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Abstract

High-quality scientific extreme summary
(TLDR) facilitates effective science communi-
cation. How do large language models (LLMs)
perform in generating them? How are LLM-
generated summaries different from those writ-
ten by human experts? However, the lack of a
comprehensive, high-quality scientific TLDR
dataset hinders both the development and eval-
vation of LLMs’ summarization ability. To
address these, we propose a novel dataset,
BiomedTLDR, containing a large sample of
researcher-authored summaries from scientific
papers, which leverages the common practice
of including authors’ comments alongside bib-
liography items. We then test popular open-
weight LLMs for generating TLDRs based on
abstracts. Our analysis reveals that, although
some of them successfully produce humanoid
summaries, LLMs generally exhibit a greater
affinity for the original text’s lexical choices
and rhetorical structures, hence tend to be more
extractive rather than abstractive in general,
compared to humans. Our code and datasets
are available at

1 Introduction

We, as researchers, are often called upon to con-
dense our work into concise and informative
summaries—whether it is a one-sentence teaser
or a take-home message—across diverse contexts
such as journal submissions and academic presen-
tations. More broadly, high-quality extreme sum-
maries, or TLDRs, facilitate the communication
of scientific findings to diverse audiences, from
domain experts to the lay public, which is essen-
tial for advancing research and promoting public
engagement (Jamieson et al., 2017).

Recently, Large Language Models (LLMs) have
begun to transform this landscape, promising to
automate the generation of these TLDRs (Binz
et al., 2025). However, the efficacy of LLMs in
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Figure 1: (A) An example annotated bibliography entry
cited by Andersson (2001). Bold text at the end is the
annotation from the author, which is used as the sum-
mary in this research. (B) The corresponding abstract-
summary pair to (A). The abstract is from Riquet et al.
(1999).

this domain is bottlenecked by the scarcity of high-
quality scientific summary corpora. Predominant
large-scale datasets often rely on extracting cita-
tion contexts from the “Related Work" sections of
citing papers. Such supervision signals are inher-
ently fragmented, as they typically capture only
specific facets of the cited work tailored to the cit-
ing author’s narrative, failing to provide a holistic
overview. Furthermore, their reliance on full-text
extraction introduces significant availability barri-



ers, as well as unnatural and imbalanced discipline
distribution.

To overcome these obstacles, we introduce
BiomedTLDR, a large-scale corpus derived from
annotated bibliographies, which consists of cita-
tions accompanied by a few brief, descriptive sen-
tences in which the author explicitly summarizes
the referenced work, as shown in Fig. 1A. This
structural format provides a self-contained sum-
mary of the cited paper’s core contributions, avoid-
ing fragmentation and narrative bias. By systemati-
cally collecting these entries, we construct a dataset
of over 35 thousand abstract-summary pairs, with
most of the source abstracts and target summaries
originating from highly cited papers published in
top-tier biology or medical journals.

Using BiomedTLDR, we then conduct a multi-
dimensional evaluation of state-of-the-art LLMs,
uncovering a distinct behavioral divergence be-
tween LLM and human summarization. Our analy-
sis reveals that while exhibiting a stronger extrac-
tive tendency, some of LLMs have reached human
parity in identifying salient information, but they
generally differ fundamentally in how present and
rearrange it.

Our contributions are summarized as follows:

1. We propose a novel data collection paradigm
based on annotated bibliographies and release
BiomedTLDR, a dataset comprising high-
quality researcher-authored TLDRs, aiming
to establish a new benchmark for extreme sci-
entific summarization.

2. We provide a comprehensive evaluation frame-
work that systematically quantifies the writ-
ing styles and tendencies of state-of-the-art
LLMs.

2 Related Work

Early research in automatic summarization primar-
ily focused on newswire domains (e.g., CNN/Daily-
Mail (Hermann et al., 2015)). However, the expo-
nential growth of scientific literature has created a
pressing need for automated tools to mitigate infor-
mation overload and enable rapid screening. These
tools have proven highly effective in real-world ap-
plications, such as Semantic Scholar, which helps
researchers speed up the process of targeting rele-
vant papers by distilling complex research into a
single, highly informative sentence. The scientific
domain presents unique challenges due to its spe-
cialized terminology, lengthy documents, and the

requirement for high-level domain expertise, which
necessitates the construction of specialized scien-
tific TLDR corpora distinct from traditional sum-
marization datasets, for both the development and
the evaluation of automatic summarization models.

Volske et al. (2017) pioneered this direction
by mining user-generated summaries from Reddit,
demonstrating the feasibility of learning extreme
summarization from large-scale social media data.
However, the informal and noisy nature of Reddit
posts limits their direct applicability to rigorous
scientific communication. Transposing this task
to the scientific domain, Cachola et al. (2020) in-
troduced SciTLDR, a benchmark dataset derived
from OpenReview. By combining author-written
summaries with those curated by graduate students,
SciTLDR established a high-quality gold standard.
Nevertheless, its reliance on manual curation re-
sults in a relatively small scale and limited domain
coverage.

To address the scalability bottleneck of manual
annotation, recent efforts have turned to automated
extraction methods. For example, Mao et al. (2022)
proposed CiteSum, which extracts citation texts
from the “Related Work” sections of papers as prox-
ies for summaries. While this approach enables
the construction of a large-scale dataset from the
S20RC corpus, it inherently relies on access to full-
text articles, subjecting the dataset to copyright re-
strictions and potential disciplinary biases (80.04%
are computer science papers and only 2.13% are
medical papers). Moreover, citation texts often em-
phasize certain aspects pertinent to the citing work
rather than providing a holistic summary of the
cited paper.

Beyond single-document extreme summariza-
tion, the research landscape has expanded into
diverse input scenarios and objectives. Lu et al.
(2020) introduced Multi-XScience with emphasis
on multi-document summarization, using a whole
paragraph from a paper’s “Related Work™ section
as the target text, and uses that paper’s abstract,
together with abstracts of all papers cited in that
paragraph, as the source text. Takeshita et al. (2022)
and Atri et al. (2023) extended the boundaries of
the task to cross-lingual and multimodal settings,
respectively, incorporating multiple language trans-
lations and audio-visual conference presentation
data. A parallel line of research (Goldsack et al.,
2022) and (Guo et al., 2024) focuses on focused
“lay summarization”, aiming to make science acces-
sible to the general public through expert-written



Table 1: Statistics of existing scientific TLDR datasets, where ours is in bold. Average values are reported for words
and sentences, whereas the median is used for citation counts.

. . # words # sentences # citations
Dataset Domain # pairs .
(source/target/ratio) (source/target)
SciTLDR OpenReview 5412 179.92/22.15/8.12  7.46/1.04/7.17 -/-
Multi-XScience arXiv 40,528 772.69/120.50/6.41 30.72/4.85/6.33 192/5
CiteSum S20RC 92,946 283.69/25.16/11.28 11.34/1.15/9.86 89/ -
BiomedTLDR  Springer 35,626  191.58/25.29/7.58  7.37/1.14/6.46 308/435

simplifications and retrieval-augmented LLMs.

3 Our Dataset

We introduce a dataset comprising 35,626 paper ab-
stracts paired with researcher-authored summaries.
This resource aims to enrich academic-targeted
training corpora and facilitate evaluations of LLMs’
summarization ability by establishing a human
baseline.

To construct the dataset, we systematically crawl
web pages for over 1.2 million academic papers
from Springer’s websites, with an example shown
in Fig. 1A. Then we parse retrieved HTML files to
extract bold annotations and the DOI of correspond-
ing citable items. For most pages, a Google Scholar
link is provided for each reference, from which we
obtain the embedded DOI; when the link is absent,
we use CrossRef’s API to query the DOI based
on the bibliography text. After collecting DOI-
summary pairs, we use DOIs to match the abstracts
of corresponding academic papers (as shown in
Fig. 1B), resulting in a dataset consisting of 35,626
abstract-summary pairs involving 29,356 papers.
Some samples from our dataset are available in
§ B.2.

Table 1 provides a quantitative comparison of
several existing scientific TLDR datasets. Our
BiomedTLDR dataset distinguishes itself from
them in several qualitative dimensions. First, our
use of annotated bibliographies—commonly found
in highly cited review papers authored by experi-
enced researchers—ensures a more authoritative
and standalone overview of the referenced work.
Moreover, by relying solely on universally acces-
sible abstracts and bibliography metadata, our ap-
proach circumvents the copyright restrictions and
parsing noise associated with full-text extraction,
thereby enhancing reproducibility and disciplinary
coverage, as shown in § A.2.

4 Generating Summary using LLMs

To measure LLMs’ summarization ability and
to examine how LLM-generated summaries dif-
fer from those written by domain experts, we
set up a local Ollama server which hosts 5
open-weights LLMs, namely gemma3:27b (Team
et al., 2025), deepseek-r1:70b (DeepSeek-Al
et al., 2025), gpt-oss:12b (OpenAl et al., 2025),
1lama4:16x17b (lla), and qwen3:235b (Yang
et al.). We employ a few-shot learning frame-
work that guides LLMs through summarization
(see § B.1). Specifically, 5 randomly selected and
then fixed abstract-summary pairs are provided for
LLMs, along with the word count of each summary,
as the training set. The other 35,621 pairs serve as
the test set. Then, we feed LLMs with abstracts
and word counts of human-written summaries as
length reference and ask them to generate summa-
rizations recursively on the test set. Samples in
both the training and test sets are identical for all
LLMs. We set the context window size to 4096
and the temperature to 1 for all LLMs. We dis-
abled DeepSeek-R1, gpt-oss, and Qwen3’s think-
ing mode due to the complexity of the processing
speed required for this task. Every abstract in the
test set was summarized individually, and we got
178,105 (35,621 x 5) LLM-generated summaries
in total. Some samples of them can be checked in
§ B.2.

5 Evaluation

We present multi-dimensional comparisons be-
tween the extreme scientific summaries in our
dataset, their respective abstracts, and LLM-
generated summaries. These analyses include sum-
mary statistics (§ 5.1), readability (§ 5.2), abstrac-
tiveness (§ 5.3), rhetorical structure (§ 5.4), and
reference-based evaluation (§ 5.5), which collec-
tively aim to understand the differences between
different types of summaries.



Table 2: Statistics for summaries by LLMs and human researchers, compared with original abstracts. Reported are

mean =+ standard deviation.

Model Length NEs per Training set copy rate (%)
words sentences words/sent. 100 words | = 0% > 10% Max

Gemma 3 29.06+£11.03  1.03+231  28.31+£959 | 449+£464 | 9125 028 2778
DeepSeck-R1 | 60.46 +158.34 2314734  26.19+830 | 413+3.71 | 90.83  0.19  100.00
Gpt-oss 62.35+£2284  1.64+0.93 37.94+1551 | 6.30£4.60 | 9616  0.01 1148
Llama 4 4311+£764.99  1.30+3.32 33.24+£628.57 | 3.46+£4.28 | 86.63 105  46.15
Qwen3 153.29 £1799.10 6.22+91.82 24.64+140.67 | 490+£4.38 | 9488 003 9524
Human | 252941143 114+ .41 22224883 | 556+593 | - - -
Abstract | 1915848252  7.37+£3.18 26.01+11.71 | 511+£383 | - - -

5.1 Descriptive Statistics

Table 2 presents some summary statistics of LLM-
generated summaries, human-written summaries,
as well as the original abstracts for reference.
All LLMs, except Gemma 3, produce summaries
whose lengths significantly exceed the intended
length, despite providing a reference word count
during training. Furthermore, LLMs tend to gener-
ate repetitive or verbose content to varying degrees
(see § B.3), reflected in the extremely large stan-
dard deviations of Qwen3 and Llama 4’s summary
lengths.

Identifying named entities using the pretrained
en_core_web_sm model from spaCy (Honnibal
et al., 2020), we find that gpt-oss exhibits the most
distinguishable density of information content in its
generated summary, reflecting a higher specificity.
The other LLM-generated summaries show lower
entity density compared to human-written ones in
general.

We evaluate the extent LLM-generated sum-
maries copy phrases from the training set exam-
ples, assessing possible overfitting or memoriza-
tion. Specifically, we define the training set copy
rate of a summary as the percentage of its 3-grams
that overlap with those in the 5 training samples.
Table 2 reports 3 statistics: the proportion of sum-
maries with a 0% copy rate, the proportion with a
copy rate exceeding 10%, and the maximum copy
rate observed across all summaries. The results
show that all LL.Ms exhibit a varying extent of
copying from the training set.

5.2 Readability

Ideally, an effective TLDR should lower the cog-
nitive barrier for readers, transforming complex
technical content into plain language that is eas-
ier to digest. To assess the linguistic complexity

Table 3: Comparison of mean readability scores across
different models and human baselines. For all metrics,
lower values denote better readability.

Model FKG|, GF| SI| ARI| CLI| LWF| DCRS./
Gemma 3 1920 2346 1952 2168 1955 20112 1448
DeepSeck-R1  19.69 23.85 19.76 2247 2080 21.02  14.94
Gpt-oss 2379 2782 2261 2845 2155 2990 1577
Llama 4 18.13 21.80 1825 2022 17.58 19.86  13.54
Qwen3 2294 2727 2205 2652 2315 2570 1594
Human 1525 1879 1613 1658 16.08 1570  13.05
Abstract 1617 1975 17.18 1791 1661 1638  13.65

and accessibility of the generated summaries, we
employ 7 established readability metrics: Flesch-
Kincaid Grade (FKG), Gunning Fog (GF), SMOG
Index (SI), Automated Readability Index (ARI),
Coleman-Liau Index (CLI), Linsear Write Formula
(LWF), and Dale-Chall Readability Score (DCRS).
These metrics estimate the US grade level required
to comprehend a text by analyzing features such as
sentence length, syllable count, and the proportion
of complex or polysyllabic words. For all metrics,
lower scores indicate higher readability and greater
accessibility to a broader audience.

Table 3 reveals a distinct divide regarding read-
ability between LLM-generated summaries and
human-written ones. Surprisingly, we find that
all LLM-generated summaries exhibit significantly
higher scores across all metrics compared to not
only human-written summaries but also the original
abstracts. Among LLMs, Llama 4 proves to be the
most readable model, despite its tendency to gen-
erate longer summaries. On the other hand, sum-
maries from human researchers are consistently
more readable than the corresponding abstracts, de-
spite the small scale of the difference. We perform
two-sided Mann-Whitney U tests and find that the
differences between all summaries and the original
abstract are statistically significant (all p—values



Table 4: Proportion of novel n-grams in LLM-generated
summaries compared to human-written ones. Values are
reported as mean =+ standard deviation. Higher values
indicate more original vocabulary usage.

% novel n-grams

Model
n=1 n=2 n=3

Gemma 3 35.44 +£11.35 77.12+12.49  90.20 4+ 9.90
DeepSeek-R1  33.48 £9.59  73.81 +£10.13  87.90 £8.20
Gpt-oss 39.22 £ 9.36 80.94 £+ 7.95 92.70 £ 5.64
Llama 4 39.85+13.48 81.63+13.23 92.67 +10.21
Qwen3 37.66 £10.39  80.74 £9.33 92.91 £6.78
Human 46.13 £14.23 86.33 £13.16 95.09 +9.86

are smaller than 0.001).

We hypothesize that this discrepancy stems from
the tendency of LLMs to excessively rely on high-
density domain-specific jargon. In contrast, human
researchers likely exercise greater audience aware-
ness during the summarization process; they may
intentionally adopt plain language to ensure their
summaries remain accessible to reviewers or read-
ers from outside the specific domain (Devaraj et al.,
2021). We attribute this to its lower density of
named entities (as shown in Table 2), a factor that
inversely correlates with the poor readability of
gpt-0ss.

5.3 Abstractiveness

While extractive summarization primarily selects
and rearranges existing sentences, an effective
TLDR often requires abstractive capabilities to
paraphrase complex concepts and synthesize in-
formation concisely. To evaluate this, following
previous studies (Sharma et al., 2019; See et al.,
2017), we calculate the proportion of n-grams in a
summary that do not appear in the original source
abstract (i.e., novel n-grams) as a measure of ab-
stractiveness. A higher value indicates that the sum-
mary employs more original phrasing rather than
simply copying chunks of text from the abstract,
i.e., to be more abstractive rather than extractive,
reflecting a higher level of lexical novelty and cre-
ativity exhibited by the writer.

Table 4 illustrates that human writers consis-
tently exhibit a greater tendency to introduce new
vocabulary not present in the source text compared
to all LLMs, suggesting a significantly superior
abstractiveness. Among the models, Llama 4 and
gpt-oss demonstrate the highest level of abstractive-
ness. By contrast, smaller or more constrained mod-
els like Gemma 3 and DeepSeek-R1 show lower
novelty scores, indicating a stronger reliance on ex-

tractive copying from the source abstracts. These
results suggest that while advanced LLMs are be-
coming increasingly capable of paraphrasing, hu-
man researchers still maintain a distinct edge in
synthesizing information with original language.

5.4 Rhetorical Structure

Understanding the rhetorical structure of
summaries—how information is organized across
functional roles such as background, objective,
methods, results, and conclusions—provides
insight into how writers prioritize and sequence
content. This is particularly relevant for TLDR,
where space constraints force selective emphasis
on certain rhetorical elements.

To analyze rhetorical structure, we employ a
DeepSeek-R1-based classifier to assign each sen-
tence in the original abstracts to one of 5 rhetorical
roles: BACKGROUND, OBJECTIVE, METHODS,
RESULTS, and CONCLUSIONS (see § C for details).
For each word w appearing at a normalized posi-
tion p in a summary, we compute the probability of
its rhetorical role based on word occurrence statis-
tics from the corresponding abstract. Specifically,
let ¢, denote the count of word w in sentences
labeled with role r, and NN, the total word count in
role r. We define the normalized probability as:

Cw,r/Nr
> Cut [Ny

For words in the summary that do not appear in
the corresponding abstract, we assign them to a
special NOVEL category with Pr(NOVEL | w) =
1, indicating content introduced beyond the source
abstract. We then aggregate these probabilities
across all summaries by binning word positions
into 20 equal intervals.

Figure 2 visualizes the resulting rhetorical role
distributions, where darker colors indicate higher
probabilities that words at a given position orig-
inate from a specific rhetorical section of the ab-
stract. For example, if the BACKGROUND row
shows dark blue at the beginning, it suggests that
words in the opening of summaries are predomi-
nantly drawn from background-related sentences
in the source abstract.

Several patterns emerge from this analysis. First,
all text sources—LLM-generated summaries, hu-
man summaries, and original abstracts—exhibit a
similar overall progression from BACKGROUND
toward CONCLUSIONS, reflecting the conventional

Pr(r|w)= (1)
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Figure 2: Word rhetorical role distribution across dif-
ferent types of summaries, and original abstracts as the
reference. The x-axis represents normalized word po-
sition in texts, and color intensity indicates the average
probability of belonging to each rhetorical role, based
on word co-occurrence statistics against the original ab-
stract.

structure of scientific discourse, while DeepSeek-
R1 and gpt-oss display a closer mirroring of the
rhetorical structure, when compared to the origi-
nal abstracts. Second, across all summary types,
words are predominantly drawn from the RESULTS
sections of the original abstracts, with OBJECTIVE
contributing the least, indicating a shared prefer-
ence for reporting findings over restating research
goals. Third, we observe that all types of sum-
maries introduce a substantial number of novel
words—words not present in the original abstracts—
at the beginning positions. Upon inspection, these
are predominantly meta-discourse markers such as
“study,” “demonstrates,” “identifies,” and “shows”
(see Figure 8), which serve to frame the research
in line with research norms. Fourth, compared to
the relatively concentrated distributions of BACK-
GROUND and CONCLUSIONS in original abstracts,
summaries tend to spread these roles more broadly
across positions, particularly for Gemma 3 and
Llama 4, and human, indicating a potentially more

flexible functionality structure.

5.5 Reference-based Evaluation

We benchmark LLMs against human experts to as-
sess summarization quality. Following the widely
used evaluation methodology, we compare gen-
erated summaries to reference ones using lexi-
cal overlap-based measures, including BLEU (Pa-
pineni et al., 2002), F; ROUGE (Lin, 2004),
and METEOR (Banerjee and Lavie, 2005), as
well as semantic similarity-based measures that
capture deeper semantic correspondence, includ-
ing BERTScore (Zhang et al., 2019) and Mover-
Score (Zhao et al., 2019).

Using researcher-written summaries as refer-
ences, we find that Gemma 3 and DeepSeek-R1
perform best on semantic similarity (MoverScore)
and lexical overlap (METEOR), respectively (up-
per half of Table 5). These metrics-based results are
best interpreted when positioning human-authored
summaries as a counterpart for comparison. Specif-
ically, we leverage the fact that papers in our dataset
can receive multiple summaries (typically 2-10; see
Figure 6). To establish a human performance base-
line, we conduct a within-paper, cross-referenced
evaluation of human-authored summaries with 10
iterations. In each iteration, we randomly select
one summary as the reference and calculate met-
rics for the remaining summaries. The reported
values represent averages across these iterations.
The results indicate that human authors achieve the
highest scores on BLEU, ROUGE, and BERTScore
metrics (the sixth row in Table 5), suggesting that
human-written summaries of the same paper ex-
hibit stronger n-gram exact matches and semantic
consistency than those generated by LLMs. How-
ever, the high scores on METEOR and MoverScore
metrics indicate that models like Gemma 3 and
DeepSeek-R1 are highly effective at identifying
the same salient information as human experts, by
successfully capturing the gist and core technical
entities that humans prioritize.

A contrasting pattern emerges when evaluating
against the original abstracts. Human-authored
summaries show both the lowest overlap and sim-
ilarity scores (lower half of Table 5), suggesting
that human annotators tend to substantially refor-
mulate content and introduce novel phrasing. This
might also stem from human authors drawing on
full texts rather than abstracts alone for summa-
rization. Among LLMs, Qwen3 and gpt-oss at-
tain the highest BLEU and ROUGE scores, respec-



Table 5: Evaluation of summarization performance across LLMs and human authors using two references: researcher-
written summaries and original paper abstracts.

Model Overlap-based Similarity-based
BLEU ROUGE(1/2/L) METEOR | BERTScore MoverScore
Human-referenced performance
Gemma 3 .0290 .2634/.0584/.2021 2216 .8817 5660
DeepSeek-R1 | .0179  .2375/.0514/.1703 .2486 8715 5562
Gpt-oss 0131  .2233/.0443/.1549 2255 .8592 .5489
Llama 4 .0188  .2458/.0508/.1865 .2090 8771 .5593
Qwen3 .0046  .2272/.0465/.1665 2129 .8699 5578
Human 0450  .2734/.0675/.2163 2155 8824 5642
Abstract-referenced performance
Gemma 3 .0006  .1931/.0752/.1381 .1004 .8637 5524
DeepSeek-R1 | .0226 .3279/.1434/.2306 1974 8838 .5836
Gpt-oss 0167  .3436/.1323/.2347 1788 .8751 5817
Llama 4 .0035 .1878/.0616/.1263 .0942 .8565 .5438
Qwen3 0307 .2495/.0911/.1659 1345 .8694 5681
Human .0001  .1409/.0382/.1005 .0638 .8410 5302

tively, indicating their different inclinations in word
choice and the trade-off between precision and re-
call. While DeepSeek-R1 achieves both the highest
METEOR and similarity scores, surpassing gpt-oss
and Qwen3, indicating that DeepSeek-R1 main-
tains the closest lexical and semantic fidelity to the
source abstract, even with fewer parameters.

These contrasting results presented in Table 5
highlight an important, well-recognized tension in
summarization: extractive versus abstractive (Dur-
mus et al., 2020). Human researchers appear to
prioritize the latter, whereas LLMs tend to empha-
size the former by exhibiting stronger adherence to
the source text, which aligns with Table 4.

6 Discussion

Our comprehensive evaluations reveals distinct be-
havioral profiles across LLMs, suggesting the need
to align model selection for scientific summariza-
tion with user priorities. For approximating hu-
man behaviors, Gemma 3 emerges as a balanced
candidate, uniquely adhering to length constraints
while achieving high semantic similarity to expert-
written references. If precise, high-fidelity con-
densation is the goal, DeepSeek-R1 and gpt-oss
maintain strict faithfulness to the original vocab-
ulary and rhetorical structure, though via distinct
mechanisms: DeepSeek-R1 adopts a conservative,
extractive approach. Its superior METEOR score

evidences a precise alignment with researchers in
terminology preferences and content selection, yet
its low lexical novelty suggests a minor level of
paraphrasing. In contrast, gpt-oss functions as a
high-fidelity rewriter; it achieves the highest con-
tent recall (ROUGE) alongside substantial lexical
novelty, effectively rephrasing the source text with-
out sacrificing factual detail. Llama 4 presents a
different trade-off, offering the highest readability
scores suitable for non-expert audiences, as well
as the highest lexical novelty, yet it suffers from
significant hallucinations in length control. Finally,
Qwen3 demonstrates strong lexical precision (high
BLEU) yet its practical utility is compromised by
significant instability and a tendency toward ver-
bosity.

Regarding model size, an interesting obser-
vation is that larger models do not necessarily
outperform smaller ones in summarization. On
the contrary, lighter models such as Gemma 3,
DeepSeek-R1, and gpt-oss demonstrate stronger
capabilities and greater similarity to human sum-
maries. Notably, deepseek-r1:70b—a distilled
model of 11ama3:7@b fine-tuned on reasoning data
generated by deepseek-r1:671b—even surpasses
the base model’s next generation 11ama4:16x17b,
which has more parameters. This result under-
scores the value of model distillation and data-
centric fine-tuning (DeepSeek-Al et al., 2025),



prompting us to rethink the potential of parameter-
efficient models and move beyond the conventional
scaling law that favors increasing model size.

Beyond model performance, this study validates
a novel and scalable pipeline for constructing high-
quality scientific summarization datasets. By lever-
aging annotated bibliographies, where experts man-
ually curate and summarize the literature, we cir-
cumvent the high demand for domain knowledge in
large-scale annotation. This methodology is inher-
ently generalizable since it can be readily adapted
to any academic archive or indexing service that
maintains bibliographic metadata. Moreover, by
relying solely on abstracts and citation metadata,
which are typically open-access or fall under fair
use, our approach mitigates copyright concerns and
lowers barriers for future research in NLP.

7 Conclusion

In this work, we present BiomedTLDR, a scal-
able summary corpus that provides a comprehen-
sive disciplinary coverage aligned with the actual
publication landscape, offering a high-quality, aca-
demic context tailored alternative to existing TLDR
datasets. Using BiomedTLDR, we conduct a multi-
dimensional evaluation of current LLMs and high-
light that LL.Ms remain more extractive compared
to human authors. Among the models, DeepSeek-
R1 archives the highest fidelity to source texts, gpt-
oss balances faithfulness with lexical novelty, and
Gemma 3 uniquely prioritizes semantic alignment,
mimicking the synthesis style of human researchers
without relying on extensive lexical overlap.

Limitations

We acknowledge several limitations of our work.
First, although the dataset is high quality, its
source—annotated bibliographies—is not a perfect
proxy for TLDR. Annotation styles and intentions
can vary, reflecting personal perspectives or cri-
tiques rather than purely objective summaries. Nev-
ertheless, the dataset’s large scale enables a unique
perspective into how LLMs perform extreme sum-
marization relative to human authors.

Second, while LLMs were restricted to using
only paper abstracts as input, human annotators
may likely draw on abstracts and full texts, which
could partly explain the observed low abstract-
referenced similarity. Future work could explore
whether providing LLMs with full-text would lead
to further improvements in summary quality.

Third, although we explicitly constrained LLM
output length in the prompt, most generated sum-
maries were significantly longer than those by hu-
man researchers. This calls for dedicated experi-
ments to rigorously decouple the relationship be-
tween summary quality and length, despite evalu-
ation metrics (e.g., ROUGE, METEOR) claiming
robustness to length variation.

Fourth, our dataset is not fully representative of
the entire scientific literature in terms of citations,
as all reported performance is based on highly cited
works. Therefore, evaluating LLMs summarization
on the general population of papers remains as an
important direction for future research.

Finally, we evaluated only open-source models
and selected their smaller variants, due to com-
putational and cost constraints. Consequently,
our study excludes proprietary models or the
largest architectures (e.g., DeepSeek-r1:671b and
11ama4:128x17b), limiting a comprehensive per-
formance comparison across the full spectrum of
current LLM capabilities.

Ethical considerations

Our experiments reveal significant instability in
LLM outputs, posing challenges for their practical
adoption in scientific workflows, as evidenced by
the extreme standard deviations in summary length
and the non-trivial rates of training set memoriza-
tion. When coupled with our finding that model-
generated summaries can be less readable than the
source abstracts, these inconsistencies suggest that
LLMs cannot yet be fully automated as unsuper-
vised research assistants. Instead, they require rig-
orous human oversight and post-hoc verification to
ensure the integrity and accessibility of scientific
communication.
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A Dataset Statistics

A.1 Details about Table 1

The numbers of words and sentences are counted
using NLTK and spaCy (Honnibal et al., 2020),
respectively. SciTLDR provides options for input
space — “abstract-only” and “abstract, introduc-
tion, and conclusion sections (AIC)” — and the
statistics reported are based on the former. We also
noted that the dev set contains one more sample
than claimed, resulting in a total pair count that ex-
ceeds the original paper (5,411) by one. The source
texts in Multi-XScience are significantly longer as
they comprise concatenated abstracts from both the
citing and cited papers. It also uses whole para-
graphs as target summaries, rather than using sen-
tences like other datasets, which results in longer
target summary lengths as well.

The number of citations is obtained through
CrossRef based on DOIs. For datasets using identi-
fiers other than DOIs (e.g., CiteSum uses Semantic
Scholar Corpus ID and Multi-XScience uses Mi-
crosoft Academic Graph ID), these identifiers are
first transformed into DOIs. Due to this conversion,
the subset of samples with successfully retrieved
citation counts is reduced compared to ours; nev-
ertheless, the values reported are computed based
only on valid samples. For Multi-XScience, the
source citation count represents the average num-
ber of citations for its constituent papers. The sym-
bol “-” denotes that the citations cannot be obtained
since the identifier is not provided by the dataset.

A.2 Discipline distribution

Fig. 3 shows the sample-level discipline distri-
bution of BiomedTLDR, i.e., discipline will be
counted multiple times for multiple-annotated pa-
pers. The discipline is derived from level O con-
cepts in OpenAlex (Priem et al., 2022). We take the
concept with the highest score if there are multiple
for one paper.

For comparison, we also plot the source text dis-
cipline distribution at the sample level and the paper
level, for CiteSum in Fig. 4 and Multi-XScience
in Fig. 5, respectively. The discipline in Fig. 4 is
derived from the embedded MAG field of study
information as in the original paper.

The discipline in Fig. 5 is derived using the same
pipeline as in Fig. 3, but at the paper-level due to
the one-to-many association in Multi-XScience.
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A.3 Multiple annotations

Fig. 6 shows the distribution of the times of an-
notation for 29,342 papers in our dataset, which
lays the foundation for our methods of using multi-
annotated papers as a human baseline in § 5.5.

B Generating summaries using LLMs

B.1 Instructions

We use the following SYSTEM and MESSAGE instruc-
tions to guide LLMs in summarizing papers.
SYSTEM You are an expert scientific assistant
specialized in generating concise, accurate, and
insightful bibliography annotations. Your task is
to analyze and summarize complex scientific ab-
stracts, distilling key findings, methodologies, and
contributions into clear, high-quality annotations.
You possess deep knowledge of scientific terminol-
ogy, research methodologies, and academic litera-
ture across disciplines. Focus on highlighting novel



approaches, significant results, and broader impli-
cations while maintaining precision and brevity.
Output only the final annotation without additional
commentary or formatting, and please make your
annotation around the provided length.

MESSAGE user [Abstract] CD30 is up-
regulated in several human diseases and viral in-
fections but its role in immune regulation is poorly
understood. Here, we report the expression of a
functional soluble CD30 homologue, viral CD30
(vCD30), encoded by ectromelia (mousepox) virus,
a poxvirus that causes a severe disease related to
human smallpox. We show that vCD30 is a 12-kD
secreted protein that not only binds CD30L with
high affinity and prevents its interaction with CD30,
but it also induces reverse signaling in cells express-
ing CD30L. vCD30 blocked the generation of inter-
feron y—producing cells in vitro and was a potent in-
hibitor of T helper cell (Th)1- but not Th2-mediated
inflammation in vivo. The finding of a CD30 ho-
mologue encoded by ectromelia virus suggests a
role for CD30 in antiviral defense. Characteriza-
tion of the immunological properties of vCD30 has
uncovered a role of CD30—CD30L interactions in
the generation of inflammatory responses. [Word
count: 56]

MESSAGE assistant References 38 and 39 re-
port the identification of a CD30 homologue en-
coded by poxviruses. Reference 39 also shows that
viral CD30 is the first example of a viral cytokine
receptor that induces reverse signalling when bind-
ing its ligand, and provides evidence of a role for
host CD30 in T H 1 inflammatory responses.

MESSAGE user [Abstract] Carbon monoxide
occurs at relatively high concentrations (>800 parts
per million) in Mars’ atmosphere, where it repre-
sents a potentially significant energy source that
could fuel metabolism by a localized putative sur-
face or near-surface microbiota. However, the plau-
sibility of CO oxidation under conditions relevant
for Mars in its past or at present has not been eval-
uated. Results from diverse terrestrial brines and
saline soils provide the first documentation, to our
knowledge, of active CO uptake at water potentials
(-41 MPa to -117 MPa) that might occur in putative
brines at recurrent slope lineae (RSL) on Mars.
Results from two extremely halophilic isolates
complement the field observations. Halorubrum
str. BV1, isolated from the Bonneville Salt Flats,
Utah (to our knowledge, the first documented ex-
tremely halophilic CO-oxidizing member of the
Euryarchaeota), consumed CO in a salt-saturated
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medium with a water potential of -39.6 MPa; ac-
tivity was reduced by only 28% relative to activity
at its optimum water potential of -11 MPa. A pro-
teobacterial isolate from hypersaline Mono Lake,
California, Alkalilimnicola ehrlichiit MLHE-1, also
oxidized CO at low water potentials (-19 MPa), at
temperatures within ranges reported for RSL, and
under oxic, suboxic (0.2% oxygen), and anoxic
conditions (oxygen-free with nitrate). MLHE-1
was unaffected by magnesium perchlorate or low
atmospheric pressure (10 mbar). These results col-
lectively establish the potential for microbial CO
oxidation under conditions that might obtain at lo-
cal scales (e.g., RSL) on contemporary Mars and at
larger spatial scales earlier in Mars’ history. [Word
count: 23]

MESSAGE assistant This work is the first re-
port of atmospheric trace gas oxidation by mem-
bers of the archaea, including at astrobiologically
relevant water potentials

MESSAGE user [Abstract] Abstract Inhibi-
tion of class II trans-activator (CIITA) expres-
sion prevents embryonic trophoblast cells from
up-regulating MHC class II genes in response to
IFN-v. This is thought to be one mechanism of
maternal tolerance to the fetal allograft. The CI-
ITA gene is regulated by four distinct promoters;
promoter III directs constitutive (B cell) expres-
sion, and promoter IV regulates IFN-y-inducible
expression. Using in vivo genomic footprinting,
promoter-reporter analysis, Southern blot analysis,
and RT-PCR, we have examined the cause of CIITA
silencing in a trophoblast-derived cell line. We re-
port here that methylation of promoter IV DNA at
CpG sites in Jar cells prevents promoter occupancy
and IFN-~-inducible transcription. The inhibition
of CpG methylation in Jar cells by treatment with
5-aza-2'-deoxycytidine restores IFN-v inducibility
to CIITA. This is the first description of an epige-
netic mechanism involved in regulation of CIITA
and MHC class II gene expression. [Word count:
21]

MESSAGE assistant References 43 and 44 re-
port that the gene encoding CIITA is irreversibly
silenced in trophoblasts by DNA methylation of
pIV.

MESSAGE user [Abstract] High-throughput di-
rect sequencing techniques have recently opened
the possibility to sequence genomes from Pleis-
tocene organisms. Here we analyze DNA se-
quences determined from a Neandertal, a mam-
moth, and a cave bear. We show that purines are



overrepresented at positions adjacent to the breaks
in the ancient DNA, suggesting that depurination
has contributed to its degradation. We furthermore
show that substitutions resulting from miscoding
cytosine residues are vastly overrepresented in the
DNA sequences and drastically clustered in the
ends of the molecules, whereas other substitutions
are rare. We present a model where the observed
substitution patterns are used to estimate the rate
of deamination of cytosine residues in single- and
double-stranded portions of the DNA, the length
of single-stranded ends, and the frequency of nicks.
The results suggest that reliable genome sequences
can be obtained from Pleistocene organisms. [Word
count: 26]

MESSAGE assistant This study characterizes
typical nucleotide misincorporation and fragmenta-
tion patterns using HTS data from aDNA extracts,
which have been subsequently used as essential
authentication criteria.

MESSAGE user [Abstract] Summary: Anno-
tating genetic variants, especially non-coding vari-
ants, for the purpose of identifying pathogenic vari-
ants remains a challenge. Combined annotation-
dependent depletion (CADD) is an algorithm de-
signed to annotate both coding and non-coding
variants, and has been shown to outperform other
annotation algorithms. CADD trains a linear kernel
support vector machine (SVM) to differentiate evo-
lutionarily derived, likely benign, alleles from simu-
lated, likely deleterious, variants. However, SVMs
cannot capture non-linear relationships among the
features, which can limit performance. To address
this issue, we have developed DANN. DANN uses
the same feature set and training data as CADD to
train a deep neural network (DNN). DNNs can cap-
ture non-linear relationships among features and
are better suited than SVMs for problems with a
large number of samples and features. We exploit
Compute Unified Device Architecture-compatible
graphics processing units and deep learning tech-
niques such as dropout and momentum training
to accelerate the DNN training. DANN achieves
about a 19% relative reduction in the error rate
and about a 14% relative increase in the area un-
der the curve (AUC) metric over CADD’s SVM
methodology. Availability and implementation: All
data and source code are available at https://
cbcl.ics.uci.edu/public_data/DANN/. Con-
tact: xhx@ics.uci.edu [Word count: 27]

MESSAGE assistant This paper presents a
pathogenicity scoring method, which is a deep
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learning (CNN) version of CADD, for coding and
non-coding variant fitness impact

B.2 Sample outputs

Here we provide two examples of papers summa-
rized by different LLMs and human authors.

1. DOI 10.1111/j.1474-9726.2012.00870.x

Ttile Postmitotic neurons develop a p21-
dependent senescence-like phenotype driven
by a DNA damage response

Abstract Summary In senescent cells, a DNA
damage response drives not only irreversible
loss of replicative capacity but also produc-
tion and secretion of reactive oxygen species
(ROS) and bioactive peptides including pro-
inflammatory cytokines. This makes senes-
cent cells a potential cause of tissue func-
tional decline in aging. To our knowledge, we
show here for the first time evidence suggest-
ing that DNA damage induces a senescence-
like state in mature postmitotic neurons in
vivo . About 40-80% of Purkinje neurons
and 20-40% of cortical, hippocampal and
peripheral neurons in the myenteric plexus
from old C57Bl/6 mice showed severe DNA
damage, activated p38MAPkinase, high ROS
production and oxidative damage, interleukin
IL-6 production, heterochromatinization and
senescence-associated §-galactosidase activ-
ity. Frequencies of these senescence-like neu-
rons increased with age. Short-term caloric
restriction tended to decrease frequencies of
positive cells. The phenotype was aggra-
vated in brains of late-generation TERC-/-
mice with dysfunctional telomeres. It was
fully rescued by loss of p21(CDKN1A) func-
tion in late-generation TERC-/-CDKN1A-/-
mice, indicating p21 as the necessary sig-
nal transducer between DNA damage re-
sponse and senescence-like phenotype in neu-
rons, as in senescing fibroblasts and other
proliferation-competent cells. We conclude
that a senescence-like phenotype is possibly
not restricted to proliferation-competent cells.
Rather, dysfunctional telomeres and/or accu-
mulated DNA damage can induce a DNA dam-
age response leading to a phenotype in postmi-
totic neurons that resembles cell senescence
in multiple features. Senescence-like neurons
might be a source of oxidative and inflamma-
tory stress and a contributor to brain aging.


https://cbcl.ics.uci.edu/public_data/DANN/
https://cbcl.ics.uci.edu/public_data/DANN/
https://cbcl.ics.uci.edu/public_data/DANN/

Human This study provides in vivo evidence
that postmitotic cells can develop a senescent-
like phenotype

Gemma 3 This study establishes that postmi-
totic neurons can undergo a senescence-like
phenotype induced by DNA damage, charac-
terized by oxidative stress and inflammation,
potentially contributing to brain aging.

DeepSeek-R1 This study provides evidence
that DNA damage can induce a senescence-
like state in mature, postmitotic neurons in
vivo, characterized by ROS production, in-
flammation, and senescence-associated mark-
ers. It shows that such neurons accumulate
with age and are exacerbated by telomere dys-
function, while caloric restriction or p21 loss
mitigates the phenotype.

Gpt-oss The authors demonstrate that DNA
damage triggers a senescence-like program in
post-mitotic neurons in vivo. In aged C57Bl/6
mice, 40-80 % of Purkinje cells and 20-40
% of cortical, hippocampal and enteric neu-
rons exhibit DNA lesions, p38MAPK activa-
tion, ROS, IL-6, heterochromatinization and
SA-[(-gal activity; these features increase with
age, are reduced by short-term caloric restric-
tion, worsen in telomere-deficient TERC-/-
mice, and are abolished by p21 (CDKNIA)
loss. The work extends cellular senes-
cence to non-proliferative neurons, impli-
cating DNA-damage-induced, p21-dependent
senescence-like neurons as contributors to ox-
idative, inflammatory stress and brain aging.

Llama 4 These findings provide evidence that
neurons can undergo senescence-like changes,
characterized by DNA damage, oxidative
stress, and inflammatory responses, which can
contribute to brain aging and age-related dis-
eases. The study suggests that senescence-like
changes in neurons can be induced by DNA
damage and telomere dysfunction, and that
these changes can be rescued by loss of p21
function. The findings also highlight the po-
tential role of senescent neurons in promoting
oxidative stress and inflammation in the brain.
Overall, the study provides new insights into
the mechanisms underlying brain aging and
age-related diseases, and suggests that target-
ing senescent neurons may be a promising
therapeutic strategy for preventing or treating
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these conditions.

Qwen 3 This study demonstrates that DNA
damage induces a senescence-like phenotype
in postmitotic neurons, characterized by p21-
dependent activation of DNA damage re-
sponse, ROS production, and inflammation,
linking neuronal aging to systemic oxidative
and inflammatory stress.

. DOI 10.1126/science.1080029

Title A Genomic View of the Human-
Bacteroides thetaiotaomicron Symbiosis

Abstract The human gut is colonized with
a vast community of indigenous microorgan-
isms that help shape our biology. Here, we
present the complete genome sequence of the
Gram-negative anaerobe Bacteroides thetaio-
taomicron , a dominant member of our nor-
mal distal intestinal microbiota. Its 4779-
member proteome includes an elaborate ap-
paratus for acquiring and hydrolyzing oth-
erwise indigestible dietary polysaccharides
and an associated environment-sensing sys-
tem consisting of a large repertoire of extra-
cytoplasmic function sigma factors and one-
and two-component signal transduction sys-
tems. These and other expanded paralogous
groups shed light on the molecular mecha-
nisms underlying symbiotic host-bacterial re-
lationships in our intestine.

Human Description of the genome sequence
of B. thetaiotaomicron , which revealed 163
susCD paralogues and the largest number of
genes related to carbohydrate utilization of
any bacterium so far studied.

Gemma 3 The study of Bacteroides thetaio-
taomicron is an example of a genomic anal-
ysis of a human symbiont and includes the
first complete genome sequence of a Gram-
negative anaerobe.

DeepSeek-R1 This paper reports the complete
genome sequence of *Bacteroides thetaio-
taomicron*, a key gut commensal, revealing
its extensive proteome specialized for polysac-
charide metabolism and environmental sens-
ing.

Gpt-oss The study reports the finished
genome of Bacteroides thetaiotaomi-
cron, a key human gut symbiont, reveal-
ing a 4,779-protein repertoire rich in



polysaccharide-degrading enzymes and an
extensive suite of extracytoplasmic-function
sigma factors and one-/two-component
systems that together elucidate the molecular
basis of host-microbe mutualism in the
intestine.

Llama 4 Reference 51 details the complete
genome sequence of *Bacteroides thetaio-
taomicron*, revealing extensive genomic ca-
pacity for polysaccharide degradation and en-
vironment sensing, shedding light on host-
microbe symbiosis.

Qwen3 This study reports the complete
genome sequence of *Bacteroides thetaio-
taomicron*, a key gut symbiont, revealing
expanded polysaccharide utilization systems,
extracytoplasmic function sigma factors, and
two-component signal transduction systems
that underpin its adaptation to the intestinal
environment.

B.3 Samples of Nonsense output from LLMs

Here we provide two samples of meaningless out-
put from LL.Ms. We noticed that Llama 4 tend
to repeat medium-sized phrases, while Qwen 3
directly output its thinking, though we explicitly
disable this feature in Ollama configuration.

1. DOI: 10.1083/jcb.200301026

Abstract: To test the hypothesis that fast an-
terograde molecular motor proteins power the
slow axonal transport of neurofilaments (NFs),
we used homologous recombination to gener-
ate mice lacking the neuronal-specific conven-
tional kinesin heavy chain, KIF5A. Because
null KIFSA mutants die immediately after
birth, a synapsin-promoted Cre-recombinase
transgene was used to direct inactivation of
KIF5A in neurons postnatally. Three fourths
of such mutant mice exhibited seizures and
death at around 3 wk of age; the remaining ani-
mals survived to 3 mo or longer. In young mu-
tant animals, fast axonal transport appeared
to be intact, but NF-H, as well as NF-M and
NF-L, accumulated in the cell bodies of pe-
ripheral sensory neurons accompanied by a
reduction in sensory axon caliber. Older an-
imals also developed age-dependent sensory
neuron degeneration, an accumulation of NF
subunits in cell bodies and a reduction in ax-
ons, loss of large caliber axons, and hind limb
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paralysis. These data support the hypothesis
that a conventional kinesin plays a role in the
microtubule-dependent slow axonal transport
of at least one cargo, the NF proteins.

Human: This study analyses the conse-
quences of kinesin disruption in mice and pro-
vides evidence for a role of kinesin in neuro-
filament transport.

Llama 4:

This study reveals that tau, a MAP, differen-
tially inhibits the movement of the two major
motor proteins, dynein and kinesin. ... (repeti-
tons) The study reveals that tau differentially
inhibits the movement of dynein and kinesin.
The study reveals that tau differentially in-
hibits the movement of dynein and kinesin.
The study reveals that tau differentially in-
hibits the movement of dynein and kinesin.
The study reveals that tau differentially in-
hibits the movement of dynein and kinase ac-
tivity. The study reveals that tau differentially
inhibits the movement of dys, a and kin). The
study reveals that tau differentially inhibits the
movement of the kinase. The study reveals
that tau differentially inhibits the movement
of the kinase. The study reveals that tau differ-
ently, and efficiently. The study reveals that,
due to the different level of efficiency and,
the impact that the differential inhibition of
the efficiency of the movement of the differ-
ent and specific kinemics. The study reveals
that the level of inhibition and the level of the
movement of the kinesi and the level of the
kinetic activity of the kinesis of the human
brain, which includes and/or the human being.
The study reveals that the level of inhibition of
the movement of the kines. The study reveals
that the level of the inhibition of the level of
the chemical reaction. The level of chemical
kinetic The level of chemical reactions and
the level of kinetic chemical reaction of the
reaction and the level of the reaction, or the
level of the reaction. The level of the level
of chemical and kinetic efficiency of the ki-
netic activity of the level of the activity of the
level of the activity of the level of the chem-
ical and kinetic. The level of the level of ...
(repetitions)

. DOI: 10.1073/pnas.0509720103

Abstract: The diversity of antigen receptors



in the adaptive immune system of jawed ver-
tebrates is generated by a unique process of
somatic gene rearrangement known as V(D)J
recombination. The Ragl and Rag?2 proteins
are the key mediators of this process. They are
encoded by a compact gene cluster that has
exclusively been identified in animal species
displaying V(D)J-mediated immunity, and no
homologous gene pair has been identified in
other organisms. This distinctly restricted
phylogenetic distribution has led to the hy-
pothesis that one or both of the Rag genes
were coopted after horizontal gene transfer
and assembled into a Rag1/2 gene cluster in a
common jawed vertebrate ancestor. Here, we
identify and characterize a closely linked pair
of genes, SpRaglL and SpRag2L. , from an
invertebrate, the purple sea urchin ( Strongylo-
centrotus purpuratus ) with similarity in both
sequence and genomic organization to the ver-
tebrate Ragl and Rag2 genes. They are co-
expressed during development and in adult
tissues, and recombinant versions of the pro-
teins form a stable complex with each other as
well as with Ragl and Rag?2 proteins from sev-
eral vertebrate species. We thus conclude that
SpRaglL and SpRag2L represent homologs
of vertebrate Ragl and Rag2 . In combination
with the apparent absence of V(D)J recombi-
nation in echinoderms, this finding strongly
suggests that linked Ragl - and Rag2 -like
genes were already present and functioning in
a different capacity in the common ancestor
of living deuterostomes, and that their specific
role in the adaptive immune system was ac-
quired much later in an early jawed vertebrate.

Human: This paper is the first to report a
RAGI1L-RAG2L gene pair in any organism
other than a jawed vertebrate (in this case, the
purple sea urchin S. purpuratus ), providing
evidence for an early evolutionary origin for
the RAG recombinase

Qwen3:

<think> Okay, let me start by reading the ab-
stract carefully. The study is about tropical
cyclones (TCs) causing power outages and
how these outages combined with heatwaves
could become a bigger risk in the future, espe-
cially under climate change. They used Harris
County, Texas as a case study. The key points
from the abstract are: TCs lead to power out-
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ages, which when followed by heatwaves cre-
ate a compound hazard. Under RCP8.5, the
scenario with high greenhouse gas emissions,
the frequency of long-duration heatwaves af-
ter strong TCs is expected to increase. The
study found that the percentage of residents
in Harris County facing these compound haz-
ards could rise from 0.8% to 18.2% over 20
years by the end of the century. They also
suggest that improving the power grid, like
undergrounding lines and using distributed
energy sources, can mitigate this risk. Now,
the user wants an annotation that’s concise,
highlighting the main findings, methods, and
implications. The previous examples focused
on the main contribution, sometimes mention-
ing the methods briefly and the broader im-
pact. I need to make sure to mention the com-
pound hazard (TC-blackout-heatwave), the
use of projections coupled with power out-
age analysis, the location (Harris County), the
projected increase in risk, and the mitigation
strategies proposed. Also, note that this is
under RCP8.5, which is the high-emissions
scenario. The word count here is 11, so the
annotation needs to be very tight. Looking at
previous responses, they often start with "This
study..." or "This paper...", then state the main
finding, methods, and implications. For exam-
ple, the DANN paper started with the method
(deep learning version of CADD), the problem
it addresses, and the improvement. Similarly,
the Mars CO oxidation study focused on the
first report of archaea using CO under those
conditions. In this case, the main takeaway
is the increased compound hazard risk due to
climate change and the mitigation strategies.
The coupling of TC and heatwave projections
with power outage analysis is the methodol-
ogy. The annotation should state that the study
projects a significant increase in compound
hazards in Harris County under RCP8.5 and
that grid enhancements can reduce this risk.
The user might want to emphasize the urgency
of climate adaptation actions. I need to avoid
technical jargon where possible but still be
precise. Words like "project” or "coupled TC
and heatwave projections" could be in the an-
notation. Also, mention Harris County as an
example. The result is a 23-fold increase in
risk, but the annotation should state it clearly
without the exact factor if word count is tight.



Putting it all together: "This study couples
TC and heatwave projections with power out-
age modeling to show that climate change
could sharply increase the risk of TC-blackout-
heatwave compound hazards, particularly in
coastal regions like Harris County, Texas. The
findings highlight the urgency of enhancing
grid resilience through measures such as un-
dergrounding power lines and distributed en-
ergy systems to mitigate escalating risks from
compound climate extremes." That’s around
40 words. The user’s previous examples were
shorter (e.g., "This work is the first report..."
at 15 words). Wait, the user’s word count here
is 11, but the instruction might have meant
the length of the annotation. Wait, looking
back at the history, the user’s examples vary
in length but are generally concise. The latest
example was about the DANN paper with an
annotation of about 20 words. Maybe the user
wants a very short annotation. Let me check
the latest query: the user provided a word
count of 11 for the abstract and the previous
examples for similar word counts had annota-
tions around 20-30 words. Hmm, perhaps the
user wants the annotation to be roughly pro-
portional. Let me check the initial instruction:
"please make your annotation around the pro-
vided length." The provided length here is the
word count of the abstract, which is 11. So the
annotation should be around 11 words. Wait,
but looking back, for example, the abstract
with word count 56 had a reference of about
28 words. The DANN paper abstract had 27
words, and the annotation was 20 words. The
user’s instruction says to make the annotation
"around the provided length". So in this case,
the abstract’s word count is 11, so the anno-
tation should be around 11 words. However,
the example annotations provided by the user
sometimes exceed the word count. For in-
stance, the Mars abstract had a word count of
23, and the annotation was 20 words. Maybe
"around" allows for some flexibility. In this
case, to fit into 11 words: "This study projects
a 23-fold increase in TC-blackout-heatwave
compound hazards in Harris County by 2100
under RCP8.5, emphasizing urgent grid re-
silience needs." That’s 24 words. Too long.
Alternatively: "Climate change may increase
TC-blackout-heatwave hazards; power grid
upgrades can reduce risk." That’s 11 words.
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But maybe it’s better to include the location
and the method. Hmm. Let me rephrase. "Pro-
jections show rising TC-blackout-heatwave
risks in Harris County under RCPS8.5, neces-
sitating grid resilience measures." 17 words.
Still over. Let’s try: "Under RCPS8.5, Har-
ris County faces rising TC-blackout-heatwave
hazards; grid enhancements mitigate risk."
15 words. Still over. Maybe: "TC-blackout-
heatwave hazards to surge in Harris County
under RCP8.5; grid upgrades reduce risk."
13 words. Closer. Alternatively: "Projec-
tions indicate sharp increases in TC-blackout-
heatwave compound hazards with climate
change." 11 words. But misses the grid so-
lution. Maybe the most critical part is the
finding and the method. The user’s exam-
ples sometimes include implications. For in-
stance, the Mars study included "including
at astrobiologically relevant water potentials".
The DANN paper included the method (deep
learning). In this case, the key elements are:
coupling of TC and heatwave projections, the
increased risk, the location, and the mitiga-
tion. However, given the word limit, perhaps
focus on the main finding and implication.
So: "Coupled projections indicate sharply in-
creased TC-blackout-heatwave hazards under
climate change, urging grid resilience strate-
gies." That’s 16 words. Still a bit over, but
captures the main points. Alternatively: "Cli-
mate change heightens TC-blackout-heatwave
risks; enhanced power grids mitigate hazard
exposure." 13 words. Given the previous ex-
amples, sometimes they’re concise without
specific details. For instance, the CADD
paper’s annotation: "This paper presents a
pathogenicity scoring method, which is a deep
learning (CNN) version of CADD, for cod-
ing and non-coding variant fitness impact."
That’s about 25 words. The user’s instruc-
tion might not strictly enforce the word count
but to be around. The Mars abstract’s anno-
tation was "This work is the first report..."
at 15 words. So, to balance, perhaps: "This
study projects sharp increases in TC-blackout-
heatwave compound hazards under RCP8.5,
emphasizing urgent power grid adaptations."
18 words. Alternatively, including the loca-
tion: "Projections show Harris County’s ris-
ing TC-blackout-heatwave risk under RCPS.5;
grid upgrades mitigate." 14 words. Alterna-



tively, considering the original answer given
by the assistant in the example, which for the
CADD paper’s abstract (word count 21) had
a reference of "References 43 and 44 report
that the gene encoding CIITA is irreversibly
silenced in trophoblasts by DNA methylation
of pIV." (22 words). So around the same as the
abstract’s word count. Thus, for an 11-word
abstract, the annotation should be around 11-
22 words. Let me go with: "This study
projects a 23-fold increase in TC-blackout-
heatwave compound hazards in Harris County
by 2100 under RCP8.5, emphasizing urgent
grid resilience needs." 24 words. Maybe trim:
"Under RCP8.5, TC-blackout-heatwave haz-
ards in Harris County may increase 23-fold
by 2100, requiring grid upgrades." 19 words.
That’s within the range. Alternatively: "Cou-
pled TC-heatwave projections indicate sharply
rising compound hazards in Harris County
under RCP8.5, mitigated by power grid re-
silience measures." 21 words. Hmm, perhaps
the user’s expected answer is shorter. Let me
look at the user’s own examples. For the Mars
aDNA study, the abstract word count was 26,
and the annotation was 21 words. For the
DANN paper, the abstract’s word count was
27, and the annotation was 20 words. So ap-
proximately, the annotation is around 70-80%
of the abstract’s word count. Here, 11 words,
7-8 words for the annotation? That seems
too short. Maybe the user just wants a con-
cise annotation regardless of the word count.
Alternatively, since the user hasn’t enforced
strict word counts in previous examples, per-
haps just create a concise annotation as before.
So, based on the study’s content: the coupling
of TC and heatwave projections, the finding
of increased compound hazards, the location,
the model scenario (RCP8.5), and the mitiga-
tion strategy. Also, the main contribution is
projecting the risk increase and suggesting so-
lutions. Final annotation: This study projects
a significant rise in TC-blackout-heatwave
compound hazards in Harris County under
RCP8.5, highlighting the need for enhanced
power grid resilience to mitigate escalating
climate risks. That’s 32 words. Maybe too
long. Trim: "Projections indicate sharply in-
creased TC-blackout-heatwave hazards in Har-
ris County under RCP8.5, necessitating urgent
power grid improvements." 22 words. That’s
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better. But the user’s example annotations are
often even shorter. For instance, the CADD
paper’s reference was two sentences, but the
user example for that was a single sentence.
The previous answers vary, but aim for one
sentence, capturing key elements. Final at-
tempt: "This study projects a 23-fold increase
in TC-blackout-heatwave compound hazards
in Harris County by 2100 under RCP8.5, em-
phasizing the urgency of grid resilience mea-
sures." 24 words. It’s a bit long, but cap-
tures the main points. Alternatively: "Under
RCP8.5, Harris County faces escalating TC-
blackout-heatwave risks, necessitating grid en-
hancements for climate resilience." 19 words.
ype This study projects a 23-fold rise in TC-
blackout-heatwave hazards in Harris County
by 2100 under RCP8.5, underscoring urgent
grid resilience needs against compound cli-
mate extremes. (22 words) **Rationale:**
- **Key finding:** 23-fold hazard increase
due to climate change. - **Methodology:**
Coupled TC-heatwave projections and risk
modeling. - **Implication:** Urgent grid
upgrades (underground lines, distributed en-
ergy) to mitigate escalating risks. - **Lo-
cation/scenario:** Harris County, RCP8.5
(high-emissions). - **Brevity:** Prioritizes
main result, methodology, and actionable in-
sight within 20 words.**bold text**ype it in
here.**ype it in here.**ype it in here.**ype it
in here.**ype it in here.**ype it in here.**ype
it in here...(repetitions)

Rhetorical structure

C.1 Instructions

We use the following SYSTEM instructions to guide
deepseek-r1:70b to tag sentences’ rhetorical role
in abstracts.

SYSTEM You are a specialized text classifica-

tion assistant for academic paper abstracts.

Your task is to label the rhetorical role of each

sentence in an abstract.

The allowed labels are STRICTLY:

1. - BACKGROUND

2. - OBJECTIVE

3. - METHODS

4. - RESULTS



5. - CONCLUSIONS

Input Format: A JSON object containing "sen-
tence_count" and a list of "sentences".

Output Format: A single JSON array of strings
representing the labels.

RULES:

1. The output must be a valid JSON list (e.g.,
["BACKGROUND", "METHODS", ...]).

2. The number of labels in the output MUST
exactly match the number of input sentences.

3. Do NOT include any explanations, markdown
code blocks (like “‘json), or conversational
text.

4. Output ONLY the raw JSON array.

C.2 Sample outputs

Fig. 7 shows an example output of rhetorical tag-
ging results.

C.3 Novel words

We perform a manual inspection of novel words
above the twentieth percentile normalized position
in summary texts (i.e., at the beginning). Fig. 8
shows the 10 most frequent novel words in sum-
maries, which are not present in the corresponding
abstracts, and all of them are used for referring or
framing the meta-discourse.
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{"sentences”: ["The origin and taxonomic status of domesticated cattle are controversial.”, "Zebu and taurine
breeds are differentiated primarily by the presence or absence of a hump and have been recognized as separate
species (Bos indicus and Bos taurus).", "However, the most widely held view is that both types of cattle derive
from a single domestication event 208@-18,088 years ago.”, "We have examined mtDMNA sequences from representatives
of six European (taurine) breeds, three Indian (zebu) breeds, and four African (thres zebu, one taurine) breeds.
", "Similar levels of average sequence divergence were observed among animals within each of the major
continental groups: 8.41% (European), ©.38% (African), and ©.42% (Indian).”, “However, the seguences fell into
two very distinct geographic lineages that do not correspond with the taurine-zebu dichotomy: all European and
African breeds are in one lineage, and all Indian breeds are in the other.”, "There was little indication of
breed clustering within either lineage.”, "Application of a molecular clock suggests that the two major mtDNA
clades diverged at least 280,888, and possibly as much as 1 million, years ago.”, "This relatively large
divergence is interpreted most simply as evidence for two separate domestication events, presumably of different
subspecies of the aurochs, Bos primigenius."”, "The clustering of all African zebu mtDNA sequences within the
taurine lineage is attributed to ancestral crossbreeding with the earlier B. taurus inhabitants of the continent.
"], "labels": ["BACKGROUND", "BACKGROUND", "BACKGROUND", “METHODS", "RESULTS", "RESULTS", "RESULTS", "RESULTS",
"CONCLUSIONS™, "CONCLUSIONS™]}

Figure 7: An example of rhetorical tagging results from DeepSeek-R1. The abstract is from (Loftus et al., 1994)

study
demonstrates
identifies

work
paper B Gemma 3
shows mm DeepSeek-R1
reports B Gpt-oss
investigates E Llama 4
authors = Qwen3
BN Human

describes

0 20000 40000 60000 80000 100000
Count

Figure 8: Frequency distribution of top-10 novel words
across various types of summaries.
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