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Abstract

In recent years, prompting has become a mainstream
technique for querying language models in natural
language generation tasks such as machine trans-
lation, question answering and document summa-
rization. In document summarization in particular,
prompts have been used to control aspects of the pre-
dicted summary (e.g., style and length) and generally
improve its quality. However, all the prompt-based
summarization approaches proposed to date rely on
significant manual design effort or annotation of ad-
ditional training data. For this reason, in this paper
we propose a novel approach for document summa-
rization – nicknamed automatic prompt generation
(APG) – allowing the model to learn to simultane-
ously generate its own prompts and the predicted
summaries without the need for any supplementary
annotations. This capability has been achieved by
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augmenting the training data with sets of keywords
automatically extracted from the input documents
with an off-the-shelf, unsupervised keyword extrac-
tor, and generating the prompts directly from the
hidden states of the model’s encoder. The proposed
approach has been evaluated over five, diverse sum-
marization datasets, showing that its performance
has proved higher than that of many baseline mod-
els, including a state-of-the-art large language model,
with increases of up to +9.50 ROUGE R1 pp over
BART-base, and +4.02 FBERT score pp over GPT-4o
mini, as well as evidence of improved generalization.

Summarization, document summarization,
prompting, prompt generation, keyword extrac-
tion, language models, LLMs.

1 Introduction

Document summarization is a key field of natural
language processing (NLP) that aims to convey the
salient points of a given text document into a con-
cise summary. At large, summarization is typically
achieved in either of two ways: extractive, which se-
lects and copies verbatim extracts from the docu-
ment into the summary [1, 2], and abstractive, which
is a more “human-like” approach where the sum-
mary is allowed to use its own wording and phras-
ing [3–5]. While in the early days the simpler, ex-
tractive approach was the only feasible, the contin-
uous progress in deep learning, datasets and compu-
tational resources have made it possible for summa-
rization to become increasingly abstractive and all
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the more effective.
Among the recent, key developments in NLP tech-

nology, prompting occupies a special place as a core
functionality of breakthrough generative models such
as GPT [6], LaMDA [7] and PaLM [8]. In the jargon
of generative models, the term “prompting” refers to
the manual provision of a sequence of tokens to the
model to trigger its response: for instance, a ques-
tion to generate an answer, or a dialogue turn. In
the context of abstractive summarization, providing
a prompt to a summarization model can, in princi-
ple, be used to guide the summary toward certain
themes, lexical choices, style, and even to focus on
certain parts of the input document [9].
However, while prompting has a remarkable po-

tential for abstractive summarization, it is in no way
obvious how the prompts should be constructed and
how they should fit within the overall model. This
compounds with other, general challenges still affect-
ing the performance of summarization models such
as, for instance, the variable amounts of available
training data in different domains. In particular,
when the training data are limited, the models risk
overfitting the provided reference summaries, and
consequently impinging on the ability to generalize
and faithfully summarize new documents [10]. For
these reasons, the main goal of our paper is to ex-
plore the use of prompting to improve the perfor-
mance of summarization models across different do-
mains, without requiring extra annotated data be-
yond the standard human-annotated summaries pro-
vided as references.
The key idea of our approach is to learn to gener-

ate functional prompts for the summarization model
jointly with the training of the model itself. The
learning of the prompts is supported by the addi-
tional input of a set of keywords extracted from the
input document by a fixed, unsupervised keyword ex-
tractor. The intuition behind the provision of these
keywords is to “anchor” the generated summary more
firmly to the content of the input document, prevent-
ing overfitting the reference summaries during train-
ing and encouraging generalization. However, rather
than utilizing the keywords directly in the genera-
tion stage, we allow the model to learn functional
prompts from them, concurrently with the genera-

tion of the summary. Notably, the keyword extractor
does not require training or adaptation to the vary-
ing domains, resulting in a versatile, overall approach
that can be seamlessly employed for summarization
in any domain without the need for additional train-
ing data. Overall, the key contributions of our paper
include:

• An original model for document summarization
that leverages automatically-generated prompts
to improve the predicted summaries.

• A novel training approach that uses a set of key-
words extracted from the original document to
train the model to simultaneously generate the
prompts and the summaries.

• Experimental results over five datasets from
three different domains (news, headline gener-
ation and dialogue) showing that the proposed
approach has been able to significantly improve
performance with respect to several strong base-
lines, and provide improvements and better gen-
eralization in the vast majority of cases.

The rest of this paper is organized as follows: Sec-
tion 2 reviews the related work, while Section 3
presents the proposed approach. In turn, Section
4 describes the experimental set-up, while Section 5
presents and discusses the results. Finally, Section 6
summarizes the conclusions from our work.

2 Related Work

In recent years, prompting has become a promi-
nent focus for natural language processing research,
with the augmentation of Transformer-based lan-
guage models [11] with several, different styles of
prompts for a variety of tasks [12]. In very general
terms, a prompt can be any sequence of tokens that is
used to induce a response from the model and is kept
distinct from its conventional input. Example of uses
of prompts include task selection (e.g., prompting a
multi-task model to perform a specific task), ques-
tions to obtain an answer, sentences to be translated,
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Figure 1: Overall view of the proposed APG model. NB: the model’s encoder operates as both document
encoder and prompt generator. The prefix vector, s = (s1, s2, . . . , sN ), is prepended to the input document,
x = (x1, x2, . . . , xL), to be encoded jointly, and the decoder’s first N hidden states are used to generate
the latent prompt, z = (z1, z2, . . . , zN ). The prompt is then passed to the decoder as its first N input
tokens. During training, the ground-truth summary, y = (y1, y2, . . . yM ), is prepended with N pre-extracted
keywords, k = (k1, k2, . . . , kN ), which encourage the model to learn to generate effective prompts. At
inference time, 1) the encoder encodes the prepended input document and generates the latent prompt, 2)
the first N tokens output by the decoder are discarded, and 3) those from position N + 1 to the end of the
prediction are retained as the predicted summary.

topics for generation of essays, and so forth [13, 14].
Prompts have also been used as special control signals
to modify or improve the performance of NLP models
on individual predictions [15]. In particular, for doc-
ument summarization, prompting has been utilized
in several different manners which we briefly review
hereafter [6, 16–21].

Prompt-based approaches differ along several di-
mensions. The first is the placement of the prompts
within the Transformer’s architecture: added to the
encoder only [22], to the decoder only [9], or instead
to both the encoder and the decoder [15, 17, 19]). A
second dimension is whether the prompts are gener-
ated manually by the user (as in the vastly popular
ChatGPT1) [12] or automatically by the model, typ-
ically after a learning stage (prompt learning) [23].
A last, main dimension is whether the prompts con-
sist of ordinary, discrete tokens (“hard” prompts) [22]
or, instead, word embeddings or other, similar nu-
merical vectors (“soft” prompts) [15]. A common
conversation around both soft prompts and learned
hard prompts revolves around their interpretability

1https://openai.com/blog/chatgpt/

[18, 24–26], with the general consensus being that
such prompts cannot be interpreted meaningfully by
humans. However, despite their lack of explicit in-
terpretability, learned prompts have given ample evi-
dence of their ability to control and improve the pre-
dictions made by language models.

In summarization, prompts have been used as an
additional training signal to improve certain aspects
of the generated summary [9, 22, 27, 28]. In partic-
ular, [9] has leveraged entity chains extracted from
the input document by a separate entity extractor
for guiding the decoder to generate summaries with
larger numbers of relevant entities. In turn, [27]
has proposed controlling other aspects of the gen-
erated summaries, including their length, style and
the portion of the input documents to pay atten-
tion to. The length and style controls are obtained
by prepending special tokens to the input document,
while the portion control is obtained by inputting
both the original document and the attention part
separated by a special marker. To make the prompt
generation more flexible, CTRLSum [22] has pro-
posed utilizing an ad-hoc keyword extraction step
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to obtain discrete keywords to prepend to the input
document. In this way, the generation of keywords
can be specialized for the particular task at hand.
To strike a balance between the influence of the key-
words and that of the input document on the gener-
ated summaries, CTRLSum uses “keyword dropout”
that consists of randomly removing keywords dur-
ing training to correspondingly reduce their influence.
Eventually, Lotus [28] has proposed learning latent
prompts during training by minimizing their diver-
gence with manually-annotated control signals. At
inference time, the trained model is able to auto-
generate suitable prompts for the given input doc-
uments.

More recently, large language models have become
a staple in many NLP tasks, with users becoming
adept at a field known as ”prompt engineering”. This
allows the model to maximize the most out of a user’s
well-defined prompt to solve, as effectively as possi-
ble, the task at hand [20,21].

However, all these approaches require considerable
extra annotation effort compared to conventional
summarization, either for supplying the model’s
training with “gold” prompts, or to separately train
dedicated entity and keyword extractors. By con-
trast, the rationale for the proposed approach is to
provide a more versatile model that can feed the key-
words from an off-the-shelf, statistical-based keyword
extractor that requires neither training nor super-
vision. In addition, the keywords are only needed
at training time while the model learns to gener-
ate its own prompts. At inference time, our sum-
marization model operates without the need for any
external module (trained or untrained) or manual
prompts, and is therefore completely equivalent to,
and interchangeable with, a conventional summariza-
tion model.

3 The Proposed Approach:
Automatic Prompt Genera-
tion

Let x = (x1, x2, . . . , xL) represent the sequence of to-
kens of an input document, and y = (y1, y2, . . . , yM )

be the sequence of tokens of its ground-truth sum-
mary, typically with M ≪ L. The summarization
model is a conventional Transformer comprising of
standard encoder and decoder modules [11]. Let us
now introduce a prefix vector of chosen length N ,
s = (s1, s2, . . . , sN ), just consisting of a sequence of
constant, notional tokens (in our implementation, we
have set them all to token <s>). This prefix vector is
prepended to the input document:

x′ = s⊕ x (1)

and jointly processed by the model’s encoder to ob-
tain a vector, h, of N corresponding hidden states.
The encoder is then augmented with a “head” over
the given vocabulary to generate N tokens, z =
(z1, z2, . . . , zN ), one per hidden state. The genera-
tion can be described as follows: let us assume D to
be the size of a hidden state and V that of the vo-
cabulary, and refer to the model’s token embedding
matrix of size V × D as E. We then form the logit
matrix, Eh, of size V ×K and choose the K tokens
that maximize its columns:

z = argmax
(1...V )K

(Eh) (2)

The generated tokens are used to prompt the
model’s decoder, i.e to form the sequence of its firstN
input tokens. Given their placement at the beginning
of the decoder’s input, such prompt tokens are able
to influence the generation of all the decoder’s output
tokens, including those that will form the actual, pre-
dicted summary. The question is then: how can the
encoder learn to generate a useful vector of prompt
tokens? To this aim, we propose leveraging a pre-
computed vector ofN keywords, k = (k1, k2, . . . , kN ),
extracted from the input document by an external,
unsupervised keyword extractor. During training,
the k keywords are prepended to the ground-truth
summary, y:

y′ = k ⊕ y (3)

to become the target of the model’s training objec-
tive:
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argmax
θ

( N∑
t

log pθ(kt|z<t, x
′)+

M∑
t

log pθ(yt|y<t, z, x
′)
)

(4)
In this way, the model is able to learn to simulta-

neously generate the keywords (first N tokens) and
the actual summary (from the N +1-th token to the
N +M -th token) based on the prepended input doc-
ument and the prompt. In turn, this training objec-
tive influences the encoder by backpropagation and
its updated parameters will lead to the generation
of different prompts. Empirically, we have observed
that this training objective converges stably irrespec-
tive of both the initialization and the training data.
At inference time, the first N tokens output by the
decoder are simply discarded, and the subsequent to-
kens retained as the predicted summary. Fig. 1 shows
an overall view of our model.

3.1 Automatic Keyword Extraction

To obtain the target keywords for each input doc-
ument, we utilize an unsupervised, lightweight key-
word extractor, YAKE!, which is able to select the
most relevant keywords of a document based on the
word statistics of the document itself [29]. The ex-
traction is performed with a five-step approach in-
cluding: preprocessing and candidate term identifi-
cation, feature extraction, term scoring, n-gram gen-
eration and candidate keyword scoring, and, finally,
de-duplication and ranking. Unlike other statistical
methods (e.g., TF-IDF), YAKE! does not require a
reference document corpus and claims to be able to
support texts of different sizes, domains or languages.
We refer the reader to [29] for more details.
Other works have used various keyword or entity

extractors to control summarization [22, 28, 30, 31].
However, all those approaches expect the extractors
to be trained with specific training data. Conversely,
YAKE! is an unsupervised and untrained approach
which can be used on any document. This dispenses
with the need to train the extractor for any new do-
main or dataset, and also removes a potential source
of overfitting. More so, it removes the need for any
extra manual annotation (keywords, entities, gold

signals), making the proposed approach applicable
off-the-shelf to any existing summarization dataset.

In summary, during the training stage our model
aims to learn to generate the prompt based on 1) the
input document and 2) the training signal provided
by the reference summary and a set of keywords ex-
tracted by an unsupervised keyword extractor. At
inference time, the model is able to generate both
the prompt and the summary automatically. Given
the pivotal role played by the prompt, we refer to the
proposed approach as automatic prompt generation
(APG) for document summarization.

4 Experiments

4.1 Datasets

We have carried out a set of experiments over five
datasets across three different domains: two news
summarization datasets, CNN/DailyMail [4] and
XSum [32]; two dialogue summarization datasets,
SamSum [33] and DialogSum [34]; and a headline
generation dataset, AESLC [35]. The main statis-
tics of these datasets are provided in Table 14 in Ap-
pendix .8, including the number of samples and the
average token lengths of the input documents and the
reference summaries. We have reported these statis-
tics directly from the original papers where available,
and otherwise computed them ourselves using the
NLTK tokenizer. Based on these values, we have ad-
justed the maximum output length for the predicted
summaries to correspond approximately with the av-
erage length of the reference summaries. In addition,
since the majority of the datasets have an average in-
put document length below 512 tokens, we have lim-
ited the input length for all datasets to 512 tokens.
Lastly, since keyword extraction can be performed
prior to summarization, we have pre-extracted and
tokenized all the keywords once and for all using
the keyword extractor described in Section 3.1. The
datasets are identical to those that are publicly avail-
able, and our experiments can be easily reproduced
using the scripts provided in our GitHub repository2.

2We release our code to permit complete repro-
ducibility of our experiments at: https://github.com/
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4.2 Models and Training

To limit the computational load and energy con-
sumption of our experiments, we have selected a
Transformer of limited size, BART-base [36], as our
baseline. We have trained this baseline with a con-
ventional negative log-likelihood objective, stopping
training when a standard convergence criterion based
on the validation performance was met, or the max-
imum number of training epochs was reached. We
have built our model over this baseline and compared
its performance with it. In addition, we have com-
pared the performance with an off-the-shelf, state-
of-the-art summarizer based on T5-base [37] which
is a comparable, yet slightly larger, pre-trained lan-
guage model often used in summarization tasks. We
have also included in the performance comparison a
replicated version of CTRLSum [22] which can be re-
garded as a state-of-the-art representative of the cate-
gory of the prompt-based summarizers. For its train-
ing, we have used the configuration described in the
original paper with the exception of a) the number
of keywords extracted in the preprocessing step, b)
the training time, and c) the underlying Transformer
model. To strike an approximate parity and make
the results more immediately comparable, we have
set the maximum number of extracted keywords to
10 as in our APG model, set the same training time,
and used BART-base as the underlying Transformer.
As the last fine-tuned summarizer, we have included
prompt tuning [18], re-implemented using the same
BART-base model and number of prompt tokens as
our APG approach. The original paper [18] suggested
re-using the pre-trained model’s parameters and fine-
tuning the prompt embeddings alone. However, for
a fairer comparisons with the other models, we have
allowed updating all of the model’s parameters. Our
final baseline is a contemporary, 8B-parameter large
language model, GPT-4o mini3, which offers marked
performance improvements compared to its predeces-
sor GPT-3.5, at a significantly cheaper price point4.
We have used this LLM with four manual prompt-

jacob-parnell-rozetta/apg
3https://openai.com/index/

GPT-4omini-advancing-cost-efficient-intelligence/
4https://openai.com/api/pricing/

ing variations to explore its performance potential;
in specific, our prompting methods include:

• Direct: directly asking the LLM to summarize
the input document.

• YAKE!: an approach which adds the same
YAKE! keywords used by APG as part of the
prompt to help inform the summary generation.

• Self-Extract: an approach which expects the
LLM to generate the keywords before generating
the summary.

• In-Context: in-context learning with a
document-summary pair from the training set
in the prompt to provide context, before the re-
quest to generate the summary.

All details are provided in Appendix .1.

To evaluate our results, we report the F1 vari-
ants of the ROUGE score [38] (noted as R1, R2,
and RL hereafter) and the F1 variant of BERTScore
[39] (FBERT ) averaged over three independently-
initialized training runs. The ROUGE scores have
been used almost universally in literature to evaluate
the performance of dialogue summarization. How-
ever, they are not able to properly score desirable
linguistic features of the summaries such as, for in-
stance, the use of synonymy and paraphrasing, and
capture shortcomings such as factual inconsistency
[24]. For these reasons, in the evaluation we have
included BERTScore, which is based on word em-
beddings and is able to better assess the semantic
content of the summaries.

When we use these metrics to score the predicted
summaries, we exclude the first N generated tokens
that correspond to the prompt slots, and use the re-
maining for scoring. In addition, all the performance
differences between the proposed approach and the
compared models have been tested for statistical sig-
nificance using a non-parametric bootstrap test [40].
All other hyperparameters used for the training con-
figurations are presented in Appendix .1.
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5 Results

Table 1 show the main results grouped by domain:
news summarization comprising of CNN/DailyMail
and XSum, dialogue summarization comprising of Di-
alogSum and SamSum, and headline-generation com-
prising of AESLC, in order. The notations used in
the tables are as follows: (∗) refers to our replicated
CTRLSum model that uses BART-base for compa-
rability, and therefore not values reported from the
original paper; (∗∗) denotes the T5 model. This
model always deteriorated in validation performance
after the first epoch, hence we report its best results
prior to deterioration; (†) refers to statistically sig-
nificant differences with respect to the BART-base
baseline with a p-value < 0.01 [40]; and (‡) with a
p-value < 0.05. The best scores of each configura-
tion are highlighted in boldface. For brevity, in this
section, we only report the In-Context and YAKE!
variants of our GPT-4o mini baselines as these are
the most relevant to our approach, while the results
for the other two prompting methods are presented
in Table 13 in Appendix .6.

News summarization. The proposed approach
has been able to achieve the best ROUGE and FBERT

scores for CNN/DailyMail, and the best FBERT score
for XSum. In contrast, the replicated CTRLSum
model has achieved the best ROUGE R1 and RL

scores on XSum, while prompt tuning has achieved
very strong ROUGE scores across both datasets.
However, the proposed approach has clearly outper-
formed all the others in terms of FBERT score. Such a
disagreement between ROUGE and FBERT scores is
remarkable, as it seems to suggest that the proposed
approach has been capable of producing the most
semantically-relevant summaries. In turn, the results
for GPT-4o mini have been interesting (with a clear
edge for the In-Context prompting), yet markedly
lower than the fine-tuned baselines and the proposed
approach.

Dialogue summarization and headline-
generation. In dialogue summarization, the
proposed approach has achieved the best scores
with the SamSum dataset, while the T5 model
has achieved the best scores for DialogSum (ex-
cept ROUGE R1). However, the performance

improvements obtained by the proposed approach
for SamSum have been much more substantial,
with an increase of +5.30 pp in ROUGE R1 over
the BART baseline, and marked increases also in
the other scores. In turn, prompt tuning has been
able to achieve the second-best scores with both
SamSum and AESLC. Yet, its results have been
below those of the proposed APG approach for all
datasets and metrics. In the case of GPT-4o mini
with In-Context prompting, the results have been
roughly comparable with those of the CTRLSum
baseline (even surpassing it in some metrics), yet
still lower than those of all the other fine-tuned
approaches. The proposed approach has been able to
achieve by far the best scores also for AESLC, with
an improvement of +9.50 pp in ROUGE R1 over the
BART baseline and more than +10 pp in ROUGE
R1 over all prompting variations of GPT-4o mini.

Overall, the proposed approach has obtained the
best scores in 14 cases out of 20. While the BART
baseline, the T5 model and the prompt tuning ap-
proach have performed competitively on the whole,
the replicated CTRLSum model has reported disap-
pointing results over the DialogSum, SamSum, and
AESLC datasets, suggesting that more adaptations
would be required to make it perform well also in
these domains. For fairness, we acknowledge that
the original CTRLSum paper used a larger under-
lying model (BART-large, with 406M parameters vs
the 139M of BART-base), and was able to obtain sub-
stantially higher accuracies compared to its BART-
large model baseline when given enough training
time. However, its modest performance with BART-
base in all our experiments is somehow surprising.
Its scores not only have been worse than those of
the proposed model for four datasets out of five, but
also of those of the BART baseline. However, it is
possible that CTRLSum may require much longer
training times to reach an effective parametrization,
and to this aim we report further experiments in Ap-
pendix .2. Overall, it seems that the proposed APG
model presents a smaller optimization problem and
is able to train effectively in approximately the same
number of training iterations as its BART baseline.
For prompt tuning [18], we have also repeated the
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experiments with a different initialization technique
proposed in the original paper, where the embeddings
of the prefix tokens are initialized with the embed-
dings of actual tokens sampled from the top-5000
tokens in the vocabulary. However, the model per-
formed generally worse, as shown by Table 11 in the
Appendix. In addition, we have carried out an experi-
ment over the SamSum dataset increasing the prompt
length to 50 and 100 tokens. The results in Table 10
show that this has not been able to improve perfor-
mance. Lastly, we certainly cannot exclude that the
performance of GPT-4o mini could be improved with
a range of other techniques such as larger numbers
of examples, chain-of-thought guidance, or retrieval-
augmented generation. However, the difference in its
parameter size with the proposed APG model is dras-
tic (139M parameters vs. estimated 8B parameters;
more than 57x), highlighting its remarkable perfor-
mance.

5.1 Qualitative Analysis

To further explore the performance of the proposed
approach, Table 2 shows a qualitative example for
each of the datasets from BART, GPT-4o mini and
APG. Correct predictions, incorrect predictions/in-
complete sentences, and entities retrieved from the
input document have been highlighted in green, red,
and blue, respectively (the comments in the accompa-
nying text and captions allow for color-blind compre-
hension). In addition, we report the FBERT scores of
the predictions and the prompts generated by APG.
These examples show quite conspicuously that the
APG approach has generally led to better summaries.
News datasets. In the case of the CNN/Daily-

Mail dataset, the qualitative differences are slight,
which would justify the modest score improvements
of Table 1; however, a noticeable change is the in-
clusion of the token “Spaniard” in the summary pre-
dicted by APG, which is a key piece of information
present in the input document, yet absent from the
reference summary. In the case of the XSum dataset,
the BART baseline has produced a relatively short
summary that is factually incorrect with respect to
the reference, while the summary generated by APG
has been much more faithful (as highlighted by the

entities in green/light font) and has retrieved an ex-
tra entity from the input document (“one-bedroom
flats”), showing that the prompt has had a positive
impact on summary generation. In turn, GPT-4o
mini has produced a grammatically-poor summary,
with several incorrect predictions and/or incomplete
sentences (highlighted in red). Of all the compared
approaches, prompt tuning appears to be the most
comparable with APG, given the frequency of faith-
ful terms relative to incorrect predictions.

Dialogue and headline-generation datasets.
Similar comments can be addressed to the example
from the DialogSum dataset, where the anonymized
tokens generated by the BART, prompt tuning, and
GPT-4o mini baselines (“#Person 1#”) have instead
been recovered as correct named entities by APG. In
addition, APG has been able to include another infor-
mative entity (“Saturday”) that is present in the in-
put document, but missing from the reference, giving
further evidence to the information transfer permit-
ted by the prompting mechanism. In a similar man-
ner, GPT-4o mini has improved information quality
in this summary by including the statement regarding
concerns around “work-life balance”. Lastly, APG
has included the invitation’s acceptance mentioned
in the reference. Also for the last two datasets, Sam-
Sum and AESLC, APG has been able to produce
informative summaries as opposed to the wholly in-
correct summaries of the BART baseline. In turn,
prompt tuning has generated some unfaithful terms
for SamSum, while being somewhat aligned to the
APG-generated summary for AESLC. GPT-4o mini
has also tended to over-generalize, particularly for
AESLC, where it has failed to keep the generated
summary to a length comparable to that of the ref-
erence summary.

For completeness, all the examples also show the
prompt for the decoder that was automatically gener-
ated by the proposed APG model. Patently, none of
the prompts carry any meaning for humans. This is
in line with the recent literature which has reported
the lack of interpretability of automatically generated
prompts [26]. However, despite the lack of meaning
for humans, it appears that the prompts, together
with their hidden states and self-attention weights in
the relevant slots of the decoder, have been able to
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provide a useful amount of information toward the
prediction of the actual summary [25]. This is tes-
tified by both the qualitative improvements in the
summary’s content and the noticeable increases in
FBERT score.

5.2 Human Evaluation

Following [41, 42], we have also conducted a small-
scale human evaluation over 20 randomly-extracted
samples from the CNN/DailyMail dataset, for both
the BART baseline and our proposed APG approach.
Three annotators have blindly assessed the generated
summaries based on the two dimensions of fluency
and conciseness, with a scoring over a 5 point Likert
scale, from 1 (worst) to 5 (best). The results in Ta-
ble 3, averaged across the three annotators for both
evaluation dimensions, show that APG has been the
preferred method, mildly outperforming BART by as
much as +0.14 pp.

In addition, to evaluate the inter-annotator agree-
ment, we have counted how many times each anno-
tator preferred the prediction of the proposed model
over the baseline’s. For the conciseness dimension, all
three annotators preferred the proposed model in 15
out of 20 cases. For the fluency dimension, two an-
notators preferred the proposed model 17 times out
of 20, while the other preferred it 11 times out of 20.
Overall, we believe that there is sufficient consensus
to state that the proposed model outperformed the
BART baseline in this evaluation.

5.3 Factuality

Another interesting performance dimension for a
summarizer is factuality, which quantifies the ability
of a summary to reflect the facts in the input docu-
ment [43]. To evaluate the factuality of the proposed
approach, in this section we carry out an analysis
with two dedicated metrics. The first is FactCC [44],
a news-based factuality metric that is able to assess
the factuality of summaries in the news domain. The
second is FactKB [45], a general-purpose factuality
metric that leverages a language model pre-trained
with a bespoke factuality-based objective. For these

reasons, we have measured FactCC only over the CN-
N/DailyMail and XSum datasets, while we have mea-
sured FactKB for all of them; the results over the test
sets are reported in Table 4. The results seem to con-
firm that the use of keywords in the proposed APG
approach allows it to remain more factually grounded
to the input documents.

5.4 Keyword Density Analysis

In this section, we attempt to explore possible reasons
for the noticeable difference in performance across the
different domains, and in particular why the improve-
ment with the proposed approach has been much
more pronounced for certain datasets. To this aim,
we have set to measure the “density” of the keywords
present in the predicted summaries compared to that
of the ground-truth references. Previous work has
shown that documents tend to display an “inverted
pyramid structure”, with a higher keyword density
in the beginning portions of the document, and de-
creasing thereafter [46]. Our empirical observations
with the keywords extracted by YAKE! have con-
firmed this trend for both the documents and their
ground-truth summaries, and we expect that a good
predicted summary should reflect it to a large extent.

The results are reported in Fig. 2, which plots
the keyword density produced by the BART and
APG models with the CNN/DailyMail and Sam-
Sum datasets, along with the keyword density of the
ground-truth summaries, split along the successive
parts of the summary (0-10%, 10-20% etc). As a
preliminary observation, the keyword density for the
ground-truth summaries in Fig. 2 shows the decreas-
ing trend that we had expected. For the CNN/Dai-
lyMail dataset (Fig. 2a), the behaviors of the BART
baseline and APG have both been very similar to that
of the ground truth, and this might be an underly-
ing justification for their limited performance differ-
ences in Table 1. Conversely, for the SamSum dataset
(Fig. 2b) the BART baseline has not been able to
include a large number of keywords in the critical
first 10% of its summary, while APG has included an
amount that is very comparable to that of the ground
truth. This alignment between the ground truth and
our APG model could be a possible explanation for
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(a) (b)

Figure 2: Keyword density for the ground-truth, BART and APG summaries along the various parts of the
summary for the CNN/DailyMail (left) and SamSum (right) test sets. The summaries have been split into
bins of 10% of their length, and the keyword density averaged across the entire test set.

its much larger performance gap over the BART base-
line on this dataset. At the same time, it can also be
read as an overall validation for our intuition of using
keywords to guide the training of our model.

5.5 Comparison With Direct Key-
word Prompting

The proposed approach uses the keywords extracted
from the training documents to train the model to
generate effective summarization prompts. A logical
question could be whether the keywords themselves
could perform as an effective prompt if directly used
as input for the decoder; an approach that we re-
fer to as “direct keyword prompting” hereafter. To
probe this, we have carried out an experiment where
the model’s decoder has been prompted with the
keywords extracted from the input document dur-
ing both training and inference, and everything else
has been kept identical to the BART baseline. Table
5 reports the results over the validation split of the
CNN/DailyMail dataset, showing that the direct key-
word prompting approach has performed poorly not
only compared to the proposed approach, but also to
the plain BART baseline. Results over other datasets

and splits have shown a very comparable trend, and
for this reason we have not pursued this approach
further.

5.6 Cross-Dataset Analysis

In this analysis, we explore the ability of the pro-
posed APG approach to generalize to other datasets
from within the same domain (e.g., news to news,
dialogue to dialogue). We regard this as a very de-
sirable property of a summarization model which can
give evidence to its learning of the specific semantic
and syntactic properties of a given domain and ro-
bustness beyond a specific dataset. To this aim, Ta-
ble 6 reports the average of the ROUGE scores (R1,
R2, RL) along with the FBERT score for cross-dataset
experiments with APG and the BART baseline. The
results show that the proposed APG approach has
been able to obtain a higher average ROUGE score
in three out of four configurations and higher FBERT

scores in all tested combinations. In addition, while
the scores are obviously lower than those from the
within-dataset experiments reported in Tables 1 and
1, there is no evidence of performance collapse.

In particular, the DialogSum-trained APG model
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has reported very high ROUGE and FBERT scores
when tested on the SamSum dataset. This may
be partially explained by the fact that DialogSum
is composed of real-life spoken dialogues [34], which
are arguably complex and should generalize well to
other dialogue datasets. However, the APG approach
has generalized much better than the BART baseline
(+4.53 pp ROUGE and +1.32 pp FBERT ), thanks
to the extra information provided by the prompt.
Conversely, the XSum-trained models are the only
case where the ROUGE score of the BART baseline
has been higher than that of APG. We attribute this
to the abstractive nature of the XSum dataset cou-
pled with the influence of the prompt, which may
have increased the use of synonyms and paraphrases
in the APG’s predictions, and, as a consequence,
slightly decreased their literal matches with the refer-
ence summaries. This attribution is confirmed by the
fact that the FBERT scores are comparable, showing
that there has been no drop in the APG’s semantic
summarization capabilities also in this case.

6 Conclusion

This paper has proposed a novel, prompt-based ap-
proach for document summarization – automatic
prompt generation, or APG — which is able to
automatically generate a suitable prompt from the
model’s encoder and use it to influence the de-
coder’s predicted summary. The prompt generation
is learned concurrently with the summary prediction
during the training stage by augmenting the refer-
ence summaries with a set of keywords extracted from
the input document with an off-the-shelf, unsuper-
vised keyword extractor. Experimental results over
five, diverse summarization datasets in the news, di-
alogue and headline-generation domains have showed
that the proposed APG approach has, in most cases,
achieved higher scores than strong baselines (BART,
T5, CTRLSum and GPT-4o mini), with increases of
up to +9.50 ROUGE R1 pp over BART-base and
+4.02 FBERT score pp over GPT-4o mini. A quali-
tative analysis, a small-scale human evaluation, and
a factuality analysis have all confirmed that APG has
been able to generate more informative and factual

summaries than the baselines, and experiments car-
ried out over cross-dataset configurations have given
evidence of its improved within-domain generaliza-
tion ability. Given that the performance differences
across domains remain significant, as an area of possi-
ble, future research we aim to explore adaptations of
the prompt generation mechanism that can explicitly
target reductions of such a performance gap.
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[30] E. Çano and O. Bojar, “Keyphrase generation:
A text summarization struggle,” in Proceedings
of the 2019 Conference of the North Ameri-
can Chapter of the Association for Computa-
tional Linguistics: Human Language Technolo-
gies, Volume 1 (Long and Short Papers), (Min-
neapolis, Minnesota), pp. 666–672, Association
for Computational Linguistics, June 2019.

[31] H. Li, J. Zhu, J. Zhang, C. Zong, and X. He,
“Keywords-guided abstractive sentence summa-
rization,” in AAAI Conference on Artificial In-
telligence, 2020.

[32] S. Narayan, S. B. Cohen, and M. Lapata, “Don’t
give me the details, just the summary! topic-
aware convolutional neural networks for extreme
summarization,” in Proceedings of the 2018 Con-
ference on Empirical Methods in Natural Lan-
guage Processing, (Brussels, Belgium), pp. 1797–
1807, Association for Computational Linguis-
tics, Oct.-Nov. 2018.

[33] B. Gliwa, I. Mochol, M. Biesek, and A. Wawer,
“SAMSum corpus: A human-annotated dia-
logue dataset for abstractive summarization,” in
Proceedings of the 2nd Workshop on New Fron-
tiers in Summarization, (Hong Kong, China),
pp. 70–79, Association for Computational Lin-
guistics, Nov. 2019.

[34] Y. Chen, Y. Liu, L. Chen, and Y. Zhang, “Di-
alogSum: A real-life scenario dialogue summa-
rization dataset,” in Findings of the Association
for Computational Linguistics: ACL-IJCNLP
2021, (Online), pp. 5062–5074, Association for
Computational Linguistics, Aug. 2021.

[35] R. Zhang and J. Tetreault, “This email could
save your life: Introducing the task of email sub-
ject line generation,” in Proceedings of the 57th
Annual Meeting of the Association for Compu-
tational Linguistics, (Florence, Italy), pp. 446–
456, Association for Computational Linguistics,
July 2019.

[36] M. Lewis, Y. Liu, N. Goyal, M. Ghazvinine-
jad, A. Mohamed, O. Levy, V. Stoyanov, and
L. Zettlemoyer, “BART: Denoising sequence-
to-sequence pre-training for natural language
generation, translation, and comprehension,” in
Proceedings of the 58th Annual Meeting of the
Association for Computational Linguistics, (On-
line), pp. 7871–7880, Association for Computa-
tional Linguistics, July 2020.

[37] C. Raffel, N. Shazeer, A. Roberts, K. Lee,
S. Narang, M. Matena, Y. Zhou, W. Li, and P. J.
Liu, “Exploring the limits of transfer learning
with a unified text-to-text transformer,” 2020.

[38] C.-Y. Lin, “ROUGE: A package for automatic
evaluation of summaries,” in Text Summariza-
tion Branches Out, (Barcelona, Spain), pp. 74–
81, Association for Computational Linguistics,
July 2004.

[39] T. Zhang, V. Kishore, F. Wu, K. Q. Weinberger,
and Y. Artzi, “Bertscore: Evaluating text gen-
eration with bert,” in International Conference
on Learning Representations, 2020.

[40] R. Dror, G. Baumer, S. Shlomov, and R. Re-
ichart, “The hitchhiker’s guide to testing sta-
tistical significance in natural language process-
ing,” in Proceedings of the 56th Annual Meet-
ing of the Association for Computational Lin-
guistics (Volume 1: Long Papers), (Melbourne,
Australia), pp. 1383–1392, Association for Com-
putational Linguistics, July 2018.

[41] J. Zhu, Q. Wang, Y. Wang, Y. Zhou, J. Zhang,
S. Wang, and C. Zong, “NCLS: Neural cross-
lingual summarization,” in Proceedings of the
2019 Conference on Empirical Methods in Nat-
ural Language Processing and the 9th Interna-
tional Joint Conference on Natural Language

14



Processing (EMNLP-IJCNLP), (Hong Kong,
China), pp. 3054–3064, Association for Compu-
tational Linguistics, Nov. 2019.

[42] J. Wang, F. Meng, D. Zheng, Y. Liang, Z. Li,
J. Qu, and J. Zhou, “Towards unifying multi-
lingual and cross-lingual summarization,” in
Proceedings of the 61st Annual Meeting of the
Association for Computational Linguistics (Vol-
ume 1: Long Papers) (A. Rogers, J. Boyd-
Graber, and N. Okazaki, eds.), (Toronto,
Canada), pp. 15127–15143, Association for
Computational Linguistics, July 2023.

[43] A. Pagnoni, V. Balachandran, and Y. Tsvetkov,
“Understanding factuality in abstractive sum-
marization with FRANK: A benchmark for fac-
tuality metrics,” in Proceedings of the 2021 Con-
ference of the North American Chapter of the
Association for Computational Linguistics: Hu-
man Language Technologies, (Online), pp. 4812–
4829, Association for Computational Linguis-
tics, June 2021.

[44] W. Kryscinski, B. McCann, C. Xiong, and
R. Socher, “Evaluating the factual consistency
of abstractive text summarization,” in Proceed-
ings of the 2020 Conference on Empirical Meth-
ods in Natural Language Processing (EMNLP),
(Online), pp. 9332–9346, Association for Com-
putational Linguistics, Nov. 2020.

[45] S. Feng, V. Balachandran, Y. Bai, and
Y. Tsvetkov, “FactKB: Generalizable factual-
ity evaluation using language models enhanced
with factual knowledge,” in Proceedings of the
2023 Conference on Empirical Methods in Nat-
ural Language Processing (H. Bouamor, J. Pino,
and K. Bali, eds.), (Singapore), pp. 933–952,
Association for Computational Linguistics, Dec.
2023.

[46] W. Kryscinski, N. S. Keskar, B. McCann,
C. Xiong, and R. Socher, “Neural text sum-
marization: A critical evaluation,” in Proceed-
ings of the 2019 Conference on Empirical Meth-
ods in Natural Language Processing and the
9th International Joint Conference on Natural

Language Processing (EMNLP-IJCNLP), (Hong
Kong, China), pp. 540–551, Association for
Computational Linguistics, Nov. 2019.

[ ]Jacob Parnell received a B.Sc de-
gree in Astrophysics and a B.Phil degree in Planetary
Science from Macquarie University, Sydney, in 2018
and 2019 respectively. At the end of 2023, he com-
pleted his PhD in Natural Language Processing from
the University of Technology Sydney. Currently, he
is a data scientist and NLP researcher at RoZetta
Technology in Sydney, Australia, and an Adjunct Re-
search Fellow at the University of Technology Sydney.
His research interests include document summarisa-
tion and NLP more broadly, and the intersection of
quantum mechanics with machine learning.

[ ]Inigo Jauregi Unanue received
the BEng degree in telecommunication systems
from University of Navarra, Donostia-San Sebastian,
Spain, in 2016, and the PhD degree in natural lan-
guage processing from University of Technology Syd-
ney in 2020. From 2014 to 2016, he was a research
assistant at Centro de Estudio e Investigaciones Tec-
nicas (CEIT). Currently, he is a natural language pro-
cessing and machine learning researcher at RoZetta
Technology in Sydney, Australia. His research in-
terests include machine translation and low-resource
natural language processing.

[ ]Scott Matthews has more than
25 years’ industry experience in data science across

15



the property, insurance, marketing and market re-
search sectors. He leads the Data Science team at
RoZetta Technology which develops innovative an-
alytical solutions across a diverse range of industry
problems. Prior to joining RoZetta Technology, Scott
was the Head Architect of Analytics at CoreLogic
Australia. Scott is interested in the application of
NLP, in particular entity identification & linking, and
document summarisation, to large scale text process-
ing problems faced in industry. He is a passionate
supporter of RoZetta Technology’s PhD program and
has co-supervised a number of candidates as an indus-
try partner with Prof. Massimo Piccardi from UTS.
Scott received BAppSci (Hons 1) degree from CSU in
1995 majoring in Mathematics and Statistics.

[ ]Massimo Piccardi (SM’05) re-
ceived the MEng and PhD degrees from the Univer-
sity of Bologna, Bologna, Italy, in 1991 and 1995,
respectively. He is currently a Full Professor of com-
puter systems with University of Technology Sydney,
Australia. His research interests include natural lan-
guage processing, computer vision and pattern recog-
nition and he has co-authored over 180 papers in
these areas. Prof. Piccardi is a Senior Member of the
IEEE, a member of its Computer and Systems, Man,
and Cybernetics Societies, and a member of the In-
ternational Association for Pattern Recognition. He
presently serves as an Associate Editor for the IEEE
Transactions on Big Data.

Table 1: Quantitative results over five summarization
datasets

Model
CNN/DM

R1 R2 RL FBERT

CTRLSum∗ 38.71 16.54 26.79 88.01
T5∗∗ 31.14 13.21 23.57 87.71
BART 39.92 17.91 27.25 88.95
Prompt tuning [18] 40.12 18.11 27.52 88.70
GPT-4o mini (In-Context) 34.00 11.65 20.64 87.05
GPT-4o mini (YAKE!) 35.39 12.81 21.60 87.27

APG 40.29‡ 18.14 28.02† 89.05†

Model
XSum

R1 R2 RL FBERT

CTRLSum∗ 40.80 15.88 30.85 89.66
T5∗∗ 30.34 9.74 24.18 89.87
BART 37.62 15.44 29.88 90.69
Prompt tuning [18] 38.26 16.08 30.80 90.51
GPT-4o mini (In-Context) 21.92 4.74 14.91 86.96
GPT-4o mini (YAKE!) 21.29 4.28 14.31 86.73

APG 37.61 15.50 30.32† 90.98†

Model
DialogSum

R1 R2 RL FBERT

CTRLSum∗ 33.76 7.95 26.18 89.10
T5 41.89 16.61 34.31 91.36
BART 41.19 16.05 33.58 90.72
Prompt tuning [18] 41.69 16.24 33.75 90.31
GPT-4o mini (In-Context) 32.65 10.82 24.83 89.42
GPT-4o mini (YAKE!) 26.83 8.18 19.85 87.15

APG 42.05† 16.38† 34.04† 91.16†

Model
SamSum

R1 R2 RL FBERT

CTRLSum∗ 35.44 11.32 27.91 87.48
T5 40.39 18.78 33.78 90.65
BART 41.79 19.61 33.65 90.71
Prompt tuning [18] 43.19 20.68 34.25 90.57
GPT-4o mini (In-Context) 39.09 15.70 30.38 90.53
GPT-4o mini (YAKE!) 32.55 12.01 24.59 89.39

APG 47.09† 22.19† 38.54† 91.92†

Model
AESLC

R1 R2 RL FBERT

CTRLSum∗ 3.91 0.98 3.87 82.99
T5 18.87 8.26 18.72 86.80
BART 20.09 9.02 19.87 74.24
Prompt tuning [18] 22.47 10.37 22.04 78.61
GPT-4o mini (In-Context) 18.26 7.36 16.69 84.59
GPT-4o mini (YAKE!) 12.28 4.73 11.08 84.25

APG 29.59† 15.75† 28.96† 88.29†
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Table 2: Qualitative examples over the five summarization datasets
.

CNN/DM

Reference: Chelsea beat Stoke 2-1 in Premier League at Stamford Bridge on Saturday. Cesc
Fabregas’ nose was left bloodied after tussle with Charlie Adam. Midfielder showed off injury as
he posted picture to Instagram after game. Fabregas joked that he might finally be able to get
his nose fixed.
BART: Cesc Fabregas was caught in the face by Charlie Adam’s flailing arm. The Chelsea
midfielder was left with a bloody nose and requiring treatment. Fabregas also took a whack on
his leg during the clash on Saturday. Chelsea extended their lead at the top of the Premier League
to seven points. (FBERT : 89.56)
Prompt tuning: Cesc Fabregas was caught in the face by Charlie Adam’s flailing arm. The Spain
international was left bloodied after being caught by a flailing leg. Fabregas took to Instagram to
show off the nasty-looking gash on his nose. Chelsea extended their lead at the top of the Premier
League to seven points. (FBERT : 89.36)
GPT-4o mini (In-Context): Cesc Fabregas showcased a significant gash on his nose after a
clash with Charlie Adam during Chelsea’s 2-1 victory over Stoke City. The win allowed Chelsea
to extend their lead at the top of the Premier League to seven points, but came at a cost for
Fabregas, who was left bloodied from the incident. He shared a photo of his injury on Instagram,
humorously suggesting he might finally get his nose fixed. This is not the first time Fabregas has
dealt with a nose injury, as he previously suffered a broken nose while playing for Spain in 2008.
(FBERT : 89.94)
APG: Cesc Fabregas was caught by Charlie Adam’s flailing arm during Chelsea’s 2-1 win against
Stoke City on Saturday. The Spaniard was left bloodied after being caught by Adam’s arm.
Fabregas also took a whack on his leg during the clash on Saturday night. Chelsea extended their
lead at the top of the Premier League to seven points. (FBERT : 90.21)
(prompt: ributedributedributedributedributedributedributed)

XSum

Reference: There is a “chronic” need for more housing for prison leavers in Wales, according to
a charity.
BART: housing for ex-offenders who are homeless is “chronic”, according to a charity which
helps people find accommodation. (FBERT : 90.95)
Prompt tuning: housing for ex-offenders who are homeless in Wales has been a ”desperate
need” for more than 1,000 new one-bedroom flats, a charity has said. (FBERT : 91.36)
GPT-4o mini (In-Context): got a roof over your head,” he said. Prison Link Cymru reported
a significant number of referrals in 2015-16, with many ex-offenders struggling to find housing
for extended periods. The charity argues that investing in housing solutions would be more cost-
effective than incarcerating homeless repeat offenders. Despite the Welsh (FBERT : 86.23)
APG: Prison leavers are being asked to consider moving to one-bedroom flats in Wales to help
them deal with homelessness. (FBERT : 91.45)
(prompt: jugjugjugjugjugche)

DialogSum

Reference: Frank invites Betsy to the party to celebrate his big promotion. Betsy couldn’t wait
for the party.
BART: #Person1# tells Frank that #Person1# got a promotion and invites him to a party.
(FBERT : 89.33)
Prompt tuning: #Person1# tells Frank #Person1 #’ll throw a big party for all of #Person2#’s
friends on Saturday (FBERT : 85.40)
GPT-4o mini (In-Context): #Person1# has received a promotion and is planning a big
party for 150 friends, inviting #Person2# to attend. #Person1# expresses excitement about
the promotion, which allows them to afford a new house, but worries about work-life balance.
#Person2# looks forward to the celebration. (FBERT : 87.62)
APG: Frank tells Betsy he got a promotion and invites her to a party on Saturday. Betsy accepts.
(FBERT : 93.24)
(prompt: 3000 far roll NA farput far far far far)

SamSum

Reference: Mike took his car into garage today. Ernest is relieved as someone had just crashed
into a red Honda which looks like Mike’s.
BART: car was stolen by someone. (FBERT : 87.01)
Prompt tuning: parked his car on his street today. Someone crashed into a red honda. (FBERT :
89.98)
GPT-4o mini (In-Context): Ernest informs Mike that a red Honda, similar to his, was crashed
into, but Mike is relieved as he parked his car in the garage. (FBERT : 91.39)
APG: Mike parked his car in the garage today. Someone crashed into a red honda. (FBERT :
92.28)
(prompt: class class class class class coach ; ; ; ))

AESLC

Reference: Relocation
BART: BS (FBERT : 86.50)
Prompt tuning: BS relocation policy (FBERT : 87.57)
GPT-4o mini (In-Context): UBS Relocation Policy and Repayment Agreement Instructions
(FBERT : 87.89)
APG: UBS relocation policy (FBERT : 89.71)
(prompt: eemilusilus Nessilusilus surely surely surely surely)
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Table 3: Human evaluation results

Model Conciseness Fluency

BART 3.02 3.93
APG 3.15 4.07

Table 4: Factuality evaluation with FactCC and Fac-
tKB

Model CNN/DM XSum DialogSum SamSum AESLC

FactCC

BART 0.43 0.23 - - -
APG 0.47 0.24 - - -

FactKB

BART 0.97 0.24 0.54 0.41 0.29
APG 0.97 0.26 0.58 0.71 0.45

Table 5: Comparison with direct keyword prompting
over the CNN/DailyMail dataset

Model R1 R2 RL FBERT

BART 40.84 18.60 27.92 88.97
Direct keyword prompting 39.71 17.54 27.25 87.97
APG 41.30 18.91 28.25 89.05

Table 6: Cross-dataset analysis over news and dia-
logue
dataset pairs

Dataset Pairs Avg. ROUGE FBERT

BART

CNN/DM — XSum 11.35 86.11
XSum — CNN/DM 13.57 86.00
SamSum — DialogSum 20.76 87.65
DialogSum — SamSum 21.36 88.73

APG

CNN/DM — XSum 11.64(+0.29) 86.28(+0.17)

XSum — CNN/DM 12.69(−0.88) 86.09(+0.09)

SamSum — DialogSum 21.72(+0.96) 88.42(+0.77)

DialogSum — SamSum 25.89(+4.53) 90.05(+1.32)
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.1 Model Hyperparameters

The baseline Transformer used in this work is BART-
base [36]. This model has approximately 139M pa-
rameters, and the addition of the linear layer for ex-
panding from the hidden state size, D, to the vocab-
ulary size, V , to generate the prompt tokens (Eq. 2)
adds an additional 38.6M parameters. As optimizer,
we have used Adam with its default hyperparameters
and a learning rate of 3× 10−5.

For the T5 model, we have used T5-base [37]. This
model is larger than BART-base, with approximately
247M parameters. For training, we have used the
AdamW optimizer with its default hyperparameters
and a learning rate of 3× 10−4.

Both the BART and T5 model implementations
have been built on top of PyTorch Lightning5. The
full lists of the hyperparameters is shown in Table 7.
Where applicable, (*) denotes early stopping which
is enforced if the monitored metric does not improve
over two consecutive epochs. By default, the moni-
tored metric is the validation loss.

For the replicated CTRLSum model we have used
its original Fairseq6 implementation and the hyper-
parameters shown in Table 8, with the aim to com-
pare it with the other models in the fairest way pos-
sible. All other hyperparameters have been kept to
their default values from the original paper [22] and
GitHub repository7. In addition, we report the max-
imum number of training steps used for the various
datasets, which correspond to exactly the same train-
ing times used for training the proposed APG model
in PyTorch Lightning.

For the implementation of GPT-4o mini, we have
used the OpenAI platform between the 30th of July
and the 2nd of August 2024. Below, we detail more
formally the structure of the four prompting varia-
tions we have utilized in our GPT-4o mini baselines.
In the case of the In-Context approach, we have used
the same document-summary pair (as a representa-
tive of the training set) in the prompt for each exam-
ple generated in the test set.

5https://github.com/PyTorchLightning/

pytorch-lightning
6https://github.com/facebookresearch/fairseq
7https://github.com/salesforce/ctrl-sum

Table 7: Training and evaluation hyperparameters.

Hyperparameter
Value

BART T5

Learning Rate 3× 10−5 3× 10−4

Training Epochs∗ 20 20
Batch Size 8 8
Beam Size 1 8
Optimizer Adam AdamW
β1 0.9 0.9
β2 0.999 0.999
Warm-up 1000 1000
Weight Decay 0.00 0.01

GPT-4o mini

Temperature 0.7
Max Tokens Dataset dependent
Frequency Penalty 0.0
Logit Bias null
Log Probs False
N 1
Presence Penalty 0.0

Table 8: CTRLSum replication hyperparameters

Hyperparameter Value

Pre-Processing

Max Source Length 1024 tokens
Max Target Length *
Keyword Selection Threshold 0.1
Max # Keywords 10
Max # Sentences 3

Training

Max Steps Dataset dependent
Summarization Model BART-base

Inference

Sequence Tagger Model BERT-large-cased
Summarization Beam Size 1
Max Generation Length Dataset dependent

Maximum Number of Training Steps

CNN/DM 107,670 steps
XSum 127,510 steps
DialogSum 9,726 steps
SamSum 7,780 steps
AESLC 10,250 steps

1. Direct
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Prompt: Please summarize the

following text.

2. YAKE!

Prompt: Here is a list of

relevant keywords: {keyword_1 ,

keyword_2 , ..., keyword_n }.

Please use them to generate a

summary of the following text.

3. Self-Extract

Prompt: Please extract keywords

from the following text and

use them to generate a summary

. Do not return the keywords

in your response.

4. In-Context

Prompt: Here is an example of a

document -summary pair ,

enclosed in triple quotes:

"""[ DOCUMENT] {document} [

SUMMARY] {summary }""". Please

summarize the following text.

.2 CTRLSum: Performance vs.
Training Time

In this Appendix we explore the performance of the
replicated CTRLSum model as a function of the
amount of training time. To this aim, Fig. 3
shows the ROUGE scores of the replicated CTRL-
Sum model for an increasing number of training steps
for a) CNN/DailyMail and b) SamSum. For com-
parison, the horizontal dashed lines show the scores
obtained by APG, and the vertical black lines show
the number of training steps at which they were ob-
tained.
For CNN/DailyMail, the original paper [22] had

capped the training time of CTRLSum to 30,000
training steps, which for our replicated model with
BART-base has obtained modest evaluation scores,

Table 9: Examining the effect of prompt length on
validation
ROUGE and FBERT

N
CNN/DM SamSum

Avg. ROUGE FBERT Avg. ROUGE FBERT

5 29.54 89.15 36.86 92.00
10 29.71 89.19 37.07 92.07
15 29.38 89.09 36.68 92.01

as shown by the first data points in Fig. 3a. We can
see that also at a parity of training time the scores
of the replicated CTRLSum model have been worse
than those of APG. However, with increasing train-
ing steps they have eventually surpassed them (at
approximately 1.5x the training time).

For SamSum, in contrast, the scores of the repli-
cated CTRLSum model have not been able to surpass
those of the APG model even with an uncapped num-
ber of training steps, as shown in Fig. 3b. The per-
formance has plateaued after approximately 2x the
training time, showing no appreciable, further per-
formance gains. This shows that the performance
of the replicated CTRLSum model cannot always be
increased by extending its training beyond equiva-
lent parity. Therefore, the remarkably higher perfor-
mance of the proposed APG model has to be ascribed
to its different mechanism for generating the prompt.

.3 Impact of the Prompt Length

To explore the impact of the number of training key-
words and the consequent prompt length, Table 9
shows the average ROUGE scores and FBERT scores
for the proposed APGmodel over the validation splits
of the CNN/DailyMail and SamSum datasets (which
have been used for selecting all the hyperparameters).
The differences in scores are rather small, showing a
desirable insensitivity to this hyperparameter. How-
ever, 10 tokens have led to the best scores in all cases
and therefore have been used across all the experi-
ments.

In addition, we have explored the impact of in-
creasing the prompt length in the prompt tuning ap-
proach (the original paper [18] reported a best per-
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(a) (b)

Figure 3: ROUGE scores for CTRLSum for varying numbers of training steps for CNN/DailyMail (left) and
SamSum (right). ROUGE R1 is shown in red, R2 in blue, and RL in green. For comparison, the horizontal
dashed lines show the APG scores, and the vertical black lines are the number of training steps at which
they were achieved.

formance for 100). To this aim, we have iterated the
experiment on the SamSum dataset with a prompt
length of 10 (same as APG), 50, and 100. Table 10
shows that increasing the prompt length has actually
decreased the ROUGE scores, while the FBERT score
has only minimally improved.

Table 10: Prompt tuning with increasing prompt
length

Model R1 R2 RL FBERT

BART 41.79 19.61 33.65 90.71
Prompt tuning (N = 10) 43.19 20.68 34.25 90.57
Prompt tuning (N = 50) 42.68 20.37 34.49 90.62
Prompt tuning (N = 100) 41.98 20.32 34.09 90.64

APG 47.09 22.19 38.54 91.92

.4 Prompt Tuning: Random vs. Sam-
pled Initialization

Lester et al. in [18] have proposed two ways to ini-
tialize the embeddings of their prompt tokens: 1)
randomly or 2) by assigning them with the embed-
dings of actual tokens uniformly sampled from the

5000 most-frequent tokens in the vocabulary. For
comparison, we have repeated all experiments with
both initializations and reported the results in Ta-
ble 11. While the differences are rather small, it is
clear that the random initialization has performed
better across all five datasets, and for this reason we
have reported its results in the main paper. We also
note that BART’s vocabulary is only approximately
sorted in descending frequency order, so we have ap-
proximated the N most-frequent tokens with the top
N non-special tokens.

.5 Larger Model Experiments

All the results for the fine-tuned approaches pre-
sented in this paper have leveraged base-sized Trans-
former models, and it is impossible to extrapolate
them to larger models without a dedicated investi-
gation. As a small experiment, we have carried out
a run of APG and the BART baseline on the Sam-
Sum dataset by using the BART-large-CNN model8,
a BART-large model pre-trained on the CNN/Daily-

8https://huggingface.co/facebook/bart-large-cnn
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Table 11: Random vs. sampled embedding initializa-
tion

Model
CNN/DM

R1 R2 RL FBERT

Random 40.12 18.11 27.52 88.70
Top-5000 40.14 18.06 27.51 88.70

Model
XSum

R1 R2 RL FBERT

Random 38.26 16.08 30.80 90.51
Top-5000 37.99 15.80 30.43 90.37

Model
DialogSum

R1 R2 RL FBERT

Random 41.69 16.24 33.75 90.31
Top-5000 41.52 16.14 33.74 90.32

Model
SamSum

R1 R2 RL FBERT

Random 43.19 20.68 34.25 90.57
Top-5000 42.80 20.36 34.16 90.56

Model
AESLC

R1 R2 RL FBERT

Random 22.47 10.37 22.04 78.61
Top-5000 21.62 9.61 21.19 78.65

Mail dataset. The results, reported in Table 12, show
that, while the performance gap has significantly re-
duced, the proposed approach has still achieved over-
all better performance metrics. In addition, the ded-
icated pre-training with the CNN/DailyMail dataset
has proved counterproductive for performance, rather
than improving it, possibly due to the different char-
acteristics of these datasets.

Table 12: An experiment with a larger model

Model R1 R2 RL FBERT

BART (large) 40.49 19.97 31.96 89.19
APG (large) 42.60 20.71 33.54 89.41

.6 Additional Results for GPT-4o
mini

In Table 13 we provide the results for the other two
prompting variations of GPT-4o mini. The trends
are similar to those of the other two prompts, yet
less competitive in most cases.

Table 13: Additional results for GPT-4o mini

Model
CNN/DM

R1 R2 RL FBERT

GPT-4o mini (Direct) 34.95 12.37 21.60 87.39
GPT-4o mini (Self-Extract) 33.38 11.12 20.34 87.15

Model
XSum

R1 R2 RL FBERT

GPT-4o mini (Direct) 22.01 4.79 14.91 87.02
GPT-4o mini (Self-Extract) 21.53 4.49 14.52 86.99

Model
DialogSum

R1 R2 RL FBERT

GPT-4o mini (Direct) 28.95 8.72 21.66 87.72
GPT-4o mini (Self-Extract) 23.78 6.78 17.55 86.94

Model
SamSum

R1 R2 RL FBERT

GPT-4o mini (Direct) 34.71 12.71 26.30 89.86
GPT-4o mini (Self-Extract) 32.05 10.83 23.96 89.50

Model
AESLC

R1 R2 RL FBERT

GPT-4o mini (Direct) 12.14 4.56 10.81 84.32
GPT-4o mini (Self-Extract) 11.77 4.16 10.49 84.41

.7 Behavior of the Training Loss

The training loss presented in Eq. 4 is not strictly
monotonic since it is not possible to backpropagate
through the generated, discrete prompt tokens. For
this reason, we have recorded the values of the loss
using a logger (MLFlow9) and explored its behav-
ior. The results for CNN/DailyMail and SamSum are
plotted in Fig. 4, showing that the behavior has been
desirably smooth and decreasing for both datasets.
For clarity, the frequency of the logs has been set
to be approximately proportional to the maximum

9https://mlflow.org/
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Table 14: Main information of the datasets used in the experiments
(no mark: original paper; *: NLTK tokenizer)

Dataset Train Test Val Input Target Input Tokens Output Tokens Link

CNN/DM 287k 13.4k 11.5k 781 tokens 56 tokens 512 128 https://huggingface.co/datasets/ccdv/cnn_dailymail

XSum 204k 11.3k 11.3k 431 tokens 23 tokens 512 64 https://huggingface.co/datasets/xsum

DialogSum∗ 12.4k 1.5k 500 177 tokens 30 tokens 512 64 https://huggingface.co/datasets/knkarthick/dialogsum

SamSum 14.7k 819 818 121 tokens∗ 22 tokens∗ 512 128 https://huggingface.co/datasets/samsum

AESLC 14.4k 1.9k 1.9k 75 tokens 4 tokens 512 32 https://huggingface.co/datasets/aeslc

number of training steps, and we have skipped the
logging during the validation iterations. Hence, for
CNN/DailyMail the logging frequency has been much
higher than for SamSum and shows the plateauing of
the loss more neatly. However, in both cases the em-
pirical convergence is clearly visible.

(a) (b)

Figure 4: Training loss along the training iterations
for CNN/DailyMail (left) and SamSum (right).

.8 Dataset Links and Details

For reproducibility, Table 14 reports the statistics
pertinent to the specific datasets used in the paper,
the input and output tokens we cap the data to based
on those statistics which somehow reflects the average
lengths of their documents and reference summaries,
and the links to all the datasets which are available
via Hugging Face. For CNN/DailyMail, the version is
slightly edited from the original dataset due to errors
widely reported by the research community.
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