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Abstract

Highlights are short sentences used to annotate scientific papers. They com-
plement the abstract content by conveying the main result findings. To
automate the process of paper annotation, highlights extraction aims at ex-
tracting from 3 to 5 paper sentences via supervised learning. Existing ap-
proaches rely on ad hoc linguistic features, which depend on the analyzed
context, and apply recurrent neural networks, which are not effective in learn-
ing long-range text dependencies.

This paper leverages the attention mechanism adopted in transformer
models to improve the accuracy of sentence relevance estimation. Unlike
existing approaches, it relies on the end-to-end training of a deep regression
model. To attend patterns relevant to highlights content it also enriches
sentence encodings with a section-level contextualization. The experimental
results, achieved on three different benchmark datasets, show that the de-
signed architecture is able to achieve significant performance improvements
compared to the state-of-the-art.
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1. Introduction

Highlights are 3 to 5 short sentences that convey the core findings of
the research presented in a scientific paper. Compared to the abstract of
the paper, highlights differ in (1) structure: they consist of an ordered list of
short sentences (maximum 85 characters per highlight) instead of a narrative
section; (2) goal: they provide result-oriented insights rather than a compre-
hensive paper overview; (3) sentence-level content dependencies: sentences
are separated and, generally, there are no content-level dependencies among
them [1].

To help increase the discoverability of journal articles via search engines
some journal editors have recently made the submission of paper highlights
compulsory (see, for example, [2]). However, the largest amount of past sci-
entific papers are still not annotated. With the twofold aim at enriching
existing papers with additional metadata and supporting the manual anno-
tation of newly published works, in this paper we propose an automated
approach to extract highlights from the paper full-text. To this end, we de-
sign an extractive sentence-based summarization strategy whose goal is to
select 3 to b existing paper sentences that can be recommended as candidate
highlights. As discussed later on, the problem of automatically extracting
paper highlights is relatively new and leaves room for several research con-
tributions.

The peculiar characteristics of scientific paper highlights call for new
Deep Natural Language Processing methods that are aimed at analyzing
the underlying dependencies between the sentence-level paper content and
the manually annotated highlights. To achieve this goal, we model high-
lights extraction as a regression task, whose purpose is to find the candidate
sentences that maximize their expected similarity with the humanly gener-
ated annotations. This work specifically addresses highlights extraction from
English-written papers, as English is known to be the standard language of
science.

Challenges. Prior work extracts paper highlights by adopting recurrent LSTM-
based models trained on word-level encodings of ad hoc linguistic features |1,
3]. However, defining the right context of words and understanding the
underlying sentence meanings can be challenging because of the following
reasons [4]: (1) Recurrent models tend to neglect long-range text dependen-
cies [5]. (2) The feature engineering steps are strongly related to the subject
and thus not easily portable to other research areas.



Method. This paper presents a Transformer-based Highlights Extractor (THExt,
in short). It is a new approach to extracting highlights based on an estab-
lished contextualized embedding architecture, namely the transformers [6].
Transformers generate sentence-level text encodings by leveraging the at-
tention mechanism, which enables the sequence encoder to attend specific
portions of the text sequence while processing a specific word [5]. Specif-
ically, the pre-training phase relies on a latent text representation inferred
directly from the raw input sequence, i.e., without the need to extract hand-
crafted features. Next, a fine-tuning step, applied on topto the pre-trained
model, also considers long-range dependencies between the sentence content
and the prediction target that are potentially neglected by recurrent models.

The sentence-level text managed by transformer encoders like BERT [6]
has a maximum number of input tokens (typically, 512). This limits the scope
of the attention mechanism to bounded text snippets, often located within
the same section. Neglecting the global, paper-level sentence contextualiza-
tion can be harmful in highlights extraction because the text dependencies
extracted from multiple sentences and sections are useful for rewarding spe-
cific sentence-level patterns. Thus, we propose to enrich the sentence-level
encoding with contextual knowledge extracted from different sections. By
leveraging paper sectioning we autematically extract the snippets of paper
full-text that are most likely to cover highlight-related content.

Results. We conducted an extensive empirical assessment of the performance
of the proposed approach on three benchmark datasets (i.e., CSPubSumm [1],
BIOPubSumm and AIPubSumm [3]). THExt performs significantly better
than state-of-the-art highlights extractors. For example, against the best per-
former +0.056 (+17%) on CSPubSumm, +0.028 (+10%) on BIOPubSumm,
+0.035 (+12%) on AIPubSumm in terms of ROUGE-L F1-score.

Main contributions.

e We propose a new approach, based on Transformer-based encoding,
to highlight extraction. To the best of our knowledge, this is the first
attempt to use transformer architectures to address automatic highlight
generation.

e We design a context-aware sentence-level regressor, in which the seman-
tic similarity between candidate sentences and highlights is estimated
by also attending the contextual knowledge provided by the other paper
sections.



e We achieve performance superior to state-of-the-art highlights extrac-
tion methods on three benchmark datasets. The THExt source code
and a set of highlight examples generated from real journal and con-
ference papers are freely available, for research purposes!.

Toy example. We used THExt to extract the highlights of the present paper.
For example, the following top-2 sentences have been selected: We propose
a novel Transformer-based Highlights Extractor (THExt, in short) and We
achieve performance superior to state-of-the-art highlights extraction methods
on three benchmark datasets. Paper authors can slightly trim or adjust the
shortlisted original paper sentences to meet the character length constraint
(e.g., the second sentence can be trimmed as follows: We achieve performance
superior to state-of-the-art highlights extraction methods).

2. Related work

Highlights extraction. The problem of autematically extracting paper high-
lights from the raw paper content is relatively new. To the best of our
knowledge, the first attempt to extract highlights from a scientific paper has
been made by [1]. It performs binary classification based on a combination
of LSTM-based embeddings and a customized set of summarizing linguistic
features. Specifically, the classifier predicts whether a sentence can be rec-
ommended as paper highlight or not. To generate the training data it picks
the 20 sentences per paper that are most similar to the manually generated
paper highlights, in terms of ROUGE-L similarity [7]. The main drawbacks
of the aforesaid method are enumerated below.

1. Since the problem is formulated as a binary classification task, the
proposed approach does not rank the output sentences.

2. The LSTM-based sentence encoding is not able to attend long-range
text dependencies.

3. The abstract content is encoded using word-level embeddings, which
are static and independent of the context in which each word appears.

To tackle the issue (1), [3] propose to train a regression model per paper.
Each regressor predicts the Rouge-based syntactical similarity between each
paper sentence and the corresponding highlights. Then, the most similar

thttps://github.com/MorenoLaQuatra/ THExt (latest access: May 2022)
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sentences per paper are returned. The regression models are trained on a
set of syntactical and semantic features derived from word-level embeddings.
Notice that in [3] the authors first used pre-trained BERT-based models to
generate the sentence representations and then run unsupervised algorithms
on top of them. Hence, issues (2) and (3) are still open. Conversely, in
the present work, we propose a supervised approach, based on end-to-end
regressor training. The model estimates, for each sentence in the paper, the
corresponding relevance score. The proposed transformer-based encoder is
able to attend both intra-sentence and paper-level content.

Neural summarization of news documents. Several Deep Learning architec-
tures have been proposed to extract summaries from news articles. For exam-
ple, [8] propose a transformer-based binary classifier that predicts whether a
news article sentence is worth including in the output summary. [9] and [10]
propose similar approaches, where the extractive summarization problem
is formulated as a sequence labeling task. More specifically, SummaRuN-
Ner [10] exploits Recurrent Neural Networks to encode sentence content,
whereas [9] propose a modular framework that enables the configuration of
multiple encoder/decoder combinations. NeuSum [11] proposes a transformer-
based model to jointly score and select sentences for news summarization.
More recently, MatchSum [12] performs single-document summarization by
first encoding both the source article and candidate summaries in the same la-
tent space and then pick the summaries that are most similar to the reference
article. In [12] the candidate summaries are generated using a transformer-
based approach [8]. All the aforesaid summarization methods are not de-
signed for extracting paper highlights. Furthermore, the summarization task
is not formulated as a prediction of the Rouge-based sentence similarity score.
The Refresh summarizer [13] relies on Reinforcement Learning. It exploits
Rouge-based reward metrics [7] to select the most representative sentences.
Despite the idea to reward the sentences that include the most similar content
is the same, both the objective and the proposed Deep Learning architecture
are substantially different.

Summarization of other document types. Extractive neural summarizers have
been also exploited to summarize patent documents [14], biomedical docu-
ments [15], real-time events [16], and microblogging data [17]. The proposed
approaches are focused on tailoring the summarization process to the peculiar
characteristics of the input data. In this regard, the present work leverages



the attention mechanism to capture the inherent sentence-level relationships
in the paper full-text.

3. Problem statement

Let P be a set of scientific papers (hereafter denoted as training paper
set). Each paper p € P is annotated with a set of K manually generated
highlights #, (typically, K is between 3 and 5). Given a paper p* for which
the corresponding annotations are unknown, highlights extraction aims at
automatically generating the corresponding highlights H,-.

This paper focuses on addressing highlights extraction by means of ex-
tractive summarization. Let S, be an arbitrary set of sentence in p*. The
goal is to learn a scoring function F : Sy« — RO from the training paper set
that can be used to extract an output summary maximizing the similarity
between the selected sentences and the expected highlight, i.e.,

My = arg maxF(S)
SEP(Sy)

sit.

er*

<K

F = sim(Hp~, S)

To this'end, we model the relationship between the relevance score of an
arbitrary sentence s* in the test paper p* and the content of the test sentence
as an_arbitrary regression function Fg. Specifically, the target variable r;
is-expressed as follows: ry = Fg(s*), where fr(:) is the target prediction
function, which is computed on the training paper set P. The regression
model is trained to minimize the mean square error between the predicted
and expected similarity scores.

Similar to most recently proposed highlights extraction methods [1, 3], we
quantify the function Fpr as the syntactical Rouge similarity score between
the contents of the candidate sentence and the paper highlights [7].



4. Rouge metrics

We exploit the Rouge toolkit [7] to compute the syntactical similarity
between the (human-generated) paper highlights and the selected sentences.
Rouge is the most commonly used metric to assess extractive summarization
methods. It counts the unit overlaps between the extracted portion of text
and the reference content (i.e., the overlap between the selected sentence and
the expected highlights). Notice that the reference text does not necessarily
match any of the paper sentences. Thus, the Rouge metrics typically returns
partial overlap counts. Depending on the type of considered textual units,
the following Rouge metrics are considered:

1. Rouge-N: it measures the overlap of N-grams between the generated
highlights and the ground truth?.

2. Rouge-L: it identifies the longest common sub-sequence of words.

The Rouge scores are quantified by the precision, recall, and F-measure
values obtained by the summarization method. Specifically, recall@K is the
ratio of correctly selected units in the top-K sentences to all the units in
the reference highlights. It measures the ability to retrieve as much high-
light units of text as possible. Precision@K indicates the percentage of the
correctly selected unitsin the top- K sentences over all the units in the short-
listed sentences. It quantifies the ability of the summarizer to accurately
select relevant content.  F-measure@QK is the harmonic mean of precision
and recall.

Since the goal of highlights extraction is to find the paper sentences whose
content is most similar to that of the expected highlights, we adopt as target
relevance score r, the expected sentence similarity, which is computed as the
maximum Rouge-2 F-measure score between the candidate sentence s* and
any of the reference highlights.

5. Transformer-based Highlights Extraction

The Transformer-based Highlights Extraction (THExt) architecture lever-
ages contextualized embeddings and transformer models in the extraction of

2Throughout the paper we consider the unigrams (N=1) and bigrams (N=2), as they
are the most commonly used in text summarization [7].



relevant paper highlights. THExt relies on the established BERT trans-
former model [6]. Thanks to its pretraining & fine-tuning paradigm, BERT
has achieved impressive performance on several NLP tasks, including text
summarization (see, for example [8]). It makes use of a bidirectional encoder
representation, which relies on the attention mechanism to learn contextual
relationships between words.

THExt leverages BERT capability to attend relevant information at the
sentence level and to discover relevant patterns from the raw text (without
the need for generating and exploring customized linguistic features). To
overcome the limitations of BERT in handling longer pieces of text, THExt
also integrates an alternative sentence encoder, namely LongFormer [19]. As
discussed later on, the integration of LongFormer is instrumental for explor-
ing the use of the paper full-text as additional context.

Figure 1 depicts the THExt architecture used for end-to-end training. It
consists of the following steps: (1) Context definition, (2) Sentence encoding
based on BERT, and (3) Regression based on a Fully, Connected Network.
The regression step computes the relevance scores of each candidate sentence
and exploits them to drive highlights extraction.

[cLs]

Sent.

)

R BRI

text

. Fully
BERT-based Connected [—»

[SEP] Encoding Layer

Context
Definition | Sect.
—
text

)

Figure 1: The presented architecture relying on transformer-based encoder.

Context definition. It selects a snippet of the paper p*’s full-text, which is
instrumental for contextualizing the sentence content and attending infor-
mation relevant to highlights extraction. The paper context C contains what
the model really needs to know in order to properly evaluate the candidate



sentences. Hence, the considered snippet of text is expected to include a
discussion on the main findings of the research work presented in p*.

To define the context C we leverage paper sectioning. Specifically, to
parse the paper full-text at the section level, we apply regular expressions to
the section title according to the IMRAD classification [18].

We explore the use of the following full-text snippets:

e Abstract: we consider it as a candidate context because it consists
of a synthetic overview of the main research findings and meets the
maximum context size constraint (i.e., 512 words minus the candidate
sentence length).

e [ntroduction: it is deemed as an eligible context description because it
commonly provides relevant insights into the main research findings.
Unfortunately, in most cases, its content does not fit the maximum
context size. Since the result-oriented discussions are usually placed at
the end of the section we incrementally add the ending sentences of the
introduction to the context until the maximum length is reached.

e Results: at the end of the results section, paper authors usually include
comment on the empirical outcomes that are potentially worth consid-
ering for highlights extraction. Hence, we apply the same procedure
previously deseribed for the introductory section.

e Conclusions: they often include the takeaways of the research work,
which can be suited to the highlights content.

Sentence encoding.  We use the BERT model to encode the concatenation of
the two following sequences (separated by a [SEP] token): (1) the content
of the candidate sentence s* and (2) the description of the paper context
C. The key idea is to capture not only the underlying local patterns in s*,
but also the global content dependencies summarized by C. To this pur-
pose, thanks to the attention mechanism [5], the model conveniently exploits
the additional context description to attend relevant token-sequences of the
candidate sentence thus focusing model learning on the most discriminating
patterns.

Given the linear projections @, K, V', the Transformer model [5] computes
the attention scores as follows:



Attention(Q, K, V) softmax(QKT> (1)
o Vi

We compute the attention scores by considering both the local candidate

sentence and the paper context. To overcome the BERT limitations related

to the maximum number of input tokens (512) we use LongFormer [19] while

considering, as reference context, the paper full-text. To this aim, we use a

set of additional projections to add the global attention.

Regression. The encoded BERT sentences are provided as input to a fully
connected neural network, which is used to train the regression model (see
Section 3). In the training phase, the network minimizes the error between
the predicted and expected relevance scores.

6. Experiments

6.1. Benchmark data

We run the experiments on the following benchmark datasets tailored
to the highlights extraction problem and relative to different domains: (i)
CSPubSumm [1], which collects scientific papers related to the Computer
Science area, (ii) BIOPubSumm, which consists of papers from the biology
and medicine domain, and (iii) A7PubSumm [3], which relates the Artificial
Intelligence field. For each paper the dataset includes title, abstract, full-text,
and 3 to 5 human-generated highlights.

The main dataset statistics are reported in Table 1. Notice that the
per-dataset paper and sentence distributions are rather variable and repre-
sentative of different scenarios. The average paper length in AIPubSumm is
significantly higher than those in CSPubSumm and BIOPubSumm.

6.2. Baseline methods

We test the performance of four THExt variants relying on different con-
textual information, i.e.,

e THEuxt-Abstract: to encode the paper context it combines the target
sentence with the abstract.

e THEzxt-Intro: it encodes both the target sentence and the introduction
of the paper.
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# Paper Abstract Introduction Results Conclusions
#W #S #W #S #W #S #W #S #W #S

CS train 10131 8236.63 262.26 316.81 10.61 4658.60 141.29 1818.11 65.72 413.59 14.01
test 150 6010.78 196.08 297.91 10.22 1689.50 52.39 1486.82 47.53 376.60 11.69

train 8068  4894.24 160.75 371.04 13.23 1967.54 64.45 1559.76 49.43 272,52 10.77
test 2690  4946.15 160.91 364.54 13.16 1957.52 63.55 1572.26 49.37 268.67 10.42

BIO

AT train = 198  10594.16 344.73 429.73 13.43 5372.88 167.12 2585.76 9138 588.71 20.87
test 66 11028.37 352.89 413.66 13.36 5506.45 162.18 1894.48 . 65.13 552.68  20.34

Table 1: Datasets’ statistics. # represents the number of unique paper in the data collec-
tion. #W and #S represents the number of words and sentences respectively.

o THFEuxt-Results: it contextualizes the sentence encoding using the ex-
perimental results.

o THEuxt-Conclusions: it contextualizes the sentence encoding using the
conclusions of the paper.

o THEzxt-FullText: it encodes the full-text of the paper.

e THEuxt-NoContext: it encodes the target sentence solely, i.e., no addi-
tional context is provided.

For each THExt variants we test two different pre-trained BERT models:
(1) the classical BERT model [6] trained on general-purpose documents (e.g.,
English-written Wikipedia) and (2) the SciBERT model [20], which is pre-
trained on scientific documents.

As eompetitors we considered

1. The two state-of-the-art highlights extraction methods, namely [1] and [3],
and

2. Two state-of-the-art supervised extractive summarization approaches
not specifically designed to address highlight extraction, namely [9], [8].

The-algorithms of category (1) comprise, to the best of our knowledge,
the latest solutions to the highlights extraction process. The approaches of
categories (2) are designed to solve a similar task, i.e., sentence-based sum-
mary extraction from news articles. Since this particular kind of summarizers
are inherently portable to the highlights extraction domain we also explore
their performance in such a new context.

11



Finally, since the problem of highlights extraction is supervised, hereafter
we will not report the comparison with any unsupervised approach to text
summarization because their scope is radically different. Based on the a set
of preliminary experiments conducted on the same datasets, the performance
of unsupervised methods has shown to be significantly worse.

6.3. Experiments’ setup

Experiments were run on a machine equipped with AMD® Ryzen 9®
3950X CPU, Nvidia® RTX 3090 GPU, 128 GB of RAM running Ubuntu
20.04 LTS.

To perform end-to-end training of the domain-specifie regression mod-
els we run one pre-training epoch on the union of all benchmark datasets
(i.e., a large multiple-domain paper set) and then fine-tune the model for an
additional epoch separately on each domain.

In our experiments we set the batch size to 32, the learning rate to 10~°
and we use the MSE loss [21] jointly with Adam optimizer [22]. In the
evaluation phase we set the maximum lengths of the candidate sentences
and of the paper contert to 128 and 256, respectively. Using the aforesaid
setting, the end-to-end training process took approximately 15 hours per
domain.

To compare the highlights generated by different extractors we used (i)
the Rouge metrics described in Section 4, which evaluate the highlights’ sim-
ilarity with the humanly generated highlights, and (ii) the Mean Reciprocal
Rank (MRR), which evaluates the pertinence of the shortlisted sentences by
decreasing Rouge score. It is computed as the harmonic mean of the ranks of
the selected sentences in the ground truth. Unlike Rouge, it takes the order
of appearance of the sentences in the summary into account [23].

For the existing new summarization algorithms [8, 9] and for [3] we fine-
tuned the proposed model by exploiting the implementations provided by the
respective authors, whereas for [1] we re-implemented the proposed method
based on the description reported in the paper. The source code of the
THExt architecture and pretrained models are freely available for research

purposes®.

3https://github.com/MorenoLaQuatra/ THExt (latest access: May 2022)
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6.4. Overall performance analysis

In Table 2 we compare the Rouge scores achieved by THExt with those of
the competitors enumerated in Section 6.2. Here we focus on the performance
of the best performing THExt variant (THExt-Abstract) using different pre-
trained sentence encodings (i.e., BERT and SciBERT). The THExt perfor-
mance is superior to that of all the tested competitor; e.g., THEzt-Abstract
with SciBERT +0.056 (+17%) against [3] on CSPubSumm, +0.028 (+10%)
on BIOPubSumm, +0.035 (+12%) on AIPubSumm in terms of ROUGE-
L Fl-score. The improvements are all statistically significant according to
the paired t-test [24] with 95% confidence level for every Rouge metrics and
dataset.

Sentence ordering in THExt summaries meets the expected ranks with
a significantly higher accuracy, e.g., MRR 40.094 (+105%) against [3] for
Al domain. In Table 2 we also report similar results for the THExt ver-
sion without paper contextualization (THExt-NoContext). By skipping the
section-level content in the context encoding the highlights extraction was
unable to attend the most discriminating patterns relevant to sentence rank-
ing.

6.5. Further explorations

We separately analyze the effect of different characteristics of the pro-
posed THExt architecture.

Effect of the number of selected highlights. Figures 2-4 show the effect of
varying the number K of selected highlights on the extraction performance.
As expected, recall values increase while increasing the number of selected
highlights, whereas precision values show an opposite trend.

The majority of the extractors achieve the best F-measure score by setting
K to 3. It turns out to be the best trade-off between result precision and
coverage and is also coherent with the requested number of highlights in a
real scenario (typically, between 3 and 5).

Effect of context selection. We analyze the effect of varying the definition
of paper context on the THExt performance. Specifically, Table 3 compares
the Rouge results achieved by THExt-NoContext (no paper context), THExt-
Abstract, THExt-Intro, THExt-Results, and THExt-Conclusions. Concate-
nating the abstract content to the target sentence produces the best results,
whereas ignoring the paper content yields the worst ones. The results are

13



Metrics R1 R2 RL MMR
Computer Science
Zhong et al., 2019 [9] 0.192% 0.031* 0.170% -
Liu and Lapata, 2019 [8] 0.252%  0.058* 0.228% < -
Collins et al., 2017 [1] 0.339* 0.127* 0.295* 0.136*
Cagliero and La Quatra, 2020 [3] 0.364* 0.139* 0.316* 0.151*
THExt-NoContext (BERT) 0.354* 0.141* _0.326* 0.175*
THExt-NoContext (SciBERT) 0.352* 0.142* 0.325* . 0.170*
THExt-Abstract (BERT) 0.392 0.184 0362 0.269
THExt-Abstract (SciBERT) 0.399 0.192 0.372 0.267
Biology and Medicine
Zhong et al., 2019 [9] 0:192* 0.033* 0.172* -
Liu and Lapata, 2019 [8] 0.249* 0.059* 0.224* -
Collins et al., 2017 [1] 0.287%*" 0.087* ~0.243* 0.079*
Cagliero and La Quatra, 2020 [3] ~ 0.316% 0.112* 0.280* 0.133*
THExt-NoContext (BERT) 0.315* 0.105* 0.286* 0.153*
THExt-NoContext (SciBERT) 0.316* 0.107* 0.288* 0.157*
THExt-Abstract (BERT) 0.337  0.126 0.307  0.198
THExt-Abstract (SciBERT) 0.338 0.127 0.308 0.203
Artificial Intelligence
Zhong et al., 2019 [9] 0.152* 0.022* 0.137* -
Liu and Lapata, 2019 [8] 0.266* 0.059* 0.238* -
Collins et al., 2017 [1] 0.279* 0.069* 0.235* 0.069*
Cagliero and La Quatra, 2020 [3] 0.334* 0.111* 0.289* 0.089*
THExt-NoContext (BERT) 0.314* 0.103* 0.283* (.122*
THExt-NoContext (SciBERT) 0.316* 0.104* 0.287* 0.135*
THExt-Abstract (BERT) 0.340 0.127  0.313  0.167
THExt-Abstract (SciBERT) 0.355 0.137 0.324 0.183

Table 2: Performance comparison, in terms of Rouge-1 (R1), Rouge-2 (R2), Rouge-L (RL)
F-measure scores and MRR score on the benchmark datasets. K=3. Statistical relevant
improvements between the best performing THExt extractor and the other methods are
starred (*). The MRR scores of [8] and [9] are not specified since they do not provide any

explicit sentence rank.
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(a) Precision@K (b) Recall@K (¢) F-Measure@K

Figure 3: AIPubSumm dataset: effect of the number of extracted highlights. Rouge-L
F-measure.

coherent with the preliminary outcomes achieved by [1], which foster the ex-
ploration of the abstract content to accurately extract the paper highlights.
Notably, the contextualization based on the results section achieves poor per-
formance on CSPubSumm and BIOPubSumm and fair ones on AIPubSumm
even if the highlights are expected to be result-oriented. This is probably
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Figure 4: BIOPubSumm dataset: effect of the number of extracted highlights. Rouge-L
metrics.

due to the presence of special characters (e.g.;, numbers, symbols, acronyms)
in the results’ description, which are less likely to appear in the abstract and
in the introduction.

In Table 3 we also explore different context settings for the proposed
method. Specifically, to overcome the limitations of traditional transformer-
based encoders like BERT [6] in the maximum number of input tokens, we
also test a variant of the model, namely THExt-FullText, that is based on
LongFormer [19]. The idea is to expand the context window beyond the
standard maximum token number (512). The achieved results show that
the performance of THExt-FullText is lower than expected. The reason is
that LongFormer suffers from the windowed-attention mechanism. While
providing the encoder with the paper full-text, LongFormer was unable to
effectively estimate long-span attention scores.

Effect of the expected similarity score. We also evaluate the best perform-
ing model (i.e., THExt-Abstract) using a different regression objective. The
goal here it to investigate the use of an alternative target function. Instead
of using the Rouge-based overlap, previously considered in [3, 1], we adopt as
target score the semantic similarity of each sentence with the manually anno-
tated highlights. Specifically, we adopt the best performing Sentence-BERT
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model [25]* trained on the Semantic Textual Similarity task to compute the
scores. The semantics-based model performs significantly worse than all the
Rouge-based ones. This confirms the effectiveness of syntactic similarity
scores in extractive summarization.

Effect of model pretraining. The quality of the unsupervised pretraining
phase relevantly influences the accuracy of the regression models. Tailoring
the pretrained models to documents belonging to the domain under consid-
eration is known to be beneficial in many NLP tasks [4]. As expected, the
results achieved using the SciBERT pretrained model [20] are, on average,
superior to those obtained by the general-purpose pretrained vectors [6] (see
Table 2).

6.6. Qualitative evaluation

In Table 4 we compare the highlights extracted by the THExt architecture
with the reference highlights as well as with those of the state-of-the-art
competitors [1, 3]. Unlike the highlights generated by [1], those produced
by THExt appear more focused (e.g., they mention handgrip and dexterity).
Compared to the output produced by [3], sentences appear to be more similar
to the expected highlights.

THExt can be applied to scientific papers of different formats and relative
to various domains. To allow readers to examine a broader set of results we
generated and released® the highlights extracted from

e All the 2021 articles published on the open-access Journal of Machine
Learning Research (JMLR, Volume 22, 2021)°

e All the 2021 conference papers accepted for publication at Association
for Computational Linguistics (ACL 2021)7

To extract the source text we exploited GROBID [26]. Notice that the
results were generated without applying further post-processing step. For
conference papers we did apply any fine-tuning step. The achieved results

‘https://www.sbert.net/docs/usage/semantic_textual_similarity.html (latest
access: May 2022) - al1-MiniLM-L6-v2 model tag
Shttps://github.com/MorenoLaQuatra/ THExt (latest access: December 2021)
Chttps://www.jmlr.org/papers/v22/ (latest access: December 2021)
Thttps://aclanthology.org/volumes/2021.acl-long/ (latest access: December 2021)
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Metrics R1 R2 RL MMR
Computer Science
THExt-NoContext 0.352*% 0.142* 0.325*% 0.170*
THExt-Intro 0.359* 0.147*  0.33* .~ 0.186*
THExt-Results 0.355*% 0.146* 0.329* (.182*
THExt-Conclusions 0.337* 0.135* 0.312* 0.131*
THExt-FullTextf 0.225*% 0.035*% = 0.202* 0.036*
THExt-Abstract-Semantic  0.307* 0.106*  0.28% . 0.105*
THExt-Abstract 0.399 0.192 0.372 0.267
Biology and Medicine
THExt-NoContext 0.316* 0.107* 0.288% 0.156*
THExt-Intro 0.334*%  0.119*  0.303* 0.176*
THExt-Results 0.325*% 0.114* 0.295* (.182*
THExt-Conclusions 0.299* 0.096*. 0.272* 0.132*
THExt-Full Textf 0.167* 0.032* 0.148* 0.045*
THExt-Abstract-Semantic ~ 0.274* 0.081* 0.248* 0.104*
THExt-Abstract 0.338 0.127 0.308 0.203
Artificial Intelligence
THExt-NoContext 0.316* 0.104* 0.287* 0.136*
THExt-Intro 0.326* 0.109* 0.294* 0.150*
THExt-Results 0.333*% 0.112* 0.303* 0.155
THExt-Conclusions 0.289* 0.084* 0.261* 0.091*
THExt-Full Textf 0.18*  0.027* 0.161* 0.043*
THExt-Abstract-Semantic  0.295*  0.09*  0.266*  0.107
THExt-Abstract 0.355 0.137 0.324 0.183

Table 3: Performance comparison, in terms of Rouge-1 (R1), Rouge-2 (R2), Rouge-L (RL)
F-measure scores and MRR score between different THExt variants.
pretrained model. Statistical relevant improvements between the best performing method
(THExt-Abstract) and the other variants are starred (*).

based on [19].
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show the generality of the proposed approach, as it can be successfully applied
to papers ranging over different topics, published on various venues, and
characterized by variable structures.

7. Conclusions and future work

In this paper we propose a new approach, based on transformer encoding,
to extract highlights from scientific papers. The architecture conveniently
combines the content of the target sentence with a paper context consisting
of the content of the paper sections. The use of the attention mechanism has
proved to be beneficial for training supervised regressors in different domains.
Attending the abstract content has shown to be particularly effective in cap-
turing the underlying patterns in the analyzed text, whereas using sections
other than the abstract as reference context (e.g., introduction, conclusions)
do not provide relevant performance improvements. The exploration of more
complex Transformer-based encoder, such as [19], allowed us to investigate
the use of the paper full-text as contextual information. However, the inher-
ent limitations of the model in estimating long-span attention scores hinders
significant performance improvements.

As future work, we plan to drill down through the sentence content and
operate at the character level by exploiting the token-free transformer mod-
els [28]. The goal is to effectively handle noisy characters, which likely influ-
ence the performance of the models integrating results content, especially in
the biological domain. Furthermore, we will investigate the use of attention-
focused methods for abstractive summarization, such as the one recently
proposed by [29].
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