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Abstract

While there have been many studies analyz-
ing the ability of LLMs to solve problems
through reasoning, their application of reason-
ing in summarization remains largely unex-
amined. This study explores whether reason-
ing is essential to summarization by investigat-
ing three questions: (1) Do humans frequently
use reasoning to generate new summary con-
tent? (2) Do summarization models exhibit
the same reasoning patterns as humans? (3)
Should summarization models integrate more
complex reasoning abilities? Our findings re-
veal that while human summaries often contain
reasoning-based information, system-generated
summaries rarely contain this same informa-
tion. This suggests that models struggle to ef-
fectively apply reasoning, even when it could
improve summary quality. We advocate for the
development of models that incorporate deeper
reasoning and abstractiveness, and we release
our annotated data to support future research.

1 Introduction

In recent decades, the amount of textual informa-
tion available has grown exponentially, creating a
pressing need for automatic systems that can pro-
cess this information and derive meaningful con-
clusions from it. Recent advances in large language
models (LLMs) have shown remarkable progress
in handling tasks that appear to require reasoning-
namely, deriving conclusions not explicitly stated
in the text. For instance, LLMs have demonstrated
strong performance in question answering tasks
that involve background knowledge and inference
(Zhao et al., 2023; Liu et al., 2025). Yet, despite
these advances, the role of reasoning in generic
summarization remains largely underexplored. A
key question arises: Can and should automatic sum-
maries incorporate new conclusions that go beyond
the information explicitly present in the source?
Traditionally, research in automatic summariza-
tion has focused on information selection and
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paraphrasing (Zhang et al., 2018; Lebanoff et al.,
2019b; Ernst et al., 2022). One widely used qual-
ity measure to human-like summaries has been
abstractiveness-the degree to which a summary
uses its “own words” rather than copying source
text. With the emergence of LLMs, summarization
systems have achieved substantial gains not only in
content selection but also in producing highly flu-
ent and abstractive outputs comparable to human-
written summaries (Goyal et al., 2022). These ad-
vances invite a deeper investigation into the next
frontier: Can automatic summaries perform reason-
ing, deriving conclusions like humans do?

In principle, the ability to reason during sum-
marization could enhance content focus and infor-
mativeness, enabling the generation of summaries
that emphasize the most salient insights rather than
merely restating information. Table 1 illustrates
how different summarization processes can yield
outputs with varying levels of focus, conciseness,
and reasoning.

To investigate this, we outline several research
questions: (1) Do humans rely on reasoning to cre-
ate summary content, and if so, how often? (2) Do
models employ the same reasoning as humans, or
do they bypass it? (3) Should we aim to incorporate
reasoning abilities in summarization modeling?

To address these questions, we began with a man-
ual annotation of human-generated summaries. We
identified three common operations that humans
perform when rewriting selected text for summaries
(will be defined clearly in Section 3): paraphrasing,
generalization, and drawing conclusions. The lat-
ter two operations, generalization and conclusion,
change the semantic meaning from the source to
the summary and are considered to require reason-
ing.! We manually classified matching text spans
between summaries and source texts according to

'We acknowledge that reasoning may be used in paraphras-
ing, but such reasoning does not fall within the scope of our
work as it does not lead to new semantic content.
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Type Text

Source Investigators are trying to
piece together what led to the
deaths

Paraphrase Investigators are attempting
to figure out how the deaths
occurred

Generalization Investigators are working on
a case

Conclusion Mystery surrounds the death

of two brothers

Table 1: An example of abstractiveness levels that can
be applies to a source sentence

these levels of abstractiveness and found that ap-
proximately 25% of human summary spans involve
such reasoning.

However, our manual evaluation of system-
generated summaries revealed a different pattern.
Despite high overall evaluation scores with respect
to reference summaries, these systems predomi-
nantly matched the reference with paraphrased text
spans. Crucially, reference spans that require rea-
soning to extract important information were under-
represented in systems summaries. In other words,
while these models seem to display reasoning abil-
ities in other tasks, they tend to avoid using them
correctly in summarization, where output is often
deemed acceptable without it, despite the fact that
this omission can reduce the quality of the sum-
mary.

This analysis highlights the importance of rea-
soning in summarization and calls for the develop-
ment of new models that better integrate reasoning
and different levels of abstraction. To facilitate
further research, we are releasing the manual anno-
tations and data.’

2 Related Work

2.1 Abstractiveness Analysis

Prior research on abstractiveness has focused on
how multiple source sentences are fused into one
summary sentence (Barzilay and McKeown, 2005).
Early work analyzed syntactic aspects of fusion,
investigating whether sentences are merged or
concatenated (Lebanoff et al., 2019a), and ex-
plored points of correspondence between sentences
(Lebanoff et al., 2020). These studies were con-

2Annotated  data is  publicly  available  at

https://github.com/oriern/ReasoningSummarization.
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ducted on nearly-extractive data and based mostly
on paraphrasing.

More recent research has expanded to include
specific cases of entity generalization in summaries
that went beyond paraphrasing (Gonzdlez et al.,
2022; Jumel et al., 2020). A new aggregation met-
ric (He et al., 2023) has also been introduced to cap-
ture even non-paraphrasing forms of fusion. Over-
all, most existing studies focus on sentence fusion
and lack detailed manual annotations of abstractive-
ness across varying levels of sentence complexity.

The work most closely related to our approach is
that of Jing (2002), who conducted a seminal study
examining the operations employed by human sum-
marizers when composing abstractive summaries.
Specifically, they identified six key actions: sen-
tence reduction, sentence combination, syntactic
transformation, lexical paraphrasing, generaliza-
tion/specification, and content reordering. Based
on the hypothesis that abstractive summarization
relies on these operations, one can characterize a
summary’s level of abstractiveness by measuring
the extent to which each action is applied.

As mentioned, while modern summarization sys-
tems are capable of performing many of these oper-
ations, especially those related to paraphrasing, our
work focuses on a different dimension: reasoning.
We argue that, despite advancements in paraphras-
ing and surface-level transformations, reasoning-
based abstraction, the ability to derive new conclu-
sions or implicit insights, remains underexplored
and is largely absent from prior work.

2.2 LLMs Reasoning Ability

Reasoning benchmarks, such as commonsense (Tal-
mor et al., 2019), logical (Sinha et al., 2019), math
(Saxton et al., 2019), or multi-hop (Tu et al., 2019),
were considered a difficult task for language mod-
els to solve. Most of these benchmarks were de-
signed in a Question-Answering (QA) setup, where
a query or a question is given, and the answer can
be found in a defined set of sources. In order to find
the answer, the system is expected to use reason-
ing. Recent advancements in LLMs showed signif-
icantly improvement on these benchmarks (Driess
et al., 2023; Touvron et al., 2023; Espejel et al.,
2023), especially while using chain of thought (Ko-
jima et al., 2022; Wei et al., 2022). However, all
these benchmarks are designed to elicit reasoning.
In contrast, this paper aims to evaluate the rea-
soning abilities of models in summarization tasks,
where acceptable outputs can still be achieved with-


https://github.com/oriern/ReasoningSummarization

out reasoning.

3 Abstractiveness Levels

There are a few ways in which source informa-
tion can be utilized in the process of summariza-
tion. The simplest approach is to copy the infor-
mation directly and reword or restructure it to fit
the rest of the summary. Generalizing certain parts
of the source material can help compress informa-
tion even further by reducing the amount of detail
and level of specificity. Sometimes, it is neces-
sary to add entirely new information drawn from
the source through reasonable conclusions to avoid
relying on reader inference. We use these observa-
tions regarding the various uses of source informa-
tion to define abstractiveness levels.

First, we define a span-level matching between
the information in the summary and its correspond-
ing evidence from the source. Having these match-
ing pairs allow to analyze the abstractiveness level
performed in the summary. Following Ernst et al.
(2021, 2024) the spans are standalone facts that
are usually formed into a proposition, where the
source span entails the summary span. We also
required fight matching, where each source token
that adds additional information that the summary
is not based on, is omitted.

Given these pairs, the abstractiveness levels are
defined as follows:

Paraphrase. Bi-directional entailment between
the summary span and the document span. That is,
both sides share the same information

Generalization. The summary and document
spans are event-coreferred®. The summary span
does not explicitly mention specific details but in-
stead uses broader terms that encompass those de-
tails. As a result, while the source span entails the
summary span, the summary span does not fully
entail the source span.

Conclusion. The summary span adds new infor-
mation that is not mentioned explicitly in the source
but derived from it. Accordingly, while the source
span entails the summary span, the summary does
not entail the source in full, and they are not event-
coreferred.

The examples in Table 1 demonstrate how these
guidelines are applied. More examples can be seen
in the Appendix (Table 5).

3 According to Eirew et al. (2022), event-coreferred spans
are spans that refer to the same event.
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Dataset Paraph. General. Conc. NA
DUC 65.3 13.8 11.1 9.8
FewSum 55.8 20.3 9.8 14.1
MultiNews 60.6 12.5 162 10.7

Table 2: Average distribution of span-level abstractive-
ness types in reference summaries (%)

Note that by definition, if a pair contains more
than one type, it should be classified according to
the more lenient type. For example, if one part
of a summary span generalizes while other parts
derive a conclusion, the spans are not considered
fully coreferred and should be classified as a Con-
clusion. Thus, the final hierarchy is: Conclusion >
Generalization > Paraphrase.

4 Annotation Process

In order to understand how often different levels
of abstractiveness appear in human written sum-
maries, we annotate reference summaries from the
news and review domains. This annotation was
performed manually by an expert annotator.

4.1 Alignment data

As outlined in Section 3, abstractiveness levels
are determined by analyzing matching summary-
source pairs. To achieve this, we utilize existing
human-annotated source-summary span alignments
from three multi-document summarization datasets:
two from the news domain—DUC (NIST, 2014)
and MultiNews (Fabbri et al., 2019)—and one fo-
cused on business reviews, FewSum (Brazinskas
et al., 2020). Specifically, we used 315 document-
summary span pairs across 12 summaries from
DUC alignments (Ernst et al., 2021), 250 pairs
from 16 summaries from MultiNews alignments
(Ernst et al., 2024), and 336 pairs from 17 sum-
maries using FewSum alignments (Slobodkin et al.,
2024). For each pair, the annotator classified the
abstractiveness type.

4.2 Annotation

The annotation process is composed by prelimi-
nary alignment data cleaning, pair-level annotation,
aggregation to the span level, and finalizing rate
calculation across all summaries. In this section,
we elaborate about each of these components.

As we heavily rely on the previously annotated
source-summary alignment, to ensure the quality
of our annotations, we first cleaned the alignment



data. This data allowed for some degree of noise,
details that appeared in the summary or source
span but not in the other span from the pair, such
as ‘two brothers’ in the conclusion example from
Table 1. To meet our definition of #ight alignment,
we first omitted tokens from both the summary
and source spans, ensuring no unaligned tokens
remained, provided that such omissions did not
contradict or significantly alter the span’s meaning.

Then, we annotate each source-summary pair
with one of the three types. If entailment could
not be achieved even after omitting details, the pair
was labeled as ‘not aligned’.

Since a single summary span can be aligned with
multiple document spans, and the level of abstrac-
tiveness is defined at the pair level, it is necessary
to aggregate the pair-level decisions into a single
summary span-level label. Specifically, each sum-
mary span was aligned separately with each of its
corresponding document spans, and abstractiveness
was annotated for every summary—document pair.
After completing the pair-level annotations, we ag-
gregated all annotations associated with the same
summary span to derive a final abstractiveness label
for that span.

Since we do not know which document span in-
fluenced the summary span the most, we adopt a
strict approach, assuming that summarizers use the
simplest level of abstractiveness possible. Specifi-
cally, if a summary span is aligned with multiple
document spans, each annotated with a different
abstractiveness type, we assume the summarizer
employed the least abstract type. Paraphrase is
the simplest type, followed by Generalization, and
finally Conclusion. Therefore, a summary span
is considered derived from Conclusion only if all
associated pairs are labeled as Conclusion. If all
pairs are labeled ‘not aligned’, the summary span
is considered ‘not aligned’.

Finally, we calculate the rate of each type in a
summary and averaged across summaries in the
same dataset.

4.3

To assess the clarity of the task and the reliability
of the guidelines, we recruited an additional ex-
pert annotator to independently annotate a subset
of three summaries (one from each dataset) and
measured inter-annotator agreement. Agreement
was evaluated under two conditions: (1) for the full
process, which included both span cleaning and
classification; and (2) for classification only, where
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the annotator received the already cleaned spans.
The annotators reached an agreement of 81.5% on
the classification decisions and 69.2% on the full
process when including the alignment-tightening
process. These results indicate that the annotation
guidelines are clear and can be applied consistently
across annotators.

4.4 Results

As shown in Table 2, while Paraphrasing is the
most common level of abstractiveness, approxi-
mately 25-35% of the reference summaries include
instances of Generalization and Conclusion. This
indicates that human summarizers frequently go be-
yond simple paraphrasing. Generalization is more
prevalent than Conclusion in the reviews dataset,
where summarizers often generalize across mul-
tiple personal experiences reported by customers.
This tendency is more expected in reviews but less
common in the news domain, where summarization
typically focuses on factual reporting.

5 System-Generated Summaries

We observed a substantial presence of generaliza-
tion and conclusion actions in human-written refer-
ence summaries, raising questions about whether
automatic summarization systems are capable of
generating similar types of information. However,
due to the lack of available alignment data between
system-generated summaries and their correspond-
ing source documents, data required for our anno-
tation process, we were unable to apply the same
fine-grained annotation procedure to system sum-
maries as we did for human references.

Instead, we analyzed how well system-generated
summaries align with reference summaries across
different abstractiveness levels. Our findings re-
veal that system outputs tend to match paraphrase-
based reference spans far more frequently than
generation- or conclusion-based spans. In other
words, the high similarity scores that system sum-
maries achieve relative to reference summaries pri-
marily stem from their ability to produce effective
paraphrases, rather than from generating novel con-
clusions or inferred content akin to those written
by humans.

To examine this phenomenon, we conducted an
abstractiveness-aware manual evaluation inspired
by the Pyramid method (Nenkova and Passonneau,
2004). We selected 10 topics from MultiNews,
10 from FewSum, and 6 from DUC 2004. Sys-



Model Paraph. General. Conc. Total
GPT 40 m. 54.0 34.1 309 381
PRIMERA 35.1 16.7 0.0 20.8
Llama 3 55.6 35.5 331 39.1

Table 3: Average span-level recall scores of system
summaries for each abstractiveness type

Reference System

Democrats, meanwhile,
argue that it’s too soon to
scale back the program

Democrats argue against
these cuts, pointing out
that many families still
depend on the program

The quality of the theater
is superb

the quality...justify the
cost

Table 4: Examples of reference spans and related system
spans with different abstractiveness levels.

tem summaries were generated using three models:
PRIMERA fine-tuned on MultiNews (Xiao et al.,
2022), GPT-40 mini in a zero-shot setting (Ope-
nAl, 2024), and Llama 3 8B Instruct in a zero-shot
setting (Dubey et al., 2024).

Following the standard Pyramid approach, an ex-
pert annotator segmented each reference summary
into factual, standalone spans and then identified
which of these were matched by the corresponding
system-generated summary. The overall recall of
matched spans for each model is reported in Table 3
(“Total”).

Building on these matches, we computed a re-
call score for each abstractiveness level, reflecting
the proportion of reference spans of a given type
that were successfully reproduced by the system.
As shown in Table 3, coverage varied substantially
across types. For instance, GPT-40 mini matched
54% of reference spans classified as Paraphrase,
but only 30.9% of those classified as Conclusion.
Across all systems, Paraphrasing achieved the high-
est recall, while Conclusion and Generation spans
were captured less frequently.

These findings suggest that current summariza-
tion models excel at reproducing paraphrased con-
tent but struggle to incorporate reasoning-based or
conclusion-oriented information that match the ref-
erence summary, particularly when such reasoning
is not explicitly required by the input.

It is important to note that, in a few cases, mod-
els did select the same source information as the
reference summary did, but because they employed
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a different level of abstraction, their output was too
distant from the reference to be considered a match.
Examples of this phenomenon are provided in Ta-
ble 4 and the Appendix (Table 6). This highlights
that while models can identify relevant content,
they may require further guidance on how to apply
the appropriate level of abstraction.

6 Conclusion

In this work, we analyzed different abstraction
levels in summarization, and found that while hu-
mans use reasoning to derive information which
improves the focus and clarity of summaries, mod-
els are still lagging behind. We release our data
and annotation to facilitate research in this direc-
tion and the development of summarization models
that incorporate better reasoning abilities.

Limitations

Due to a lack of available system summary-source
alignment data at the time of this project, we were
unable to perform system summary annotation of
the same kind of the reference summary annotation.
From our analysis alone, we cannot conclude that
system generated summaries do or do not contain
generalization or conclusion information, only that
they do not often apply these levels of abstractive-
ness in the same way as human summarizers.

Abstraction level of summary-source pairs were
annotated, separately, one pair at a time. As a result,
some summary spans may have been marked "not
aligned’ if they require information fusion across
many source spans.
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A Reference Summary Examples

Table 5 contains examples of aligned pairs from
the datasets and their corresponding types after the
annotation process.

B System Summary Examples

In Table 6, we provide examples of similar spans
from the reference and system summaries. Sum-
maries generated with GPT 40 mini and Llama 3
used the prompt, "The following are news articles
on a single topic. Please create one summary from
all of the articles:", followed the source documents.

C System Summary Evaluation by
Dataset

We present the system summary evaluation statis-
tics broken down by dataset in Table 7.
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Source Summary Type
People now can look at Hawaii as a desti- | That could be a boon for destination wed- | Conclusion
nation to have their marriage dings in a state
a source tells Us that Maroon 5 have been | sources tell Variety the Super Bowl LIII Paraphrase
tapped to grace the halftime stage halftime act has been chosen, and it’s Ma-

roon 5
the court will return to the subject of | The court...will look at cases includ- | Generalization
whether the Constitution permits public | ing...affirmative action
colleges and universities to take account
of race in admissions decisions
an estimated 16 million children, or about | about 16 million, or nearly one in five, of Paraphrase
one in five, received food stamp assistance | them are doing so fueled by food stamps
"I actually quite like the color," said psy- | But not everyone’s on board with trashing | Generalization
chologist Dr. Carolyn Mair..."It’s an | opaque couche
earthy, muted, rich color, very much of
nature
You should always use the chip device, not | Credit card purchases are about to get...a | Not Aligned
the swipe device lot more secure
Can the sight of a greenish-brown color | the...color... been used to try to save lives Conclusion

really be enough to deter smokers from
reaching for their next pack of cigarettes?

waited over 20 min

The food takes to long to come out

Generalization

waited over 20 min ... not even a sorry | service is horrible Conclusion
about the wait
newest hottest spot ... Food is amazing Overall not a recommended place Not Aligned

Table 5: Examples of reference spans and related system spans with different abstractiveness levels.

Reference Type ‘ Reference System Matched
Generalization | Instagram...simply dropping the | Instagram has decided to revert Yes
changes to its previous terms
Paraphrase The chips in the new cards use a | These EMV (Europay, Master- Yes
system known as EMV, for cre- | Card, and Visa) chips
ators Europay, MasterCard, and
Visa
Conclusion police "do not believe there are | authorities are not currently No
any outstanding suspects," per | seeking any suspects
a spokesperson
Conclusion Flickr’s app jumped in popular- | NA No
ity
Generalization | the opposition tried to cut off | opposition...urged international No
his access to loans. bodies, such as the Asian De-
velopment Bank, to reconsider
support
Generalization | Police got a call...that afternoon | Police...receiving a distress call Yes
around 2:45 p.m
Paraphrase Crowe eventually returned to | Crowe became defensive and No
the matter of the accent, saying, | denied the accusation
"I’'m a little dumbfounded you
could possibly find any Irish
in that character-that’s kind of
ridiculous, but it’s your show.
Conclusion the investigation is ongoing The investigation is ongoing Yes

Table 6: Examples of reference spans and related system spans with different abstractiveness levels.
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Model Dataset Paraphrase Generalization Conclusion Total

DUC2004 44.7 83 66.7 34.8

.. | FewSum 63.5 375 17.9 419

GPT domini |\ W 1 iNews 51.0 41.6 29.1 36.3
DUC2004 231 0.0 0.0 16.5

FewSum 34.8 133 0.0 16.5

PRIMERA |/ iNews 427 27.8 0.0 277
DUC2004 447 333 0.0 377

FewSum 726 334 357 42.6

Llama38b |/ iNews 46.9 38.9 42.0 36.4

Table 7: Average span-level recall scores of system summaries for each abstractiveness type and dataset.
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