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Abstract

Recent studies indicate a preference for sum-
maries generated using large language mod-
els (LLMs) over those using classical models,
highlighting a performance discrepancy. This
study explores strategies to narrow the gap be-
tween the summaries generated through these
two models. To address this, we introduce
a novel framework that uses LLM-generated
summaries to train classical models, adopt-
ing a two-stage training approach to enhance
their summary quality. Although classical mod-
els are relatively smaller in size than LLMs,
through automatic metrics and human eval-
uations, we can demonstrate that the perfor-
mances of classical models, trained using LLM-
generated references can catch up with LLMs.
Our findings create a simple yet potential way
to improve classical summarization models by
leveraging LLMs. Additionally, we contribute
a new dataset GXSum', enabling further re-
search and promoting development progress in
this subject.

1 Introduction

Text summarization plays a pivotal role in the field
of natural language processing by condensing ar-
ticles into concise versions that capture the main
information. With the rapid development of deep
learning, automatic text summarization systems
have made significant progress. (Nallapati et al.,
2016a; Vaswani et al., 2017; Li et al., 2018; Shi
et al., 2021). More recently, large language mod-
els (LLMs) have revolutionized the field of nat-
ural language processing. These models exhibit
remarkable results in summarization accuracy, par-
ticularly under zero-shot and few-shot fine-tuning
scenarios (Wang et al., 2023; Basyal and Sanghvi,
2023; Ahmed and Devanbu, 2023). Unlike classi-
cal models, LLMs leverage reinforcement learning
from human feedback (RLHF) (Kirk et al., 2023),
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fine-tuning their outputs to align more closely with
human preferences, thereby widening the perfor-
mance gap with classical models (Wang et al.,
2023; Zhang et al., 2024; Fabbri et al., 2021). Some
studies even indicate that humans might prefer
LLM-generated summaries to those written (or se-
lected) by humans (Liu et al., 2023b,a).

Sweeping over previous research on text sum-
marization, most studies mainly concentrated on
developing novel model architectures (Dou et al.,
2021; Wang et al., 2022a; Liu et al., 2022) or train-
ing method (Stiennon et al., 2020). These efforts
improve performance on specific benchmarks, yet
they often increase model complexity or compro-
mise training efficiency. However, these efforts still
do not bridge the performance gap with LLMs.

Knowledge distillation is a simple and straight-
forward way to transfer model capabilities from
one model to another. To move beyond LLMs in
a simple and cost-effective way, we present a two-
stage training framework that is expected to allow
classical summarization models to rival the perfor-
mance of LLMs based on the fundamental philoso-
phy of knowledge distillation in this study. More
specifically, in the first stage, we leverage LLMs
to generate summaries and form a new dataset.
Next, we train classical models referring to the new
ground truths with the traditional maximum likeli-
hood objective. By doing so, the classical model
is expected to not only inherit the advantages of
LLMs but also retain the abilities of original de-
signs, delivering better results than LLMs.

In sum, our key contributions are at least three-
fold. First, we propose a simple yet efficient frame-
work to enhance the performance of classical mod-
els and catch up with LLMs. Second, a series of
experiments were used to show that significant per-
formance gains are achievable even with limited
data for fine-tuning. Of course, as always, more
data yields better results. Third, a new dataset
GXSum is released to facilitate further research,
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perform fair comparisons, make results producible,
and promote research progress in the line of re-
search.

2 Related Work

Previous research has demonstrated the exceptional
proficiency of LLMs in generating summaries, out-
performing classical models in both automated
evaluation metrics and human assessments. Ad-
ditionally, summaries generated using LL.Ms, es-
pecially in the news domain, have been shown to
be at par with, or even superior to, those crafted by
humans. These results reveal significant potential
for LLMs on the text summarization task (Victor
et al., 2022; Wang et al., 2022b; Goyal et al., 2022).
Some studies further emphasize that the field of
summarization is undergoing significant changes,
suggesting a pivotal moment in summarization re-
search. A thought-provoking question is whether
those human-generated ground truths bound the
performances of classical summarization models
(Pu et al., 2023; Zhang et al., 2024).

The feasibility of using LLMs for generating
source data has been extensively explored. Some re-
search has introduced methods for distilling LLMs
and employing them in data augmentation tasks
(Wang et al., 2021; Ding et al., 2023; Kang et al.,
2023). Specifically, these methods focus on extract-
ing the most relevant information from LLMs to
enrich training datasets, thereby enhancing model
performance without the need for extensive com-
putational resources. Notably, a series of studies
have demonstrated the use of LLMs to generate
both final answers and task-related descriptions,
which aid in training smaller models for reasoning
tasks (Li et al., 2022; Shridhar et al., 2023; Hsieh
et al., 2023). In the realm of text summarization,
Wang et al. (2021) have used GPT-3 (Brown et al.,
2020) to generate reference summaries. Concur-
rently, Gekhman et al. (2023) proposed the use of
LLMs for annotating summary factual consistency
(Maynez et al., 2020), facilitating the training of
models to evaluate factual consistency. Moreover,
Liu et al. (2023c) have explored further fine-tuning
of news summaries generated by the GPT series
for the summarization domain.

Therefore, in this paper, we expand the dataset
and thoroughly analyze the differences between
LLMs and human summarization. In the subse-
quent research, we will further train the summaries
generated using LLMs, aiming to redefine the role

of LLMs in summarization tasks.

3 LLM-Guided Summarization

3.1 Models

In this study, we selected the most advanced Chat-
GPT? provided by OpenAl as an example. To
minimize the randomness of generated results, we
set the temperature parameter of the model to O,
whereas other parameters are at their default val-
ues to ensure stability and reproducibility of the
experimental results.

For a comprehensive analysis, BART (Lewis
et al., 2020), PEGASUS (Zhang et al., 2020), and
BRIO (Liu et al., 2022) were chosen as the ba-
sic classic summarization models for our exper-
iments. These models have been proven in pre-
vious research to possess excellent text summa-
rization capabilities, each representing various re-
search directions in the field of summarization. The
pre-trained models of BART and PEGASUS are
sourced from the Transformers Library (Wolf et al.,
2020), whereas the weights for BRIO are obtained
from the GitHub repository of the original paper.

3.2 Human Referenced Datasets

In this study, we adopted two key news summa-
rization datasets that are widely used in the re-
search of summarization models and the evalua-
tion of large language model performance: the
Extreme Summarization Dataset (abbreviated as
XSum) (Narayan et al., 2018)% and the CNN /
DailyMail News Summarization Dataset (abbre-
viated as CNNDM)* (Nallapati et al., 2016b). The
XSum dataset is comprised of press releases from
the British Broadcasting Corporation, whereas the
CNNDM dataset compiles news articles from the
Cable News Network (CNN) and the Daily Mail.
Notably, these two datasets differ significantly in
their nature. Compared to CNNDM, the summary
reference texts in XSum mostly contain only one
to two sentences, posing a significant challenge for
summarization models to refine and extract core
information for the summary. Table 1 shows the
ROUGE scores (cf. section 4.2) of classic models
on the XSum and CNNDM datasets.

2GPT-4-Turbo (gpt-4-1106-review)
https://platform.openai.com/docs/models/overview

3https://github.com/EdinburghNLP/XSum

*https://cs.nyu.edu/~kcho/DMQA/



XSum CNNDM
Models R-1 R-2 R-L R-1 R-2 R-L
BART 45.14 2227 3725 44.16 21.28 40.90
PEGASUS 47.21 2456 39.25 44.17 2147 41.11
BRIO 49.07 25.59 4040 47.78 23.55 44.57

Table 1: BART, PEGASUS, and BRIO’s ROUGE scores on the XSum and CNNDM datasets.

3.3 LLM Referenced Dataset

As one of the core objectives of our research, we
created a dataset comprising summaries generated
by LLMs to serve as reference summaries. This
dataset is based on XSum and CNNDM, maintain-
ing the format of the original datasets. To leverage
the ChatGPT API for generating high-quality sum-
maries, we have meticulously designed a prompt
template that specifically emphasizes the role of
ChatGPT as a summary writer. Additionally, to
better control the summary length, we included a
description of the length limit as a soft constraint
in the prompt and set the API max_tokens parame-
ter as a hard constraint. The detailed design of
the prompt is presented in Appendix A.l1. For
the source text, we designated the document from
XSum and the article from CNNDM as the vari-
ables. During the summary generation process,
the length restriction was set to ensure that the
difference in lengths between the newly generated
summaries and the original reference summaries re-
mained within a range of plus or minus five tokens.
We provide an example of our summary generation
process in Appendix A.2.

3.4 Implementation Details
3.4.1 Data Processing

We extracted a sample comprising 20,000 data
points from the training set and 1,100 data points
from the validation set. These samples were
subjected to the LLM summarization workflow to
produce reference summaries. This subset was
designated as the Small variant. In contrast, the
test set underwent comprehensive processing to
guarantee a robust and reliable evaluation. Data
processing was conducted on both the XSum
and CNNDM datasets to ensure uniformity and
accuracy in our analyses.

3.4.2 Training Details

The initiation of training for each model leveraged
checkpoints that had been previously fine-tuned
on the benchmarked XSum and CNNDM datasets.
These fine-tuned checkpoints used for BART 7,
PEGASUS © and BRIO 7 were obtained from the
Huggingface library. For optimization, the AdamW
optimizer was employed, incorporating a weight
decay of 0.01 and an initial learning rate of 0.00002.
A linear learning rate scheduler was applied with-
out any warm-up steps. Model performance evalu-
ation on the validation set informed the selection
of checkpoints, whereas performance metrics on
the test set were documented and reported.

3.5 Evaluation Methods

To validate the performance of our model, we use
two primary evaluation methods: human validation
and automatic metrics. Initially, human validation
gauges the summaries’ quality from readers’ view-
points. Automatic metrics are used to determine
whether the fine-tuning process is functioning prop-
erly and toward the training objectives.

3.5.1 Human Evaluation Protocol

As the main evaluation methods of this study, we
adopted three common forms of human validation,
including the Likert scale scoring, pairwise com-
parison, and multiple candidate ranking.

The Likert scale scoring is the most used method
in human validation assessments. The evaluation
process involves presenting a source text and its
corresponding generated summary, where human
annotators are required to score the summary on
several aspects of performance. In this research,
we defined five distinct aspects for evaluation: rele-
vance, consistency, fluency, coherence, and infor-

>https://huggingface.co/facebook/bart-large-xsum  and
https://huggingface.co/facebook/bart-large-cnn

®https://huggingface.co/google/pegasus-xsum and
https://huggingface.co/google/pegasus-cnn_dailymail

"https://huggingface.co/Yale-LILY/brio-xsum-cased and
https://huggingface.co/Yale-LILY/brio-cnndm-cased
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Figure 1: Pairwise Comparison on XSum and CNNDM

mativeness. Detailed guidelines for these metrics
are elaborated in Appendix B.1. Through these
metrics, human annotators can more comprehen-
sively score the overall quality of summaries. The
scoring range is set from 1 (worst) to 5 (best).

Pairwise comparison is a human validation eval-
uation method based on relative comparison. Given
a source text and two summaries generated by dif-
ferent models, assessors are asked to select the one
with the better quality.

Multiple candidate rating is an advanced and
complex variation of the pairwise comparison
method. Assessors are compelled to examine a set
of summaries for a given source text and assign a
unique rating to each, reflecting the overall quality
of each summary. Therefore, the method facilitates
a thorough evaluation of the performance variations
across various summarization models. Within our
experiment, we established a rating scale from 1
(lowest quality) to 5 (highest quality).

3.5.2 Automatic Evaluation Metrics

We adopted Recall-Oriented Understudy for Gist-
ing Evaluation (ROUGE) (Lin, 2004) as our au-
tomatic evaluation metric for summarization ef-
fectiveness. ROUGE is crucial in performing
summarization research, serving as a standard
for comparing the similarity and quality between
computer-generated and human-crafted reference
summaries. This study employs three ROUGE
variants: ROUGE-1 (R-1), ROUGE-2 (R-2), and
ROUGE-L (R-L). ROUGE-1 assesses unigram sim-
ilarity to gauge informational content. ROUGE-2
evaluates bigram similarity for fluency. ROUGE-
L focuses on the longest common subsequence to
determine core content extraction.

4 Experiment Result and Analysis

4.1 Human preference

The collection of human annotations contains eval-
uations of summaries generated by models that
were fine-tuned on the Small dataset. These eval-
uations were obtained through a combination of
crowd-sourced contributors and expert judgments.
Crowd-Sourced Annotations The annotation data
from crowd-sourced participants were meticulously
gathered via the Amazon Mechanical Turk (MTurk)
platform, the detailed recruitment setting is de-
scribed in Appendix B.2. We collected annota-
tions for a sample of 1,000 articles from the XSum
and CNNDM test sets, which were summarized
using various pairs of systems. To establish a base-
line for comparison, we used models fine-tuned on
the original datasets. These baseline models were
then compared to those fine-tuned on the LLM-
reference dataset. Each summary evaluation will
be conducted by three separate crowd annotators,
using the Likert scale scoring and pairwise compar-
ison methods detailed in Section 3.5.1.

Figures 1b and 1a depict the crowd-sourced win-
ning rates from the pairwise comparisons for each
dataset. Systems trained using human references
are denoted with the subscript Human, whereas
those trained using GPT-4 references are marked
with the subscript GPT. Pairwise comparisons were
conducted between these two training settings, em-
ploying the same base model for each comparison.
We made the following observations:

(1) The summaries used as training references,
generated by the GPT-4 system, surpassed those
written by humans in terms of human preference on
both the XSum and CNNDM tasks. This outcome
substantially supports to the hypotheses posited



Dataset System Relevance Consistency Fluency Coherence Informativeness
Human Base 0% 0% 0% 0% 0%
GPT-4 +13.8% +13.2% +9.3% +7.5% +3.6%
XSum BARTgpr +17 % +15.5% +109% +11.3% +4.2%
PEGASUSqpr +18.3% +15.4% +14.5% +16.5% +7.4%
BRIOgpT +11% +8.3% +9% +7% +3.3%
GPT-4 +3.58 % +1.6% +5.6 % +1.2% -0.2%
CNNDM BARTgpT +0.2% +0.7 % +1.4% +1.4% +0.9 %
PEGASUSgpr -11% +3.1% +1.5% +1.8% +1.4%
BRIOgpr -1.9% +2.9% +0.7 % +0.9 % -0.5%

Table 2: Evaluation through Crowd-Sourced Likert Scale Scoring, which models referenced by humans serve as the
baseline for comparison (default as 0%). The report highlights the percentage difference in occurrences where one
system is adjudged to outperform the other. For instance, GPT-4 exceeds human writers in Relevance by 13.8% on
the XSum dataset. In case of a tie, both systems are recognized as winners.

in the related work (Goyal et al., 2022; Liu et al.,
2023c; Pu et al., 2023).

(2) The model trained using the references
generated by GPT-4 consistently outperformed
the model trained using human-generated refer-
ences, demonstrating that supervised training with
high-quality references can enhance summarization
model performance. On examining the discrepan-
cies between datasets, it was observed that, in com-
parison to XSum, the performance advantage of
the system guided by GPT-4 on CNNDM was less
marked.

The observed performance discrepancies, as re-
vealed through pairwise comparisons, prompted
us to conduct an in-depth analysis across various
systems and datasets, using the Likert scale scoring
to quantify these differences with better accuracy.
Table 2 illustrates the comparative performance of
models referenced by humans versus those refer-
enced by GPT-4, using the Likert scale scoring.
From these results, we observe that:

(1) In the XSum dataset, GPT-4 referenced mod-
els outperformed across all metrics. Detailed anal-
ysis showed the most significant improvement in
summary relevance with GPT-4 training, although
informativeness remained the weakest point as per
the annotators. This is attributed to the XSum re-
quirement (Narayan et al., 2018) for highly abstract,
single-sentence summaries, leading to inevitable
information loss in both human-generated and GPT-
4-generated summaries, with the human ones more
susceptible to bias or misinformation. Our exper-
imental results corroborate that GPT-4 can effec-
tively improve these issues. For a more detailed

case study, refer to the Appendix C.

(2) Our analysis of the CNNDM dataset reveals
that although GPT-4 referenced summaries still
outshine human-generated ones on several metrics,
the margin of advantage has significantly narrowed.
The Performance of the models trained on GPT-4
and human references are closely matched, with
discrepancies often within a 1-2% margin. This
trend is likely influenced by the CNNDM dataset
approach (Nallapati et al., 2016b) of collecting hu-
man reference summaries, which involves compil-
ing human-written summary bullets from CNN and
Daily Mail articles. These summaries lean toward
an extractive nature, closely mirroring the origi-
nal article content, and their length helps minimize
information omission. Thus, the inherent advan-
tages of GPT-4 training are less pronounced in this
context.

The results derived from crowd-sourced annota-
tions significantly validate our approach of using
LLM-guided training sets. However, potential re-
liability concerns of our experiment exist because
of the variability in nonexpert summary judgments,
as highlighted by prior studies (Callison-Burch and
Dredze, 2010; Goyal et al., 2022; Zhang et al.,
2024). This variability, reflecting the subjective
nature of human evaluation and minor performance
disparities between systems, can impact the con-
sistency of annotation quality. To address this, we
conducted additional analyses with expert review-
ers to ensure more dependable evaluations.
Expert Annotations To ensure the rigor of expert
analysis, we established specific criteria for the
selection of annotators, focusing on those with a
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Figure 2: Rating proportions in XSum and CNNDM

requisite level of expertise. We collected annota-
tions for a sample of 100 articles from the XSum
and CNNDM test sets. The evaluation of each sum-
mary was entrusted to three distinct expert annota-
tors who applied the Multiple Candidates Rating
Methods as delineated in Section 3.5.1. Addition-
ally, annotators were required to provide reviews
of their annotations, enabling verification of results.
The candidates the position of an expert annotator
are hired from the Upwork platform. The detailed
recruitment setting is described in Appendix B.3.

Figures 2b and 2a illustrate the rating distribu-

tions (1-5) for each system according to expert
evaluations. The analysis yields two key insights:
(1) Expert raters show a clear preference for sum-
maries generated using GPT-4 and GPT-4-assisted
systems over those written by humans. This sup-
ports our hypothesis based on crowd-sourced an-
notations, confirming the ability of our system to
produce summaries aligned more with human pref-
erences.
(2) Significantly, models trained using the GPT-
4 references achieve, and sometimes surpass,
the performance of GPT-4 in expert assess-
ments, achieving a 68% inter-annotators agree-
ment. This indicates that using our training method-
ology, smaller models can reach the efficacy of
LLM:s.

To enhance understanding of our findings, we
delved into detailed case studies, referenced in
Appendix C. The analysis of annotators’ reviews
revealed a preference for our fine-tuned models,
which produce summaries containing significantly
more relevant information and demonstrating better

coherence.

4.2 Automatic Metric

Next, in Table 3, we compare various summary gen-
eration models on the XSum and CNNDM datasets,
using ROUGE scores for evaluation. This anal-
ysis contrasts human-generated summaries with
those generated from GPT-4, noting lower ROUGE
scores when comparing GPT-4 outputs to human
references, highlighting differences in sentence
structure and expression. Our results indicate vari-
ability in model performance, with GPT’s BRIO
model leading in ROUGE-1 and ROUGE-L scores
on CNNDM, and GPT-based models surpassing
human performance on XSum in these scores. De-
spite this, a significant performance gap exists be-
tween the best models and human summaries, par-
ticularly on XSum’s ROUGE-2 scores. This result
shows the strength of GPT-based models in abstract
text generation, despite the challenges in closely
mimicking human summarization.

5 Comparative Study

To facilitate a more comprehensive analysis of our
training methodology, we present a comparative ex-
periment from various perspectives in this section.

5.1 Training Efficiency

In Section 4.2, we detail the ROUGE score perfor-
mance of various systems fine-tuned on a dataset
of 20,000 GPT-4 generated references. The results
show a discernible performance gap between the
ROUGE scores achieved by our model and those
reported in the original papers (Lewis et al., 2020;



XSum CNNDM
Reference Hypothesis R-1 R-2 R-L R-1 R-2 R-L
Human 2495 5.64 1859 36.80 10.89 31.91
GPT-4 BART¢pr 4536 19.59 36.28 4897 20.84 41.03
PEGASUSgpr 4371 18.68 35.07 46.28 20.54 39.10
BRIO¢pr 4737 2130 38.55 50.03 2196 41.73
GPT-4 2495 5.64 1857 36.80 1090 32.05
Human BARTqpr 26.39 6.61 19.10 40.05 14.86 35.08
PEGASUSgpr 28.00 7.94 20.77 40.50 16.18 35.76
BRIO¢pr 26.81 7.01 19.81 40.39 15.19 35.20

Table 3: Evaluation of ROUGE Scores after Fine-Tuning with 20,000 GPT-4 Summaries. This table presents the
calculated ROUGE scores, comparing various Hypotheses with References.

Zhang et al., 2020; Liu et al., 2022), particularly
concerning the XSum dataset. Therefore, we ques-
tioned whether fine-tuning the model on a larger
dataset can yield further improvements in ROUGE
performance. To check this, we created three sets
of reference summaries from XSum articles using
GPT-4, each varying in size, to serve as an enlarged
training corpus. The specifics of the three datasets
are detailed in Table 4.

First, we trained the model starting from the
checkpoint fine-tuned on XSum, employing the
same experimental setup as detailed in 3.4, results
are reported in Table 5. On analysis, it becomes ev-
ident that augmenting the size of the dataset leads
to an improvement in model performance, as mea-
sured by the ROUGE metric.

However, as we use the XSum checkpoint for
its proven quality as a baseline, human reference
remains crucial in our training process, leading to
redundancy compared to other systems. To address
this redundancy, we conducted additional exper-
iments where, alongside using the XSum check-
point, we initiated training with pre-trained weights
for each model in this new configuration. Recog-
nizing the influence of data volume on training effi-
cacy, our performance evaluation in this experiment
was confined to only two dataset sizes, medium and
large.

Variant Train Validation Test
Small (20k) 20,000 1,100

Medium (50K) 50,000 2,750 11,334
Large (100K) 100,000 5,500

Table 4: Details of three dataset variations on XSum

System Dataset R-1 R-2 R-L
Small 4536 19.59 36.28
BARTgpr Medium 47.44 2147 3834
Large 48.52 2242 39.57
Small 4371 18.68 35.07
PEGASUSgpr Medium 46.63 2099 38.12
Large 47.62 2213 39.32
Small 47.37 2130 3855
BRIOgpr Medium 48.82 23.28 40.66
Large 49.05 23.81 41.20

Table 5: Evaluation of ROUGE scores after fine-tuning
from the XSum checkpoint with various data sizes.

System Dataset R-1 R-2 R-L
Small 46.28 2037 37.26
BARTGpT Medium 48.06 22.11 39.60
Large 48.84 23.13 40.68
Small 45.04 1959 36.26
PEGASUSgpr Medium 47.21 21.76 38.80
Large 47.88 2250 39.64
Small 47.64 21.68 3893
BRIOgpT Medium 48.99 2335 40.79
Large 49.33 24.08 41.44

Table 6: Evaluation of ROUGE scores post fine-tuning
from pre-trained weight with different data sizes.

Table 6 shows the result of fine-tuning from pre-
trained weight. We observed that:
(1) The model performance can indeed be advanced
by training with only LLM reference, which
proved that our dataset can substitute the origi-
nal XSum dataset in the training procedure.
(2) Compared to the model fine-tuned on the XSum
checkpoint, the model that was fine-tuned from
pre-trained weights demonstrated enhanced perfor-
mance on identical data volumes. This improve-



ment likely originates from variances between hu-
man reference and LLM reference (detailed in sec-
tion 4.2), prompting the model to perceive previ-
ously trained targets as potential noise.

(3) Our dataset reduces the performance gap
across models like BART, PEGASUS, and BRIO,
indicating that summaries generated using LLM ef-
fectively counteract biases associated with the var-
ied styles of human writers in the original dataset.
Therefore, these LLM-generated summaries fa-
cilitate a smoother learning process for models,
thereby diminishing the requirement for intricate
training methodologies.

5.2 Novelty Analysis

In this section, we delve into the comparative anal-
ysis of novelty between the summaries authored by
humans and those generated by GPT-4. Novelty is
defined through the computation of novel n-grams,
a method that serves to gauge the ’abstraction’ of
our models. The novelty metric is calculated® using
the formula from Liu et al. (2022), i.e.,
Syec.. 1(g ¢ Gp)
|G|

where D and S* are the source document and ref-
erence summary respectively, Gp and G g~ are the
sets of bigrams in D and S*, 1 is the indicator
function.

As presented in Table 7, models referencing
GPT-4 exhibit better abstraction compared to those
referencing human-generated summaries in the CN-
NDM dataset. Conversely, for the XSum dataset,
models using human references are more "abstract"
than those based on GPT-4 references. Despite
these differences, as discussed in Section 4, sum-
maries guided by GPT-4 are favored by human
annotators across both the XSum and CNNDM
datasets. This preference suggests that GPT-4,
alongside our model, successfully balances the use
of a diverse vocabulary for summary composition
with effective information extraction from the orig-
inal articles. Such a balance enhances summary
relevance and aligns more closely with human pref-
erences in summary generation.

Novelty(D, S™) = 1

6 Conclusion

In this work, we propose a novel supervised learn-
ing framework that leverages summaries generated

8The calculation is performed using ExplainaBoard
(Liu et al., 2021). https://github.com/neulab/
ExplainaBoard, and we had not employed PTBTokenizer
prior to this calculation.

XSum CNNDM
System Unigram Bigram Unigram Bigram
Human 3399 8342 1180 4960
GPT4 .2960 .8009 2375 7074
BART 2461 7310 .0118 0922
BARTGpr .1986 .6643 1287 5389
PAGASUS 2664 7474 .1666 2919
PAGASUScpr 1558 .5780 .0946 4616
BRIO 2696 7654 .0258 2261
BRIOG pr .2203 7039 1389 5666

Table 7: Ratio of novel n-grams of various models on
XSum and CNNDM. Novel n-grams are those that appear
in the summaries but not in the source documents.

using LLMs as references. We performed an exten-
sive human evaluation to compare systems guided
by human-written summaries and those guided us-
ing LLM-generated summaries, analyzing the pro-
duced summaries across various dimensions. Our
findings suggest that LLMs can guide small sum-
marization models to produce summaries closely
aligned with human preferences, indicating a new
direction for research in automatic summarization.
Furthermore, to facilitate ongoing research, we are
releasing GXSum datasets in three sizes, compris-
ing articles from the XSum dataset and summaries
generated using LLMs. Our experiments validate
the potential of our dataset to replace the original
XSum dataset. We believe that our insights and the
datasets we provide will encourage further explo-
ration into the application of LLM knowledge in
enhancing smaller, task-specific language models.
We believe that our findings and released dataset
provide new and unique insights into the LLM-
enhanced automatic text summarization task.

7 Limitations

Our work introduces a new dataset, GXsum, for
which we employ summaries generated by GPT-
4 as references. It is essential to note that in our
experiments, summaries were generated using Ope-
nAI’s API, which, due to its rapid iteration capa-
bility, might result in variable outcomes that could
limit the reproducibility of our experiments. Fur-
thermore, constrained by the performance of GPT-
4, the generated summaries may still possess a
certain level of hallucination. Additionally, con-
sidering effectiveness, the dataset and generated
summaries used in this experiment are confined to
the news domain. Employing datasets from other
domains might provide a more comprehensive anal-
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ysis, which represents a potential future research
direction for us. Lastly, the human evaluation ex-
periments conducted aim to explore a wide range
of human reading preferences. The outcomes may
vary depending on the timing of the assessment and
the platform used to employ evaluators; we merely
state the observed facts.
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A LLM Summary Generation

A.1 Prompt Template Example

Assuming you are an abstract writer, re-
sponsible for writing summaries of articles.
Given the source article: {article}, please
write a summary between {len_lower} to
{len_upper} words about this article. please
ensure that the summary is grammatically
correct and coherent.

Figure 3: Template for a ChatGPT API prompt.

Figure 3 illustrates the template for our prompt
design. The {article} variable represents the
source article from the original dataset, and the
{len_lower} and {len_upper} variables represent
the lower bound and upper bound length constraints
that we will set.

A.2 Generation Process

Figure 4 shows an example of our LLM summary
generation process.
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Source Article

article:

Prison Link Cymru had 1,099 referrals in 2015-16 and said some
ex-offenders were living rough for up to a year before finding
suitable accommodation.Workers at the charity claim investment
in housing would be cheaper than jailing homeless repeat
offenders. The Welsh Government said more people than ever
were getting help to address housing problems. Changes to the
Housing Act in Wales, introduced in 2015...

Reference Summary

reference:
There is a "chronic" need for more housing for prison leavers in
Wales, according to a charity.

Prompt

Assuming you are an abstract writer, responsible for
writing summaries of articles. Given the source article:
| {article}, please write a summary between {ref len - 5} to

{ref_len + 5} words about this article. please ensure that
the summary is grammatically correct and coherent.

A
LLM generated summary:
Prison Link Cymru highlights the chronic need for post-release
housing to prevent homelessness and reoffending in Wales.

Figure 4: Illustration of LLM summary generation pro-
cess

B Human Annotation Setting

B.1 Annotation Guideline

The definitions of various quality aspects we use in
our annotation tasks are as follows:

* Relevance: Measures the importance of the
summary content relative to the article, consid-
ering whether it has extracted the key points.

* Consistency: Considers whether the summary
accurately includes all facts without fabricat-
ing false information.

* Fluency: Assesses whether each sentence in
the summary is well-written and grammati-
cally correct.

* Coherence: Considers whether the entire sum-
mary flows smoothly and reads naturally.

* Informativeness: Considers whether the sum-
mary clearly conveys the main message of the
article, excluding unnecessary details.

B.2 Amazon Mechanical Turk Recruitment

To recruit qualified crowd annotators, stringent se-
lection criteria were applied. These criteria stipu-
lated that participants must have successfully com-
pleted more than 500 Human Intelligence Tasks
(HITs), maintained an acceptance rate exceeding
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95%, and resided within the United States. This rig-
orous selection process was implemented to guar-
antee that the annotators were native English speak-
ers and had a demonstrable record of experience in
effectively performing annotation tasks.

B.3 Upwork Recruitment

To ensure the rigor of expert analysis, we estab-
lished specific criteria for selecting annotators, fo-
cusing on those with a requisite level of expertise.
We engaged the Upwork platform to identify suit-
able candidates, stipulating prerequisites such as
residency in English-speaking countries (specifi-
cally the USA, UK, Australia, or Canada), min-
imum educational attainment of a bachelor’s de-
gree, and prior experience in data annotation or
linguistics-related roles. The ultimate selection of
our expert candidates comprised individuals with
backgrounds as writers, journalists, and profes-
sional text data annotators.

C Case Study
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Article ID 36043765 AVG. Score
Human A seal found tangled in nets on an Aberdeenshire beach has been 1.0
returned to the sea.
GPT-4 Scottish SPCA rescues and frees a heavily netted grey seal at Cruden 3.0
Bay, preventing potential lethal injuries.
BARTgpr A large seal entangled in netting at Cruden Bay was rescued by the 33
Scottish SPCA and safely released.
PEGASUSgpr | Scottish SPCA rescued a grey seal from Cruden Bay with a large net 3.0
tangled around its neck, releasing him unharmed.
BRIO¢gpr A grey seal entangled in heavy netting at Cruden Bay was rescued 4.6
by the Scottish SPCA and released unharmed.
Table 8: Case study on XSum
Article ID 38537698 AVG. Score
Human The reaction from BT’s investors told us much about media regulator 1.6
Ofcom’s ruling on the fate of Openreach, the BT subsidiary that
provides much of the UK’s broadband infrastructure.
GPT-4 BT’s shares surged after Ofcom ruled out a company break-up due to 3.3
practical challenges, including a complex pension scheme and legal
obstacles, potentially leading to future operational conflicts.
BART;pr Ofcom’s Sharon White admits BT’s potential break-up faces practical 4.3
hurdles due to land deals, pension scheme complexities, and potential
conflicts over Openreach’s ownership and governance.
PEGASUSgpr | BT shares rise 3% after Ofcom’s decision not to break up the com- 3
pany, citing pension issues and land deals.
BRIO¢gpr Ofcom postpones BT’s break-up due to pension scheme and land 2.6

deals, prompting plans for separation and potential conflicts of inter-
est.

Table 9: Case study on XSum
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Article ID

eel7dfb574feca82ccac5689595e47483bd23112

AVG. Score

Human

London’s Metropolitan Police say the man was arrested at Luton
airport after landing on a flight from Istanbul. He’s been charged
with terror offenses allegedly committed since the start of November.

1.0

GPT-4

British man, Yahya Rashid, 19, faces terror charges upon his UK
return from Turkey. Arrested at Luton airport, he’s accused of prepar-
ing and aiding terrorist acts from November to March. Rashid will
appear in court in Westminster.

2.6

BARTpr

Yahya Rashid, a 19-year-old from northwest London, was charged
with terror offenses after his arrest at Luton airport on his return
from Turkey. He faces charges of terrorism preparation and aiding
acts of terrorism between November 1 and March 31, with a court
appearance set for Wednesday.

5.0

PEGASUSGpr

Yahya Rashid, a 19-year-old from London, was charged with terror-
ism offenses at Luton Airport after returning from Turkey. He faces
charges of preparing acts of terrorism and assisting others to commit
terrorism.

2.6

BRIO¢pr

19-year-old Yahya Rashid, a UK man, was charged with terror of-
fenses after his arrest at London’s Luton airport after his return from
Turkey. He faces charges for planning and aiding acts of terrorism
between November 1 and March 31, with his court appearance set
for Wednesday.

3.6

Table 10: Case Study on CNNDM.
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