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Abstract

The summarization of scientific texts has
shown significant benefits both for the research
community and human society. Given the
fact that the nature of scientific text is dis-
tinctive and the input of the multi-document
summarization task is substantially long, the
task requires sufficient embedding generation
and text truncation without losing important
information. To tackle these issues, in this
paper, we propose SKT5SciSumm - a hybrid
framework for multi-document scientific sum-
marization (MDSS). We leverage the Sentence-
Transformer version of Scientific Paper Em-
beddings using Citation-Informed Transform-
ers (SPECTER) to encode and represent tex-
tual sentences, allowing for efficient extractive
summarization using k-means clustering. We
employ the T5 family of models to generate ab-
stractive summaries using extracted sentences.
SKT5SciSumm achieves state-of-the-art per-
formance on the Multi-XScience dataset with
31.49%, 8.23%, 19.88%, 33.23% and 85.29%
for ROUGE-1,2,L,LSum and BERTScore, re-
spectively. Our code is publicly shared on
Github1.

1 Introduction

The number of scientific documents has increased
exponentially over the years. Although it is con-
crete proof that research activities are receiving
more attention and emphasis, it creates a boundary
for researchers to stay abreast of the latest advance-
ments. The need for automatic summarization for
scientific texts is inevitable. Although the single-
document scientific summarization (SDSS) task re-
quires the creation of an abstract for a paper using

1https://github.com/JkUndead/SKT5SciSumm

its content, the multi-document scientific summa-
rization (MDSS) is proposed to conclude informa-
tion from multiple topic-related papers (El-Kassas
et al., 2021).

Although pretrained language models have
demonstrated impressive performance across vari-
ous natural language processing tasks, there is still
a lack of encoders specifically tailored for scien-
tific text. As scientific text is usually written in a
specific way and also contains academic phrases
(Sugimoto and Aizawa, 2022), the encoder must
be chosen appropriately to represent the text in the
correct contextual embedding. Having good em-
beddings for scientific text is crucial to obtain de-
cent performance in the text summarization task, as
it requires the model to understand and summarize
information (Beltagy et al., 2019). Other problems
include duplicate information, cross-document rela-
tionships, and longer text that MDSS models must
deal with.

To address these issues, we propose a hybrid
method that embeds documents using SPECTER
(Cohan et al., 2020), extracts importance sentences
using the k-mean algorithm, and summarizes the
extracted sentences with a generative model - T5.
In this approach, we present two phases of text
summarization. An unsupervised extractor first
narrows down those important sentences from the
raw input text. This step helps eliminate irrelevant
information and reduce the number of sentences.
Then a supervised abstractor rewrites and further
summarizes the output of the extractor. The ab-
stractor is a generative model, in this work, we use
T5 to produce the final summary that is close to the
gold references. We fine-tune T5 with the extracted
text from the train set and then evaluate it in the
validation and test set.

https://github.com/JkUndead/SKT5SciSumm


To evaluate our proposed method, we use the
Multi-XScience dataset (Lu et al., 2020) which is
the only large-scale and well-known dataset for
MDSS. The task required in the dataset is to cre-
ate a "related work" section by summarizing the
abstract of a query paper and the abstracts of its
referenced papers. Our empirical results show that:
(1) SKT5SciSumm achieves a noticeable improve-
ment compared to other MDSS models in the Multi-
XScience dataset, and(2) T5-large version gives
the best performance in the ROUGE score and
BERTScore. Furthermore, on 50 random samples
on test set, we query GPT-4 with zero-shot and
few-shot prompting. As the results, our best model
outperforms GPT-4's performance in both ROUGE
scores and BERTScore.

In this work, we have two main �ndings:

• We propose a hybrid method - SKT5SciSumm
which leverages both unsupervised extractive
summarization using SPECTER encoder with
K-means clustering and supervised abstractive
summarization using T5 models for MDSS.
Our proposed approach has proved to be sim-
ple yet ef�cient in multi-document scienti�c
summarization tasks.

• This study compared the performance of vari-
ous sizes of T5 models for MDSS. The results
indicated that the combination of SPECTER,
K-means clustering, and T5-large produced
the highest ROUGE scores and BERTScore
on the Multi-XScience dataset. T5-large is
capable of capturing more intricate details
and generates more logical and comprehen-
sive summaries than its smaller counterparts.
Although the T5-XL model has more param-
eters and is more advanced in other tasks, it
was observed to paraphrase scienti�c phases
and sentence structures in our experiments.

2 Related Work

In its early phases, MDSS research primarily con-
centrated on arti�cially generated small datasets
(Hu and Wan, 2014; Jaidka et al., 2013; Hoang
and Kan, 2010), employing unsupervised extractive
techniques to extract sentences from multiple doc-
uments. The extractive summarization was made
using purely statistical methods such as (Erkan and
Radev, 2004) or (Wan and Yang, 2006). Moham-
mad et al. (2009) used citation information and
summarization techniques to automatically gener-
ate a multi-document survey of scienti�c articles,

to help researchers and scientists quickly under-
stand large amounts of technical material. Hoang
and Kan (2010) introduced their prototype system,
ReWoS, which uses a hierarchical set of keywords
to drive the creation of an extractive summary. Jha
et al. (2015) proposed Surveyor - a system for gen-
erating coherent survey articles for scienti�c top-
ics. The system uses an extractive summarization
algorithm that combines a content model with a
discourse model to produce coherent and readable
summaries of scienti�c topics using text from a
relevant scienti�c article. However, these unsuper-
vised approaches face limitations in both capturing
content and maintaining relationships, resulting
in the challenge of generating high-quality sum-
maries.

There are several attempts to make use of deep
learning methods with large-scale datasets. Wang
et al. (2018) presented a novel approach to au-
tomating the summarization of related work us-
ing a joint context-driven attention mechanism.
The authors reported experimental results show-
ing that this approach signi�cantly outperforms
a typical seq2seq summarizer and �ve classical
summarization baselines. Another noticeable work
was Relation-aware Related work Generator (RRG)
proposed by (Chen et al., 2021). Although this
model used a Tranformer-based architecture for ab-
stractive summarization, it was not able to create
rich salient semantic summaries. Recently, (Shinde
et al., 2022) proposed a method for multi-document
summarization (MDS) of scienti�c documents that
leverages both extractive and abstractive architec-
tures. While this work demonstrates the merits of
an extractive-then-abstractive approach for MDS,
there are still some drawbacks that need to be ad-
dressed. For instance, their approach employs
an outdated BERT-based extractive summarizer
(Miller, 2019), which was trained on lecture notes.
In contrast, we utilize the Sentence-BERT version
of the SPECTER model, which was recently re-
leased and speci�cally trained on a large corpus of
scienti�c texts, operating at the sentence level.

Lu et al. (2020) published the Multi-XScience
dataset with several strong baselines that signi�-
cantly contributed to the MDSS task. Since then,
there has been some derivative research on this data
set. PRIMERA (Xiao et al., 2022) was designed to
collect information in multiple documents, which
is a crucial aspect in the summarization of multi-
ple documents. However, in the Multi-XScience
dataset, it underperformed the baselines. On the



other hand, both REFLECT (Song et al., 2022) and
KGSum (Wang et al., 2022) achieved competitive
results using the extract-abstract framework. This
proves that a hybrid approach containing both an
extractor and an abstractor is appropriate for MDSS
task.

3 Methodology

SKT5SciSumm is created to generate comprehen-
sive scienti�c summaries. It is able to identify key
phrases and adhere to academic writing conven-
tions. Our system is designed to address the task
of writing a section of work using multiple sources.
It combines all the documents, eliminates dupli-
cates and irrelevant material, and produces concise
summaries. Our hybrid approach contains anex-
tractor and anabstractor. The extractor consists
of two components: SPECTER encoder and K-
means clustering. We use the SPECTER sentence-
transformer to create sentence embeddings and K-
means clustering for choosing sentences to form
an extractive summary. After that, we �ne-tune
the T5 model with extractive summaries. Figure 1
illustrates an overview of our approach.

In our extractor, we use the SPECTER (Cohan
et al., 2020) model based on the Sentence-BERT
architecture (Reimers and Gurevych, 2019) that uti-
lizes transformer-based deep learning techniques.
It is pre-trained on a large corpus of scienti�c doc-
uments, allowing it to generate high-quality sen-
tence embeddings that capture the semantic mean-
ing and context of scienti�c sentences. These em-
beddings serve as dense vector representations of
sentences, enabling ef�cient and effective process-
ing of scienti�c text for various natural language
processing tasks (Cohan et al., 2020), including
multi-document summarization. Meanwhile, K-
means clustering (Jin and Han, 2010) is a popular
unsupervised learning algorithm widely used to
group data points into clusters based on their simi-
larities. Combining these two methods enables us
not only to represent the scienti�c sentences more
accurately but also to choose the group sentences
and then choose the most important one.

On the other hand, the T5 model (Raffel et al.,
2020), short for the "Text-to-Text Transfer Trans-
former," is a state-of-the-art language generative
model. T5 is capable of performing various tasks,
such as summarization (Rothe et al., 2021), and
question-answering (Lu et al., 2022), simply by
converting the input into a textual format relevant

to the speci�c task. With its encoder-decoder ar-
chitecture, T5 has achieved impressive results in
multiple benchmark datasets, demonstrating its ver-
satility and effectiveness in various NLP tasks. In
this paper, we also conduct a comprehensive study
on T5 models in MDSS tasks by experimenting
with four versions of T5, respectively, small (60M),
base (220M), large (770M), and xl (3B)2.

3.1 Extractor

Our strategy for an extractor is to generate the em-
beddings of documents in a group using SPECTER
(Cohan et al., 2020), then use K-means to choose
the most important sentences. What are impor-
tant sentences in the context of MDS? These sen-
tences should contain rich and condensed informa-
tion that covers most of the context. An overview
of our extractor is shown in Figure 1. Although
clustering-based methods have been studied since
the early 2000s (Radev et al., 2004; Wang et al.,
2008), they still prove to be an ef�cient method for
the multi-document summarization task. In Ernst
et al. (2022) work, the authors suggest a method
that involves taking out propositions from the in-
put documents, discarding non-important proposi-
tions, categorizing salient propositions based on
their semantic similarity, and combining the clus-
ters to create summary sentences. Meanwhile, our
extractor focuses on document-level embeddings
using SPECTER and academic structures with the
documents. Therefore, our approach is capable of
extracting scienti�c structures and choosing salient
academic sentences.

3.1.1 SPECTER Embeddings

SPECTER (Cohan et al., 2020) is a new method to
generate document-level embeddings of scienti�c
documents based on pretraining a Transformer lan-
guage model on the citation graph. Additionally,
SPECTER is applicable in situations where meta-
data, such as authors or venues, are not available.
SPECTER uses citations as a naturally occurring,
inter-document incidental supervision signal indi-
cating which documents are most related, and for-
mulates the signal into a triplet-loss pre-training
objective. This allows SPECTER to incorporate
inter-document context into the language model
and learn document representations. It is designed
to be easily applied to downstream applications
without task-speci�c �ne-tuning and has shown

2Due to the GPU limitation, we are unable to �ne-tune
XXL (11B) version of T5 - which is also the largest one.
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