
its benefits, this technology is not without risks. For example, the

generated narratives could be highly persuasive but subtly inac-
curate and could mask underlying model flaws or biases [2, 6, 14].
The process of simplification inherent in creating a narrative might
also omit crucial details, creating a gap between the explanation’s
perceived meaning and the model’s true internal logic.
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