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Abstract
Large language models (LLMs) have demonstrated exceptional capabilities in a wide range of

natural language processing ( NLP) tasks. Text summarization, a fundamental NLP challenge,
prompts numerous efforts to employ LLMs to improve summarization quality. However, current ap-
proaches usually focus on generating generalized summaries, and tasks within specialized areas like
academic text summarization still remain unique challenges due to the specific domain knowledge. In
this paper, we propose an academic summary generation that not only maintains the professional
characteristics of specific academic domains but also adheres to the academic description format.
Specifically, we first construct a new dataset of text summarization tasks on scientific research papers
from 9 academic website databases, named SciDataSum. Then, we introduce an academic prompt
pattern (AcaPP) to specify the domain knowledge within a range of domains of academic text, while
ensuring the generated summary is adapted to an academic structure. We also propose an advanced
framework incorporating low-rank adaptation (LoRA) fine-tuning to enable the pre-trained LLMs to
learn the relevant domain knowledge and generate more precise summarizations. Experimental results
show that our academic alignment taning (AcaAT) outperforms existing text summarization models
on three benchmark datasets, and the generated abstract is described in the professional domain
style. To bridge the gap between automatic text summarization and real-world scientific paper sum-
maries, our AcaAT model aims to reduce the percentage of misinformation in the generated abstract.

Key words: academic paper summarization, domain-aware, low-rank adaptation tuning,
prompt engineering

0　 Introduction

In the era of big data, the number of academic re-
search papers emerged exponentially, resulting in an
increase in the workload of academic researchers. Text
summarization technology automatically extracts high-
concentration, concise, and high-quality information
from massive papers, which can save academic re-
searchers, time and energy.

However, in the real world, abstracts are diverse
and described by different professional description
styles in different fields ( such as chemistry, physics,
electricity), especially text abstracts of academic re-
search papers. The full text and abstract of academic

research papers have a rigorous and professional writing
framework, such as background description, descrip-
tion of existing problems, description of the proposed
model, detailed introduction and description of the ef-
fectiveness of the method. Therefore, academic paper
summarization tasks have a higher requirement for large
language models as they are required to generate ab-
stracts on different domains, including science, biolo-
gy, medicine, military physics and astronomy.

In recent years, several researchers have success-
fully fine-tuned large language models on a single task,
yielding very good results. However, fine-tuning all
the parameters of large language models (LLMs) is a
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very expensive task. Thus, a pattern of lightweight
fine-tuning and prompt engineering emerged. The e-
mergence of lightweight fine-tuning allows the model to
be fine-tuned with a small amount of resources and ob-
tain good results on downstream tasks. The purpose of
lightweight fine-tuning is to freeze most large language
model parameters and update small trainable modules,
such as adapter tuning[1], p-tuning[2], prompt tun-
ing[3] . The excellent prompt templates precisely out-
line the task requirements and guide the LLM model to
produce the output in the desired format. This can
stimulate the potential of the large language model and
achieve good results when doing various downstream
tasks, such as prompt format[4 - 5], prompt integration
problem decomposition[6 - 7], planning[8 - 9] .

However, these research methods do not pay at-
tention to specific domain feature knowledge, making
the summary unable to maintain domain feature consis-
tency. Therefore, existing models are fragile in feature
learning of domain knowledge. The abstracts generated
by existing fine-tuning LLM techniques contain misin-
formation such as redundant descriptions, lack of im-
portant structural descriptions, or failure to maintain
domain feature styles.

To bridge the gap between automatic text summa-
rization and real-world scientific paper summaries, we
propose a domain-aware academic alignment tuning
(AcaAT) model to reduce the percentage of misinfor-
mation in the generated abstract, for abstractive text
summarization. In detail, we employ prompt engineer-
ing to inject the domain knowledge into the model and
design a structure prompt for large language models a-
dapting to academic paper summarization tasks. The
following are the significant contributions.

(1) Setting high-quality benchmark for academic
research paper summaries related to scientific data,
named SciDataSum, and a verification of the fragility of
existing models on the benchmark. We employ crawler
technology to obtain 29 685 academic papers related to
scientific data. After downloading, data cleaning and
manual proofreading, we finally obtained 4 828 text-
abstract pairs. We test the effectiveness of existing
large language models and neural network models on
this dataset, and the results show that existing models
do not capture the domain characteristics of the text.

(2) Building an advanced framework for academ-
ic text summarization named AcaAT, by leveraging
prompt engineering and low-rank adaptation ( LoRA)

tuning. We employ LoRA fine-tuning to guide the
model as it learns the relevant domain knowledge and
designs a paper prompt template to adapt to the text
summary task of academic research papers. Additional-
ly, we introduce academic prompt patterns to solve a
range of academic summarization tasks that can be tai-
lored to different academic domains.

The experimental results show that our AcaAT
model outperforms all baselines and generates abstracts
that maintain the academic styles. Based on an experi-
mental analysis of AcaAT’s performance with baselines
and a human evaluation, the results further support
AcaAT’ s high informativeness, fluency, faithfulness,
domain and academic levels.

1　 Related work

1. 1　 Text summarization
Text summarization has posed a significant chal-

lenge to natural language processing. It seeks to keep
the most important information while reducing lengthy
documents to shorter ones.

Text summarising techniques such as extrac-
tive[10 - 11] and abstraction[12 - 13] summarization have
both been proposed. Zhang et al. [10] proposed Diffu-
Sum, a revolutionary paradigm for extractive summari-
zation, by directly creating the appropriate summary
sentence representations with diffusion models and ex-
tracting sentences according to the sentence representa-
tion matching. Zhang et al. [11] suggested changes, a
contrastive hierarchical graph neural network that re-
presents a scientific publication aiming to learn optimal
sentence representations. To prevent the collapse of the
loss function and the noise scale, Gao et al. [12] pro-
posed a difformer based on Transformer, which consists
of three virtual modules: a layer normalization module
for embeddings, an additional anchor loss function and
a noise factor. Ryu et al. [13] proposed an abstractive
summarization with multi-objective reinforcement learning
across all four dimensions. Lam et al. [14] proposed
straightforward but effective abstractive text summarization
by training with the bringing order to abstractive summari-
zation (BRIO) paradigm. In addition, Tang et al. [15]

proposed an interpretable compressive summarization
technology with unsupervised dual-agent reinforcement
learning.

Recently, large language models like ChatGPT
and generative pre-trained Transformer ( GPT) have
gained popularity, sparking a lot of curiosity in their
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use for text summarising work. According to recent e-
valuations[16 - 19], news summaries produced by LLMs
are already competitive with those written by humans.
Luo et al. [20] verifed whether language models truly
capture human writing preferences on LecSumm data-
set. Wei et al. [21] found that different prompt types
paired with various version models may cause large
performance gaps on long-context summarization. Bal-
de et al. [22] proposed that vocabulary adaptation would
help improve the LLMs’ summarization performance,
even in challenging settings. Zhang et al. [23] proposed
a graph of records to enhance retrieval-augmented gen-
eration (RAG) for long-context global summarization
by leveraging historical responses generated by LLMs.
To extend the strong performance to opinion summari-
zation, Bhaskar et al. [17] proposed several pipeline
methods in a prompted fashion for applying GPT-3. 5.
Wang et al. [18] introduced an element-aware summary
chain-of-thought ( SumCoT) technique to handle the
factual hallucination and information redundant to pro-
voke LLMs to generate summaries. Zhang et al. [19]

have found that applying an extract-then-generate pipe-
line with ChatGPT results in considerable summary fi-
delity performance increases compared to abstractive
baselines.

However, existing templates neglect the format
and characteristics of academic papers, leading to sum-
maries that lack professionalism within the domain of
knowledge. Hence, we introduce AcaAT, a model de-
signed to produce summaries in a professional domain-
specific format. By incorporating prompts aligned with
academic paper formats, large language models can ac-
curately generate summaries that adhere to academic
standards.

1. 2　 Prompting methods
To exploit the thinking ability in LLMs, chain-of-

thought (CoT) [24] prompting is proposed, which adds
numerous thinking steps before the final text generation
to the input source text. Recently, zero-shot prompting
and few-shot prompting have been proposed for differ-
ent downstream tasks. Numerous studies then suggest
ways to enhance CoT prompting in a variety of ways,
including prompt format[4 - 5], planning[8 - 9] and
prompt ensemble problem decomposition[6 - 7] .

To adhere to the different requirements, many stud-
ies employ designed prompts to generate high-quality
summaries. To adapt the code structure, Chen et al. [4]

proposed a program of thoughts (PoT), which employs
large language models to generate programming com-
ments. Intent to inject code sketches knowledge into
the large language models, Li et al. [5] proposed a
sketch-based code generation technique skcoder in or-
der to emulate developers’ code reuse habits. To facil-
itate the employment of external knowledge of the mod-
els, Xiao et al. [8] proposed a framework PatternGPT.
The PatternGPT generates a wide range of formalized,
structured patterns, and only the best ones are chosen
to direct the generation of models. To handle the
missing-step mistakes, Wang et al. [9] proposesd a
plan-and-solve (PS) prompting. PS creates a plan to
break the overall task down into smaller subtasks and
execute the subtasks in accordance with the plan. To
encourage the model to deliberate deeply, Li et al. [6]

proposed a deliberate then generate (DTG) prompting
framework, which considers the correct answer and the
errors parally. To explore more strategic lookahead
tasks, Yao et al. [7] introduced a new framework tree of
thoughts (ToT), which enables exploration over coher-
ent units of source text and generates summaries based
on this thinking.

Therefore, prompt engineering can effectively as-
sist large language models in various natural language
processing tasks. This provides us with a great opportu-
nity to leverage prompts to generate high-quality re-
search paper abstracts.

1. 3　 Fine-tuning method
Large language models in NLP perform best when

fine-tuned, yet because of their growing size, fine-tun-
ing and downstream utilization have become incredibly
computationally costly. To profit from the most recent
developments in NLP, it is crucial to be able to swiftly
and effectively fine-tune the largest pre-trained models.

To address the issue, many lightweight fine-tuning
methods are proposed, which take advantage of small
costs by freezing the most of parameters. Houlsby et al. [1]

proposed a simple yet effectual, bottleneck architecture
adapter tuning and adapters of the adapter tuning are
new modules between transformer layers of a pre-
trained large language models network. Lester et al. [3]

introduced a straightforward yet effective technology
prompt tuning for comprehending ‘ soft prompts’ to
condition frozen language models to carry out particular
downstream tasks. To handle difficult sequence labe-
ling problems, Liu et al. [2] introduced a novel p-tun-
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ing, that properly optimized prompt tuning can be uni-
versally effective across a variety of model scales.

Many research take some improvements from the
fine-tuning models, for instance, attribute-guided[25]

and contrastive soft prompt[26] . Yang et al. [25] presen-
ted Tailor, which directs the production of a fixed pre-
trained language model to match a pre-specified char-
acteristic, in order to produce summaries that satisfy
desired qualities ( for example, topics and emotions).
Chen et al. [26] presented a contrastive soft prompt
model for enhancing the consistency of extended text
generation to lessen the noise-generated texts.

However, traditional tuning methods fail to con-
sider domain-specific knowledge. In response, we in-
troduce the AcaAT model, which leverages domain ex-
pertise to generate summaries in a professional domain-
specific style.

1. 4　 Benchmark of text summarizing
Most existing public benchmarks focus on the

news domain. For example, the New York Times
(NYT) articles dataset[27], sourced from the New
York Times, comprises 100 KB of news content along
with their titles. The Document Understanding Confer-
ence ( DUC) benchmark[28], sourced from the New
York Times and Associated Press, consists of 500 news
articles, each including the content and title. The
Gigaword benchmark[29], compiled from US and inter-
national news sources, contains 9. 5 million article-title
pairs. The Cable News Network ( CNN) / Daily Mail
benchmark[30] , sourced from CNN and the Daily Mail,
includes 311 672 news items. The large scale Chinese
short text summarization dataset ( LCSTS ) bench-
mark[31], sourced from the Weibo official website,
contains 2 400 591 news items in Chinese. The Multi-
News benchmark[32], collected from the Newser web-
site, comprises 56 216 news items. The WikiSum
benchmark[33] contains 2 332 000 papers, sourced
from the website of Wikipedia. The bigpatent bench-
mark[34] contains papers in nine fields, including
chemistry, metallurgy, physics. The MS-2 bench-
mark[35] aims for academic papers summarization,
which belongs to the biological field.

However, the insufficient benchmark impedes
progress in text summarization for scientific research
papers. Currently, with the expansion of scientific re-
search papers, condensing their content has become
crucial for collecting research-related knowledge effi-

ciently. Automated abstracts can aid researchers in
conducting scientific activities more effectively, thereby
enhancing research efficiency. High-quality data is es-
sential for training models to generate accurate automa-
ted summaries.

Therefore, to enhance the effectiveness of auto-
mated summarization models for academic paper sum-
marization related to scientific data and meet the needs
of researchers in the scientific data field, we have de-
veloped a SciDataSum benchmark for summarizing ac-
ademic papers. This benchmark focuses on scientific
data, which is manually collected from nine public
websites.

1. 5　 Automatic abstract generation technology for
scientific research papers

　 　 Grailet al. [36] proposed a novel hierarchical prop-
agation layer that spreads in formation between multiple
transformer windows. Huang et al. [37] proposed an ef-
ficient encoder-decoder attention mechanism based on
head-to-head position stride, which can capture key in-
formation. An et al. [38] proposed a citation graph-based
abstract generation model (CGSUM), which uses the
relationship between citation graphs. Cui et al. [39] pro-
posed a sliding selector network ( SSNDM) based on
dynamic memory to generate high-quality abstracts.
Wang et al. [40] leveraged knowledge graphs to assist
the generation of scientific abstracts, which enhances
both content consistency and coherence. Wang et al. [41]

proposed an extraction-augmented scientific abstract
generation (EASAG) model, including the processes
of self-extraction, graph fusion, and scientific abstract
generation.

However, the abstracts generated by the above
model fail to ensure the consistency of domain knowl-
edge between the abstracts of scientific research papers
and the original texts. To address this issue, this paper
proposes an automatic abstract generation model,
AcaAT.

2　 Model

In this methodology section, we present the meth-
ods of academic alignment tuning by prompting LLMs,
the AcaAT model’ s framework is shown in Fig. 1.
Additionally, we introduce an academic prompt pattern
(AcaPP), including its structure designs and domain
components.
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Fig. 1　 The framework of the AcaAT model.

2. 1　 Academic alignment tuning
Supervised fine-tuning (SFT) takes the model to

adapt to the requirement task and we employ Wizard-
LM[42] as our fundamental model. To take into account
domain knowledge and academic structure, we design
an AcaPP prompting, described in subsection 2. 2.
The AcaPP prompting leverages the LLMs to generate
the sentence as described in subsection 2. 2. Thus, to
adapt the task of generating a summary with the domain
style, we employ a recompose instruction Z as the
prompt of the model, shown as follows.

Z = [S;A;D;X] (1)

where S represents task description, A represents aca-
demic structure, D represents domain knowledge, and
X represents article. However, SFT alignment tuning
usually requires a significant investment of resources.
To update the parameters of the LLMs effectively and
quickly and maintain domain style and academic struc-
ture, we introduce an academic alignment tuning model
with the help of LoRA technology, which is a light-
weight framework. The framework of the AcaAT model
is illustrated in Fig. 2. For the numerous dense layers
that multiply matrices in the neural network, we light-
weight the rank of weight matrices, which is shown be-
low.

h = W0Z + ΔZ = W0Z + UVZ (2)

where W0 ∈ Rd×k; U ∈ Rd×r; V ∈ Rr×k; d and k are
the dimension of the matrix, r is a low intrinsic rank,
and the rank r ≤ min (d,k) . By updating the train-
able parameters of U and V, freezing the parameter of
W0, and not receiving gradient updates, the AcaAT
model shows more compute efficiency. Therefore, the
loss of the AcaAT model is shown below.

PØ(y Z) = ∏
m

t = 1
PØ(y0

t y0
< t,Z) (3)

At the start of training, we initialize the parame-
ters of U and V to be a random Gaussian and a zero,
respectively.

2. 2　 Academic prompt pattern
Prompt engineering uses well-chosen and con-

structed words to produce the intended results. Rather
than using a specifically complex design, prompt engi-
neering enables the model’ s users to convey their in-
tent in explicit language. The quality of prompts signif-
icantly affects the quality of the outputs produced by
LLM. CoT[24] was initially intended to generate natural
language, such as common sense logic[43], which has
powerful reasoning guidance capabilities. As a result,
CoT solely uses natural languages to step-by-step pro-
gressively describe how to solve an issue. However,
unlike natural language generation, the goal of genera-
ting academic paper summaries is to produce highly
structured professional summaries.

Thus, aiming at generating summaries tailored to
academic papers, we enhance model comprehension for
requirements by leveraging several intermediate reason-
ing steps constructed by academic paper structures. To
do so, we introduce the academic prompt pattern, as
shown in Fig. 2.

The AcaPP prompting instructs LLMs to produce
an abstract that adheres to the academic structure for-
mat and maintains a professional style and domain-spe-
cific knowledge. Detailedly, AcaPP contains four con-
tents described in the following. (1) Task description
includes the sentences of system and the user. The sys-
tem’ s sentences set up the role of the LLMs and the
user’s sentences indicate the purpose of the LLMs as
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well as related limitations. ( 2 ) Academic structure
contains the structural format required for the abstract.
(3) Domain knowledge explains the domain style re-
quired for the abstract. (4) Article describes the origi-
nal article.
2. 2. 1　 Task description

Task description outlines the underlying problem
that the instruction is supposed to solve, emphasizing
its significance and elucidating the role of the LLMs
and the user in resolving the task. Detailably, it can
be composed in two different manners. (1) Succinctly
communicates the purpose that the instruction is in-
tended to achieve. (2) Completely expresses the goal
that the instruction is planned to reach.
2. 2. 2　 Academic structure

A scientific paper summary summarizes a paper
through special structures, including background sum-
mary structures, existing issue structures, proposed

method structures, detailed introduction structures and
method effectiveness structures.

For example, given a requirement-outline a scien-
tific paper summarization, imagine a human writer’ s
thought process. The writer will use abstract structures
to design an initial idea: considering the background
summary, finding out the existing issues, proposing
methods, describing a detailed introduction and illus-
trating the method’ s effectiveness. The scientific ab-
stract structures clearly show the thinking process and
benefit the following abstract generation. Thus, inter-
mediate reasoning steps leading to the abstract should
also be structured. The details of these structures are
as follows.

The three patterns in Fig. 2 are specific examples
of data sets, including SciDataSum, bigpatent(D) and
bigpatent(E) datasets.

Fig. 2　 Academic prompt pattern
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　 　 (1) Background summary structures. The section
introduces a brief introduction to the academic paper
background in one sentence, which should be related
to the topic. This requires the LLMs to scan the entire
text, pick out the knowledge related to the back-
ground, and then summarize it into a sentence that
highly summarizes the background knowledge in a way
related to the topic.

(2) Existing issue structures. The section intro-
duces the existing issue in some sentences, which
should be related to the existing academic paper. This
demands the LLMs scan the whole text, figure out the
proposed issue of the related work, find commonalities
between existing problems, and then summarize it into
a few sentences.

(3) Proposed method structures. The section in-
troduces the proposed methods, which aim to address
the proposed issue above. This instructs the LLMs to
study the whole text, locate the sentences detailing the
methods, especially those related to the proposed is-
sues above, and then summarize them.

(4) Detailed introduction structures. The section
describes model methods in more details. It instructs the
LLMs to locate the sentences containing the critical de-
tails of methods, aiming to reduce hallucinations and
misunderstandings, and then summarize them.

(5) Method effectiveness structures. The section
expresses the methods’ effectiveness. This guides the
LLMs to discover the sentences describing the perform-
ance of the experiment, aiming to show the effectiveness
of the proposed methods, and then summarize them.
2. 2. 3　 Domain knowledge

Domain knowledge describes the field of the arti-
cle and the style of academic paper writing. It can be
organized in two ways: (1) clearly stating the name of
the domain knowledge; (2) clearly stating the expla-
nation of the domain knowledge.

3　 Experiments

3. 1　 Dataset
Our experiments are conducted on three datasets:

bigpatent( D), bigpatent ( E) and SciDataSum. The
details of them are shown in Table 1. Bigpatent(D)
and bigpatent( E) are extracted from the dataset big-
patent[34] . bigpatent (D) is the category of D of the
bigpatent and bigpatent(E) is the category of E of the
bigpatent. In addition, we propose a dataset SciData-
Sum extracted from nine public academic websites. Its
domain knowledge is scientific data.

Table 1　 The details of three datasets

Size / MB Train SFT Valid Test All

Bigpa-
tent(D) 170 10 164 500 565 565 11 294

Bigpa-
tent(E) 570 34 443 500 1 914 1 914 38 271

SciData-
Sum 12 3 581 500 372 875 4 828

3. 1. 1　 The process of SciDataSum construction
The SciDataSum is extracted from public aca-

demic websites, including Acm[44] , Asha[45] ,
Baidu xueshu [46] , Base-search [47], Dblp [48],
Elsevier[49], Google scholar [50], Researchgate [51],
Socolar [52] . The detailed source database details and
the number of academic papers obtained are shown in
Table 2.

Table 2　 Details of academic papers obtained from
various academic websites

Websites SD Scientific
BD big SD Total

Acm 1 360 580 1 971 3 911

Asha 1 976 231 220 2 427

Baiduxueshu 580 640 565 1 785

Base-search 263 247 246 756

Dblp 29 26 26 81

Elsevier 6 000 6 000 6 000 18 000

Google scholar 1 004 / / 1 004

Researchgate 429 609 654 1 692

Socolar 9 10 10 29

Total 11 650 8 343 9 692 29 685
　 　 Note: BD stands for big data; SD stands for scientific data

Using the Python crawler BeautifulSoup [53],
29 685 academic papers were obtained. After deduplicat-
ing, document parsing with the Science Parse tool [54],
manual scanning, and trimming, 4 828 academic pa-
pers, around 92 863 sentences, are ultimately acquired
as our corpus. Approximately 10% of datasets are
retained as validation data and about 20% are used for
evaluation, the remainder for preparation.
3. 1. 2 　 Assessment and proofreading of SciDataSum

quality　
　 　 To enhance the text’s quality even more, the text
is extracted by the extractor algorithm first. After obtai-
ning the initial text and abstract, manual verification is
used to verify and proofread the content.

(1) Verification and proofreading. The proofread-
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ing of the data set is carried out by English major
students, who have both English proficiency and writ-
ing skills. Thus, they are fully qualified for this work.
The proofreading standards are as follows. 1) Verify
that the text and abstract content information comes
from the expression content of the paper. 2 ) Verify
that the text and abstract content are consistent with the
expression content of the original paper. 3) Verify that
the abstract content is concise and clear. 4 ) Verify
that the abstract content displays the core ideas of the
text content.

(2) Evaluation. Manual verification evaluates the
dataset from the three dimensions of informativeness,
faithfulness and fluency. Evaluation indicators follow
the following principles: informativeness estimates
whether the abstract fully reflects the information of the
original article. Faithfulness estimates whether the
source text facts in the abstract are consistent with the
facts in the original article. Fluency estimates whether
the abstract contains major grammatical errors.

According to the rules for evaluation, shown in
Table 3, the quality of the text summary data set of sci-
entific data research papers SciDataSum are shown in
Table 4. The evaluation results show that since all sen-
tences came from the original article during the data
collection, the informative score is very high and only a
few corrections are required. However, in the process
of converting PDF format to JSON format ( document
parsing with the Science Parse tool [54]), there may be
sentence splicing errors, resulting in some grammatical
errors and some expressions that are inconsistent with
the original article. This error has been manually proofread

Table 3　 Rules for evaluation.

Score 1 - 2 3 - 4 5 - 6

Informative-
ness

Does not
express

Clearly
expresses Fully clearly

Faithfulness inconsistent consistent Fully consistent

Fluency major errors Some errors basically no errors

Table 4　 Results of the quality of the SciDataSum dataset.

Informativeness Faithfulness Fluency

Quality of the
dataset before
proofreading

5. 7 3. 7 3. 9

Quality of the
dataset after
proofreading

5. 8 5. 1 5. 6

to ensure the correctness of the grammar and facts.
Therefore, the downloaded dataset is handled with high
quality through verification and proofreading, which is
an academic paper summarization dataset related to sci-
entific data.

3. 2　 Results
For a fair comparison of theAcaAT model’ s per-

formance to several strong baselines, we employ the
baselines with the same model size, including CoT
prompting[24], DTG prompting[6], PS prompting[9],
ToT prompting[7], SumCoT prompting[18], extract-
then-generate prompting (ex2abs) [19] . The followings
are brief summaries of some baseline techniques.

CoT prompting[24] . Chain-of-thought prompting is a
kind of few-shot prompting, proposed by Wei et al[24] .
which generates a < instruction, CoT, code > triples
prompt containing natural language reasoning steps.

DTG prompting. Li et al. [6] proposed a novel de-
liberate then generate ( DTG) prompting structure,
which contains an error detection ability and a summary
generation ability without the error.

PS prompting. Wang et al. [9] proposed plan-and-
solve prompting. Firstly, it creates a plan to break the
overall task down into some small tasks, and second, it
executes the small tasks according to the designed
plan.

ToT prompting. Yao et al. [7] introduced the ‘tree
of thoughts’ framework for language model generation,
which permits exploration across coherent textual
thoughts to solve problems.

SumCoT prompting. Wang et al. [18] suggested a
summary chain-of-thought prompting to guide LLMs to
produce outputs, which enables them to incorporate
more minute aspects of source texts into the final out-
puts that correspond with human habits’ perspectives.

Extract-then-generate prompting ( ex2abs ) .
Zhang et al. [19] find that applying an extract-then-gen-
erate pipeline with LLMs results in considerable per-
formance gains in comparison to abstractive baselines.

CocoSciSum[55] . The CocoSciSum model automat-
ically generates abstracts based on user preferences,
including length and keyword attributes, to produce
highly controllable abstracts for scientific research pa-
pers.

To conduct a fair comparison, we employ Wizard-
LM[42] and QWQ-32B[56] as the baseline model for all
prompting techniques. We assess the generated sum-
maries’ quality from intelligent assessment and human
review perspectives.
3. 2. 1　 Automated evaluation

To evaluate the caliber of the summary that was
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produced, the automated overview assessment metric
Rouge[57] is employed in the experiment, which is the
popular choice in the prior literature. The results are
shown in Table 5.

Our proposed AcaAT method demonstrates good
performance in three datasets, and the AcaAT model
generates different abstracts for academic articles span-
ning various domains with a distinct writing style. It re-
veals that the effectiveness of enhancing domain compre-
hension with the aid of lightweight fine-tuning and

prompt engineering offers significant benefits in comple-
ting the task of generating domain-aware summaries.

Meanwhile, maintaining the correct writing style
of the abstract and adhering to the correct format can
help bridge the gap between automatic academic paper
summarization and real-world summarization. There-
fore, integrating prompts related to domain knowledge
and structural aids in understanding the academic pa-
per summarization task, facilitating the adaptation to
academic paper summarization.

Table 5　 Results of automated evaluation on three benchmarks.

Based
Model

Rouge-1 Rouge-2 Rouge-L

Recall Precision F1-score Recall Precision F1-score Recall Precision F1-score

SciDataSum dataset

QWQ-32B 40. 784 4 14. 963 7 21. 541 7 14. 711 1 4. 965 8 7. 316 8 28. 552 2 9. 249 9 13. 681 6

WizardLM

DTG 31. 427 1 26. 398 9 27. 484 8 10. 725 0 8. 074 7 8. 811 2 28. 214 2 23. 632 4 24. 647 0

CoT 37. 653 6 25. 584 5 29. 619 3 15. 609 1 9. 517 2 11. 551 0 33. 946 8 23. 004 0 26. 662 8

PS 37. 532 6 25. 520 6 29. 445 1 15. 599 8 9. 513 3 11. 483 33. 841 7 22. 980 1 26. 524 1

TOT 29. 614 5 28. 612 5 27. 399 9. 733 9 8. 689 9 8. 543 9 26. 513 6 25. 467 7 24. 477 9

SumCoT 35. 637 4 26. 126 9 28. 943 9 14. 049 1 9. 126 1 10. 649 6 32. 090 9 23. 467 4 26. 032 1

ex2abs 32. 806 8 28. 297 6 28. 575 3 12. 063 4 9. 145 8 9. 752 8 29. 325 9 25. 131 5 25. 466 9

CocoSciSum 23. 859 8 25. 882 2 24. 829 9 7. 054 7 8. 653 1 7. 185 4 21. 383 1 23. 203 6 22. 256 2

AcaAT 47. 6160 24. 812 7 31. 251 4 23. 934 2 10. 878 9 14. 162 6 43. 874 7 22. 694 9 28. 694 5

Bigpatent(D) Dataset

QWQ-32B 39. 499 1 22. 086 1 27. 270 8 12. 050 5 6. 959 6 8. 331 0 27. 463 0 14. 043 5 16. 862 6

WizardLM

DTG 28. 921 7 22. 781 5 24. 632 7 7. 776 6 6. 749 1 6. 915 9 25. 198 8 19. 920 4 21. 490 5

CoT 32. 476 7 23. 699 9 27. 402 7 9. 268 1 7. 615 3 7. 879 1 28. 633 9 20. 878 3 24. 148 7

PS 30. 845 8 25. 346 3 26. 719 9 8. 678 2 7. 427 1 7. 534 9 27. 073 3 22. 200 0 23. 477 7

TOT 37. 884 9 15. 567 1 21. 422 6 11. 682 7 4. 346 7 6. 102 3 33. 947 0 13. 866 5 19. 115 3

SumCoT 28. 396 1 19. 806 0 22. 331 0 7. 549 4 5. 423 4 5. 928 7 25. 036 1 17. 450 1 19. 681 5

ex2abs 30. 748 8 24. 268 2 26. 133 5 8. 309 8 6. 921 0 7. 140 1 27. 102 1 21. 356 23. 008 8

CocoSciSum 24. 862 6 31. 171 9 25. 657 4 6. 373 1 8. 659 3 6. 649 9 21. 608 2 27. 274 2 22. 371 7

AcaAT 41. 151 3 25. 645 3 30. 387 1 13. 494 8 8. 374 63 9. 759 7 35. 736 9 22. 286 7 26. 390 5

Bigpatent(E) dataset

QWQ-32B 39. 850 6 20. 255 6 25. 847 2 12. 221 9 6. 794 4 8. 225 3 27. 264 6 13. 633 9 16. 525

WizardLM

DTG 27. 065 6 22. 090 2 23. 641 8 6. 433 4 5. 892 8 5. 936 8 24. 193 6 19. 714 8 21. 125 7

CoT 31. 541 4 24. 300 0 27. 512 1 8. 728 6 7. 475 0 7. 682 4 27. 953 6 21. 600 5 24. 369 8

PS 30. 403 2 24. 054 6 26. 858 9 8. 226 1 7. 237 0 7. 332 8 26. 921 0 21. 301 7 23. 784 0

TOT 35. 921 4 15. 007 4 20. 602 3 104 436 4. 098 9 5. 686 6 32. 451 1 13. 500 9 18. 554 3

SumCoT 27. 849 1 19. 791 8 22. 328 8 7. 327 8 5. 383 7 5. 890 8 24. 849 1 17. 667 4 19. 925 5

ex2abs 30. 272 1 24. 099 4 25. 971 2 8. 059 5 6. 741 8 7. 002 3 26. 861 1 21. 378 7 23. 041 7

CocoSciSum 23. 878 5 28. 110 6 25. 822 3 6. 207 5 9. 186 4 6. 825 9 21. 001 4 28. 824 8 22. 803 3

AcaAT 43. 613 2 24. 329 7 29. 328 0 16. 322 8 9. 122 2 10. 530 2 39. 577 1 22. 260 7 26. 770 5
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3. 2. 2　 Human evaluation
We have human evaluations based on the five in-

dicators, including faithfulness, fluency, informative-
ness, domain and academic. Three frequent indicators
are provided in Table 6. To gain a deeper understand-
ing of the domain-aware summaries that the AcaAT

model creates, we evaluate the abstract with the Do-
main and Academic indicators. Domain measures
whether the domain knowledge of the abstract is de-
scribed in professional. Academic measures whether
the writing style of the abstract is consistent with aca-
demic structure.

Table 6　 The results of the influence of academic auxiliary features.

Rouge-1 Rouge-2 Rouge-L

Recall Precision F1-score Recall Precision F1-score Recall Precision F1-score

AcaAT 41. 151 3 25. 645 3 30. 387 1 13. 494 8 8. 374 63 9. 759 7 35. 736 9 22. 286 7 26. 390 5

w / oDomain 43. 815 7 23. 955 7 29. 660 9 15. 158 6 7. 815 3 9. 699 0 38. 544 7 20. 905 7 25. 941 7

w / oStructure 42. 148 6 24. 861 1 29. 919 3 14. 027 7. 936 8 9. 526 0 36. 904 5 21. 655 9 26. 110 6

　 　 We employ five fluent English speakers to esti-
mate 300 summaries of the bigpatent(D) dataset gen-
erated by AcaAT and baseline models. The perform-
ance of these models is assessed on a scale of one
(poor) to six (outstanding), according to summaries
produced by these models.

Our AcaAT model performs better than other
baseline models concerning faithfulness, informative-

ness, fluency, domain and academic, as evidenced
by the five evaluation metrics results provided in
Table 7. This demonstrates how improving domain
comprehension of the summary-generating task is use-
ful. Additionally, the cause of these baselines’ poor
performance is the imperfect alignments of large lan-
guage models on domain knowledge and academic
knowledge.

Table 7　 The results of human evaluation on the bigpatent(D) datasets

DTG CoT PS ToT SumCoT ex2abs AcaAT

Faithfulness 3. 578 6 3. 858 0 3. 847 3 3. 794 6 3. 861 3 3. 994 6 4. 060 6

Informativeness 3. 528 6 3. 864 6 3. 856 0 3. 665 3 3. 864 6 3. 998 4. 070 6

Fluency 3. 585 3 4. 001 3 3. 874 6 3. 788 0 3. 582 3. 890 6 4. 034 0

Domain 4. 199 3 4. 259 3 4. 292 6 4. 064 6 4. 242 6 4. 090 6 4. 498 0

Academic 3. 105 3 3. 436 6 3. 300 6 3. 108 6 3. 105 3 3. 112 0 3. 656 6

3. 3　 Ablation study
To thoroughly explore the performance impact of

differentAcaAT modules, we execute an ablation study
on the bigpatent ( D) datasets. The auxiliary features
and the prompting engineering are the two key facets of
the ablation investigation. Thus, we conducted some
deep studies on the influence of academic auxiliary fea-
tures and the impact of prompting engineering, respec-
tively.
3. 3. 1　 The influence of academic auxiliary features

To do some ablation studies to analyze the impact
of academic auxiliary features by removing the descrip-
tion of the domain knowledge (w / o domain) and the
description of the academic structures ( w / o struc-
ture). The study aims to determine whether various

modules contribute to the performance of the AcaAT
model.

According to the results of the impact of the aca-
demic auxiliary features shown in Table 8, both the
prompt of the domain knowledge and academic struc-
tures contribute to the effectiveness of the AcaAT mod-
el. The domain knowledge contains information on the
writing style of the article and the background of the ar-
ticle, which is critical writing direction guidance for
generating the abstract of the article. The academic
structures contain information on the writing format and
content of each paragraph, which is a format constraint
required for generated text. Therefore, the two parts
play an influential role in the academic paper summari-
zation.
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Table 8　 The results of the impact of variant prompt templates.

Rouge-1 Rouge-2 Rouge-L

Recall Precision F1-score Recall Precision F1-score Recall Precision F1-score

Zero-shot 40. 343 7 20. 010 6 26. 752 1 13. 400 0 6. 495 8 8. 767 6 32. 397 4 17. 724 6 23. 732 6

Few-shot 36. 009 2 24. 793 6 28. 230 3 10. 951 5 7. 765 9 8. 560 7 31. 113 1 21. 460 1 24. 415 2

AcaAT　 41. 151 3 25. 645 3 30. 387 1 13. 494 8 8. 374 6 9. 759 7 35. 736 9 22. 286 7 26. 390 5

　 　 Additionally, when there are more restrictions,
the recall score of the summary generated by a large
language model will be reduced but the precision and
F1 score of the summary will be improved. The restric-
tions in instruction reduce the redundancy of the repeat
content and narrow the scope of generated tokens,
which improves the precision of the generated abstract.
Therefore, with academic alignment defense tuning,
the large language model understands the instruction
and performs as well as the user requires on academic
paper summarization tasks.
3. 3. 2　 The influence of various prompt learning

Meanwhile, we study the impact of variant prompt
templates to verify whether the model depends on other
factors than the design of theAcaAT model itself. To
investigate the influence of examples in the model, we
selected common prompting techniques: zero-shot
prompting[58] and few-shot prompting[58] . Zero-shot
prompting feeds the instruction into LLMs without ex-
amples. and extracts a generated summary from LLMs’
outputs. Few-shot prompting randomly selects some <
instruction, summary > pairs as examples. Concate-
nate examples and the instruction to make a prompt
and then feed into LLMs, and fetch the generated sum-
mary from LLMs.

According to Table 8, AcaAT prompting signifi-
cantly outperforms other prompting when employing va-
rious example seeds. It demonstrates that AcaAT
prompting is independent of particular examples. Rath-
er than relying on specific features of examples, per-
formance enhancements of AcaAT prompts are attribu-
ted to domain-aware structures and academic alignment
tuning mechanisms.

AcaAT model has a comparatively good capacity
for generalization. With prior knowledge, the AcaAT
model can understand the article better and summarize
it without the need for specific examples. The AcaAT
model with lower values of temperature T or top-p ξ is
capable of generating more compact, accurate, and in-
formative summaries. The AcaAT model with higher
values of T or ξ introduces too much randomness and

redundant information, resulting in generated summa-
ries being less refined or less critical.

TheAcaAT model generates high-quality text by
removing redundancy. The recall score of the AcaAT
model is lower than the baseline, but the F1 -score and
precision are higher than the baseline.

3. 4　 Effect of the hyper-parameter
There are three hyper-parameters in the AcaAT

model, including num beams ρ, T and ξ. ρ indicates
that the top ρ most likely results are kept based on
probability at each generation step for all the genera-
tion results in the prior generation. temperatures T
modifies the model output’ s logits probability distribu-
tion, the higher T the distribution of tokens is more e-
venly among the tokens. ξ stands for the cumulative
threshold with the highest probability chosen in the
probability distribution when generating the subse-
quent token.

To evaluate the robustness of the AcaAT model in
different settings, we experiment with different hyper-
parameters in the Bigpatent(D) dataset. To do so, we
have some experiments in three strategies.

(1) ρ from 1 to 7. Based on probability at each
generation step for every generation result in the previ-
ous generation, the top 1 to 7 most likely results are re-
tained, respectively.

(2) T from 0 to 1. When T = 1, the generated
abstract is more likely to be random and diverse. When
T = 0, the token with the highest probability is more
likely to be chosen, which results in the generated ab-
stract being more certain and concentrated.

(3) ξ from 0. 1 to 0. 9. When generating the next
token, the cumulative threshold with the highest proba-
bility selected in the probability distribution is from 0. 1
to 0. 9, respectively.

According to the experiment, the results of the
AcaAT model with different ρ are shown in Fig. 3. The
results of the AcaAT model with different T and ξ are
shown in Fig. 4. According to the results, we derive
some observations.
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Fig. 3　 Results of the AcaAT model with different ρ

　 　 AcaAT model has strong robustness. The sugges-
ted AcaAT performs well with different values of ρ, T
and ξ. It indicates that the architecture of the AcaAT
model contributes to its outstanding performance and is
independent of special parameters.

It may be desirable for the AcaAT model to make
more deterministic and critical predictions in text sum-
marization tasks. According to Fig. 4, lower values of
temperature (T from 0. 00 to 0. 09 cause the AcaAT
model to be more inclined to select the most likely words,
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Fig. 4　 Results of the AcaAT model with different temperatures T and top-p ξ.

possibly more conducive to generating more critical and
accurate summary content. When T < 0. 10, the
AcaAT model has reached a state of saturation on a
given task, and the increasing temperature does not
significantly affect its output, resulting in the constant
performance of AcaAT.

Maintaining high text diversity in the generated
summaries of LLMs leads to a decrease in the quality of
the generated summaries.

4　 Conclusions

In this study, we introduce SciDataSum, a bench-
mark collected from numerous academic papers focu-
sing on scientific data, and investigate the limitations
of current prompting methods in capturing domain-spe-
cific characteristics. Subsequently, we propose an aca-
demic alignment tuning methodology, which is utilized
to assist the LLMs in comprehending domain-specific
knowledge and the academic structure of academic pa-
pers. In the AcaAT model, to adapt to scientific paper
summarization, we design a structured framework
named academic prompt pattern, which prompts a
chain of thought aligned with the academic format of
academic papers. The experimental findings indicate
that our proposed AcaAT approach surpasses the per-
formance of baseline models, effectively producing pa-

per summaries that maintain domain-specific expertise.
Looking ahead, we aim to enable the LLMs to

generate abstracts that closely resemble artificial paper
summaries by enhancing the academic professionalism
of the generated sentences in LLMs. To achieve this,
we aspire for the LLMs to incorporate additional attrib-
utes of academic research papers, including the aca-
demic-professional language, background and writing
style.
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