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In natural language generation, abstractive summarization (AS) is advancing rapidly due to transformer-based
language models (LMs). Although decoding strategies significantly influence generated summaries, their signif-
icance is often overlooked. Given the abundance of token selection heuristics and associated hyperparameters,
the community needs guidance to make well-informed decisions based on the specific task and target metrics. To
address this gap, we conduct a comparative assessment of the effectiveness and efficiency of decoding-time tech-
niques for short, long, and multi-document AS. We explore over 3,500 combinations involving three widely used
million-scale autoregressive encoder-decoder LMs, two billion-scale decoder-only LMs, six datasets, and nine
decoding settings. Our findings highlight that optimized decoding choices can lead to substantial performance
improvements. Alongside human evaluation, we quantitatively measure effects using ten automatic metrics, cov-
ering dimensions such as semantic similarity, factuality, compression, redundancy, and carbon footprint. To set
the stage for differentiable selection and optimization of decoding options, we introduce PRISM, a first-of-its-kind
dataset that pairs AS gold input-output examples with our LM predictions across a diverse range of decoding

options. The code and data are publicly available at https://github.com/disi-unibo-nlp/prism.

1. Introduction

Abstractive summarization (AS) is one of the most notable and chal-
lenging tasks of natural language generation (NLG), aimed at condens-
ing and rephrasing the main points of textual documents (Sharma &
Sharma, 2023). With the advent of transformer-based solutions, autore-
gressive language models (LMs) have repeatedly demonstrated their ca-
pabilities to generate human-like summaries (Zhang et al., 2022a). In
this rapidly evolving research area, the AS process is typically broken
down into two macro-steps: (i) training a neural network to estimate the
next-token probability distributions given the input and previously pre-
dicted output tokens, (ii) applying an decoding strategy to control how
tokens are selected and put together at inference time. Therefore, decod-
ing strategies are considered one of the most significant determinants
of AS output quality, also responsible for linguistic properties (Holtz-
man et al., 2020), prediction n-arity (Vijayakumar et al., 2018), re-
producibility (Xu et al.,, 2023), extrinsic hallucinations (Massarelli
et al., 2020; van der Poel et al., 2022), and low information coverage
(Meister et al., 2023).

* Corresponding author.

Unfortunately, up to now, AS contributions primarily rely on the
conservative use of default decoding settings inherited from previous
work (Shen et al., 2022). Sometimes, the choices of the decoding algo-
rithm are presented without much discussion (Guo et al., 2022; Zhang
et al.,, 2022b) or are omitted (Gonzalez et al., 2022). The lack of sys-
tematic practice in thoroughly examining the impact of decoding raises
concerns about its underestimation (Gong & Yao, 2023; Ji et al., 2023),
driven, among other things, by the increasing number of heuristics and
the complexity of text evaluation. Thus, researchers call for large stud-
ies to clarify the best decoding practices (Zarriel3 et al., 2021). In one
of the few available studies, (Meister et al., 2022) have shown that de-
coding methods exhibit various behaviors depending on the task. This
indicates that making general claims in favor of one approach over an-
other may lack a solid foundation. However, an in-depth examination
focused solely on AS is still pending.

Contributions. Our paper addresses this gap, performing the first side-
by-side investigation into the effect of decoding strategies for AS (Fig. 1),
which includes short, long, and multi-document settings. We extensively
evaluate 9 well-established decoding heuristics across 3 state-of-the-art
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Fig. 1. Conceptual division between modeling and decoding in the neural abstractive summarization pipeline (left). Decoding choices determine the predicted
summaries. The taxonomy (right) illustrates the decoding strategies assessed in this study; output n-arity refers to a single generation process.

representative encoder—decoder models and 6 widely used datasets from
different domains, exploring a broad spectrum of hyperparameters. In
addition to human assessment, we carefully select 10 widely-recognized
automatic evaluation metrics from the literature to rigorously exam-
ine the relationship between decoding strategies and summary quality.
Moreover, we judge efficiency by monitoring the carbon footprint and
inference time. Finally, we compare summarization behavior of stan-
dard small encoder—decoder models with recent open-source large lan-
guage models (LLMs).

To guide our investigation, we pose the following research questions:

¢ RQ1: Is there an absolute best decoding method for AS?

e RQ2: Are decoding methods sensitive to AS type?

¢ RQ3: To what extent does proper decoding affect LM metrics?

e RQ4: Which decoding method provides the best effectiveness-
efficiency trade-off?

¢ RQ5: Which hyperparameter values best suit a particular AS quality
attribute?

e RQ6: Do our findings from encoder-decoder models transfer to re-
cent decoder-only LLMs?

Overall, this work provides a blueprint for the effective use of de-
coding algorithms and helps AS practitioners make confident choices
that suit their needs. Our computational dedication shines through the
genesis of PRISM, an innovative dataset in which gold input-output AS
examples are accompanied by a large set of LM predictions and their de-
coding metadata. By aggregating token selections derived from multiple
decoding heuristics on top of the LM probability distributions, PRISM
introduces a significant opportunity in the literature. It pioneers the
prospect of training neural networks to replicate the non-differentiable
inner workings of decoding strategies. This is a considerable step to-
ward automatizing their choice and optimizing their hyperparameters
for a given benchmark, freeing users from the burdens of space explo-
ration. Broadly, PRISM unlocks new analysis possibilities, helping the
community refine the NLG metrics, devise new decoding strategies, and
approximate existing ones.!

2. Related work

Abstractive Summarization. Transformers have established a
strong foundation for AS (Kalyan et al., 2021), designing new large-
scale architectures (Chowdhery et al., 2023; Guo et al., 2022), atten-
tion mechanisms (Huang et al., 2021; Phang et al., 2023), and pretrain-
ing objectives (He et al., 2023; Wan & Bansal, 2022). Starting in 2019,

! Code, data, and predictions will be publicly released in case of acceptance
(CC-BY-NC-SA 4.0).
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Fig. 2. Annual rate SCOPUS comparison between conference papers on AS, de-
coding, their intersection, and LLMs. See Appendix A for exact search queries.

AS supports a continuous flow of 140+ yearly publications (Fig. 2).2
Many of these works show interest in decoding strategies (Ragazzi et al.,
2024a), referring to them in the title, abstract, or keywords (cf. the
blue line in Fig. 2). Significant progress has been achieved even in
low-resource (Moro & Ragazzi, 2022; Moro et al., 2023d) and multi-
document (Moro et al., 2022; Ragazzi et al., 2025) scenarios. The lat-
est trends consider the capture of structural properties for neural doc-
ument modeling (Cao & Wang, 2022) or knowledge injection (Frisoni
et al., 2022, 2023). Despite the progress, the need to choose a suitable
heuristic remains crucial, motivating our study. Regarding the training
modality, reinforcement learning sequence-level rewards have emerged
to directly optimize NLG metrics as an alternative to token-level training
signals (Frisoni et al., 2023; Ramamurthy et al., 2023). In contrast, this
work primarily focuses on popular million-scale encoder—decoder mod-
els trained under maximum likelihood regimes. Significantly, despite the
rise of decoder-only architectures driven by LLMs, recent findings con-
tinue to support the closer alignment of encoder—decoder models with
AS tasks (Fu et al., 2023).3

Decoding Studies. There is a significant lack of research on the gen-
erative effects governed by the available next-token selection strate-
gies. Previous work focused on improving understanding of decoding
strategies, providing general overviews (Zarriel et al., 2021), analyses
of human production variability (Giulianelli et al., 2023), or evalua-
tions related to open-ended generation with incomplete optimization
processes (Das & Balke, 2022; Holtzman et al., 2020; Su et al., 2022).
Only two systematic benchmarks focus on behavior differences between

2 We direct the interested reader to (Sharma & Sharma, 2023) and (Syed et al.,
2021) for a complete overview of the AS field.

3 Following a broad literature review, we prioritized the currently dominant
encoder—decoder models for AS. However, given the limited exploration of
billion-scale networks (15.8 % of works since 2020; see Fig. 2), we also included
a comparative analysis with recent, state-of-the-art decoder-only LLMs to assess
the transferability of our findings.
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tasks and output diversity (Ippolito et al., 2019; Meister et al., 2022).
Most comparative studies originate primarily from papers that intro-
duce novel decoding techniques to provide either theoretical justifica-
tion or empirical evidence for their effectiveness. In addition to the
widely adopted strategies such as greedy search, beam search, sampling,
and their parameterized variants (e.g., top-k, top-p), several alternative
paradigms have also been proposed in the literature. These include ap-
proaches that integrate learned discriminators into decoding procedures
to guide sequence generation toward human-like outputs, such as Dis-
criminative Adversarial Search (Scialom et al., 2020), or leverage struc-
tured search algorithms such as Monte Carlo Tree Search, as adapted
for NLG in cooperative decoding settings to balance exploration and ex-
ploitation (Scialom et al., 2021b). Although the selection of the decod-
ing strategy is widely known to be task-dependent, community efforts
primarily emphasize open-ended generation, leaving several questions
unanswered in application fields such as AS. In this area, Beam Search
is often treated as the de facto standard, with limited exploration of al-
ternative decoding strategies (Beltagy et al., 2020; Lewis et al., 2020;
Xiao et al., 2022). Despite the latest heuristics, we aim to reassess this
conventional approach. Furthermore, research efforts that already in-
corporate AS often draw task-level conclusions based on the analysis of
a single dataset and a limited research scope, using concise source doc-
uments for the sake of experimental speed (Meister et al., 2022; Su &
Collier, 2023). Additionally, efficiency data on runtime and CO, emis-
sions are rarely mentioned. To the best of our knowledge, we are the
first to (i) thoroughly examine the decoding results for AS in its vari-
ous forms with respect to input length and n-arity (i.e., number of input
documents to summarize), (ii) present findings and recommendations
based on a literature-supported grid search tuning for decoding hyperpa-
rameter spaces, and (iii) release a pioneering decoding-oriented dataset
that opens new research directions. Table 1 summarizes the extensive
scale of our analysis. Compared to previous work, our task-specific in-
vestigation is counterbalanced by the high diversity of heuristics and
their settings. In studies that developed a systematic benchmark for de-
coding heuristics, the exploration of hyperparameter space was notably
limited. Specifically, (Meister et al., 2022) tested 11 variants, while (Ip-
polito et al., 2019) examined only 9. In contrast, our research has signif-
icantly expanded this exploration, testing a total of 3532 combinations
of hyperparameters (see Table 3), which provides a more comprehen-
sive understanding and potentially more robust findings. Consequently,
we consider this paper to be the most extensive decoding study, particu-
larly with respect to the diversity of AS models evaluated. For example,
previous research by (Meister et al., 2022; Su et al., 2022), and (Su &
Collier, 2023) considered exclusively one AS model each: BART (Lewis
et al., 2020) and GpT-2 (Radford et al., 2019), respectively.

3. Method

Here, we detail the methodologies used in our study. We begin by
providing an overview of the investigated AS settings (Section 3.1) and
the role of decoding strategies within autoregressive summary genera-
tion (Section 3.2). Next, we outline the inclusion criteria for the decod-
ing strategies evaluated in our experiments (Section 3.3).

3.1. Preliminary

We define the problem of AS with the following setup. For single-

source tasks, the input is a document x = {x, ..., x|}, where each x; €
x is a token. For multi-source scenarios, the inputisaset C = {x,...,x,}
of documents.
Short Document Summarization (SDS). x is a brief text, generally
shorter than 1024 tokens, which is a hyperparameter representing the
typical input size for transformer-based LMs with quadratic complex-
ity (Lewis et al., 2020; Zhang et al., 2020).
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Long Document Summarization (LDS). The number of input tokens
can be very large (e.g., > 10,000). Quadratic LMs would ignore impor-
tant summary-worthy information, leading to quality degradation (Moro
& Ragazzi, 2023; Moro et al., 2023c). Therefore, they are replaced by ef-
ficient transformers with linear complexity that can process up to 16,384
tokens (Beltagy et al., 2020; Guo et al., 2022; Huang et al., 2021; Phang
et al., 2023).

Multi-Document Summarization (MDS). C is a set consisting of mul-
tiple documents related to a topic (e.g., newspaper articles detailing the
same recent event). Although there are some promising solutions for
handling document relationships (Li & Xu, 2023; Moro et al., 2023e), x
is generally created by concatenating the documents in C to form a sin-
gle long textual input (DeYoung et al., 2021; Xiao et al., 2022), treating
the summarization problem as in LDS.

3.2. Probabilistic summary generation

We consider autoregressive encoder—-decoder models, with trainable
weights 6, that define the conditional probability p,(y|x) of a summary
¥y =1{y1,....¥}y} given a variable-length input sequence x. Depending
on the AS setting, the tokens in x originate from one or more source
documents, while the tokens in y are drawn from a finite vocabulary
V. The output space of possible summaries is Y := {BOSovoEOS | v €
V*}, where o denotes string concatenation and V* is the Kleene closure
of V; valid outputs are enclosed by special tokens “begin-of-sequence”
and “end-of-sequence.” The models follow a local normalization scheme,
factorizing the probability of y as follows:

1yl
poy10) =[] e | %, ¥ @

=1
where each p,(-|x,y,,) is a distribution over V := VU {EOs} and y, :=
BOS. Commonly, weights 6 are learned by minimizing cross-entropy loss
L(6,C) between predicted tokens and ground-truth ones in a training
corpus C (negative log-likelihood under p). To penalize overconfident
output and combat overfitting, £ can be enhanced by label smoothing,
redistributing a certain probability mass of the true token uniformly
across all other tokens (Gao et al., 2020). In our setting, the purpose
of decoding is to generate a summary hypothesis, y*. Ideally, it should
be defined as the one that maximizes the conditional probability, y* =
argmax ey pp(y|x). This optimization problem is known as maximum a
posteriori. As the number of summaries in the symbolic space increases
as |V|I?l, the exact search is NP-hard. Moreover, even if a solution were
feasible, it would be far from high-quality text (Eikema & Aziz, 2020).
Thus, decoding is approximated with heuristic methods.

3.3. Decoding strategies

We test the full range of heuristics supported by HuggingFace as of
April 2023,* except those aimed at forcing or excluding the generation
of specific tokens, which are outside the scope of our AS study. Such al-
gorithms can be configured to satisfy different needs of NLG and fall into
two main categories: deterministic and stochastic. The first category opti-
mizes for summary continuations with high probabilities, while the sec-
ond introduces an element of randomness into the generation process.
Table 2 presents our decoding landscape. Note that all algorithms termi-
nate when y, or the hypotheses in Y, reach EOS for some ¢ < max _length.
We do not consider other early stopping rules because they do not affect
the quality of generation (Meister et al., 2020).

4. Experimental setup

We plan a series of generative experiments (S, D, M), where S;, de-
notes a decoding strategy with fixed hyperparameters, D is the dataset

4 https://huggingface.co/docs/transformers/internal/generation_utils


https://huggingface.co/docs/transformers/internal/generation_utils

Neural Networks 196 (2026) 108249

G. Frisoni et al.

*(dnSLMay Mau “°§9) ISIMIBYIQ = ¥ ‘SpoyIdW 3uTpodap dredwod 0} YIewWyduUaq dnewa)sAs e Sursodord uo pasndoy uonedrqng = A |
"UONEZIIPWIUING JUSWNDOJ-NNA = SO ‘UONBZIIPWWNG JUSWNI0( SUOT = ST ‘UOHeZLIBWIWNG

JuduMd0( MOYS = SAS ‘UoneIdusn apo) = H) ‘Buruonden afew] = DI ‘UoneIBUID AI01S = DS ‘UoneIAULY dnJo[eIq = D ‘UONB[SUBL], SUNPER = LN ‘Uoneisusn papug-uado = HIO ,,
‘go-3urnd juopuadop-Adonus = 4 ‘sjySiom uoneuUIqUOd IBUI] = /v ‘SUOTIRIII JO JAqUINU = ! ‘doIS W) Yok Je PIapIsuod sasaypodAy jusred doy = 275 ‘s19)SnId JO AqUINU = 2 VS[OU

wopuel [9A3-19podap = %o ‘sdnoid-qns jo qunu = |3| ‘Aieuad A1S19AIP = v ‘Qanseswr AIsIOAIP = Vv ‘sjood s1epIpued 3undses 10j spioysery) d/y-doy = d/y ‘ermersdwe) = 2 ‘9zIs weaq = q |

sumuny ‘Adeinqie) ‘4-a103S19vd
‘QIN NN ‘uorssardwion ‘Aysuag  ‘98e SAN
A 100D ‘Axopdiad  9100S1MHd  ‘ADNOY ‘SAT ‘SAS

8090702 d [09° " 0¢ ‘0T OuoN] 3 ¥ {0'1‘6'0°80} D 2 ¢

1)

Sy ez} 2 azisTweidu uonnadar ou
Sy ez} D azisTwrerdu uonnadar ou
Spc g} o azisTurerdu uonnadar ou
S‘p¢ 7} 3 azisTweidu uonnadar ou
Spi¢ g} 2 azisTurerdu uonnadar ou
Spc g} o azisTurerdu uonnadar ou
S ‘v ¢z} D azisTweidu uonnadar ou
Sy ¢z} D vzisTweidu uonnadar ou

{0070 200°0 60000 ‘9000°0 ‘€000°0} > & ¢
6 =dorreTlag”

[09° " “0c‘0z1 2 ¥ {0'1°60°80} 22 ¢

{01°60°8°0} 2

‘€7l29=13] o1 $0°T0l > v ‘Sunuwey =y ¢
[ore¢cl=aq

[T %0T0l 2009 ‘00Tl 2 ¥

{s ¢z} 2 azis"werdu uonnadar ou

Burpdures 4
Burpdures ureag
Burpdures d-dog,
Burdures ¥-doj,

Burydureg

DIB9S Wedq 9SISAIQ
yoIeas uwreag

DIB9S 9ANISEIUOD

Apaa1n smQ

LN
DULIAYOD WS ‘HANVIN “AId ‘DD ‘SAS
X INVYD-u ‘uonnaday ‘Aoemdoy ‘Aixsrdisd ‘Oq ‘OHO

s =d
0s=7
S60=12
for's'v} a9

A AN K ERA ] N4

/

Burpdures d-dog,
Burdures ¥-doj,
Burpdures [esrd4f,
UoIedS Ureag
[2Ie3S 9ATISEIIUOD

(2202 “Te 3@
Apsa1D NS €707 “IRI[0D B NS)

[$6'0° " *sT0SI°01 > 2

[08°09" " *0T'0'1] 2 ™™ {11160} 3 2 suBoy

[0T°660°6°0° " “1°0°0] 2 @ ‘[$'1° " 8°0°9°0] 3 2 suBo[ ‘9= ¢

[0'1°7°9°0 40 © 2 uonezIewwIoU [$°1 " ‘8°0‘9'0] 2 2 $130[ [0z “01° " ‘¥‘TI D ¢

syuerrep Supjuey + Surdures
[DdIeag 991], O[Ie) 9JUOA
21B9S Weaqg papmH-anfeA
yoIedg Weag

X 91005 L¥HE ‘NATE 1IN / Apaa1n (1202 “[e 19 puo[qaT)
{or°Lo's0} o2 Surdwreg
s=101=¢ DIB9S Wedq dANRId]
€=231=¢ yoreas weag Jurdde) S-dog,
c=201=9 U2Ie9S Weag Palalsn[)
e0="1=9 yo1eds Weag avdN
01 =9=18| ‘g0 = v ‘Suruwrey = y U2Ie9S Wedq 9SISAIQ
Vol ADIdS “U-LNA ‘U-18Id ‘Ayxa[diad oI ‘Oa 01=9 yoress weag (6107 “Te 30 orjodd)
¢g =d urdures d-dog,
0c=1 Suridureg y-dog,
/ Burrdures
¢=¢q =8| ‘4’0 =y ‘Sunuwrey = vy Y2IB9S Wredq 9SIDAIQ
{or's}oq [oIeag weag
s
uonnadoy NATIJIPS "AId NVED-¥ 4-INE ‘DA ‘SAS
A U-ISIA 1dNATE ‘ADN0Y¥ IANOD ‘NATd ‘LN ‘DIO / YoI1eag Apea1n  (2z0Z T 10 I9ISPIA)

[$60°60° " ‘C0‘T0]2d~
TXS3Y

Burpdures d-dog,
Burdures ¥-doj,

[o1° " zoT0132 Surdureg
{91°8%} 249 {1895 wesq
JuRdY
X 320D jdiz ‘uonnadey ‘NHTE-JPS ‘Auxoldiod D30 / yo1eds ApaaId (0Z0T “Te 19 UBWZI[OH)
SAs SOOI LJIselL S1o1oweredodAy sa18ajengs Surpodsqg 221n0S

*sa13a3e13s SUIPOIAP UO NIom paje[a1 Jo uostreduwo)

1 9IqeL



G. Frisoni et al.

Table 2

Neural Networks 196 (2026) 108249

Summary of the decoding strategies benchmarked in this AS study. References occur in table are cited here (Su et al.,
2022) [36], (Lowerre, 1976) [55] (Vijayakumar et al., 2018) [4], (Graves, 2013) [56], (Fan et al., 2018) [57], (Han
et al., 2019) [58], (Holtzman et al., 2020) [3], (Caccia et al., 2020) [59], (Hewitt et al., 2022) [60].

DECODING STRATEGIES™"
Contrastive Search Beam Search
Greedy Search [36] [55]

It selects the most probable token at each ¢
(locally-optimal decision):

yr = argmax log py(y | X, y<)
yev

(fort > 0)

It extends Greedy Search by jointly
considering the model confidence (i.e.,
semantic coherence) and the similarity
w.r.t. the previous context:

v = argmax {(1 — @) X po(ylx, y<)
et

—a x (max{s(hy,hy): 1< j<t-1})}

(for t > 0)

VW is the set of top-k predictions from
the LM’s probability distribution (k € Z.).
The second term is a degeneration penalty
governed by @ € [0, 1]; it is calculated with
the cosine similarity s(-, -) between the
candidate representation £, and the prior
tokens. When a = 0, Contrastive Search
degenerates to Greedy Search.

A pruned breadth-first search algorithm
that expands the hypotheses in a greedy
left-to-right way, retaining the top-b
candidates at each #:

Y, = argmax S(Y;) (fors>0)

B, denotes all possible roll-out extensions
(y-roylyeVandy. €Yy}

S: Y — Ris ascoring function on YCY.
By default, S(Y) = ¥ ey log pa(y|x). y* is
chosen from the final set Y7.

Diverse Beam Search

[4]

Sampling
[56]

Top-k Sampling
[57]

In vanilla Beam Search, as 7 and b
increase, the candidate summaries of a
single beam gradually occupy the top
positions. This inner functioning results in
a high overlap among hypotheses that
often differ only by punctuation and slight
morphological variations [58], indicating
poor coverage of the search space. Diverse
Beam Search splits a beam into sub-groups
sequentially optimized and adds a penalty
in 8 to encourage inter-group dissimilarity:

S = ) log pa(yl)
yey

~12,8(-1%)

g'<g
Ay, Y,(g,)) is a diversity measure whose
strength is controlled by 4, and g is a
sub-group.
Top-p (Nucleus) Sampling
[3]

Instead of approximating y*, it makes a
random selection at each ¢, thus giving a
non-zero chance to every token following
the model distribution (~):

ye ~ po(lx,y<)  (for1>0)

Softmax can be re-calibrated through a
temperature parameter 7 € (0, 1]. By
decreasing 7 (1 = no effect), we skew the
distribution towards likely tokens and
reduce the mass in the unreliable tail:

exp(%)
% exp()

where u € U are logits.

Po(yIx, y<) =

Beam Sampling
[59]

It limits the sampling space to the top-k
probable tokens, regardless of the
distribution shape. Here, the decoding
maximizes:

D, Pullxy<)
)

where V0 c V.

1 Sampling
[60]

Instead of assuming a fixed-sized shortlist,
it dynamically expands and contracts the
candidate pool according to the shape of
the distribution (e.g., fewer contenders if
sharp). When many next tokens are
plausible, the allowed set reflects that.
Formally, it samples from the smallest
subset of tokens whose cumulative
probability mass exceeds a chosen
threshold p € (0, 1]:

D POy = p

yev»

It is a variant of Beam Search where, at
each ¢, the b next tokens for constructing 8
are sampled conditioned on the current
hypotheses (no local optimum).

It samples tokens above an
entropy-dependent probability threshold to
avoid unnecessary cutting-offs. Eligible
tokens come from:

vy € VIpsOlx.y<) > n}

n = min (e, @ exp(—eyy_,))
where exp(—ey,y.,) is the expected next
token probability given the entropy ey,
scaled by a constant a. To expose a single
hyperparameter, « is set to ye. The
general principle is to only truncate tokens
whose probabilities are low relative to the
rest of the distribution or an absolute
threshold.

~ Basic notation. x = document(s), y = summary, § = model weights, t = decoding step, V=V U {gos},

Ppo = model probability distribution, Y/ = hypothetical summaries, b = beam size, y* = best summary.

= deterministic, « = stochastic.

that presents specific AS challenges and length constraints, and M is the
autoregressive LM. In total, we executed 3532 runs (see Table 3) over 81
GPU days. To the best of our knowledge, we conduct the most detailed
hyperparameter sweep in the NLG literature. We use grid search to si-
multaneously alter the generative variables of each heuristic, selecting
range values based on insights from previous studies (see Appendix B).
Environment. Inference runs are performed on a workstation that has 4
Nvidia GeForce RTX3090 GPUs with 24 GB of dedicated memory each,
64 GB VRAM, and an Intel® Core” i9-10900X1080 CPU @ 3.70GHz.
Our code is based on PyTorch 1.10.2 (Paszke et al., 2019), the Hugging-
Face Transformers (Wolf et al., 2019) and Datasets (Lhoest et al., 2021)
libraries. All decoding runs for autoregressive summary generation are
subject to the “generate ()” method of HuggingFace. We set the global

seed to 42 to ensure reproducibility. We tracked all our executions with
Weights & Biases® and monitored CO, emissions with CodeCarbon.® As
for LLMs, we leverage the vLLM (Kwon et al., 2023) library to accelerate
batched inference.

4.1. Datasets
We consider the test sets of 6 notable, English-language, domain-

specific, and open-access corpora, 2 for each AS family. Table 4 lists
dataset references.

5 https://wandb.ai
6 https://github.com/mlco2/codecarbon
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Hyperparameters for each decoding strategy. The total number of runs is 2656 for encoder-decoder models; 876 for decoder-

only LLMs.

HYPERPARAMS® Deterministic

Greedy |  Contrastive

| Beam Search | Diverse Beam Search

Stochastic
| Top-p ling | li

i | Top-k li 7 Beam

no_rep_ngram_size’
early_stopping v v
diversity_penalty
num_beams [2,3,...,10]
temperature
top_k

top_p
penalty_alpha

[2,3,...,10]
[20, 30, ..., 60]

0.{2,4,6,8}, 1.0
eta_cutoff

do_sample
# Encoder-decoder Runs 16% 400 144 720
# Decoder-only LLM Runs 12¢

0.{2,4,6,8}, 1.0

(2345}

0.(8,9),1.0 | 0.{8,9),1.0 0.{8,9}, 1.0
[20,30,...,60] | [/,20,...,60]

0.{4,6,8} 0.9

(4,2)x1073,
{9,6,3)x10
v v v v v
48 240 864 80 144
36 180 648

{...} =sets, [...] = series, v/ = true, / = none.

T Considered only for encoder-decoder models. orange and cyan initialization schemes are tested on 2 and 4 datasets, respectively.

# Encoder-decoder calculation example. Note that we test one specialized model for each dataset.
(2 no_rep_ngram_size settings X 2 datasets) + (3 no_rep_ngram_size settings X 4 datasets) = 16.
Decoder-only LLM calculation example. Note that we test two foundational non-specialized LLMs for each dataset.

2 models X 6 datasets = 12.

Table 4

List of the utilized datasets and relative length constraints.
Dataset URL Input Output

Max Len Min Len Max Len

XSum https://huggingface.co/datasets/xsum 1024 20 100
CNN/DM https://huggingface.co/datasets/cnn_dailymail 1024 20 100
PUBMED https://huggingface.co/datasets/ccdv/pubmed-summarization 4096 100 256
ARXIV https://huggingface.co/datasets/ccdv/arxiv-summarization 4096 100 256
MULTI-NEWS https://huggingface.co/datasets/multi_news 4096 100 256
MULTI-LEXSUM  https://huggingface.co/datasets/allenai/multi_lexsum 4096 50 256

e SDS. XSuM (Narayan et al., 2018), a dataset of 2010-2017 BBC ar-
ticles, designed for highly abstractive one-sentence summarization.
CNN/DM (Nallapati et al., 2016), a collection of reports from differ-
ent news outlets accompanied by short-sentence highlights written
by journalists.

e LDS. PUBMED and ARXIV (Cohan et al., 2018), two datasets of
lengthy and structured scientific papers along with their abstracts.

e MDS. MULTI-NEWS (Fabbri et al., 2019), composed of news arti-
cles and human-written summaries from newser.com, which aggre-
gates content from hundreds of US and international sources. MULTI-
LEXSUM (Shen et al., 2022), a collection of expert-authored sum-
maries of court documents from federal civil rights lawsuits. Given
the multi-granularity nature of summaries, we consider the D — S
task, i.e., synthesizing the source texts into a short summary.

Data Preprocessing. Following best practices in summarization dataset
building (Kornilova & Eidelman, 2019), our preprocessing pipeline in-
volves (i) lowercasing, (ii) ASCII encoding, (iii) removal of extra spaces,
URLSs, special characters, and bullet points, (iv) HTML cleaning, (v) dele-
tion of dash sequences, (vi) erasure of newlines and tabs, (vii) removal
of empty sentences and non-alphabetic starters, (viii) ensuring space be-
tween sentences, (ix) word contraction expansion, and (x) normalization
of quotes.

Data Sampling. Given the wide research space for decoding and eval-
uation, analyzing entire datasets is impractical due to computational
constraints. Thus, we consider a representative subset from each cor-
pus. A prudent preliminary step is to statistically determine the required
sample size to detect significant metric effects across decoding runs, if
they exist, with a specified degree of confidence (the metrics studied are
listed in Table 9). We conducted multiple power analyses to help ensure
that our study is neither underpowered (risking missing true effects)
nor overpowered (wasting resources on unnecessarily large samples). A
single analysis considers the following key concepts.

e Power level, the probability of correctly rejecting the null hypothesis
when it is false. In our study, the null hypothesis is that there is no
significant difference in performance between two decoding strate-

gies for a given metric. For example, “There is no significant differ-
ence in ROUGE scores between Greedy decoding and Beam Search.”
So, rejecting the null hypothesis means concluding that there is in-
deed a significant metric-driven difference between the decoding
strategies. Higher power reduces the risk of Type II errors (false neg-
atives), but typically requires larger sample sizes. In our study, we
set the power level to the commonly recommended value of 0.8,
which means that we aim for an 80 % chance of identifying real per-
formance differences. Using this power-level setting in our analysis,
we determined a sample size that allowed us to draw reliable con-
clusions about the relative effectiveness of the decoding strategies
explored.

e Significance level, the probability of incorrectly rejecting the null
hypothemit is true. We set it to 0.05, i.e., 5% chance of a
Type I error (false positive).

¢ Effect size, the magnitude of the difference we expect to observe be-
tween the metric scores of diverse decoding strategies. We used Co-
hen’s d, calculated by taking the difference in means between two
groups and dividing it by the pooled standard deviation—the aver-
age variability in the groups being compared, i.e., (fi-%)/s. It allows
for a standardized comparison of metric-based contrasts across a cou-
ple of decoding strategies. Cohen’s d is commonly interpreted with a
small effect around 0.2, a medium effect near 0.5, and a large effect
at 0.8 or greater. Smaller effect sizes indicate subtle differences that
are harder to detect reliably. The smaller the effect size, the larger
the required sample.

We followed an iterative method to balance statistical rigor with
computational efficiency, running power analyses on a small sample
of the target datasets and expanding the sample size based on the re-
sults. To estimate the required sample size, we selected a 1% subset
from each dataset using proportional stratified random sampling with-
out replacement, ensuring the same distributional characteristics as the
original datasets. We stratified based on the document and summary
length; tertiles were calculated to assign {short, medium, long} classes.
For MDS, we also considered the number of source documents. In the
aggregated samples (421 documents in total), we conducted a prelim-


https://huggingface.co/datasets/xsum
https://huggingface.co/datasets/cnn_dailymail
https://huggingface.co/datasets/ccdv/pubmed-summarization
https://huggingface.co/datasets/ccdv/arxiv-summarization
https://huggingface.co/datasets/multi_news
https://huggingface.co/datasets/allenai/multi_lexsum
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Table 5

Maximum required sample size per

dataset.
Dataset # Samples
XSuM 100.52
CNN/DM 393.40
PUBMED 114.34
ARXIV 180.12
MULTI-NEWS 244.35
MULTI-LEXSUM 79.88

inary small-scale study, generating summaries and computing metrics
using the (S, D, M)-structured runs previously discussed.

Using this data, we computed the effect sizes for all combinations
of metrics and decoding strategy pairs on the AS benchmarks of inter-
est. We then conducted a series of power analyses designed for t-tests to
estimate the required sample size for each metric—dataset combination,
using the average absolute effect size across all decoding comparisons.
We used the statsmodels Python library (v 0.14.0) for these analyses.
Finally, we determined the larger sample size required for each dataset
as a conservative approach (see Table 5). We observed that the metrics
requiring the most samples on average are ROUGE and UNR. The de-
tailed procedure is presented as pseudocode in Algorithm 1. This initial
analysis provided valuable information on the effect sizes and variability
within our data. The findings highlighted the need for a larger sample
size to achieve the desired statistical power, prompting us to expand
our sample accordingly. Given that the required larger sample size is
approximately 393, we ensured this minimum threshold and, as a pre-
caution, selected 10 % of instances for each dataset (e.g., 1134 for XSum,
1148 for CNN/DM). We expanded the dataset using stratified sampling
following the same criteria. Due to the small size of the test set in MULTI-
LEXSUM (616 in total), we decided to retain it completely.

After preprocessing, a summary of the statistics of the datasets (be-
fore and after sampling) is presented in Table 6. The number of words
is derived from nltk.word_tokenize (Bird, 2006).

Algorithm 1 Power analysis and sample size calculation.

1: Load dataset D containing decoding runs and metrics
2: Define set of metrics M

3: for each dataset d € D do

4: for each metric m € M do

5 for each pair of decoding strategies (s, s,) do

6 Calculate mean difference %, — %,,

7: Calculate pooled standard deviation s,

8 Compute effect size ES = X”Si

»

9: end for
10: Compute average absolute effect size | ES| for (d, m)
11: Calculate required sample size n using power analysis:
12: n < PowerAnalysis(|ES|, power = 0.8, a = 0.05)
13: end for
14: Compute maximum required sample size 71, across all metrics for

dataset d

15: end for
4.2. Models

For our principal analysis within the scope of RQ1-RQ5, we use three
comparable state-of-the-art transformer-based models in their large ver-
sions, for which original fine-tuned weights on the datasets in Sec-
tion 4.1 already exist (see Table 7). BART (Lewis et al., 2020) (SDS,
406M parameters) has quadratic memory complexity relative to input
size, limiting it to sequences up to 1024 tokens. LED (Beltagy et al.,
2020) (LDS, 447M parameters) uses sparse attention to achieve a lin-
ear input scale, processing up to 16,384 tokens. PRIMERA (Xiao et al.,
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2022) (MDS, 447M parameters) adapts LED to multi-inputs through a
summarization-specific pretraining objective, concatenating the sources
with a special token and forming a single input of up to 4,096 tokens.
According to (Xiao et al., 2022), the input for PRIMERA is the concatena-
tion of documents within the sets (in the same order), where truncation
is applied to each document based on the input length limit divided
by the number of documents, ensuring representation of all sources.
To assess the generalizability to LLMs (RQ6), we considered two recent
foundational, instruct-tuned models. QWEN2.5-7B (Yang et al., 2024)
is part of the LLM family developed by Alibaba Cloud and is specifically
optimized for enhanced reasoning capabilities. LLAMA-3.1-8B (Dubey
et al., 2024) is developed by Meta and follows conventional pretraining
without explicit optimization for reasoning enhancement. We note that,
unlike encoder—decoder models, tested LLMs did not undergo a prelimi-
nary fine-tuning on the training sets of the target datasets. Additionally,
we evaluate them in zero-shot condition without in-context examples.

4.3. Evaluation

Automatic. Estimating the quality of an AS system is a task that re-
quires a level of complexity comparable to that of generating accurate
summaries. Both tasks involve a deep understanding of the text and the
ability to assess key aspects such as informativeness and factuality. To
ensure good practice, we use a comprehensive set of relevant metrics
that capture distinct attributes (Table 9). We quantify metric scores us-
ing HuggingFace Evaluate (von Werra et al., 2022), and use external
official repositories where necessary.’” Table 8 lists all hyperparameters.

We use the GPT-2 model’s perplexity score to assess the naturalness
of generated text.® Perplexity measures how well the model predicts
a text sequence, with lower scores indicating more natural language.
This allows us to compare the fluency of text produced under differ-
ent hyperparameter configurations. We computed BERTScore with DE-
BERTA-large instead of the default ROBERTA-large, as recommended
by the authors from version 0.3.11, due to its greater correlation with
human judgment. We acknowledge the availability of factuality met-
rics such as SummacC (Laban et al., 2022), which is particularly suited
for abstractive LDS (Koh et al., 2022). Yet, after preliminary tests, the
computational demands were too time-consuming, leading us to pre-
fer BARTScore. We also acknowledge alternative evaluation paradigms
such as QuestEval (Scialom et al., 2021a), which estimates summary
quality via question generation and answering, and MAUVE (Pillutla
et al., 2021), which quantifies the divergence between the distributions
of generated and reference texts. While both have shown promising re-
sults in specific settings, we focus here on widely adopted and standard-
ized metrics to ensure comparability and reproducibility across decod-
ing strategies.

Human. To effectively assess the merits of decoding, we conduct a thor-
ough human evaluation. Inspired by (Fabbri et al., 2019; Narayan et al.,
2018), and (Huang et al., 2023), we use a direct comparison strategy,
which is more reliable, sensitive, and less labor-intensive than tradi-
tional rating scales. By asking evaluators to make relative judgments
rather than absolute ones, we reduce their cognitive load, particularly
when assessing complex dimensions of summary quality. This compar-
ative technique allows us to capture nuanced differences that may not
be apparent through individual assessments. We sample 20 documents
from each dataset and select the three best decoding strategies for each
dataset based on the average score of effectiveness-oriented metrics
(ROUGE, BERTScore, and BARTScore). This approach allows us to fo-
cus on strategies that are more practical for the AS community while

7 https://github.com/lil-lab/newsroom for Coverage, Density, and Compres-
sion. https://github.com/Wendy-Xiao/redundancy_reduction_longdoc for UNR
and NID.

8 We chose GPT-2 because it is the standard causal language model for per-
plexity evaluation in HuggingFace (von Werra et al., 2022).
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Dataset statistics before and after sampling, including test set size, number of sources per instance, and the words in the source and target texts. All

values are averaged except “# Samples”.

Before Sampling Source Target After Sampling Source Target
Dataset # Samples  # Docs  # Words # Words Dataset # Samples  # Docs # Words # Words
SDS XSum 11,333 1 421.2 22.9 Sps XSum 1134 1 414.1 22.8
CNN/DM 11,490 1 761.3 57.4 CNN/DM 1148 1 753.8 58.0
DS PUBMED 6658 1 3,070.4 206.7 LDS PUBMED 667 1 3,095.5 207.2
ARXIV 6440 1 5,733.2 161.6 ARXIV 644 1 5,770.7 160.6
MDS MULTI-NEWS 5621 2.8 2,026.3 245.9 MDS MULTI-NEWS 555 2.8 1,947.9 248.0
MULTI-LEXSUM 616 10.3 88,122.9 126.5 MULTI-LEXSUM 616 10.3 88,122.9 126.5
Table 7
List of the utilized models.
Model Specialization Dataset ~ URL
BART-large XSum https://huggl_ngtacc.co/faccbook/bart-largc-xsum
CNN/DM https://huggingface.co/facebook/bart-large-cnn
LED-laree PUBMED https://huggingface.co/patrickvonplaten/led-large-16384-pubmed
8 ARXIV https://huggingface.co/allenai/led-large-16384-arxiv
MULTI-NEWS https://huggingface.co/allenai/PRIMERA-multinews
PRIMERA-large . S .
MULTI-LEXSUM https://huggingface.co/allenai/primera-multi_lexsum-source-short
LLAMA-3.1-8B / https://huggingface.co/meta-1lama/Llama- 3.1-8B-Instruct
QWEN2.5-7B / https://huggingface.co/Qwen/Qwen2.5-7B-Instruct
Table 8 summaries do not affect this calculation, effectively being disregarded in
Hyperparameters of NLG metrics. the scoring process. This method quantifies the relative performance of
Metric Hyperparameters 'ea.ch strateg‘y while neutralizing instances whgre the q}lahty dlfference
- — — - is indiscernible to human evaluators. Appendix C provides detailed hu-
ROUGE rouge_types=["rougel","rouge2","rougeLsum"], . . d . 1
T ST man instructions and annotation examples.
lang="en",
model_type="microsoft/deberta-large-mnli", 5. Results
BERTScore  idf=True,
batch_size=32, Our goal is to evaluate the impact of different decoding methods and
rescale_with_baseline=True . . . . .
- : identify any emerging patterns. Given the complexity of our study, we
[Reploaly  dxedalL = e, it (9 i wke focus on comparing relative efficiency and effectiveness.
BARTScore ;chct‘l‘l’g::jfacebo"k/baf"lafge'c““"’ Fig. 3 presents our findings through radar plots, offering an overview
- of the metric scores from our 2656 inference runs of encoder—decoder
Carburacy alpha=10, beta=100

keeping the evaluation manageable. While comparing identical strate-
gies across datasets could offer insights, our approach of selecting top
strategies per dataset aims to evaluate the most effective approaches
for each specific data type, maximize evaluation efficiency, and identify
both universally effective and context-specific strategies. This setting
mirrors real-world optimization practices in the AS community. Three
English-proficient AS researchers, external to the author group, evalu-
ate the summaries produced by the top-performing strategies of each
dataset. For each document, human experts independently label all pos-
sible pairs of artificial summaries, comparing one pair of strategies at
a time. The names of the decoding strategies are kept hidden from the
evaluators to ensure a blind assessment. In addition, we randomize the
position of each strategy within a pair and the combination (pair) order
to prevent bias. Experts judge each summary pair on four dimensions:
Recall: whether the generated summary covers all the target content.
Precision: whether the generated summary covers only the target content
(i.e., no redundant or superfluous information). Faithfulness: whether
the generated summary is factually consistent with the input document.
Fluency: the grammaticality and coherence of the summaries. For each
dimension, experts select the better summary or declare a “tie” if both
are of equal quality, whether satisfactory or unsatisfactory. In total, each
expert provides 1440 preference labels (6 datasets x 20 documents x 3
strategy-distinguished summary pairs x 4 rating dimensions). Thus, all
possible pairs are judged by each expert, and each summary pair is anno-
tated by all experts (4,320 total labels). The final score for each decoding
strategy is calculated as the percentage of times its summaries are se-
lected as best, minus the percentage of times they are not. Ties between

models. To identify inter-dataset patterns and facilitate observations
across radar plots, we follow (Cao et al., 2022) and apply [0, 1] min—
max rescaling to all runs collectively.® These scores are aggregated by
decoding strategy and dataset using average pooling. To enhance vi-
sual comprehension, we employ distinct colored areas for each decod-
ing strategy. Additionally, we use distinct marks (circles and triangles)
to differentiate between deterministic and stochastic decoding strate-
gies. Within each radar chart, decoding strategies are layered based on
their cumulative rescaled scores across all metrics; for metrics where
lower values are preferable (i.e., density, perplexity, NID), we use the
negative of the rescaled score. Layering is done in ascending order; thus,
the most prominent color in each radar represents the best overall strat-
egy. Precise rescaled metric scores are provided in tabulated form in
Appendix D.

Fig. 4 provides a comprehensive visualization of the non-rescaled
metric score distributions using boxplots. Each box offers a snapshot of
key statistical information for the metric scores produced by a decoding
strategy in a given metric-dataset combination. Specifically, a box spans
the interquartile range, illustrating the spread of the middle 50 % of the
data and providing a measure of score dispersion. The lower and up-
per whiskers represent the minimum and maximum values, respectively.
The diamond indicates the mean score, while the in-box line represents
the median, providing insight into the symmetry or skewness of the dis-
tribution. The closer the median line is to the center of the box, the more

9 Rescaling has been implemented solely for presentation purposes in the
context of inter-dataset evaluations. Original metric scores are maintained. For
power analysis (Section 4.1), differences in means and standard deviations were
calculated before rescaling.


https://huggingface.co/facebook/bart-large-xsum
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https://huggingface.co/allenai/PRIMERA-multinews
https://huggingface.co/allenai/primera-multi_lexsum-source-short
https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct
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A summary of the metrics used in this study to assess the generated summaries. References occur in table are cited here
(Lin, 2004) [78], (Zhang et al., 2020) [79], (Jelinek et al., 1977) [80], (Moro et al., 2023b) [81], (Devlin et al., 2019) [82],
(Radford et al., 2019) [45], (Grusky et al., 2018) [83], (Xiao & Carenini, 2020) [84], (Weizhe et al., 2021) [85].

METRICS™'
ROUGE [0, 1], 7T BERTScore [-1,1],T Perplexity [0, oo, |
[78] [79] [80]

Unigrams (ry), bigrams (r»), and longest common
subsequence (rzsum) lexical overlaps (%) between
the inferred and gold summaries, i.e., a proxy for
informativeness and fluency. Inspired by [81], we
measure an aggregated judgment:

_ avg(ri, r2, Fsum)

R
1+02

2)
where o2 is the variance of 0-1 normalized ROUGE
F1 scores. R penalizes model results with discrepant
i, 2, o values.
Coverage [0, 1], T
[83]

Semantic recall formalized as:
Dyiey (i) maxs,e5 e(vi) Te(y)
ey 1df0)
where e(-) is a BERT [82] token embedding.

Density [0, |x|.], |
[83]

The naturalness of a summary w.r.t. the data seen by
a model (GPT-2 [45] in this paper) during training:

|
ppl(y) = exp [; Z log pn()‘.\)’q)]

Compression [0, |x[], T

[83]

The percentage of summary words within the source

text:
1

vl
where ¥ is the set of all fragments, i.e., extractive
character sequences. When low, it suggests a high
chance for unsupported entities and facts.

11

feF(xy)

Unique N-gram Ratio (UNR) [0, 1], T
[84]

The average length of the extractive fragments. It is
formulated as:

1

Ifi2
Iyl

FEF(xy)

where || is the character length. When low, it

suggests that most summary sentences are not

verbatim extractions from the sources (abstractive).
Normalized Inverse of Diversity (NID) [0, 1], |

[84]

The document-summary word ratio:

x|

Iyl

BARTScore-F [—co, 0],
[85]

The summary n-grams uniqueness:
count(uniq_n_gram(y))
count(n_gram(y))

where we take n from [1, 3] and divide the average
by variance.

It reckons redundancy by inverting the entropy of
summary unigrams and applying length
normalization:

_ entropy(y)
log(lyl)

The weights 6 of a pretrained Bart model [43] are
used to estimate how likely hypothesis and reference
are reciprocal paraphrases (i.e., probability of
generating one giving the other):

Wl

D log pyily<i,*,05)

=1
‘We measure faithfulness by mapping sources and
predicted summaries to x and y.

Carburacy [81] [0, 1], T

Carbon-aware accuracy measure modeling both the AS model effectiveness and eco-sustainability: T =
where R is defined in Equation 2, C is the kg of CO, emissions produced by the model to process a single instance x at inference time,

« and S are trade-off hyperparameters.

[CRER)
+CB

“ Blue text indicates the bound value and the general reading key (i.e., T = higher is better, | = lower is better).

= reference-based (gold-summary dependence),

= reference-free

Table 10

Pooled standard deviations for different metrics per dataset.
Dataset R BERTScore  Perplexity = Coverage Density  Compression = UNR NID BARTScore  Carburacy
XSum 3.2728 15.0274 5.3514 0.1551 0.4401 0.9841 0.0361 0.0626 2.5702 4.4817
CNN/DM 5.4050 17.5126 5.7900 0.0051 2.7847 0.0464 0.0184 0.0397 3.2044 5.6668
PUBMED 6.9028 15.4085 7.8158 0.2595 10.8964 1.0158 0.0451 0.0481 2.8203 6.7917
ARXIV 5.8003 12.6680 15.4260 0.2116 7.8669 9.5349 0.0375 0.0495 2.4604 5.5582
MULTI-NEWS 5.4603 14.9108 1.4984 0.1810 1.5428 0.6291 0.0356 0.0478 2.6767 5.4972
MULTI-LEXSUM 1.6939 2.5097 13.9422 0.0050 0.0500 33.7744 0.0262 0.0111 0.2524 1.4835
AVG 4.4220 13.0062 8.6379 0.1362 3.6138 7.3308 0.0333 0.0434 2.3301 4.9132

symmetrical the distribution. This visualization enables researchers and
practitioners to make informed decisions about strategy selection based
not only on average performance, but also on consistency and potential
extremes in different scenarios. By comparing boxplots across different
metrics and datasets, the figure helps identify recurring patterns and
dataset-specific trends. Moreover, Table 10 reports the pooled standard
deviations for each metric per dataset.

To provide a more nuanced view of decoding strategy performance,
Fig. 5 and Fig. 6 present per-dataset rankings for R and Carburacy ef-
fectiveness. All inference runs for each dataset are sorted in descending
order by their metric scores. Each dot represents an individual run, col-
ored according to its decoding strategy. The x-axis shows the percentile
ranking, while the y-axis displays the actual metric score. To facilitate
quick interpretation of the results, each ranking includes a pie chart
showing the percentage distribution of decoding strategies based on the
number of runs that produced metric scores in the top 25 %. However,
decoding strategies can differ significantly in the size of their hyper-
parameter search spaces, leading to varying numbers of experimental
runs and probabilities of occurrence. For example, for a given dataset,
there are only 16 runs for Greedy Search compared to 720 for Diverse
Beam Search (see Table 3). To ensure a fairer comparison and account

for discrepancies in the total run counts, we present an additional nor-
malized pie chart showing the proportion of each strategy’s runs that
fall within the top quartile. These figures help researchers and practi-
tioners identify which strategies are most likely to yield top results in
terms of lexical overlap and efficiency across various configurations and
datasets, which is crucial for real-world applications.

Fig. 7 summarizes the time required to generate a single summary
in each dataset, depending on the selected decoding strategy. Efficiency
distributions are shown using boxplots, following the same visual nota-
tion used in Fig. 4.

In the following subsections, we analyze the results, structuring
our discussion around the five research questions that motivated our
study.

5.1. Quantitative findings

Please note that the findings in this subsection are based on auto-
matic metrics that serve as proxies for the quality dimensions of inter-
est. While these metrics provide valuable insights, they should be inter-
preted as indirect measures of the complex qualities being examined. To
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Coverage Perplexity |

Density | BERTScore

Compr. R
UNR 3 Carburacy
NID | BARTScore
(a) XSum
Coverage Perplexity |
Density | BERTScore
Compr. R
UNR Carburacy
NID | BARTScore
(c) PuBMED
Coverage Perplexity |
Density | BERTScore
Compr. R
UNR e Carburacy

NID | BARTScore

(e) Murti-NEws
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Coverage Perplexity |

Density | BERTScore

Compr. R
UNR Carburacy
NID | BARTScore
(b) Cnn/DMm
Coverage Perplexity |
Density | BERTScore
Compr.
UNR

NID | BARTScore

(d) ARX1V
Coverage Perplexity |

Density | \iﬁ‘

BERTScore

Compr.

UNR 7 Carburacy

NID | BARTScore

(f) Mucri-LExSum

® Greedy Search @ Contrastive Search O Beam Search
@ Diverse Beam Search A Sampling A Top-k Sampling
A Top-p Sampling A 7 Sampling A Beam Sampling

Fig. 3. Metric-based comparison between artificial and gold summaries in the examined datasets (min-max rescaling across all runs). The dominant color in each

radar denotes the best overall strategy (+ = deterministic, A = stochastic).
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Fig. 4. Graphical metric score distributions grouped by datasets and strategies.

support our claims, we conduct paired t-tests comparing specific decod-
ing strategies for key metrics and datasets.
RQ1 Is there an absolute best decoding method for AS?
There is no one-size-fits-all strategy for AS.

A glance at Fig. 3 reveals that there is no single superior decod-
ing method when considering the average score across the evaluation

11

metrics. This is evident from the variation in dominant colors observed
across the different radar charts, which reflects the datasets. For exam-
ple, Diverse Beam Search (green) performs best in PUBMED and ARX1V,
while Beam Sampling (fuchsia) excels in XSumM.

Looking at the non-pooled results in Fig. 5 and considering the top-
25% ranking in terms of R (the standard AS metric), we see a clear
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Fig. 5. Per-dataset decoding strategy ranking according to R. The left pie chart illustrates the distribution of decoding strategies within the top 25 %. The right pie
chart shows the normalized occurrences based on their total number of runs.
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Fig. 6. Per-dataset decoding strategy ranking according to Carburacy.
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Fig. 7. Decoding time complexity (in seconds) for summarizing a single instance of sampled test sets. For each strategy, the average time across all samples is also
reported.

12



G. Frisoni et al.

prominence of deterministic methods. Specifically, deterministic strate-
gies account for 87.95% on XSuM, 62.16% on CNN/DM, 66.4% on
PUBMED, 78.4% on ARXIV, 49.6% on MULTI-NEWS, and 78.57 % on
MULTI-LEXSUM (cf. pie charts under the per-dataset rankings). Although
less consistent, well-calibrated stochastic methods perform well and
can be highly competitive with deterministic ones. Surprisingly, Top-p
Sampling shows a notable presence in the highest-performing quartile
across several datasets: 23.2 % for PUBMED, 24 % for MULTI-NEWS, and
27 % for CNN/DM. Similarly, Beam Sampling is particularly effective in
MULTI-NEWS (9.6 %) and MULTI-LEXSUM (19 %).

Diverse Beam Search, when adequately tuned, proves its merit re-
gardless of the AS type. With the exception of MULTI-NEWS, it is the
leading strategy in the top R quartile of each dataset, with frequency
rates ranging from 39.2 % to 86.75 %.

RQ2 Are decoding methods sensitive to AS type?
The effectiveness of various decoding strategies shows distinct trends across
datasets, which appear to be influenced by the AS type.

The preference for a decoding strategy varies between datasets but
tends to be more uniform within the same AS family. This pattern is
evident in the average scores across all metrics (see the colored areas
in Fig. 3). SDS favors Greedy Search and Beam Sampling. LDS high-
lights the effectiveness of Diverse Beam Search. MDS tasks benefit most
from Beam Search. A closer inspection of the top-performing decoding
runs, specifically ranked by the R metric (Fig. 5), further supports our
findings. Diverse Beam Search and well-tuned Top-p Sampling achieve
the highest scores in SDS. In particular, Diverse Beam Search demon-
strates statistically significant superior performance in several key met-
rics for both XSuM and CNN/DM datasets. For XSuM, it shows signif-
icant improvements in R (p = 3.94¢715), BARTScore (p = 0.0086),
perplexity (p = 9.99¢%°), and NID (p = 1.09¢73!). For CNN/DM, sig-
nificant improvements are observed in R (p = 8.55¢~%), BERTScore (p
= 9.82¢7%), BARTScore (p = 3.13¢~7), and NID (p = 1.64¢~%). These re-
sults were obtained by performing one-tailed t-tests comparing Diverse
Beam Search against all other methods for each metric in each dataset,
with the null hypothesis that Diverse Beam Search does not perform
better.

The effectiveness of Constrastive Search increases markedly in LDS,
achieving high ranks in both PUBMED and ARXIV; on average, its fre-
quency in the top quartile moves from 0% (SDS) to 17 % (LDS).

Again, Beam Search and Beam Sampling prove to be the most stable
and reliable options for MDS. Beam Search and Beam Sampling demon-
strate significantly lower variance across most metrics in both MULTI-
NEwWS and MULTI-LEXSUM datasets, indicating higher stability and relia-
bility. For MULTI-NEWS, all metrics show extremely significant results (p
< 1e7¢ for all metrics, p = 0.019 for perplexity). For MULTI-LEXSUM,
highly significant results are observed for R, BERTScore, BARTScore,
and perplexity (all p < 1e7!6), with UNR also showing significance (p
= 0.042). These results were obtained by performing F-tests comparing
the variance of combined Beam Search and Beam Sampling methods
against all other methods for each metric in each dataset, with lower
variance indicating higher stability.

These results raise warnings about claims made in prior publications
with task-agnostic or single-AS-type settings (Su & Collier, 2023).

We found temperature=0.8 in Top-k Sampling and Top-p Sampling
caused the negative metric score clusters in XSuM, CNN/DM, PUBMED,
ARX1v, and MULTI-NEWS (cf. isolated points in the ranking tails). The
worst runs in MULTI-LEXSUM are due to # Sampling and Contrastive
Search. These patterns are consistent in benchmarks belonging to the
same AS type, such as PUBMED and ARXIV. A deviation is observed in
MULTI-LEXSUM, which involves extremely long inputs (averaging over
88K words, as shown in Table 6). In this case, truncation narrows the
gap between strategies, negatively affecting Contrastive Search. The hy-
pothesized reason is the a>0 hyperparameter, which assigns less weight
to model confidence—a critical factor for handling uncertainty.

RQ3 To what extent does proper decoding affect LM metrics?
Changing the decoding strategy is not just about decimals.
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The choice of decoding heuristic can substantially affect LM scores
within a given benchmark dataset. This choice can result in variations of
up to 20 R points in PUBMED, 9 BARTScore points in CNN/DM, and 278
Perplexity points in MULTI-LEXSUM. Furthermore, depending on the hy-
perparameters chosen, Sampling, Top-k Sampling, and Top-p Sampling
display the highest degree of result variability (cf. the box height in
Fig. 4). For example, in ARX1v, their summaries can vary by up to 17
R points (syntax), 7.5 BARTScore points (factuality), and 60 Coverage
points (shifting from abstractive to highly extractive, thus impacting
all other metrics). In contrast, we observe a homogeneous pattern in
MULTI-LEXSUM due to truncation.

RQ4 Which decoding method provides the best effectiveness—
efficiency trade-off?

Deterministic methods generally provide the most balanced option in terms
of output quality and computational efficiency.

Fig. 7 shows that Greedy Search and Contrastive Search are the
fastest strategies, with an average of 2.1 seconds per instance. Diverse
Beam Search, Top-p Sampling, and » Sampling are the slowest, with
an average of 3.7 seconds. The latency of Diverse Beam Search, Sam-
pling, Top-k Sampling, Top-p Sampling, and n Sampling greatly depends
on the hyperparameters and the specific dataset. The widest range of
processing times for these strategies within a single dataset are: Di-
verse Beam Search (+5.9 sec on MULTI-LEXSUM), Sampling (+2.9 sec on
CNN/DM), Top-k Sampling (+2 sec on XSuM), Top-p Sampling (+9.5 sec
on ARXI1V), n Sampling (+9.5 sec on ARX1V). Beyond text length, Diverse
Beam Search shows increased latency with higher beam sizes and group
numbers. Sampling methods such as Top-k, Top-p, and 5 have longer
processing times with more diverse token selections (higher &, p, and
temperature values, or lower cut-offs). Beam Search latency increases
with larger beam sizes, while Contrastive Search slows down with higher
« values, which intensify the calculation of the degeneration penalty.

Regarding CO, emissions at inference time, the best average
R-efficiency trade-off, as measured by Carburacy, varies across
datasets. Diverse Beam Search performs best for XSuM and CNN/DM (cf.
the green line in Fig. 3 for Carburacy), with an average p-value of 0.012
and 0.032 compared to all other strategies. Contrastive Search excels
for PUBMED and ARX1vV, with an average p-value of 0.010 and 0.016.
Beam Search leads for MULTI-LEXSUM (p 0.0048), while Greedy de-
coding performs best for MULTI-NEWS (p 0.0075). These p-values were
obtained using independent t-tests comparing the best-performing strat-
egy against each other strategy for each dataset. The detailed Carburacy
ranking in Fig. 6 supports these results.

RQ5 Which hyperparameter values best suit a particular AS quality
attribute?
Not all quality attributes are easy to control at decoding time.

High beam size, high no_repeat_ngram_size, and low diversity
penalty promote factuality and semantic consistency. For R, it is
strongly recommended to maintain a large beam size, while using a tem-
perature of 0.8 in Top-k Sampling and Top-p Sampling often results in
clusters of degeneration. Interestingly, no strategy or hyperparameter
consistently favors the naturalness of text in a predictable way. How-
ever, we observe a strong positive correlation between Perplexity and
Density scores (0.73 Pearson coefficient). Appendix E provides a thor-
ough examination of how metrics respond to fine-grained variations in
hyperparameters. Appendix F reports the best hyperparameter values
across all datasets and includes a per-dataset evaluation.

Among the deterministic methods, Diverse Beam Search is charac-
terized by high redundancy. MDS consistently yields a lower perplexity
than the other task families, reflecting the difficulty of current models
in achieving high naturalness. The extractive nature of a summary in
LDS scenarios can vary greatly depending on the strategy implemented.
As expected, the length of the target is strongly correlated with the R
score, implying a higher probability of generating n-grams of overlap
with longer references, especially in LDS scenarios.

Given the widespread use of ROUGE as a standard metric in AS and
NLG research (Grusky, 2023), we present the optimal hyperparameter
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Table 11
Hyperparameters for the top three R decoding strategies per dataset.
Dataset no_rep num_beams div_penalty temperature penalty_alpha top_k top_p cutoff
XSuMm
1. Contrastive Search 2 - 1.0 20
2. Top-k Sampling 2 0.9 - 50 -
3. Top-p Sampling 2 0.9 - 50 0.6
CNN/DM
1. Diverse Beam Search 3 5 0.2 - - -
2. Top-k Sampling 3 0.9 - 50 -
3. Top-p Sampling 3 0.9 - 0.4
PUBMED
1. Contrastive Search 5 - 0.8 30 -
2. Top-p Sampling 5 1.0 - 50 0.8
3. Beam Sampling 5 3 - -
ARXIV
1. Diverse Beam Search 5 10 0.6 - - - -
2. Top-p Sampling 5 1.0 - 20 0.6 -
3. n Sampling 5 - - 0.0003
MULTI-NEWS
1. Contrastive Search 5 - - 0.2 30
2. Beam Search 4 10 - -
3. Beam Sampling 5 - -
MULTI-LEXSUM
1. Beam Search 3 8 - - -
2. Diverse Beam Search 3 7 0.2 - -
3. Beam Sampling 3 8 - -
Table 12
Average FLOPs computational performance of evaluated decoding strategies.
Greedy  Contrastive = Beam Search  DBS Sampling Top-k  Top-p  nSampling  Beam Sampling
1.7¢"7 1.7¢"7 1.9¢"7 2.6e"7 2.1e" 1.8¢"7 2.4e"7 2.6e"7 1.8¢"7

configurations for the three decoding strategies that achieved the high-
est R scores in our 2656 experimental runs of encoder—decoder models
(Table 11). This information serves as valuable reference points for re-
searchers and practitioners in the field.

Extra findings.

e Redundancy is ubiquitous, mainly in MDS: Our scores contradict (Meis-
ter et al., 2022), who refer to redundancy as a rare phenomenon in
AS. We observe a tendency for recurring tokens as the input size
increases, peaking with MULTI-LEXSUM (-60.97 % UNR avg.). As ex-
pected, short summaries (i.e., in XSUM and CNN/DM) are less re-
dundant than longer ones (+46.59 % UNR avg.) (Xiao & Carenini,
2020).

e Stochastic vs. deterministic: The addition of randomness increases the
chance of unconventional summaries and contradictions. In five out
of six datasets, Sampling, Top-k Sampling, and Top-p Sampling ex-
hibit greater sample variance compared to all other strategies. As ex-
pected, they have fewer repetitions (+27.63 % UNR avg.) (Fan et al.,
2018; Holtzman et al., 2020) but tend more to factual flaws (-40.58 %
BARTScore avg.) (Basu et al., 2021; Su et al., 2022). Notably, n Sam-
pling and Beam Sampling stand out in the stochastic sphere, suffering
less from hallucinations (+40.23 % BARTScore avg.). Together with
deterministic methods, they produce the highest R (+29.65 % avg.)
and BERTScore (+35.34 % avg.).

RQ6 Do our findings from encoder-decoder models transfer to re-
cent decoder-only LLMs?

We tested both LLMs—LLAMA-3.1-8B and QWEN2.5-7B—on all six
datasets using a subset of decoding strategies: Greedy, Sampling, Top-k,
and Top-p, evaluated across all combinations of selected hyperparame-
ters (see Table 3 for the total number of runs). Our choices were guided
by practical considerations: we used vLLM, a widely adopted tool for ef-
ficient LLM inference, and thus limited our experiments to the decoding
methods it supports, which reflect the most commonly used strategies in
practice. Similarly, we did not consider the no_repeat_ngram_size hy-
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perparameter, as it is not supported by vLLM. Beam Search was excluded
after experimentation due to its tendency to produce empty outputs. See
Fig. 10 for the prompt used. See Table 13 for the results.

Consistency with previous findings.

Similar to encoder-decoder models, greedy decoding, even without train-
ing, remains one of the most preferable and robust strategies overall. On aver-
age, it consistently outperforms stochastic methods across most datasets,
especially in SDS. It also yields low perplexity, confirming its tendency
to produce fluent, coherent summaries.

Among sampling-based methods, top-p again performs better than
standard sampling. As in prior results, it shows more stable performance
across hyperparameter variations, as evidenced by consistently lower
uncertainty (see blue highlights in Table 3).

Key deviations.

Differently from encoder-decoder models—where deterministic de-
coding strategies emerged as the most reliable choice for practitioners
unable to conduct broad hyperparameter sweeps—the landscape shifts
when considering decoder-only LLMs. Ranking decoding runs by dataset
based on average R, BERTScore, and BARTScore reveals that greedy
decoding and top-p sampling consistently occupy the top two positions.
This trend holds irrespective of the AS type, suggesting that both strate-
gies are robust defaults. Given the greater stability in metric scores as
hyperparameters vary, top-p sampling stands out as a more recommend-
able approach than it is for encoder—decoder models. Consequently, we
advise deprioritizing sampling and top-k sampling in favor of greedy
and top-p, effectively narrowing the search space. As for hyperparameter
values, temperature 0.8 appears most frequently among best-performing
settings across datasets—a finding that again contrasts with recommen-
dations for encoder—decoder setups.

One major difference concerns perplexity. While it was previously
observed to be stable across decoding strategies and hyperparameters,
decoder-only LLMs show significantly higher variance under stochas-
tic decoding—particularly in LDS and MDS settings. This suggests that
fluency in decoder-only LLMs is more sensitive to decoding settings.
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Fig. 8. Visual guideline for the recommended decoding strategies and hyperparameter settings depending on the use case scenario. Optimization target = “What are
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“What is your Abstractive Summarization scenario?”. The hit symbol denotes hyperparameter value recommendations for achieving

maximum effectiveness on the proxy metric, while the battery symbol signifies the optimal effectiveness—efficiency trade-off as proposed by (Moro et al., 2023b).
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Fig. 9. Win - Lose (%) human evaluation results on four quality dimensions: Recall (R), Precision (P), Faithfulness (FA), and Fluency (FL). The average Kendall’s =

coefficients among all inter-annotator agreements are given in brackets.

When comparing LLMs with encoder-decoder models using the
reference-free BARTScore metric—which evaluates similarity to the
input document rather than a gold summary—we do not observe a clear
advantage for LLMs. This suggests that, despite their scale, decoder-only
models do not consistently produce summaries that are better aligned
with the source content under this type of evaluation.

While encoder-decoder models showed more consistent patterns
across architectures, decoder-only models diverge more. For instance,
LLAMA-3.1 consistently outperforms QWEN2.5, but the performance gap
depends on the decoding strategy used—narrower under greedy decod-
ing, wider under sampling. This suggests that the reasoning-enhanced
design of QWEN2.5 does not provide a clear benefit in the summariza-
tion setting, where structured extraction and compression may outweigh
the need for complex reasoning.

Both models consistently fail to handle the Multi-LexSum dataset,
regardless of decoding strategy or hyperparameter choice. Outputs are
often incomplete or degenerate (e.g., one-word summaries), suggesting
that current open-source decoder-only LLMs are not well equipped to
handle extremely long MDS tasks out of the box, and likely require fine-
tuning or task-specific adaptation.

5.2. Qualitative findings

The annotation process took approximately six hours per judge. The
results are presented in Fig. 9. The average Kendall’s = of 0.33, calcu-
lated between two annotators across all pair selection results, reflects
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the high competitiveness among the top three decoding strategies when
correctly tuned, often leading to subjective summary preferences.
Top-p Sampling excels in AS with concise inputs. Although not re-
flected by the R metric on XSuM, Top-p Sampling gains 75 % human
preference in SDS. However, its effectiveness diminishes as input length
increases, favoring deterministic alternatives. Consistent with this trend,
Beam Search prevails in MDS.

Fluency negatively correlates with Recall, Precision, and Factual-
ity. Fluency opposes Recall, Precision, and Factuality more than 66 % of
the time. Additionally, Fluency preferences depend on the dataset and
do not always favor stochastic strategies.

5.3. Additional results

Experiment Tracking. The cumulative processing time of the GPU for
generating all summaries amounts to approximately 65 days. Comput-
ing all metric scores requires about 16 days: 12 hours for R, 18 hours for
BERTScore, 3.6 hours for Perplexity, 198 hours for Coverage, Density,
and Compression, 38 minutes for UNR and NID, 75 hours for BARTScore,
and 10 seconds for Carburacy. Table 12 reports the FLOPs computa-
tional performance of the decoding strategies as an additional measure
of processing power and efficiency.

Visual Guide. Wrapping up our core findings—based on average scores,
ranking positions, and hyperparameter sensitivity—we identify a prac-
tical and easy-to-follow guideline for encoder-decoder models (Fig. 8),
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System:

User:

You are a helpful assistant that summarizes documents.

Summarize the following document directly, without prefacing the response: {document}

Fig. 10. Prompt used to guide LLMs on the summarization task.

Table 13

Average decoder-only LLM scores categorized by dataset, metric, and decoding strategy. Best scores are shown in bold.
Blue highlights indicate lower uncertainty (max deviation from the mean across runs).

Strategy R BERTScore Perplexity | Coverage Density | Compression UNR NID | BARTScore
XSum
~  Greedy Search 12.93 8.69 27.04 0.86 3.56 4.01 0.89 0.17 -1.62
< Sampling 12.86 +0.04 8.70 +0.07 29.65 = 1.06 0.84 2001 3.2 :014 4.10 =006 0.89:00 017 =00 -1.80 +0.06
% Top-k Sampling  12.84 x0.04  8.71 z0.09 29.47 =085 0.84 001 312 :014 4.08 +0.05 0.89:00 017 :00  -1.80 =005
j Top-p Sampling  12.97 =0.06 8.74 =013 27.54 + 0.3 0.85 001 3.49 z014 4.05 =0.04 0.89:00 0.17 z00 -1.65 x0.05
«n  Greedy Search 8.94 4.93 22.56 0.81 9.58 2.55 0.77 0.21 -1.82
<} Sampling 8.76 =026 5.39 046 37.31 1515 0.72 004 544 :172 2.54 z015 0.84 2002 017 001  -2.72 0456
= Top-k Sampling  8.91 016 5.55 026 28.03 +2.79 0.75 <003  6.84 147 2.48 +0.05 0.83 +0.01  0.18 200  -2.44:023
54 Top-p Sampling ~ 9.03 = 0.27 541 042 23.93 +3.13 0.81:00¢4 947 :2.11 2.53 z009 0.80 +002 0.19=z001 -1.96 z035
CnN/Dm
= Greedy Search 30.16 20.69 2223 0.89 3.55 8.64 0.89 0.17 -1.69
< Sampling 2925 028  19.87 017 2431 071 0.87 =001 3.12 z0.09 8.74 =004 090:00 0.17 z00 -1.85 x0.05
% Top-k Sampling  29.27 x031  19.92 z0.17 24.19 +0.66 0.87 <001 3.12 +0.09 8.75 z0.04 090 :00 0.17 z00 -1.84 s 005
j Top-p Sampling  29.92 x02¢  20.48 z0.13 22.61 047 0.89 2001 3.49 z0.09 8.71 +0.02 0.89:00 0.17 z00 -1.71 004
»n  Greedy Search 29.58 19.68 24.34 0.90 6.82 8.61 0.89 0.17 -1.70
<} Sampling 26.65+140 17.30 £1.52 33.79 = 12.55 0.82:003 3.16 z050 8.86 =051 090:00 017 z00 -2.36 £ 030
£ Top-k Sampling 27.04 095 17.87 087 28.81 +4.29 0.83 £002 3.27 z042 8.61 +0.05 090 :00 0.17 z00 -2.26 +0.17
54 Top-p Sampling  29.04 x0.61  19.35 x0.29 24.51 o089 0.88 x002 5.40 +107 8.58 +0.04 0.89:00 0.17 z00 -1.83 z0.15
PusMEep
- Greedy Search 33.02 22.63 17.77 0.91 425 36.52 0.79 0.20 -2.15
< Sampling 32.45+028  21.59 +033 18.89 +0.61 090 001  3.68 +0.15 36.03 +0.07 080:00 020:00  -2.28 +0.04
% Top-k Sampling ~ 32.76 z029  22.11 =041 17.89 = 0.61 091 :00 4.21=:012 36.06 +0.57 0.79 z001  0.20 0.0 -2.17 005
j Top-p Sampling  32.49 +025  21.66 +0.31 18.85 +0.81 0.90 +001  3.69 +0.14 36.02 +0.15 08000 020:00  -2.28 004
«»  Greedy Search 30.57 19.77 37.39 0.89 11.24 188.57 0.82 0.21 -2.24
< Sampling 2838 +1.03  17.38 +1.35 69.98 +16.72 0.83:003 3.98+077 187.49 +0.70 0.84 :001 019 +001  -2.79 x023
£ Top-k Sampling 28.76+072  18.05 +0s5 48.16 = 17.35 0.84 z002  4.26 z0.69 187.10 = 0.23 0.84 :001  0.19 z00 -2.68 zo0.16
© Top-p Sampling  30.51 z0.38  19.63 +0.73 46.50 = 26.79 087 <002 7.35+270 187.33 +0.63 082:00 020x001 -2.35:018
ARXIV
~  Greedy Search 27.20 17.38 32.97 0.89 3.70 116.19 0.79 0.21 -2.66
< Sampling 26.10 031 15.65 0.73 31.16 +0.58 0.86 =001 3.19 =015 119.86 = 2.63 0.81:00 0.21=x00 -2.95 007
% Top-k Sampling  26.29 +041  15.96 + 1.00 30.75 z0.72 0.87 002 3.23 x020 117.53 +0.95 081:00 0.21=x00 -2.93 005
j Top-p Sampling  26.29 z041  15.96 = 1.00 30.75 z0.72 0.87 002  3.23 z020 117.53 +0.95 0.81:00 0.21=x00 -2.93 z0.05
«n  Greedy Search 19.96 9.01 132.54 0.76 4.31 1309.20 0.83 0.38 -3.79
<} Sampling 18.75 = 0.66 6.54 +0.46 142.51 = 142.50 0.82:002 3.03 :063 1213.56 = 0.78 0.87 z001 039 x004 -413:026
% Top-k Sampling  19.11 + 061 7.41 +1.37 151.53 +124.27 0.81 x006 3.10 z0.51 1213.21 +0.90 0.87 z001 037 007 -4.06 018
54 Top-p Sampling  20.06 =+ 0.37 9.11 = 1.93 206.64 = 172.32 0.79 006  4.27 z049 1212.93 = 2.63 0.86:00 0.31:012 -3.81:006
Mourti-NEws
«  Greedy Search 27.50 16.87 59.33 0.90 3.95 121.29 0.85 0.18 -1.77
< Sampling 2729 z016  16.76 015 104.84 = 15.77 0.89 001 3.48 =018 131.22 =031 0.86:00 0.18:00 -1.92 +0.06
% Top-k Sampling  27.34 z0.16  16.85 +0.12 142.59 + 167.35 0.89 <001 3.49 +0.1s8 121.42 + 032 08600 0.19:00  -1.91x005
j Top-p Sampling  27.55 z03¢  17.00 z0.41 138.11 = 137.03 091 2001 3.99 z030 121.84 +9.21 08500 0.19=z00 -1.78 x0.05
»n  Greedy Search 27.99 15.24 37.19 0.90 18.19 100.01 0.83 0.20 -1.88
<! Sampling 2569 +110 1223 +1.98 54.50 = 49.06 0.81 x00¢ 5.4 :184 101.63 = 4.06 0.85:001 018 x001 -2.83 x047
= Top-k Sampling 2634 :077  13.48 0.2 44.57 +51.55 083002 6.22 218 99.76 +0.42 0.85 001  0.19 2001  -2.58 +028
54 Top-p Sampling  27.61 x0.72  15.05 098 32.66 = 14.40 0.88 z003 9.45 :328 100.26 +0.45 0.84 +001 0.19z001  -2.11 026
Mucri-LexSum
«  Greedy Search 371 -13.15 1695.82 0.94 1.98 32251.22 0.81 / -4.90
< Sampling 299 015 -15.89 +0.90 1741.41 = 994.52 0.75 006  1.23 010 32988.66 + 14163  0.81 0.0 / -5.44 zo11
% Top-k Sampling ~ 2.97 015  -15.89 094 1839.48 + 103616  0.75 006 1.24 010 32483.49 z47509  0.81 0.0 / -5.42 z013
j Top-p Sampling  3.39 x03¢  -13.83 +093 1020.63 - s15.98 092004 179034 32961.58 12833  0.81 =00 / -5.12 049
«»  Greedy Search 0.54 -19.01 41376.66 0.92 1.62 72215.33 0.49 / -6.08
< Sampling 0.36 x004  -20.22 x013 2433542 :42297 094 z002 1.27 z032 83200.30 £254642 0.40 +0.02 / -6.52 £0.22
£ Top-k Sampling 0.38=x007 -2039:022 2352521 :38433 097 001 139:03/ 86300.97 15216  0.36 +0.01 / -6.22 +0.06
54 Top-p Sampling 039 009 -20.21 x048  31330.99 + 3465233  0.95 2003 1.70 2032 82882.25 +6073.07  0.39 +0.05 / -6.19 =028

suggesting a small-size decoding space depending on the optimization
target and AS type.

6. The PrRisM dataset

Composition.

Building upon the experiments presented in the previous sections, we
introduce PRISM, a first-of-its-kind dataset that collects over 2M artificial
summaries generated using various decoding settings. PRISM includes an
instance for each inference run, detailing all metadata (dataset, model,
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decoding strategy, hyperparameter values), average decoding time per
instance (milliseconds), carbon emissions (kg), and metric scores. To fur-
ther enhance the dataset’s value, we include per-token probability distri-
butions. The source files (approximately 10 GB) are stored in JSONL for-
mat and are publicly available for download through the HuggingFace
Datasets platform.'? For example, to access the summaries predicted by
a Beam Search run, you need to install the datasets Python library
and follow the instructions shown in Fig. 11. For space efficiency, we

10 The Huggingface dataset will be public in case of acceptance.
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from datasets import load_dataset

# Download PRISM locally and load it as a Dataset
load_dataset ("PRISM")

# The first Beam Search run

run = prism["”beam_search"][0]

# The predicted summaries

Fig. 11. PrisM HuggingFace Dataset.

separately release the gold document-summary AS pairs that each run
relies on. Additional information on the project website will be updated
regularly to incorporate any future changes, additions, or errata.'!

Applications.

The potential applications of PRISM are extensive and diverse. Re-
searchers can use this dataset to study new NLG metrics. Additionally, it
provides a unique opportunity to benchmark decoding strategies against
a multitude of established baselines. Beyond this, PRISM offers the abil-
ity to train LMs to emulate the token choice of one or more strategies
for style control (Goyal et al., 2022) or automatic hyperparameter op-
timization (Chen et al., 2022). Decoding strategies are complex algo-
rithms that are hard to incorporate into end-to-end networks due to
their non-differentiable nature. In light of the limited success in de-
signing exact differentiable versions of decoding strategies (e.g., Top-k
Sampling (Jang et al., 2017), Beam Search (Collobert et al., 2019)),
PRISM emerges as an indispensable asset for creating approximated
modules. Future works may use our data (probability distributions, se-
lected tokens, decoding information) to train differentiable strategy em-
ulators. For example, a foundational model could be instruction fine-
tuned with a cross-entropy loss to assign maximum probabilities to the
tokens that a specific decoding strategy with a desired setting—defined
in the prompt—would select if faced with the same probability dis-
tributions provided as input. Alternatively, several LoRA adapters (Hu
et al., 2022) could be individually trained to alter the behavior of the
base model, each toward a distinct token selection strategy; the result-
ing adapters could then be integrated into the Mixture-of-Experts layers
of sparse models (Wu et al., 2024), switching between them or mixing
their choices with a routing mechanism. This would, for the first time,
enable the automation of the strategy choice and its hyperparameters’
optimization (Chen et al., 2022).

7. Conclusion

The rapid growth of transformer-based summarizers is offset by
poor control over decoding strategies, which exhibit cloudy task-specific
qualities due to the frequent release of new models. In this paper, we
demystify the role of decoding-time methods for abstractive summariza-
tion. Our full-scale study comprises thorough quantitative and qualita-
tive breakdowns, covering various decoding setups, autoregressive mod-
els, datasets, and evaluation metrics. Empirical results demonstrate how
generative heuristics and their hyperparameters can overturn predicted
summaries, where optimal choices depend on target quality dimensions
and the summarization type at hand (i.e., long, short, multi-document).
Our findings reveal the uniqueness of abstractive summarization and the
best procedures to follow, depending on the case, serving as cautionary
notes. Our breath study and the data collected unlock new research av-
enues, raising expectations for a future marked by greater awareness of
the decoding implications and their control. The limitations and next
directions are presented in Appendix G.
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Appendix A. SCOPUS Queries

The bibliometric results reported in the main paper (Fig. 2) were ob-
tained by executing the following queries on the SCOPUS search engine:

¢ Abstractive Summarization
TITLE-ABS-KEY(abstractive AND summarization);

¢ Decoding Strategies
TITLE-ABS-KEY(((text AND generation) OR nlg) AND
decoding);

e Abstractive Summarization + Decoding Strategies
TITLE-ABS-KEY (summarization AND decoding);

¢ Abstractive Summarization + Large Language Models
TITLE-ABS-KEY (abstractive AND summarization AND ((large
AND
language AND (model OR models)) OR LLM)).

We consider Computational Science conference papers by appending
the following: AND (LIMIT-TO(SUBJAREA, ¢‘COMP’’)) AND (LIMIT-
TO(DOCTYPE, ‘‘cp’’)).

Appendix B. Decoding Hyperparameters

For Contrastive Search, we modulate « and k in {0.2,0.4,0.6,0.8,1.0}
and {20, 30, 40,50,60}, respectively. For Beam Search, we choose the


https://prism.github.io
https://aipact-edih.it
https://www.fondazionedare.it/en/progetto-obiettivi-struttura/
https://fondazione-fair.it/en/
https://tristan-project.eu/team/
https://disi-unibo-nlp.github.io/projects/carisbo/
https://disi-unibo-nlp.github.io/projects/carisbo/
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Table C.14
Example attached to annotation instructions.

Document

African elephants are the largest land animals on Earth. They are known for their distinctive large ears and tusks, which are actually
elongated incisor teeth. These gentle giants live in herds led by a matriarch and have a complex social structure. African elephants
face threats from poaching and habitat loss, which have led to a decline in their population.

Gold Summary

African elephants live in herds led by a matriarch. Despite their gentle nature, they face endangerment due to poaching and habitat
loss, leading to a declining population.
Topics: African elephants - Social structure - Threats they face.

Summary 1 (High Recall, High Precision, Low Faithfulness)

African elephants live in herds led by a matriarch. They are not endangered and face no threats.

Explanation: Summary 1 has a high Recall because it includes all relevant information/topics of the gold summary; it has a high
Precision because it includes only the relevant information/topics without adding irrelavant details; the Faithfulness is low because it
includes incorrect information about their endangerment status.

Summary 2 (High Recall, Low Precision, Low Faithfulness)

African elephants, the Earth’s largest land animals, are known for their large ears and tusks. They live individually and face threats
from poaching and habitat loss, causing a decline in their population.

Explanation: Summary 2 has a high Recall because it includes all relevant information/topics of the gold summary; it has a low
Precision because it also includes additional information/topics that are not within the gold summary; the Faithfulness is low because

it includes incorrect information about their social structure.

Read

Reference Summary

Nasa has revealed its plans to try to get humans living on mars in the next few decades.

mars and the asteroid?

Show Source Document >>>
Evaluation

Recall:the generated summary covers all the target contents.

Faithfulness: the generated summary is factually consistent with the document.

Fluency: the generated summary is grammatically correct and coherent.

Recall: Precision:

O summary A O summary A
O summary B O summary B

Submit & Eval Next

ou_have evaluated 126/54@ pairs.

Summary A

The us space agency, nasa, has set out a plan to send humans to mars, the red planet next to the
moon, and to study the planet's history and possibly even find alien life there, but how will they get
there and what will it be like to live there? and how does it compare to our own planet, earth, which
has been there for billions of years and is home to life and plenty of other planets, such as the sun,

Precision: the generated summary covers only the target contents (i.e., no superfluous or redundant information).

Reveal Answers (eleval the choices of human annotalors in original paper)
Faithfulness:

O summary A
O summary B

Summary B

the us space agency, nasa, is planning to send humans to mars, the red planet, which is about
3,000km (2,500 miles) away from earth, and could be home to life as we know i, if the right
technology and equipment can be put in place by the end of the century, it could mean that humans
will be able to live on the planet for the first time in our history, in the 2030s, according to a report by
nasa

Fluency:

O summary A
O summary B

Report Human Evaluation Results

Fig. C.12. Screenshot of the interface used to perform the human evaluation.

beam size b from [2, 10], allowing a trade-off between quality and perfor-
mance. We keep b unchanged for Diverse Beam Search, implementing A
with the Hamming distance, as suggested by (Vijayakumar et al., 2018),
and consider a diversity penalty 1 € {0.2,0.4,0.6,0.8,1.0}; the number
of subgroups is set equal to 5. We maintain the same exploration range
for b when trying out Beam Sampling. For Top-k Sampling, we pick k
from {20,30,40,50,60}. For Top-p Sampling, supported by the results
of (DeLucia et al., 2020), we choose p from {0.4,0.6,0.8}. For n Sam-
pling, we search n-cutoff over {0.0003,0.0006,0.0009,0.002,0.004} (He-
witt et al., 2022). For pure (ancestral), Top-k, and Top-p Sampling, we
also perform an ablation on the temperature hyperparameter, exploring
7 € {0.8,0.9, 1.0}, the best values according to (Holtzman et al., 2020)
and (Pasunuru et al., 2021). Where not specified, we maintain default
hyperparameters depending on the model configuration.

Artificial summaries often suffer from high redundancy (Xiao &
Carenini, 2020). Therefore, we investigate non-negligible word-level
n-grams penalties as introduced by (Klein et al., 2017) and (Paulus
et al., 2018) specifically for AS. In essence, we force the decoder to
avoid outputting the same sequence of words more than once during
testing by manually setting the probability of already hypothesized n-
grams to 0. We extract n from {3,4, 5} for PUBMED, ARX1V, MULTI-NEWS,
and MULTI-LEXSUM, and from {2,3} for XSuM (one-line output) and
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CNN/DM. This setup results in a minimum of 16 runs per decoding strat-
egy.

As is common in AS, we define a minimum and maximum target size
for each dataset (see Table 4), preventing the production of an EOS token
before or after a certain threshold. These constraints are determined by
examining the summary lengths in the validation tests.

Appendix C. Human Evaluation

Our setup, inspired by (Gu et al., 2022), is illustrated in Fig. C.12, We
instruct the annotators to distinguish quality dimensions by presenting
the example shown in Table C.14.

Appendix D. Normalized Tabulated Scores

For better interpretability, Table D.15 provides the tabulated version
of Fig. 3. Data are categorized by dataset, metric, and decoding strategy,
with a 0-10 rescaling applied for value magnitude and graphical clarity.
We prioritize the relative relationships among the strategies rather than
the precise score values achieved by each. Please note that the exact
metric scores are openly available in our PRISM dataset.
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Rescaled tabulated scores categorized by dataset, metric, and decoding strategy. For each dataset, the decoding strategies

are sorted in decreasing order of their average scores.

Strategy R BERTScore Perplexity | Coverage Density | Compression UNR NID | BARTScore Carburacy
XSum

" Beam Sampling 344 731 149 595 031 003 667 465 751 425
Greedy Search 3.25 8.05 1.28 6.28 0.35 0.04 5.96 6.22 8.11 4.24
Contrastive Search 3.27 8.01 1.37 6.17 0.32 0.04 597 6.16 8.09 4.27
7 Sampling 3.27 8.01 1.40 6.08 0.35 0.03 5.96 6.17 8.10 4.26
Beam Search 3.30 7.97 1.30 6.27 0.35 0.04 5.85 6.37 8.06 4.28
Diverse Beam Search  3.80 6.82 1.65 5.96 0.28 0.05 4.48 8.21 725 4.80
Sampling 2.34 5.16 1.37 3.78 0.14 0.03 7.51 3.54 521 3.04
Top-k Sampling 2.22 5.48 1.37 4.23 0.23 0.03 7.09 425 5.45 2.90
Top-p Sampling 2.30 5.34 1.48 4.37 0.25 0.03 6.88 4.37 5.41 3.00
CnN/Dm

" Greedy Search 828 988 655 994 52 007 733 440 991 871
7 Sampling 8.25 9.86 6.24 9.70 5.26 0.07 732 440 9.89 8.76
Beam Search 8.30 9.87 6.49 9.98 5.58 0.08 7.42 4.40 9.93 8.80
Diverse Beam Search ~ 8.44 9.90 6.12 9.86 6.12 0.08 730 449 9.80 8.92
Beam Sampling 8.20 9.79 6.36 9.71 5.28 0.08 736 438 9.84 8.48
Contrastive Search 8.26 9.87 6.27 9.93 6.20 0.09 7.31 4.40 9.89 8.77
Top-k Sampling 6.51 7.17 6.24 6.49 3.01 0.02 8.23 2.95 6.82 7.14
Sampling 6.46 7.12 6.30 6.49 3.08 0.02 8.20 2.94 6.79 6.99
Top-p Sampling 5.67 5.53 6.15 6.78 3.07 0.08 8.45 227 5.02 6.37
PusMEep

" Diverse Beam Search 875 881 395 973 ¢ 701 023 343 571 844 910
Contrastive Search 9.14 9.07 422 9.87 8.55 0.20 3.70 5.40 8.59 9.41
Greedy Search 9.11 9.06 4.25 9.86 8.89 0.19 3.82 5.34 8.65 9.31
Beam Search 8.97 8.99 4.17 9.86 9.13 0.19 3.98 5.28 8.71 9.26
Beam Sampling 9.04 9.03 4.23 9.73 8.88 0.19 3.85 5.34 8.62 9.24
n Sampling 9.13 9.07 423 9.75 8.90 0.18 3.71 5.39 8.59 9.27
Top-k Sampling 571 533 424 6.35 4.75 0.22 6.66 275 4.58 6.32
Sampling 5.74 5.33 432 6.34 4.71 0.21 6.64 2.75 4.57 6.33
Top-p Sampling 5.81 5.32 3.99 6.33 4.69 0.24 6.31 2.99 4.55 6.36
ARXIV
Diverse Beam Search  9.16 8.37 8.58 9.51 3.66 0.81 3.84 6.34 7.54 9.35
7 Sampling 9.53 8.64 9.12 9.73 5.65 0.66 3.91 6.06 7.71 9.59
Contrastive Search 9.50 8.64 9.30 9.72 5.83 0.67 3.92 6.06 7.72 9.77
Beam Sampling 9.47 8.62 9.11 9.73 5.68 0.64 3.94 6.04 7.74 9.30
Greedy Search 9.45 8.59 9.32 9.73 6.62 0.65 3.86 6.02 7.85 9.62
Beam Search 9.37 8.57 9.29 9.79 7.14 0.63 3.90 5.97 7.91 9.55
Top-p Sampling 7.10 5.97 9.29 6.62 3.39 0.64 5.84 3.95 4.68 7.62
Sampling 7.02 6.05 9.40 6.64 3.82 0.62 6.11 3.78 4.76 7.56
Top-k Sampling 7.04 6.06 9.48 6.66 3.88 0.62 6.11 3.79 4.78 7.55
Murti-NEws

" Greedy Search 869 893 033 838 32 0.I5 439 581 836 ¢ 9.05
Beam Search 8.64 8.90 0.35 8.35 1.34 0.15 4.37 5.82 8.35 9.00
Contrastive Search 8.58 8.87 0.37 8.27 1.25 0.15 4.36 5.84 8.33 8.98
7 Sampling 8.60 8.88 0.36 8.18 1.25 0.15 4.38 5.82 8.32 8.95
Beam Sampling 8.49 8.79 0.38 8.14 1.24 0.14 431 5.85 8.27 8.90
Diverse Beam Search  8.16 8.65 0.43 8.09 0.88 0.16 4.07 6.15 8.18 8.61
Top-k Sampling 6.13 5.69 0.37 5.36 0.75 0.14 6.54 3.50 4.90 6.77
Sampling 6.07 5.68 0.36 5.36 0.71 0.14 6.53 3.51 4.90 6.74
Top-p Sampling 6.14 5.55 0.36 5.40 0.74 0.14 6.36 3.60 4.81 6.80
Mucri-LeExSum

" Beam Search 7.66 799 0.18 940 042 875 333 593  8&l0 825
Diverse Beam Search ~ 7.32 7.96 0.12 7.52 0.43 9.19 3.58 6.15 7.85 7.98
Beam Sampling 7.59 7.97 0.08 7.70 0.40 8.45 3.20 5.93 8.07 8.05
Greedy Search 7.09 7.59 0.10 8.61 0.40 8.70 1.82 6.69 7.83 7.81
Contrastive Search 5.89 6.87 0.52 8.59 0.44 8.81 3.42 5.75 7.26 6.79
n Sampling 5.94 6.92 0.47 7.65 0.41 8.47 3.36 5.78 7.29 6.81
Top-p Sampling 6.86 747 0.26 5.92 0.23 8.46 2.15 6.51 7.73 7.61
Sampling 6.13 6.99 0.37 5.78 0.23 8.66 3.10 5.93 7.38 6.98
Top-k Sampling 6.12 7.02 0.42 5.75 0.22 8.33 3.16 5.93 7.38 6.98

Appendix E. On Hyperparameters Effect

To promote informed configuration of decoding strategies, we con-
sider the relationship between each hyperparameter value and the pri-
mary metrics (i.e., R, BERTScore, BARTScore, Perplexity).

Overall.

Unexpectedly, as the value of no_repeat_ngram_size (abbreviated
as no_rep) increases, there is a decrease in R and BERTScore but a
simultaneous increase in factuality (BARTScore). We hypothesize that
this can be explained by the elevated abstractiveness of the datasets—
a hypothesis reinforced by human evaluation. There is a tension be-
tween staying close to the source document and allowing for abstrac-
tive modification. Broadly speaking, we find that no_rep—a frequently
overlooked parameter—plays a substantial role in shaping the output.

Greedy Search (Table G.17).

19

For SDS and LDS, an increase in no_rep is accompanied by a cor-
responding increase in the value of R, except for XSuMm. MDS follows
an inverse pattern: as no_rep increases, both R and BERTScore decline,
while BARTScore increases. The data show a notable correlation across
tasks, with only two outliers: R and BERTScore in XSUM, and Perplexity
in MULTI-LEXSUM.

Contrastive Search (Table G.18).

It is challenging to pinpoint the selection guidelines for top_k,
but lower values tend to achieve better results. Decreasing no_rep in
XSuM leads to improved R scores. In MULTI-LEXSUM, choosing a low
penalty_alpha is preferable.

Beam Search (Table G.19).

In SDS scenarios, factuality improves as both no_rep and beam size
b increase. BERTScore also shows a positive trend with no_rep and b as
well, peaking at b = 4 and b = 5. However, for XSuM, there is a decline
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in R with high values for no_rep and b. This trend is less pronounced
in CNN/DM, which benefits from a mid-range » and no_rep= 3. This
difference can likely be attributed to the varying length of the sum-
maries. Specifically, since XSUM is much more concise, a strict non-
repetition constraint can significantly affect lexical similarity. This op-
position is also apparent in terms of Perplexity. In LDS scenarios, ARXIV
and PUBMED experience an increase in R and BERTScore with high
no_rep and low b. Again, the value of b sets a boundary on the attainable
level of factuality. In MDS, there is a notable shift in the trajectory of R,
which increases with no_rep and b. BARTScore follows the same pattern
as in SDS and LDS. BERTScore fluctuates more, showing dataset-specific
behavior, but generally benefits from higher values of b, regardless of
no_rep.

Diverse Beam Search (Table G.20).

In SDS, artificial summaries from XSuM achieve high R scores
with increased no_rep, decreased b, and a low A value for
diversity_penalty. Conversely, better semantic alignment is achiev-
able with low no_rep, high b, and low A. Optimally tuned hyperparam-
eters make Diverse Beam Search superior to standard Beam Search. In
LDS, the R trend remains unchanged, and A has less impact on the syn-
tactic surface. The effectiveness curve according to BERTScore changes
significantly, favoring high no_rep, low b, and low A. In MDS, the re-
sults for MULTI-NEWS improve with higher » and A. In all task families,
there is a consistent upward trend in BARTScore as b and no_rep values
increase, except for XSUM.

Sampling (Table G.21).

In SDS and MDS, the behavior is well-established, suggesting
the adoption of high temperatures to maximize R, BERTScore, and
BARTScore. The only outlier is MULTI-LEXSUM, likely due to the ex-
treme length of its inputs, which leads to inaccurate summaries. Perplex-
ity varies across datasets and shows a weak correlation with changes in
hyperparameters.

Top-k Sampling (Table G.22) and Top-p Sampling (Table G.23).

Excluding MULTI-LEXSUM, R, BERTScore and BARTScore improve
as temperatures increase. Compared to temperature, top-k, top-p, and
no_rep have minimal effect on the metrics. The disparity between Top-k
Sampling and Top-p Sampling mainly arises from Perplexity in longer
inputs, favoring the latter approach.

n Sampling (Table G.24). The behavior of # Sampling is difficult to
predict and control. For BARTScore, results improve with high no_rep,
while cut_off has a significant impact only on MULTI-LEXSUM. The rise
in R often aligns with an increase in no_rep, while variations in cut_off
exhibit a comparatively weaker impact.

Beam Sampling (Table G.25).

For XSum, there is a clear positive correlation between » and the
metrics R, BERTScore, and BARTScore, with no_rep having a small
influence. A similar pattern is observed for CNN/DM, where opti-
mal performance is achieved with » =6, followed by slight oscilla-
tions. In LDS, R and BERTScore have opposite trends in PUBMED and
ARX1v. In MDS, R increases with b and no_rep, with few exceptions in
MULTI-LEXSUM.

Table F.16
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Appendix F. Best Hyperparameters and Decoding Strategies

Table F.16 presents the hyperparameters that lead to the best R
scores (i.e., > 0.9 quantile).

Appendix G. Limitations and Future Directions

Additional Decoding Strategies. We focused on broadly applicable de-
coding methods that implement the same likelihood objective as the
models. However, some recent strategies introduce additional assump-
tions, goals, non-metric-agnostic outputs, and task-specific constraints
to generation. Notably, FAME (Aralikatte et al., 2021) dynamically bi-
ases the decoder to generate summary tokens topically similar to the
input, and PINOCCHIO (King et al., 2022) restricts Beam Search only to
consider tokens likely supported by the source text. Future work should
investigate their inclusion in the analysis.

Additional Models. We conducted a thorough selection process to
identify representative encoder-decoder models within each AS family
(short, long, multi-document), along with foundational instruct-tuned
decoder-only alternatives. The chosen models are open-source and hold
state-of-the-art results across several AS benchmarks, featuring check-
points from reputable companies (Meta, AllenAl, Alibaba) with permis-
sive license terms. Zooming out, our paper is centered on evaluating the
models most commonly adopted by the AS community, with parameter
counts ranging from 406M to 8B. Extending the study to larger open-
source models and closed-source alternatives—such as GPT-4 (OpenAl,
2023)—would be a valuable direction for future research.

Additional Datasets. Regarding testbeds, we carefully selected two
well-known representative public datasets per AS type. Future analy-
sis should consider additional datasets from each AS family (e.g., BILL-
SuM (Kornilova & Eidelman, 2019) for SDS and GOVREPORT (Huang
et al., 2021) for LDS). Future work should investigate other AS fields,
such as dialogue summarization (Feng et al., 2022), and other NLG tasks,
such as question answering (Moro et al., 2024).

Multi-Lingual Resources. The experimental analysis focuses only on
English, influenced by the availability of datasets and fine-tuned mod-
els in the AS settings analyzed. English serves as a lingua franca in many
domains, achieving a broader impact and enabling substantial research
due to the wealth of resources. Shifting towards multi-lingual insights
requires new models and datasets for each AS type (Moro et al., 2023a;
Ragazzi et al., 2024b), effectively doubling the number of runs and com-
putational days. We plan to extend our analysis to multi-lingual settings
in future work.

Increased Sample Size. We acknowledge that our experiments used
a limited set of samples. Testing all configurations on entire datasets
would greatly increase computational needs and runtimes, making it un-
sustainable with our hardware configuration. To mitigate this problem,
we performed stratified sampling to accurately reflect the population
and avoid the pitfalls of pure random sampling.

Novel Decoding Strategies. This research focuses on an exhaustive
comparison of existing decoding methods alongside encyclopedic hyper-

Best R hyperparameters for decoding strategies across all datasets.

Greedy Search

Contrastive Search

Beam Search

no_repeat_ngram_size=3

Diverse Beam Search
no_repeat_ngram_size=23,
num_beams =10,
diversity_penalty=0.2
Top-p Sampling
no_repeat_ngram_size=3,
temperature=1.0,
top_p=0.4

top_k=20,

no_repeat_ngram_size=>5,
penalty_alpha=0.2
Sampling
no_repeat_ngram_size=>5,
temperature=1.0

n Sampling
no_repeat_ngram_size=>5,
cut_off =0.002

top_k=20,

no_repeat_ngram_size=3,
num_beams =9

Top-k Sampling
no_repeat_ngram_size=>5,
temperature=1.0 top_k=50

Beam Sampling
no_repeat_ngram_size=3,
num_beams =10

20
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Table G.17
Hyperparameters effect grouped by datasets — Greedy Search.

Neural Networks 196 (2026) 108249

parameter permutations and evaluation axes. The goal is to understand
the impact of well-established decoding strategies on AS tasks from a
neutral perspective and provide fresh insights to the community. Un-
like previous work, such as Top-p Sampling (Holtzman et al., 2020) and
Contrastive Search (Su et al., 2022), we do not introduce another de-
coding technique with a limited evaluation of quality attributes (e.g.,
coherence for Contrastive Search, naturalness and diversity for Top-p
Sampling). Instead, we aim for a horizontal assessment on an unprece-
dented scale, making the introduction of a new heuristic beyond the
scope of our study.

Diversity Metrics. We acknowledge that there are multiple ways to
summarize a document and that the lack of diversity in decoded so-
lutions is a significant issue in the NLG sector. However, quality and
diversity criteria are not equally important in all tasks, and improving
one often comes at the cost of the other (Aralikatte et al., 2021). Accord-
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ing to (Meister et al., 2022), AS goals prioritize accurate outputs over
diverse ones. This contrasts with open-ended tasks such as dialogue gen-
eration, which aim to maintain an engaging conversation with a human
partner and avoid repetitions.

Unified Metric. Unlike other benchmarks such as GLUE (Wang et al.,
2019b) and SuperGLUE (Wang et al., 2019a), this study uses metrics to
evaluate orthogonal quality dimensions in generated summaries, from
prediction-target semantic similarity to source-target compression and
factuality. These aspects encompass different goals, boundaries, and in-
terpretation keys, making it neither viable nor sound to establish a single
overall score. It is worth noting that, based on our literature analysis,
no previous research has computed a set of 10 distinct NLG metrics to
assess artificial summaries, as we have in PRISM. We hope our work will
help researchers identify the finest decoding options for AS and set the
stage for a new wave of heuristics.
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Table G.18
Hyperparameters effect grouped by datasets — Contrastive Search.

5l

|
=
3
B3

198 1 _
17.85 | - —2.04| ! 76 -
19.71 1 i
1781 - —~2.05 |- - oo ]
D 19.6 - al [5) 75 -
1775 - § E2.06 - 2"
R 195} 1 3 RS -
E 177l i = 2,07} al =
7] % 194 1 -4 g 7 -
17.65 - = < 08| - -
" 19.3F 1 = 735 -
17.6 gl —2.00 -
192 8 [Eln T
17.55 |- -
oal i -
19.1 + 725 -
175 b—L b L | | |
2 3 2 3 2 3 2 3
no_rep no_rep no_rep no_rep
e —

30.1 1 + 0341 | I |
316 i 0.34 272
: 271 -
3155 - 30 1
. I ©0.36 |- - .
= 3151 g 5 153 2 o0l 1
315 3 900l 1 2 =
© 3 209 2 g
g 3145 |- - E 20.35 8 | E209F !
-4 M 208 N < s
4 314t - m =} 268 |- il
207 | —04f il
O 3135 | 207 267 |- |
3131 - 20.6 1 0.42]- | 266 - -
2 3 2 3 2 3 B 3
no_rep no_rep no_rep no_rep
- T : : : : o T — 189 — - —

187

3371

—1.65

BERTScore
BARTScore

—- |
Perplexity

33.65 -

wl
-
al

no_rep no_rep no_rep no_rep

3B —2.26

22,65 -

371

231 370 |-

ARXIV
:f E o
\
‘ | : BE?TSCEFE |
/
gBAR";ScorE |
K
| Perple);lly E |
T

2245

:,.4
-
wl
-
wl
-~
wl
-

no_rep no_rep no_rep no_rep

32.6
—1.81F

24.48

MouLri-NEwS

/
; : %ERESCOEe .
/
| BA;RTSécore% B
\
| Perpgxité | :5 ?
w

38.93
L —1.85 38.93
- i 38.92
32.55 - 1.86
3 1 5 3 1 5 3 1 5 3 1 5
no_rep no_rep no_rep no_rep
29 T — 2267 T — 14 a

-2.3

Mucti-LExSum
/
_ | BER’[‘Sﬁ:ore5
/
. “; ZAR;?chre :
\
<

16.5 |-
R 30.2|
30
| | | i | | 2981 i —
3 4 5 3 4 5 3 4 5 3 4 5
no_rep no_rep no_rep no_rep

N

2



G. Frisoni et al. Neural Networks 196 (2026) 108249

Table G.19
Hyperparameters effect grouped by datasets — Beam Search.
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Table G.20

Hyperparameters effect grouped by datasets — Diverse Beam Search.
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Table G.21

Hyperparameters effect grouped by datasets — Sampling.

Neural Networks 196 (2026) 108249
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Table G.22
Hyperparameters effect grouped by datasets — Top-k Sampling.
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Table G.23
Hyperparameters effect grouped by datasets — Top-p Sampling.
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Table G.24
Hyperparameters effect grouped by datasets — n Sampling.
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