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Recently, significant advancements have been made in models for automatic text summarization, primar-
ily because of the emergence of modern technologies such as transformers and pre-training. However,
handling long documents remains a major challenge for most models. Current research addresses this
challenge either by designing recurring chained models or by truncating the text to fit the input size. In-
sufficient attention has been given to preserving the context of the original text and its role in summary
generation. We propose a model that captures consecutive sentence contexts and processes them as co-
herent units. Using an unsupervised summarization pipeline that requires no task-specific fine-tuning, the
model produces extractive summaries composed of the most informative sentences from the source doc-
ument. We evaluate the proposed pipeline on the PubMed and ArXiv long-document benchmarks using
ROUGE, achieving ROUGE-1/ROUGE-2/ROUGE-L of 53.0/24.32/47.7 on PubMed and 53.7/20.40/48.4
on ArXiv.

Povzetek: Studija predlaga nenadzorovan ekstraktivni povzemalnik dolgih dokumentov, ki namesto rezanja
ali veriznega procesiranja zdruzuje zaporedne stavcne kontekste v koherentne enote in izbere najbolj in-

formativne stavke ob boljsem ohranjanju izvornega konteksta.

1 Introduction

The Internet inundates our days with vast amounts of text
content, including social media posts and scientific papers.
This growth provides useful information, but it also makes
processing and understanding that information harder for
people and businesses. Automatic text summarization has
become an important tool for managing such data [|l]]. The
goal of this summarization process is to turn long texts into
short summaries that retain the most important information
[2]. This process remains challenging for long documents
such as research papers, technical reports, and scholarly ar-
ticles because they are so lengthy and complex. Therefore,
text summarization remains an active area of study in natu-
ral language processing [3].

Automatic text summarization can be divided into two
broad categories: extractive and abstractive methods [4].
Abstractive summarization takes a text and produces a
shorter version that states the same ideas with different
words [5]. Extractive summarization, on the other hand,
selects the most crucial sentences in the original text and
compiles them to form a brief summary. The abstractive
methods tend to generate better summaries and are more
likely to be fluent, although they may introduce errors and
employ alternative words that reduce precision [, 7]. Ac-
cording to research, extractive methods are often preferred
in human tests for factual preservation, though this advan-

tage varies across domains and evaluation criteria [8].

Traditional summarization approaches include statistical
and graph-based methods [9, L0, [L1]. The introduction of
pretrained Transformer encoders such as BERT [[12] sub-
stantially improved summarization, but long inputs remain
challenging because self-attention is constrained by token
budgets and scales poorly with input length [[13, 14]. Prior
work addresses long documents using truncation [|15, |16,
17,18, 19, 20], sliding windows [21], capacity-aware mod-
eling [[13], and hybrid mechanisms [22], while hierarchi-
cal formulations provide an alternative for capturing multi-
scale dependencies [23].

While the framework leverages established pretrained
components, the contribution lies in an unsupervised ex-
tractive pipeline for long scientific documents that (i) per-
forms budget-constrained context grouping using seman-
tic continuity and discourse cues, (ii) uses generated can-
didates as global salience proxies to guide sentence rank-
ing without fine-tuning on PubMed/ArXiv, and (iii) sup-
ports key design choices with targeted ablation and sensitiv-
ity analyses. In contrast to fixed-window segmentation or
whole-document scoring, candidate generation and ranking
are performed within context-consistent, token-bounded
context groups to better reflect long-document structure.

The aforementioned studies have addressed the limita-
tions of BERT, but they share the common limitation of
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dividing input documents into fixed-size sentence chunks.
The importance of continuity between successive sentences
is ignored, which is crucial for preserving content and main-
taining semantic coherence in the final summary. This re-
search introduces a model that considers the content of con-
secutive sentences in a document to guarantee the compre-
hensiveness of the context provided in the summary. The
enhanced outcomes of our approach emphasize the impor-
tance of considering the context within the succession of
sentences. Long-document models perform poorly when
the context is ignored or truncated.

The goal of this work is to produce faithful extractive
summaries of long scientific documents under practical
token-budget constraints, without fine-tuning on the target
datasets (PubMed/ArXiv). To preserve continuity in long
inputs, we first group consecutive sentences into token-
bounded, context-consistent units using semantic similarity
and discourse markers; to obtain a document-level salience
signal without supervision, we generate candidate texts
within each group and pool them across the document; we
then rank original sentences by semantic similarity to these
pooled candidates and apply n-gram blocking to control re-
dundancy before selecting the final sentences in their orig-
inal order. This design ensures each step serves a spe-
cific purpose: context preservation, salience estimation,
and redundancy-controlled sentence selection.

2 Related works

As requirements increase, researchers are increasingly in-
terested in automated summarization, a branch of natu-
ral language processing (NLP). Researchers have proposed
several approaches for both abstractive and extractive sum-
marization over the years. Much prior work has focused on
methods for summarizing long documents.

Many studies have attempted to treat the issue of long
documents by using some methods like truncating text to
keep it in a 512-token requirement [[15, |16, [L7]. Unsuper-
vised approaches have been suggested and supported by
several studies [24, 25, 26, 20]. One example is graph-
based models. Several proposed methods [27, 28] rely on
classifying sentences as either included in the final sum-
mary or excluded. A GRU-RNN encoder has been adopted
for neural extraction-based document summarization, as re-
ported in [29]. Redundancy in the summary is reduced us-
ing a phrase extractor based on Recurrent Neural Networks
(RNNs). Furthermore, the initially identified segments are
examined in detail. A study [B(] proposes an approach,
Attention with CNN-BiGRU, to detect sentence charac-
teristics. The CNN employs intricate techniques that re-
veal the concealed features of words. Thereafter, a BIGRU
model is employed to conduct the summary. The BiGRU
is used to identify appropriate relationships within long text
sequences [31]]. This method enables researchers to iden-
tify depression-related signs in tweets using evaluation lan-
guage.
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The extractive summarization method employs long-
short term memory (LSTM) models in several studies. To
determine which texts should be included or excluded from
the final summary, the study [32] uses a CNN as an en-
coder and an LSTM as a decoder. Another model utilizes
a BILSTM encoder—decoder architecture to identify con-
nections between important phrases and keywords. The
SWAP-NET model is also proposed by [B3] as a new sum-
marization method. This model ranks sentences using hi-
erarchical transformers and phrase-level attention. Studies
have also shown that this method produces highly accurate
summaries [[17].

The BERT model is considered the foundation for many
extractive summarization algorithms. The work by [[19]
examines an extractive summarization approach, a seman-
tic text technique based on BERT, to identify semantically
plausible summaries. In the study of [34], two models are
used to evaluate the range and salience of texts. Their
method, which depends on an extensive redundancy-based
framework, is good at scoring and choosing text portions
and maintaining a balance to generate the final summary.
In the study of [23], an approach that integrates data from
sentence embeddings and document representations is pro-
posed. This approach combines top-down and bottom-up
mechanisms to maintain representations up to date and ma-
nipulates token attention across multiple levels, namely,
random, local, and global.

More recently, several studies have revisited long-
document summarization using stronger pre-trained en-
coders and, in some cases, large language models. Wang
et al. [35] propose an extractive model for long news and
scientific articles that injects local topic information and
document-level hierarchical structure into a Longformer-
based encoder. Han et al. [3€] design a topic-model-based
extractor with sentence-level features and a dynamic mem-
ory unit to better capture global themes in long texts, while
Onan and Alhumyani [37] combine fuzzy topic modeling
with BERT in the FuzzyTP-BERT framework for extractive
summarization. In the biomedical domain, Xie et al. [3§]
incorporate domain knowledge into pre-trained language
models to improve extractive summarization of scientific
articles, and Kirmani et al. [39] introduce a semantic sum-
marizer tailored to biomedical literature. Complementary
to these encoder-based models, Chen et al. [40] demonstrate
that large language models equipped with hierarchical in-
put segmentation and chain-of-thought prompting can im-
prove long-document summarization across scientific and
biomedical benchmarks.

summarizes representative long-document sum-
marization designs. Many strong long-document systems
rely on target-dataset fine-tuning (e.g., hierarchical extrac-
tive encoders [23, 49]) or use long-input encoder—decoder
generation [[18, 50, 47], where factual accuracy requires
attention [48]. In contrast, our method targets an extrac-
tive setting without fine-tuning on PubMed/ArXiv: it builds
token-bounded context groups using semantic continuity
and discourse cues, and performs candidate-guided rank-
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ing within each context-consistent group, emphasizing con-
tiguous context when selecting sentences for long scientific
documents ([Table 3). Unlike prior segment-based or hier-
archical extractors, the ranking signal in our pipeline is de-
rived from generated candidates that act as global salience
proxies but are applied within context-consistent, token-
bounded groups, without target-dataset fine-tuning.

Table 1: Summary of design characteristics in representa-
tive long-document summarization approaches. FT= fine-
tuning on the target dataset. Context strategy: Seman-
tic+disc.= semantic similarity with discourse markers (pro-
posed method, Section [§); other strategies follow standard
definitions.

Method Type FT Context strategy
Top-Down [23]  Extr. Yes Hierarchical
Pegasus [|18§] Abst. Yes Seq2seq
LED [50] Abst. Yes Long-range attn.
BigBird [4§] Extr. Yes Sparse attn.
HiStruct+ [49] Extr. Yes Hierarchical
Dancer [47] Extr.  Varies  Divide-conquer
Ours Extr. No Semantic+disc.

3 Proposed method

We propose a context-aware extractive summarization
model. The model has two components: a Context Detector
(CD) and a Sentence Selector (SS). CD groups consecutive
sentences into contextually coherent groups. SS generates
multiple candidate texts per group using a pretrained T5
model. SS then ranks source sentences by semantic similar-
ity to those candidates to produce an extractive summary.
The SS builds upon the candidate-generation and ranking
framework of Bishop et al. [41]. We adapt their approach
to operate over context groups. The summarization pipeline
is unsupervised with respect to the target datasets and does
not require task-specific fine-tuning on ArXiv or PubMed;
all neural components are used in a zero-shot manner on
external scientific corpora, with no parameter updates.

Algorithm [l| summarizes the end-to-end procedure of
our context-aware extractive pipeline, including the context
grouping rule (cosine threshold and discourse-marker trig-
gers), the token-budget constraint, candidate pooling with
n-gram de-duplication, and the final sentence selection with
redundancy control.

The subsequent subsections detail each stage in Algo-
rithm [|| and report the parameter choices used in our ex-
periments.

Here, “zero-shot” means no training or fine-tuning on the
target datasets (PubMed/ArXiv); we use pretrained mod-
els (e.g., Sentence-BERT and a TS5 variant previously fine-
tuned on S20RC) as-is, without updating their parameters.

In our implementation, CD uses Sentence-BERT em-
beddings (the allenai-specter variant). Candidate gen-
eration uses a TS5 model fine-tuned on S20RC. We use
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Algorithm 1 Compact overview of the proposed context-
aware extractive pipeline.

Require: Sentences (s;)Y.;; 0; budget L; generator T5;
similarity Sim; £, K'; n-gram blocks ng, n,; summary
budget B.

Ensure: Summary S

1: e; < SB(s;) foralli; G < []; g < [s1]

2: fori=2to N do

3: if (cos(ej—1,e;) > 6 Vv Disc(s;)) A
(tokenCount(g) + tokenCount(s;) < L) then

4 append s; to g

5 else

6: append g to G; g < [s]

7 end if

8: end for

9: append g to G

10: T + TopK (DedupNgram(UgeT5(g, k), ng), K)

11: r; + Sim(s;, T) for all 4

12: S « SelectTop(s1.n,71.n, B, ns)
order

13: return S

> keep original

frequency-based aggregation (optionally) and apply n-gram
blocking to reduce redundancy. Sentence scoring supports
several similarity backbones (BERTScore, SimCSE, and
Sentence-BERT). The final summary is purely extractive:
all output sentences are taken verbatim from the source doc-
ument, and T5-generated texts serve only as intermediate
candidates for similarity-based scoring. The overall archi-

tecture is illustrated in [Figure 1.

Given a document D, we split it into sentences and apply
the Context Detector (CD) to form budget-bounded con-
text groups G = {g1,...,gm}. We use context group (or
simply group) to denote the contiguous, budget-bounded
unit produced by the Context Detector. For each group g;,
the Sentence Selector generates k candidate texts 7 using
a T5-based generator, pools and de-duplicates candidates
via n-gram blocking (optionally frequency-weighted), and
scores each sentence by similarity to the retained candi-
dates. The top sentences are selected under a length con-
straint and output in original document order.

We first preprocess each document by splitting it into
sentences S = ($1,82,...,8,). In the experiments, we
use off-the-shelf sentence tokenizers (spaCy or NLTK)
to obtain sentence boundaries. The implementation ac-
cepts either a raw string (segmented with spaCy/NLTK)
or a pre-split list of sentences. Each sentence is treated
as a string unit for embedding and similarity computa-
tions. To enforce transformer input-size constraints, we
approximate token limits by cumulative token counts:
TokenEstimate(g) ~ > . B | ] tokens- The code enforces that
the cumulative token-count per group does not exceed 512
(token-based approximation). The CD grouping is formal-
ized below.
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Context Detector (CD)

Groups sentences by semantic similarity and discourse markers
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Sentence Selector (SS)
Ranks sentences by BERTScore similarity to generated texts
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Figure 1:
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Overview of the proposed method, consisting of a Context Detector (CD) and a Sentence Selector (SS). CD

groups sentences into contexts using discourse markers (DM) and cosine similarity (CS). SS generates candidates via
a T5-based generator, applies n-gram blocking, and selects final summary sentences using a similarity-based ranking
(BERTScore by default; SimCSE and Sentence-BERT are also supported).

{81}, lf] = 1,

gj—1 U{s;}, ifDS(s;_1,s;) and
g; = tokenCount(gjq U {Sz‘}) (M
<512,
{s:}, otherwise.

Here g; is the j-th contextual group formed from con-
tiguous sentences. The numeric limit of 512 indicates an
approximate token count that reflects the transformer’s in-
put.

The discourse markers are a curated list of words and
short phrases that often indicate continuation or transition
(we use a list derived and adapted from prior work). We
define the predicate DM (s;) to be true when the current
sentence s; begins with a discourse marker from the list.
The function C'S(s;—1, ;) computes the cosine similarity
between Sentence-BERT embeddings of s;—; and s; (we
use the allenai-specter model).

DS(Si_l,Si) = DM(SZ) vV CS(Si_l,Si) >0 (2)

Here DS is a Boolean predicate that becomes true if the
current sentence begins with a discourse marker or if the
consecutive-sentence cosine similarity exceeds 6. In our

experiments, we set § = 0.4 based on the sensitivity anal-
ysis in Section f.2.4, which shows this value provides a
consistent trade-off between coherent grouping and sum-
marization performance

We merge s; into the current context group if
DS (s;-1, s;) holds and the group budget is not exceeded,
DM /(s;) is computed using a curated discourse-marker
list [42], and C'S(s;—1, s;) is the cosine similarity between
consecutive sentence embeddings.

The overall workflow of the Context Detector (CD) com-
ponent is illustrated in Algorithm P,

Then the Sentence Selector (SS) uses the context groups
produced by CD to find the most important sentences for the
final extractive summary. The SS follows an unsupervised,
candidate-generation-and-ranking approach. For candidate
generation, we use a T5-based model [43] to produce mul-
tiple outputs per context group. Formally, for each context
g; We generate

{tj1tj2, ..., tjk} = t5_gen(g;), 3)
where t; ¢ is the /-th text generated from context g;.

After generation, texts from all groups are aggregated
intoapool T' = {t1.1,...,t1k,t2,1,- - -, tm,k }, Where m is
the number of context groups and k is the number of texts
per group. To improve diversity and reduce redundancy, we
apply n-gram blocking (with n = 20 for candidate dedupli-
cation) and form a filtered pool (") C T..
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Algorithm 2 Context Detector (CD: Context grouping us-
ing DM and CS)
: Input: Sentence list S
Output: Ordered context groups G
n <+ |S| > number of sentences
Initialize G « []
if n = 0 then
return G
end if
Initialize current_group < [s1]
0+ 04
M < 512
: fori =2tondo
12: DS + DM(Sl) V CS(Si_l, 51’) >0
13: if tokenCount(current_group) + tokenCount(s;) >
M then

R B A A R e

—_
=4

> token-count approximation

—_
—_

14: Append current_group to G

15: current_group «— [s;]

16: end if

17: if DS and tokenCount(current group) +
tokenCount(s;) < M then

18: Append s; to current_group

19: else

20: Append current_group to G

21: current_group < [s;]

22: end if

23: end for

24: if current_group not empty then
25: Append current_group to G
26: end if

27: return G

Candidates in 7" can be assigned frequency-based
weights according to how often the same (or near-identical)
candidate was generated across groups. In other words, ag-
gregation supports optional frequency weighting (counts)
rather than only equal weighting.

We compute similarity between each original sentence
and the retained candidates using BERTScore [44] (preci-
sion/recall/F1). In the implementation, we use the F1 score
as the candidate-to-sentence similarity measure; alternative
similarity backbones (SimCSE or Sentence-BERT) are also
supported.

Let T(") = {t;,...,tx} be the retained candidates, and
let w; denote the (optional) frequency weight of candidate
t;. We compute a final score d; for each sentence s; as
follows:

K
di = > w; x BSpi(si,1;). (4)
j=1

Here BSgi (s, t;) denotes the BERTScore F1 between sen-
tence s; and candidate t;. When Sentence-BERT is used as
the similarity backbone, the implementation computes co-
sine distance between vectors (and the ranking logic han-
dles this by minimizing distance rather than maximizing
similarity). Sentences are ranked by d; (descending) and
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the top-ranked sentences are selected (with n-gram block-
ing applied at selection time) and returned in original doc-
ument order. The selection procedure is described in Algo-
rithm J.

Algorithm 3 Sentence Selector

1: Input: Context groups G = {g1, ..., gm}, Document
sentences S
Output: Selected sentences (summary) S’
k < number of texts to generate per group (default: 7)
target_sentences < 9
Initialize candidate pool T' «+ [], weights W <+ [],
scores D + ||
for each context g; in G do
Generate {t; 1,...,t;r} < t5_gen(g;)
Tj(n) + N-gram_Blocking({¢; ¢},n = 20)
Add elements of Tj(") to pool T
10: end for
11: Compute frequency weights W for each unique candi-
date in 7" (optionally)
12: for each candidate ¢ in 7" do
13: Compute BERTScore F1 between ¢ and each sen-
tence s; € S

© ° =&

14: Accumulate weighted scores d;, += w; X
BSFl (Si, t)

15: end for

16: sorted_indices < indices of sentences s; sorted by d;
(descending)

17: selected_sentences + ||

18: for idx in sorted_indices do

19: candidate «+— S[idx]

20: if N-gram_Block Check(candidate, se-
lected sentences, n=10) = False then

21: Append candidate to selected_sentences

22: if |selected_sentences| = target_sentences
then

23: break

24: end if

25: end if

26: end for

27: Sort selected_sentences by document order
28: S’ + selected_sentences
29: return S’

4 Experiment

4.1 Datasets

We have selected two popular datasets from the long doc-
ument datasets: one from the scientific field and the other
from the medical field. The data are obtained from [45]
and are available on huggingface.ca. We extract the articles
from arXiv.org and PubMed.com. Every single instance in
the dataset is a scientific paper. The article abstracts serve
as the ground truth. The datasets are divided into training,
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validation, and testing sets in specific proportions, which
we also apply in our work. The statistics of these sets are
presented in [Table 2. Our primary focus is on the test set,
as our approach requires no training on the target datasets.

Table 2: Number of document—abstract pairs in the training,
validation, and test splits for the ArXiv and PubMed long-
document benchmarks. Since our method is unsupervised,
evaluation is performed exclusively on the test split.

Datasets | Train Set | Val Set | Test Set
ArXiv 203,037 6,436 6,440
PubMed | 119,224 6,633 6,658

4.2 Experimental settings
4.2.1 Preprocessing

To avoid evaluation leakage, the reference abstract is used
only as the gold summary and is excluded from the input. If
an “Abstract” section is present in the full text, it is removed
prior to processing. We normalize whitespace and split each
input document into sentences using NLTK for sentence
segmentation and tokenization; token length is used as an
approximate budget for later stages.

For evaluation, the model input consists only of the
document body (article text); the reference abstract is
used exclusively as the gold summary for computing
ROUGE/BERTScore and is never included in the input.
We remove empty or malformed sentences after sentence
splitting and preserve the original sentence order for group-
ing and selection. Sentence segmentation errors are han-
dled conservatively: empty or malformed segments are
discarded, and documents with fewer than two valid sen-
tences after filtering are returned unchanged. All subse-
quent stages operate on the resulting sentence list, and no
additional sentence re-ordering is performed.

4.2.2 Computational resources

All experiments were run using PyTorch with CUDA accel-
eration on a single NVIDIA A100 GPU (40 GB VRAM).
Since our pipeline performs no supervised fine-tuning on
the target datasets (PubMed/ArXiv), a single-GPU config-
uration is sufficient for the full evaluation. End-to-end pro-
cessing time averages 40 s per document, including context
grouping, candidate generation, BERTScore-based ranking
and sentence selection; this cost is expected, given the can-
didate generation step, and optimization of inference speed
is left for future work.

4.2.3 Model configuration

Our model combines two neural components that work
together during summarization. For salient text genera-
tion, we use the T5-base model fine-tuned on the Semantic
Scholar Open Research Corpus (S20RC). The version used
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is doc2query/S20RC-t5-base-v1, which is designed to
create query-like representations of scientific text. Each
generated text contains up to 64 tokens. We apply top-k
sampling £ = 10 to maintain a balance between diversity
and coherence, and set the temperature to 0.5 to control ran-
domness in generation.

The model generates seven candidates for each section of
adocument. For all sections, we keep the top 25 candidates
for the next step.

We performed a lightweight sensitivity analysis on the
candidate-generation settings using 100 ArXiv test docu-
ments. We varied the number of candidates per section
(k € {3,5,7}) and the number of retained texts (X €
{15,25,35}), keeping other parameters fixed (top-k sam-
pling = 10, temperature = 0.5, max length = 64).
reports ROUGE scores; the default setting (k = 7, K = 25)
provided the best trade-off in our experiments.

To calculate sentence similarity and perform ranking, we
test three models: BERTScore, using the bert-base-uncased
model with 12 layers and a batch size of 64; SimCSE, which
measures contextual similarity; and Sentence-BERT, using
the allenai-specter variant trained on scientific papers. The
main configuration uses BERTScore because its similarity
scores match human judgments in extractive summariza-
tion.

All neural components are obtained from the Hugging
Face Hub using fixed version identifiers to maintain consis-
tent weights and tokenization. We report the exact Hugging
Face model identifiers for all pretrained components so that
the same checkpoints can be retrieved and evaluated under
identical preprocessing and hyperparameters.

4.2.4 Hyperparameters

The Context Detector groups sentences by combining se-
mantic similarity and discourse structure. Sentences are
clustered into coherent groups using a cosine similarity
threshold of 0.4. Sentence embeddings are generated with
the allenai-specter model from the Sentence-BERT
family. The threshold was selected via an ablation study
on 100 documents from the arXiv test set, testing values
ranging from 0.2 to 0.7, as shown in [Table 3. Thresholds
below 0.3 produced overly large clusters that merged un-
related passages. These clusters frequently exceeded the
512-token limit, requiring splits that reduced coherence. In
implementation, we approximate the Transformer budget
using word-based token counts; this can be replaced with
tokenizer-based token counts for exact budgeting. Thresh-
olds above 0.6 produced excessively small groups, with in-
dividual sentences frequently treated as isolated contexts.
A threshold of 0.4 struck the best balance, yielding an aver-
age of 12.3 context groups per document, with an average
of 3.8 sentences per context group.

Using the same 100 ArXiv documents, we vary the
candidate-generation configuration by changing the num-
ber of generated texts per section (k) and the number of
retained candidates (K'), while keeping other decoding pa-
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Table 3: Impact of cosine similarity threshold on context grouping and summarization performance (evaluated on a ran-
domly sampled held-out subset of 100 ArXiv documents). Bold values represent the highest scores.

Threshold Avg. Groups Avg. Group Size R-1 R-2 R-L
0.2 6.2 7.1 50.8 19.1 45.7
0.3 8.7 5.3 52.3 19.8 47.1
0.4 12.3 3.8 52.9 20.1 47.6
0.5 16.8 2.6 52.1 19.5 46.9
0.6 24.1 1.8 50.6 18.7 45.8
0.7 314 1.3 48.9 17.9 443

rameters fixed (top-k sampling = 10, temperature = 0.5,
max length = 64). As shown in [Table 4, increasing k from
3 to 7 yields consistent ROUGE improvements, and the de-
fault setting (k = 7, K = 25) achieves the best ROUGE-
1/ROUGE-2/ROUGE-L among the tested configurations.

Table 4: Sensitivity analysis of candidate-generation set-
tings on 100 ArXiv documents (other parameters fixed;
ROUGE-1/2/L reported).

Setting R-1 R-2 R-L
k=3, K=25 51.8 194 46.8
k=5 K=25 525 19.8 473
k=17, K = 25 (default) 529 20.1 47.6
k=17 K=15 523 19.7 47.0
k=17 K=235 526 199 474

The 512-token cap is enforced to avoid truncation un-
der common Transformer input constraints, using the same
token-count approximation described in Section #.2.4. We
apply n-gram blocking (20-gram for candidate generation
and 10-gram for sentence selection) to control redundancy;
in our ArXiv-100 sensitivity checks, moderate blocking
values preserved ROUGE trends while reducing repetitive
sentence inclusion.

This configuration provided the highest ROUGE scores
within the sampled subset. Context detection also re-
lies on explicit discourse markers in addition to similar-
ity scores. The system recognizes 24 markers, such as
”moreover,” “furthermore,” ”in addition,” additionally,”
”consequently,” “for instance,” and “indeed.” A sentence
is merged into the current group if D.S(s;_1, s;) holds and
adding it does not exceed the group budget (token-count ap-
proximation): tokenCount(g;_1 U {s;}) < 512; otherwise,
a new group is started (Eq. ([)~())). This mixed rule en-
sures both semantic and structural coherence in grouping.

The n-gram blocking is performed in 2 stages to reduce
redundancy; 20-gram blocking eliminates redundancy or
near-redundancy among sequences sharing 20 consecutive
words during salient text generation. This process ensures
that the candidate’s textual outputs are not similar. 10-gram
blocking prevents redundant material by allowing only sen-
tences with identical 10-word spans. The length of the sum-
mary is controlled by aiming at nine sentences or about 250
tokens and a 50-token margin to provide a natural end to

EERET)

sentences.

Each sentence receives a score indicating its importance
to the document. The score is based on its similarity to all
retained salient texts, weighted by how frequently those ap-
pear in different document sections. This weighting high-
lights sentences that align with the most consistently gener-
ated salient content, improving both coverage and balance
in the final summary.

4.3 Evaluation metrics

We evaluate generated summaries using ROUGE [#44],
reporting ROUGE-1, ROUGE-2, and ROUGE-L (LCS)
against the reference abstracts to enable direct comparison
with prior work on the ArXiv and PubMed long-document
benchmarks. While ROUGE mainly reflects lexical over-
lap and may not fully capture semantic adequacy, it remains
the standard automatic metric for long-document summa-
rization.

To complement ROUGE with a semantic measure, we
additionally report BERTScore-F1 [44]. We also perform a
paired ¢-test on per-document scores between our method
and the strongest baseline and report significance at the
95% confidence level.

5 Main results and discussion

5.1 Results

presents the main results of our model across both
datasets. The table reports ROUGE-1, ROUGE-2, and
ROUGE-L on PubMed and ArXiv.

We compare against representative long-document base-
lines, including Top-Down Transformer [23], Pegasus [|L8],
Dancer [47], BigBird [48], HiStruct+ [49], and LED [50].

We additionally report BERTScore-F1 ([Table 6) to as-
sess semantic similarity beyond lexical overlap; the overall
trend is consistent with [Table 3. We further assess statisti-
cal significance using paired ¢-tests on per-document scores
relative to the strongest baseline (Top-Down Transformer)
(Table 7). Our method achieves statistically significant im-
provements in ROUGE-1, ROUGE-L, and BERTScore-F1
on both datasets at the 95% confidence level. On PubMed,
all metrics, including ROUGE-2, show significant gains.
On ArXiv, ROUGE-2 shows a non-significant decrease
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Table 5: A comparison of performance between the proposed model and baseline models on the PubMed and ArXiv
long-document datasets. The values reported are ROUGE-1 (R-1), ROUGE-2 (R-2), and ROUGE-L (R-L). Bold values

indicate the best scores per metric.

PubMed ArXiv

R-1 R-2 R-L R-1 R-2 R-L
Top-Down Transformer 51.05 23.26 46.47 50.95 21.93 45.61
Pegasus 47.06 19.81 41.11 44.21 16.95 38.83
Dancer 46.34 19.97 42.42 45.01 17.60 40.56
BigBird 46.32 20.65 42.33 46.63 19.02 41.77
HiStruct+ 46.03 19.12 41.95 45.01 17.82 39.83
LED 46.38 20.17 41.92 45.17 17.61 40.10
Our Model 53.0 24.32 47.7 53.7 20.40 48.4

Table 6: Semantic evaluation using BERTScore-F1 (higher
is better; reported as x 100) for the strongest representative

baselines in [Table 3.

Model PubMed ArXiv
Top-Down Transformer  87.45 87.82
HiStruct+ 85.83 85.41
LED 86.02 85.68
Our Model 88.71 88.93

(A = —1.53, p = 0.125), consistent with the use of n-gram
blocking, which reduces redundancy but can also reduce bi-
gram overlap with the reference, as discussed below.

Table 7: Paired ¢-test results comparing our method with
Top-Down Transformer on each dataset (per-document
scores). “Sig.” indicates p < 0.05.

Metric Mean A p-value Sig.
PubMed dataset

ROUGE-1 +1.95 0.0021  Yes
ROUGE-2 +1.06 0.0389  Yes
ROUGE-L +1.23 0.0142  Yes
BERTScore-F1 +1.26 0.0089  Yes
ArXiv dataset

ROUGE-1 +2.75 0.0003  Yes
ROUGE-2 —1.53 0.1247 No
ROUGE-L +2.79 0.0005  Yes
BERTScore-F1 +1.11 0.0198  Yes

5.2 Discussion

Across both datasets, our approach achieves the high-
est scores on PubMed (ROUGE-1: 53.0, ROUGE-2:
24.32, ROUGE-L: 47.7) among all compared models,
and achieves the highest ROUGE-1 (53.7) and ROUGE-L
(48.4) on ArXiv; however, the Top-Down Transformer at-
tains the best ArXiv ROUGE-2 score (21.93). These results

suggest that context-aware grouping contributes to sentence
selection and ordering. The ROUGE-1 improvement sug-
gests that the context-aware selection tends to identify sen-
tences containing salient terms. Furthermore, the improved
ROUGE-L suggests better sequence-level overlap with the
reference abstracts.

From a mechanism perspective, the gains come from
aligning sentence ranking with document-level struc-
ture: grouping sentences into budget-bounded, context-
consistent groups reduces cross-topic interference during
candidate generation and scoring, and encourages selec-
tion from coherent regions that reflect the paper’s main
contributions and findings. This is reflected in ROUGE-
I/ROUGE-L and BERTScore gains, which emphasize
salient content and sequence-level overlap rather than ex-
act bigram matching.

contrasts representative long-document strate-
gies. In our unified evaluation ([Table 3), fine-tuned hier-
archical extractors (e.g., Top-Down/HiStruct+) are strong
baselines, while long-input encoder—decoder models (Pe-
gasus/LED) rely on substantial pretraining and fine-tuning,
and may be sensitive to factuality constraints in scientific
writing. Our method targets a different setting by enforc-
ing explicit context continuity via token-bounded semantic
groups and applying candidate-guided ranking within each
group without PubMed/ArXiv fine-tuning.

On ArXiv, Top-Down Transformer achieves the highest
ROUGE-2 (21.93), while our method obtains 20.40. Sta-
tistical analysis confirms this 1.53-point difference is not
significant (p = 0.125, [Table 7) and is consistent with
our design choice: the n-gram blocking mechanism priori-
tizes summary diversity and semantic similarity (supported
by higher ROUGE-1, ROUGE-L, and BERTScore on both
datasets) over exhaustive bigram matching. We use 10-
gram blocking during sentence selection to reduce redun-
dancy; however, it can also lower ROUGE-2 by filtering
sentences that contain frequently recurring bigrams com-
mon in scientific writing.

The mechanism is effective at avoiding word-for-word
replication of long sentences, but it can also filter sentences
that contain recurring yet informative bigrams, including
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domain-specific terminology that naturally appears in sci-
entific abstracts. For example, phrases such as “we demon-
strate that” and collocations such as ’neural network archi-
tecture” frequently appear in both source documents and
reference abstracts. This trade-off is particularly evident
on ArXiv, where repetitive technical terminology is more
common. As an extractive method, our summaries preserve
source sentences, which reduces the risk of introducing un-
supported content.

The performance pattern across different ROUGE met-
rics reveals fundamental characteristics of our extrac-
tive approach. The context detection module, which
groups sentences based on a 0.4 cosine similarity thresh-
old and discourse markers, excels at identifying seman-
tically coherent groups that capture the document’s main
themes, translating directly to high ROUGE-1 scores. [Ta]
further serves as an implicit ablation of this mod-
ule: degraded grouping configurations consistently reduce
ROUGE across all metrics, confirming the contribution of
context-aware boundaries to overall performance.

While ROUGE-2 is more sensitive to redundancy con-
trol, our approach selects complete sentences from the
source text and preserves their original wording. The n-
gram blocking constraints help prevent redundancy that can
otherwise arise in extractive summaries of long documents,
where similar concepts are elaborated across sections. Our
method requires no fine-tuning on PubMed/ArXiv and may
generalize across domains.

This setting evaluates generalization without target-
dataset supervision, but it does not claim that the under-
lying pretrained components were trained without supervi-
sion on external scientific corpora. The comparable perfor-
mance on both PubMed and ArXiv datasets suggests that
the approach is potentially applicable to diverse scientific
domains. This is because the basic ideas behind context
detection via semantic similarity and discourse markers,
query generation via fine-tuned T5, and weighted sentence
ranking via BERTScore reflect common aspects of scien-
tific document structure rather than patterns specific to one
field.

These results advance the field by showing that ex-
plicit context continuity within token budgets can reduce
reliance on target-dataset fine-tuning for scientific doc-
ument summarization. Our context-consistent grouping
combined with candidate-guided ranking injects document-
level salience while preserving extractive faithfulness, en-
abling competitive cross-domain performance without la-
beled supervision on the target datasets. This provides
a practical path toward deployable systems in resource-
constrained settings.

Our approach has limitations that follow directly from
its design choices. First, when sentence boundaries are
noisy (e.g., in poorly formatted PDFs) or discourse mark-
ers are sparse or non-standard, context grouping may be
less reliable and could merge or split topics inappropriately.
Second, in documents with heavy repetition of domain-
specific bigrams or formulaic phrasing, n-gram blocking
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can remove sentences that contain informative recurring
terminology, which may reduce ROUGE-2 as observed
on ArXiv. Third, if the generated candidates are low-
quality (e.g., for highly technical sections with limited
natural-language cues), ranking can overweight less infor-
mative sentences. These cases suggest that the method is
best suited to long scientific articles with reasonably well-
formed sentence grouping and standard discourse structure.

6 Conclusion

We have presented a context-aware extractive summa-
rization pipeline for long scientific documents that forms
budget-bounded context groups and ranks sentences using
generated candidates and semantic similarity scoring. Ex-
periments on PubMed and ArXiv show consistent gains
in ROUGE-1/ROUGE-L and improved semantic similarity
(BERTScore).

Limitations include sensitivity to noisy sentence bound-
aries and non-standard discourse structure, potential sup-
pression of informative recurring terminology due to n-
gram blocking, and dependence on candidate quality in
highly technical sections. Future work will investigate
more robust grouping signals for extremely long docu-
ments, adaptive redundancy control that preserves domain-
specific terminology, and improved candidate generation,
together with broader evaluation and targeted qualitative
analysis.
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