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Abstract: We propose an interpretable method to assign continuous exaggeration scores to news summaries. First, we
construct an exaggeration ranking of article—summary pairs using LLM-based relative judgments with a comparison-
based sorting procedure. Next, we convert the ranking into scores by recursively identifying semantic midpoints to ap-
proximate an equal-interval scale and interpolating between anchor points with PCHIP, while preserving monotonicity.
Robustness is improved via ensembling across multiple runs. Experiments on 1,000 Newsroom pairs show generally
stable scoring, and a validity test using artificially exaggerated summaries yields higher scores than non-exaggerated

ones.
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1. Introduction

In recent years, with the widespread use of social media, an
environment has emerged in which opinions and interpretations
of news articles are shared almost instantly. In particular, on
social media platforms that impose strict character limits, short
summaries or headlines are often used instead of the full article
text, and these short texts tend to be shared independently. Such
summaries may be written by the original authors of the articles.
However, in many cases they are created by third parties or au-
tomatically generated systems. This raises a concern that some
of these summaries include exaggerated expressions that overly
emphasize certain parts of the original article. Even when a sum-
mary does not directly contradict the content of the article, ex-
aggeration can give readers an excessively strong impression of
the overall content. Furthermore, when opinions or interpreta-
tions based on such exaggerated summaries are shared secondar-
ily on social media, misunderstandings of the original article may
spread more widely.

The problems caused by exaggerated summaries are not lim-
ited to simple factual inaccuracies. By emphasizing specific in-
formation, exaggerated expressions often appeal strongly to read-
ers’ emotions. Previous studies have shown that, on social me-
dia, emotionally charged or sensational content is more likely to
spread than information presented in a neutral manner [1], [2]. As
a result, exaggerated summaries may circulate more widely than
accurate ones, promoting the spread of information that high-
lights particular interpretations. For this reason, the diffusion of
exaggerated summaries can be considered one of the factors that
distort readers’ understanding of news content.

Department of Creative Informatics, Kyushu Institute of Technology,
680-4 Kawazu, lizuka, Fukuoka 820-8502, Japan
Department of Artificial Intelligence, Kyushu Institute of Technology,
680-4 Kawazu, lizuka, Fukuoka 820-8502, Japan

© 2026 Information Processing Society of Japan

Against this background, this study aims to suppress misun-
derstandings caused by exaggerated summaries and to prevent the
formation of public opinion based on such misunderstandings. To
achieve this goal, we seek to develop a method that can capture
how exaggerated a summary is. In the fast-paced environment of
social media, it is important to grasp the degree of exaggeration
quickly and intuitively. Therefore, representing exaggeration as
a quantitative indicator is considered to be an effective approach.
While qualitative explanations can convey detailed information
about how exaggeration appears in a summary, they require time
to read and impose a high cognitive load on users, making them
less suitable for social media environments. In contrast, numer-
ical indicators are easy to perceive visually and allow readers to
immediately judge whether caution is needed.

Because a large amount of information circulates on social me-
dia, it is unrealistic to rely on manual inspection for each sum-
mary. Thus, it is desirable to automatically compute such indica-
tors. In this study, we construct a dataset in which numerical ex-
aggeration scores are assigned to pairs of news articles and their
summaries. This dataset is intended to be used in the future for
training machine learning models that automatically estimate the
degree of exaggeration. Figure 1 shows the overall process of
constructing the exaggeration score dataset and its intended us-
age. This study proposes a method for building a dataset with ex-
aggeration scores for news summaries and investigates how large
language models (LLMs) can be used to assign these scores in a
stable and consistent manner.

2. Related Work

2.1 Factual Consistency Evaluation in Summarization

In research on news article summarization, many studies have
focused on evaluating whether a summary is consistent with the
content of the original article. FactCC [3] treats factual con-
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Fig.1 Overview of this study.

sistency as a classification problem. It detects factual errors by
judging whether the meanings of the source article and the sum-
mary are aligned. BERTScore [4] measures semantic similarity
between the source text and the summary using contextualized
embeddings from a pre-trained language model. BARTScore [5],
on the other hand, evaluates the plausibility of a summary based
on its generation probability conditioned on the source document,
using a summarization model.

These methods are effective for detecting factual errors and
inconsistencies in summaries. However, they mainly focus on
whether a summary contradicts the original article. As a result,
they do not directly address exaggerated expressions that empha-
size specific aspects of the content. This limitation remains even
when the summary is factually consistent with the source text.

2.2 Studies on Exaggerated Summaries

Compared to studies on factual consistency, relatively few
studies have focused on exaggerated summaries. Iwamoto and
Shimada [6] constructed a dataset of exaggerated summaries by
rewriting normal summaries into exaggerated ones using LLM:s.
They also evaluated exaggeration detection models using this
dataset. While this dataset is useful for analyzing exaggeration-
related phenomena, the exaggerated summaries are artificially
generated. Therefore, they may not sufficiently reflect exaggera-
tion patterns observed in real news article summaries. In addition,
the dataset is annotated with binary labels. This makes it difficult
to represent differences in the degree of exaggeration.

To address these limitations, Iwamoto and Shimada [7] pro-
posed a method for constructing a dataset of real news ar-
ticle—summary pairs annotated with continuous exaggeration
scores. In this study, multiple article-summary pairs are com-
pared using an LLM. The summaries are then ranked based on
their relative levels of exaggeration. After that, continuous exag-
geration scores are assigned to each summary by linearly map-
ping the ranking positions to a continuous scale. This framework
allows exaggeration to be treated as a continuous quantity rather
than a binary category. However, this approach assumes that ex-
aggeration levels are uniformly distributed across the ranking. As
a result, summaries located at intermediate positions in the rank-
ing are assigned scores only based on their relative order. Seman-
tic differences between summaries at neighboring ranks are not
explicitly considered.

The ranking-based framework provides an important founda-
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tion for continuous exaggeration scoring. However, there is still
room for improvement in how scores are assigned. This issue is
especially important for summaries that fall between clearly non-
exaggerated and clearly exaggerated cases. In this study, we build
upon this prior work and investigate a scoring method that focuses
on semantically meaningful intermediate points in the ranking.
Our goal is to improve the interpretability of exaggeration score
assignment.

3. Proposed Method

This section proposes a method for constructing an exagger-
ation score dataset that quantifies the degree of exaggeration in
news article summaries as continuous values. The goal of the
proposed method is to automatically assign exaggeration scores
to a large set of article—summary pairs based on evaluations per-
formed by an LLM.

The proposed framework consists of two stages. The first
stage constructs an exaggeration ranking using LL.M-based rel-
ative evaluation (Sorting). The second stage converts this ranking
into continuous exaggeration scores (Scoring). While the Sort-
ing stage follows an existing ranking-based framework [7], the
Scoring stage is newly proposed in this study.

Before describing the overall framework, we first clarify the
roles of absolute and relative evaluation in LLM-based exaggera-
tion assessment.

3.1 Absolute and Relative Evaluation

There are two main approaches for evaluating the degree of ex-
aggeration in news summaries using an LLM: absolute evaluation
and relative evaluation.

In absolute evaluation, a single article—summary pair is given
to the LLM, and the model directly outputs a numerical value that
represents how exaggerated the summary is relative to the article.
This approach is intuitive and easy to interpret. However, pre-
vious studies have reported that absolute evaluation often suffers
from low consistency [8]. Even when the same input is provided
repeatedly, the output score may vary across runs. This instability
is mainly due to the fact that LLMs do not possess a clear internal
scale and that their inference process is inherently probabilistic.

In contrast, relative evaluation presents two article—summary
pairs to the LLM at the same time. The model is asked to com-
pare them and decide which summary is more exaggerated, or
which one is closer to a reference level. LLMs tend to produce
more stable outputs in such comparative judgments than in ab-
solute numerical judgments. However, relative evaluation only
provides binary relationships between pairs and does not directly
yield continuous exaggeration scores.

Table 1 summarizes the characteristics of absolute and rela-
tive evaluation. Based on this comparison, this study focuses on
relative evaluation because of its higher consistency. To address
the limitation that relative evaluation cannot directly output nu-
merical scores, we adopt a framework that aggregates many rela-
tive comparison results and represents exaggeration as continuous
values. Specifically, we first organize the relative order of exag-
geration for all pairs and then construct continuous exaggeration
scores based on this ordering.
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Fig.2 Overview of the framework.

3.2 Overview of the Framework

Figure 2 shows an overview of the proposed framework for
constructing an exaggeration score dataset. The framework con-
sists of two stages: Sorting, which constructs an exaggeration
ranking, and Scoring, which converts the ranking into continuous
scores.

In the Sorting stage, a set of article—summary pairs is first pre-
pared, as illustrated on the left side of Figure 2. An overview of
the Sorting stage is illustrated in Figure 3. These pairs are or-
dered from the least exaggerated to the most exaggerated based
on relative evaluations performed by an LLM. This stage follows
the approach proposed by Iwamoto and Shimada [7], in which
the LLM is used as a comparison function. Specifically, two ar-
ticle-summary pairs are presented to the model at a time. The
model judges which summary is more exaggerated relative to its
corresponding article, and the result of this judgment is used as
the comparison outcome in the sorting procedure.

If all possible pairs were compared directly, the number of
required comparisons would be on the order of N2, where N
is the number of pairs. This is not practical when N becomes
large. Therefore, we adopt a comparison-based sorting algo-
rithm. In this study, MergeSort is employed, which reduces the
number of required comparisons to the order of NlogN. By
combining MergeSort with LLM-based relative evaluation, we
can construct an exaggeration ranking with a practical computa-
tional cost. The obtained ranking represents ordinal relationships
among article-summary pairs in terms of their exaggeration de-
gree.

In the Scoring stage, the obtained exaggeration ranking is used
as input, and a continuous exaggeration score is assigned to each
pair. While the ranking provides information about relative order,
it does not indicate how large the differences in exaggeration are.
Therefore, the Scoring stage aims to convert ordinal information
into interpretable numerical scores while preserving the ranking
order. This stage constitutes the main contribution of this study
and is described in detail in the following sections.

3.3 Scoring: Converting the Ranking into Scores

This section describes a method for assigning continuous ex-
aggeration scores to each article—summary pair, using the exag-
geration ranking obtained in the Sorting stage as input.

The exaggeration ranking produced by Sorting represents the
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Fig.3 Overview of the exaggeration ranking construction method.

relative order of pairs in terms of exaggeration. In other words,
it guarantees which summary is more exaggerated than another.
However, this information is purely ordinal. It does not indicate
how large the difference in exaggeration is between two pairs.
Nevertheless, in practical applications, it is often desirable that
exaggeration scores have interpretable differences. For example,
when the scores are used as target variables in regression-based
learning, or when they are presented intuitively on social media
platforms, simple rank information is not sufficient. In such cases,
score differences are expected to reflect meaningful differences in
exaggeration degree. Therefore, in the Scoring stage, it is neces-
sary not only to preserve the ranking order but also to consider
the interpretability of score differences.

The simplest approach to score assignment is to linearly map
the ranking onto the interval [0, 1]. Specifically, a score of 0 is
assigned to the least exaggerated pair, and a score of 1 is as-
signed to the most exaggerated pair. The remaining pairs are
assigned evenly spaced values according to their rank positions.
This method reflects the ranking order, such that a higher rank
corresponds to a higher score. When a large collection of arti-
cle—summary pairs is considered, the pairs located at both ends of
the ranking can be regarded as approximations of the minimum
and maximum observable exaggeration degrees. That is, the pairs
ranked first and N-th can be interpreted as representing the lower
and upper bounds of exaggeration in the data. Under this statisti-
cal assumption, assigning scores of 0 and 1 to the endpoints has
a certain degree of validity.

However, linear assignment merely maps ordinal information
onto an evenly spaced numerical scale. For example, a score of
0.5 simply represents the median rank and does not guarantee
that the summary is semantically intermediate in terms of exag-
geration. Similarly, the difference between scores 0.25 and 0.5
does not necessarily correspond to the same exaggeration differ-
ence as that between 0.5 and 0.75. This limitation can affect the
interpretability of scores when they are used for learning or eval-
uation.

Therefore, in this study, we aim not only to preserve the rank-
ing order but also to assign scores in a way that allows score dif-
ferences to be interpreted as differences in exaggeration degree.
To achieve this, we seek to construct exaggeration scores that can
be understood as an interval scale rather than a purely ordinal
scale.

3.3.1 Monotonicity and Equal-Interval Property

In this study, we assume that for each article-summary pair
x, there exists an unobservable true exaggeration degree e (x) €
[0, 1]. Here, e (x) is a latent variable that represents the strength
of exaggeration in the summary relative to the article. Although



IPSJ SIG Technical Report

e (x) cannot be directly observed, its relative order can be es-
timated through pairwise comparison. The exaggeration score
s (x) € [0, 1] is defined as a mapping from the true exaggeration
degree e (x).

The minimum requirement for the score is monotonicity. That
is, for any two pairs x, and x;, the score should preserve the order
of the true exaggeration degrees, as formalized in Eq. 1. Linear
assignment preserves the order of the ranking and therefore satis-
fies this requirement.

5(xa) < 5(xp) © e(x,) <el(xp) (D

However, monotonicity alone does not guarantee a meaning-
ful interpretation of score differences. For example, even when
monotonicity holds, it is unclear whether a score difference of
s(xp) — s(x;) = 0.1 corresponds to a negligible difference in
exaggeration or to a non-negligible one. Similarly, a score of
s (x) = 0.5 does not necessarily indicate that the exaggeration de-
gree is semantically moderate. In addition, the difference between
scores (.25 and 0.5 is not guaranteed to correspond to the same
exaggeration difference as that between 0.5 and 0.75. Thus, a
score that satisfies only monotonicity is appropriate as an ordinal
scale. However, score differences cannot be directly interpreted
as differences in exaggeration degree.

To make scores more interpretable, this study introduces the
equal-interval property, with the aim of constructing scores that
can be understood as an interval scale. Specifically, the equal-
interval property requires that a midpoint in score space corre-
sponds to a semantic midpoint in exaggeration degree, as ex-
pressed in Eq. 2.

8 (xg) + 5 (xp) _e(xa) +e(xp)

s (xp) = f = e(xy) = )

2

Intuitively, a score of 0.5 represents the semantic midpoint be-
tween 0 and 1, and a score of 0.25 represents the semantic mid-
point between 0 and 0.5. If the equal-interval property is satisfied,
score differences can be treated as differences in exaggeration de-
gree. As a result, the suitability of the scores as target variables
in learning tasks is also expected to improve.

However, because the target of evaluation is qualitative text, it
is difficult to directly ask an LLM to evaluate quantitative con-
cepts such as averages or numerical differences of exaggeration
degrees. In the next section, we describe a method for identifying
semantic midpoints based solely on relative comparison, without
relying on numerical comparison.

3.3.2 Identification of Semantic Midpoints Based on Rela-
tive Comparison

This section describes a method for identifying semantic mid-
points based solely on relative comparison, under the assumption
that the set of article—summary pairs has already been sorted in
increasing order of exaggeration by the Sorting stage.

As an initial condition, we assume that a score of 0 is assigned
to the lowest-ranked pair in the exaggeration ranking, and a score
of 1 is assigned to the highest-ranked pair. This assumption is
based on the statistical consideration that, when a large collection
of article—summary pairs is used, the pairs located at both ends of
the ranking can be regarded as approximations of the observable
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lower and upper bounds of exaggeration. Under this initial con-
dition, only the two endpoint pairs have known scores, while the
scores of pairs located between them remain undetermined.

At this stage, the search interval for midpoint identification,
denoted as [L,R], is defined as follows. The index L corre-
sponds to the position immediately after the lower-exaggeration
anchor, and the index R corresponds to the position immedi-
ately before the higher-exaggeration anchor. In other words, the
search interval contains pairs whose scores are unknown and is
bounded by two anchor pairs with known scores. Let x; de-
note the lower-exaggeration endpoint and xz denote the higher-
exaggeration endpoint. Our goal is to identify, within this inter-
val, the pair that corresponds to the semantic midpoint between
xz and xg.

For a candidate pair x), within the search interval, the pro-
posed method asks the LLM to perform a relative comparison.
Specifically, the LLM is asked whether x,, is closer in exaggera-
tion degree to x; or to xg. By using the result of this proximity-
based comparison, the midpoint identification process can be in-
terpreted as a search problem. If x,, is judged to be closer to the
lower-exaggeration endpoint x;, the semantic midpoint is consid-
ered to lie on the higher-exaggeration side. In this case, the search
interval is updated to [M + 1, R]. Conversely, if x,, is judged to be
closer to the higher-exaggeration endpoint xg, the search interval
is updated to [L, M — 1]. By repeatedly updating the search in-
terval in this manner, the position where the distances to the two
endpoints are balanced can be gradually narrowed down. This
procedure is analogous to binary search in index space, under the
assumption that exaggeration increases monotonically along the
ranking.

Figure 4 illustrates a concrete example of this midpoint iden-
tification process. We assume that the lowest-ranked pair has al-
ready been assigned a score of 0 and the highest-ranked pair has
been assigned a score of 1. The undetermined interval [L, R] be-
tween these two anchors is the target of the search. In the first
step, a candidate index M located near the center of the interval
is selected. The LLM then judges whether the pair at index M
is closer in exaggeration to the pair at index L or to the pair at
index R. For explanation purposes, we assume the existence of a
true exaggeration degree e (x). In the example shown in the fig-
ure, the true exaggeration degrees are assumed to be e(a) = 0
for the pair at L, e(k) = 1 for the pair at R, and e(f) = 0.67
for the candidate pair at M. Since e (f) is closer to e (k) than to
e (a), it is natural to judge that the candidate pair M is closer to
the higher-exaggeration side. The relative comparison performed
by the LLM is expected to reflect this relationship and output that
M is closer to xg. Based on this result, the semantic midpoint
is considered to lie toward the lower-exaggeration side, and the
search interval is updated to [L, M — 1]. By repeating this up-
date process based on proximity judgments, the search interval
is gradually narrowed to the position that best balances the dis-
tances to the two endpoints. When the search interval converges
to a single pair, that pair is interpreted as the one closest to the se-
mantic midpoint between scores 0 and 1. In the example, a score
of 0.5 is assigned to pair d, in Figure 4.
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Fig. 4 Example of semantic midpoint identification based on relative com-
parison.

3.3.3 Recursive Application of Midpoint Identification and
Construction of Anchor Points

This section describes a method for constructing multiple an-
chor points by recursively applying the midpoint identification
procedure, thereby dividing the score scale in a stepwise manner.

Specifically, in addition to the anchor points corresponding to
scores 0 and 1, a score of 0.5 is assigned to the semantic midpoint
identified by the procedure described in Section 3.3.2. Next, the
intervals [0, 0.5] and [0.5, 1] are regarded as independent search
intervals, and the same midpoint identification procedure is ap-
plied to each interval. As a result, pairs corresponding to the
semantic midpoints of these intervals are identified, and scores
of 0.25 and 0.75 are assigned, respectively. By recursively ap-
plying the midpoint identification in this manner, the score scale
is gradually divided, and multiple anchor points such as 0, 0.25,
0.5, 0.75, and 1 can be obtained. These anchor points are not
determined by simple uniform index partitioning. Instead, their
semantic midpoints are confirmed through relative comparison.

The level of detail in the constructed anchor set involves a
trade-off between computational cost and precision. Since mid-
point identification requires relative comparisons performed by
an LLM, the number of comparisons increases as the recursion
depth becomes larger. Therefore, in the proposed method, the re-
cursive application of midpoint identification is terminated after
reaching a predefined depth, once a sufficient number of anchor
points has been obtained.

Figure 5 illustrates a concrete example of the process in which
the anchor set is constructed through recursive midpoint identi-
fication. At recursion depth 0, which corresponds to the initial

© 2026 Information Processing Society of Japan

Recursion Depth: 0 (Intial State)

[Pair a [ Pair b ] Pair c [ Pair d | Pair e | Pair f ] Pair g | Pair h | Pairi | Pairj | Pairk |

e(z) 000 0415 030 051 062 067 071 089 095 099 1.00
s(z) 0.0 1.00

\

Recursion Depth: 1

[Pair a [ Pair b ] Pair c | Paird [ Pair e | Pair f | Pair g | Pair h | Pairi | Pairj | Pairk |

e(r) 000 015 030 051 062 067 071 089 095 099 1.00
s(z) 0.00 0.50 1.00

\

Recursion Depth: 2
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Fig. 5 Example of anchor point construction through recursive midpoint
identification.

state, scores of 0 and 1 are assigned to the lowest-ranked and
highest-ranked pairs in the exaggeration ranking, respectively. At
recursion depth 1, midpoint identification is applied to the unde-
termined interval between these two anchors, and the pair cor-
responding to the semantic midpoint between scores 0 and 1 is
identified and assigned a score of 0.5. At recursion depth 2, the
intervals [0, 0.5] and [0.5, 1] are treated as independent search in-
tervals. By applying the same midpoint identification procedure
to each interval, anchor points corresponding to scores 0.25 and
0.75 are identified.

3.3.4 Computing Continuous Scores by Interpolation be-

tween Anchor Points

This section describes an interpolation method for assign-
ing continuous exaggeration scores to all article—summary pairs
based on the constructed set of anchor points.

In the proposed method, PCHIP (Piecewise Cubic Hermite
Interpolating Polynomial) [9] is adopted as a technique for
smoothly interpolating the entire score scale using the anchor
points as reference points. PCHIP is a method based on piecewise
cubic Hermite interpolation, which passes through all given data
points while preserving monotonicity. In addition, it is known
to be less prone to excessive oscillation, which often occurs in
higher-order polynomial interpolation. These properties are use-
ful for smoothly representing the relationship between the rank-
ing and the scores, while faithfully preserving the anchor points
obtained through midpoint identification.

Specifically, the index of the exaggeration ranking is used as
the horizontal axis, and the exaggeration scores assigned to the
anchor points are used as the vertical axis. By interpolating be-
tween adjacent anchor points using PCHIP, a continuous score
function over the entire ranking is constructed. Using this func-
tion, a continuous exaggeration score s(x) € [0, 1] can be as-
signed to every article-summary pair in a consistent manner.

The scores obtained through this procedure guarantee mono-
tonicity, as the order of the ranking is preserved. At the same
time, the anchor points retain semantic interpretations based on
equal partitioning, which was introduced through relative mid-
point identification.
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Figure 6 illustrates a concrete example of scores derived from
an exaggeration ranking. In the figure, the blue points represent
the true exaggeration degree e (x), the red points represent the
exaggeration scores s (x) obtained by the proposed method, and
the black points represent scores s’ (x) obtained by simple linear
assignment based on the ranking. Since the true exaggeration de-
gree e (x) is unobservable, this figure is a schematic example con-
structed using hypothetical values for explanatory purposes. Al-
though linear assignment guarantees monotonicity, it uniformly
converts rank differences into numerical values. As a result, dis-
crepancies may arise when the true exaggeration degree is dis-
tributed in a nonlinear manner. In contrast, the scores obtained by
the proposed method introduce equal partitioning through mid-
point identification based on relative comparison. This enables
the construction of scores that preserve monotonicity while more
closely reflecting the true exaggeration degree.

3.4 Enhancing Robustness of the Proposed Method

LLMs are based on probabilistic generation processes. There-
fore, even when the same prompt is given, the judgment results
may vary across different executions. Such variability in the out-
puts can influence both the Sorting stage, which relies on relative
comparisons, and the Scoring stage, which converts rankings into
continuous scores. To address this issue, the proposed method
improves robustness by aggregating the results of multiple exe-
cutions in both stages.

First, in the Sorting stage, the initial order of article-summary
pairs is randomly shuffled, and the construction of the exagger-
ation ranking using MergeSort is performed multiple times. For
each execution, a ranking of the pairs is obtained based on relative
comparisons by the LLM. After performing multiple executions,
the average rank of each pair is computed across all rankings. The
pairs are then re-sorted according to these average ranks to form
the final exaggeration ranking. This procedure is expected to re-
duce biases that depend on a specific initial ordering or a single
execution result.

Next, in the Scoring stage, the averaged exaggeration ranking
obtained in the Sorting stage is used as input. The entire scor-
ing procedure, which consists of midpoint identification, con-
struction of the anchor point set, and computation of continuous
scores by interpolation, is executed multiple times. For each ar-
ticle—summary pair, the scores obtained from these multiple exe-
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cutions are averaged. The resulting average value is used as the
final exaggeration score.

By introducing ensemble processing in both the Sorting and
Scoring stages, the proposed method suppresses errors caused by
variability in the probabilistic outputs of the LLM. As a result, the
stability of both the exaggeration ranking and the assigned scores
is improved.

4. Experiments

In this section, the proposed method is applied to a real-world
news article corpus to construct an exaggeration score dataset,
and its properties are examined through experimental evaluation.
Since the exaggeration scores proposed in this study are con-
structed based on relative evaluations performed by an LLM, it
is important to verify whether the assigned scores are obtained in
a stable manner without strong dependence on execution condi-
tions, and whether they appropriately reflect the degree of exag-
geration.

From this perspective, we focus on evaluating the stability of
the results produced in the Scoring stage (Section 3.3), which
converts the exaggeration ranking into continuous scores. In ad-
dition, we examine the validity of the assigned scores using artifi-
cially generated exaggerated summaries. In particular, the exper-
iments investigate how variability arising from the probabilistic
generation process of the LLM affects fluctuations in the assigned
scores, and whether the scores appropriately capture the presence
and strength of exaggeration.

4.1 Experimental Setup

In this experiment, we use 1,000 article-summary pairs se-
lected from the Newsroom corpus [10], which contains a large
collection of real-world news articles and their corresponding
summaries. The proposed method is applied to this corpus to
construct an exaggeration score dataset.

In the Scoring stage, the recursion depth for constructing the
anchor point set is fixed to 10. As the LLMs used for relative
evaluation, Mistral-7B-Instruct-v®.3* is employed in the
Sorting stage, and gpt-oss-20b*? is used in the Scoring stage.
For both models, the temperature parameter during generation is
fixed to 0.8.

In the Sorting stage, the LLM is given two article—summary
pairs at a time and is asked to judge which summary is more ex-
aggerated relative to its corresponding article.

In the Scoring stage, relative evaluation is used for mid-
point identification. The LLM is presented with one target ar-
ticle-summary pair and two reference pairs. It is then asked to
determine whether the exaggeration level of the target summary
is closer to that of the first reference pair or the second, relative to
each original article. The prompt explicitly instructs the model to
ignore content similarity and to base the judgment solely on the
degree of exaggeration.

The proposed method is applied to the corpus to construct the
exaggeration score dataset used in the subsequent experiments.

“I' https://huggingface.co/mistralai/Mistral-7B-Instruct-v
0.3

*2 https://platform.openai.com/docs/models/gpt-oss-20b
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Fig. 7 Relationship between exaggeration ranking and exaggeration scores
across four score assignment runs.

4.2 Stability of Score Assignment Results

This section examines how stable the score assignment results
are with respect to differences across multiple executions of the
scoring procedure. In the proposed method, the final exaggera-
tion scores are obtained through the score assignment procedure
applied to a fixed ranking. Since the score assignment procedure
relies on relative comparisons performed by an LLM and sub-
sequent interpolation, it is important to evaluate how stable the
assigned scores are across different execution runs. Therefore,
this section focuses on examining the stability of the score assign-
ment process itself. To isolate the effect of score assignment from
fluctuations in the sorting results, we fix the ranking and execute
the scoring procedure multiple times. Specifically, following the
aggregation method described in Section 3.4, a single ranking is
constructed by aggregating four sorting results. This aggregated
ranking is then used as the fixed input, and the scoring proce-
dure is executed four times. In each execution, the seed value
of the LLM used for score assignment is changed, and midpoint
identification as well as the subsequent interpolation process are
performed independently.

First, to qualitatively examine the stability of the score assign-
ment results, we visualize the relationship between the ranking
and the assigned scores. Figure 7 shows the correspondence be-
tween the exaggeration ranking on the horizontal axis and the
exaggeration scores on the vertical axis for the four executions.
Each plot in the figure corresponds to one execution with a dif-
ferent seed value, and the color indicates the execution run. From
the figure, it can be observed that from the lower ranks to approx-
imately the middle ranks around rank 600, similar score assign-
ment patterns are obtained across all four executions. This indi-
cates that the correspondence between the ranking and the scores
is stable in this range. In contrast, in the higher-ranked region,
some discrepancies can be observed between certain executions
and the others. Nevertheless, a common trend of rapidly increas-
ing scores in the higher-ranked region is consistently observed
across all executions. These observations suggest that the score
assignment process produces generally stable results.

Next, we quantitatively evaluate the variability of the score as-
signment results. For all 1,000 article—summary pairs, the scores
obtained in the four executions are collected, and the standard
deviation of the scores is computed for each pair. As a result,
the mean of the standard deviations is 0.1008. Considering that
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Fig. 8 Distribution of score standard deviations across four score assign-
ment runs.

the exaggeration scores range from O to 1, this value corresponds
to approximately 10% of the entire score range. This indicates
that the score assignment results exhibit a certain level of stabil-
ity across different executions.

Figure 8 shows the distribution of the standard deviations of the
scores for all pairs obtained from the four executions. The hori-
zontal axis represents the standard deviation of the scores across
the four runs, and the vertical axis represents the number of corre-
sponding pairs. The figure shows that the distribution has concen-
trations around 0.05 and around 0.20. Based on the results shown
in Figure 7, the pairs with relatively large standard deviations are
considered to be influenced by variations in score assignment that
occur in some executions within the higher-ranked region. How-
ever, the standard deviations are small for most pairs, and cases
in which score assignment becomes unstable are limited.

From these results, we conclude that under the condition where
the ranking is fixed, the score assignment process in the proposed
method exhibits a sufficient level of stability with respect to dif-
ferences across execution runs.

4.3 Validity of Scores Using Artificially Exaggerated Sum-
maries

This section evaluates whether the scores assigned by the pro-
posed method appropriately reflect the degree of exaggeration
contained in summaries. Specifically, we examine the relation-
ship between the assigned scores and binary labels indicating the
presence or absence of exaggeration, using artificially generated
exaggerated summaries.

In this experiment, we generate artificial exaggerated sum-
maries based on the CNN/DailyMail dataset [11], following
the dataset construction method proposed by Iwamoto and Shi-
mada [6]. For each original summary, GPT-40*3 is used to rewrite
the summary by adding only one exaggerated expression, while
explicitly avoiding the introduction of new factual errors such as
contradictions or incorrect numerical information. As aresult, the
generated exaggerated summaries differ from the original ones
only in the presence of an exaggerated expression, allowing con-
trolled evaluation of exaggeration.

Through this process, we construct a set of 1,000 arti-
cle-summary pairs, consisting of 500 original summaries with-

*3 https://platform.openai.com/docs/models/gpt-40
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Fig. 9 Distribution of exaggeration scores for original and artificially exag-
gerated summaries.

out exaggeration and 500 artificially generated exaggerated sum-
maries. The original summaries and exaggerated summaries are
created from different source articles, so that no articles overlap
between the two groups. This design avoids cases in which judg-
ments become easier due to content similarity arising from the
same original article, and ensures that the evaluation focuses on
exaggeration itself.

The proposed method is then applied to these 1,000 pairs to
assign exaggeration scores to all summaries. As a result, the av-
erage score of the original summaries is 0.2576, while the average
score of the artificially exaggerated summaries is 0.3698. Thus,
the exaggerated summaries consistently receive higher scores
than the non-exaggerated summaries. This result indicates that
the scores assigned by the proposed method appropriately reflect
the presence of exaggeration.

Figure 9 shows the distribution of exaggeration scores for
the original summaries and the artificially generated exagger-
ated summaries. The horizontal axis represents the exaggeration
scores assigned by the proposed method, and the vertical axis
represents the number of corresponding summaries. In the figure,
the blue histogram corresponds to the original summaries with-
out exaggeration, and the red histogram corresponds to the arti-
ficially exaggerated summaries. It can be observed that the pro-
portion of exaggerated summaries increases as the score becomes
higher, while original summaries are more densely distributed in
the lower score region.

From these results, we conclude that the proposed scores can
smoothly distinguish between exaggerated and non-exaggerated
summaries, and that they appropriately reflect the degree of ex-
aggeration.

5. Conclusion

In this study, we proposed a method for constructing an ex-
aggeration score dataset that represents the degree of exaggera-
tion in news article summaries as continuous numerical values.
This work is motivated by the observation that exaggerated ex-
pressions in summaries can influence readers’ understanding of
information and potentially affect the formation of public opin-
ion. To address this issue, we designed a two-stage framework
consisting of Sorting and Scoring.

However, this study has several limitations. First, the seman-
tic validity of the exaggeration scores has been evaluated mainly

© 2026 Information Processing Society of Japan

using artificially generated exaggerated summaries and illustra-
tive analysis. Because the perception of exaggeration depends on
readers’ background knowledge and values, future work should
incorporate human annotations and more diverse evaluations to
further examine the interpretability and validity of the scores.

Second, the proposed method constructs exaggeration scores
based on relative evaluations by an LLM. As a result, the out-
comes may still be influenced by the choice of the LLM and
the prompt design. Further investigation is required to determine
whether similar tendencies are observed across different settings.

As future work, we plan to use the constructed exaggeration
score dataset to train models that automatically estimate the de-
gree of exaggeration in summaries. Such models would enable
automatic estimation of exaggeration levels for large volumes of
news article summaries in practical settings, and could be applied
to applications such as providing warnings or alerts to readers.
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