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ABSTRACT Recent advances in low-resource abstractive summarization were largely made through the
adoption of specialized pre-training, pseudo-summarization, that integrates the content selection knowledge
through various centrality-based sentence recovery tasks. However, despite the substantial results, there
are several cases where the predecessor general-purpose pre-trained language model BART outperforms
the summarization-specialized counterparts in both few-shot and fine-tuned scenarios. In this work, we
investigate these performance irregularities and shed some light on the effect of pseudo-summarization pre-
training in low-resource settings.We benchmarked five pre-trained abstractive summarizationmodels on five
datasets of diverse domains and analyzed their behavior in terms of extractive intuition and attention patterns.
Despite that all models exhibit extractive behavior, some lack the prediction confidence to copy longer text
fragments and have a misaligned attention distribution with the structure of the real-world texts. The latter
happens to be the major factor of underperformance in fiction, news, and scientific articles domains as the
better initial attention alignment of BART leads to the best benchmark results in all few-shot settings. A
further examination reveals that BART summarization capabilities are the side-effect of the combination of
sentence permutation task and specificities of the pre-training dataset. Based on the discovery we introduce
Pegasus-SP, an improved pre-trained abstractive summarization model that unifies pseudo-summarization
with sentence permutation. The new model outperforms the existing counterparts in low-resource settings
and demonstrates superior adaptability. Additionally, we show that all pre-trained summarization models
benefit from data-wise attention correction, achieving up to 10% relative ROUGE improvement on model-
data pairs with the largest distribution discrepancies.

INDEX TERMS Abstractive summarization, attention mechanism, low-resource text processing, pre-trained
language models, model probing.

I. INTRODUCTION

Automatic summarization is an area of natural language
processing that studies text compression methods aimed at
the extraction of the most relevant information from the
source document. There are two approaches: extractive and
abstractive. Extractive methods leverage existing text frag-
ments and rely on various heuristics to combine them. Ab-
stractive methods improve on the extractive by employing
additional language resources to paraphrase and fuse the
salient fragments, thus producing the most concise summary.
While extractive approaches have been developing for several

decades, abstractive approaches saw advancements only with
the emergence of powerful neural language models.

Initial neural solutions, based on the original sequence-to-
sequence, showed promising results in various summariza-
tion tasks [35]. These approaches were refined [29], [36] by
integrating the attention mechanism [2] which allowed the
abstractive summarization models to surpass the extractive
approaches in terms of coherence and relevance. Human-like
quality abstractive summarization became possible with the
introduction of pre-trained Transformer-based [39] encoder-
only language models such as BERT [6] that provide global
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contextual knowledge through the self-attention mechanism.
BERTSum [22] was one of the first models to employ BERT
encoder for abstractive summarization and demonstrated sub-
stantial improvement over previous approaches. Later it was
shown [20] that the performance could be further improved by
jointly pre-training the full sequence-to-sequence transformer
model on language modeling tasks.

The recent development of abstractive summarization
models [13], [31], [42], [45] revolved around task-specific
pre-training to alleviate the abstractive summarization in low-
resource settings. While these summarization-focused lan-
guage models proved to be efficient in zero-shot and few-shot
tuning settings, they showed the same performance margin
after full fine-tuning despite the different pre-training tasks.
Moreover, several works [12], [18], [23] indicated that those
models produce inferior results compared to general-purpose
pre-trained generative language models such as BART even
in low-resource settings. Amid the rise of universal NLP
problem-solving models (e.g. ChatGPT or GPT-4 [27]) ca-
pable of producing summaries of quality comparable to ex-
clusively fine-tuned models [40], [46] these observations call
into question the reasonableness of task-specific pre-training
in abstractive summarization.

In this work, we investigate the causes of substantial perfor-
mance differences between summarization-specialized pre-
trained models and general-purpose pre-trained generative
language models in low-resource tuning scenarios. Our key
contributions are:

1) We benchmark pre-trained Transformer-based encoder-
decoder language models that previously achieved
state-of-the-art results in low-resource abstractive sum-
marization on five summarization datasets of diverse
domains. The evaluation confirms past observations,
demonstrating the efficiency of BART model;

2) We provide an analysis of model extractive intuition
and attention distribution pattern dynamics and show
their connection to performance irregularities in low-
resource settings. We conclude that the underperfor-
mance of pre-trained summarization models is mainly
caused by mismatched salient position assumptions of
pre-training tasks;

3) We reveal that BART summarization capabilities come
from the combination of sentence permutation task and
specificities in pre-training data. Based on the discov-
ery we introduce Pegasus-SP, an improved variant of
Pegasus with superior adaptability and low-resource
performance.

4) We demonstrate the importance of attention and salient
sentence distribution alignment by testing three atten-
tion shifting methods. By alleviating the pre-training
attention bias on model-data pairs with the largest dis-
tribution discrepancies we achieve up to 10% ROUGE
relative improvement over the original model.

II. RELATED WORK
Behavioral patterns of abstractive summarization systems
has been actively studied with the introduction of powerful
universal models [22], [36]. However, only a few works
explored the intrinsic properties of summarization models,
due to the substantial computation requirements of probing
methods which can scale quadratically with the length of the
input sequence. Xu et al. [44] studied the decoder token-wise
attention and decision uncertainty during the generation pro-
cess of fine-tuned BART [20] and Pegasus [45] models and
revealed a positive correlation between the level of summary
abstractiveness and model entropy. Wilber et al. [41] con-
ducted a similar analysis of pointer-generator network [36]
in the context of lexical and syntactic features to understand
the factors behind paraphrasing capabilities. Xu et al. [43]
evaluated the ability of the explanation methods to detect the
most relevant input fragments in abstractive summarization
models and showed that over 20% of generation decisions
ignore contextual information from the source document.
Zou et al. [47] explored the omission problem in dialogue
summarization in pre-trained language models and revealed
that in at least 70% of cases the models make omission errors.
DeYoung et al. [7] studied the specifics of synthesis per-
formed bymulti-document abstractive summarizationmodels
and demonstrated that existing pre-trained language models
are both oversensitive to input document-wise permutations
and insensitive to input composition changes (e.g., positive-
negative review ratio). Gonzalez et al. [11] examined entity
aggregation in abstractive summarization and showed that
the pre-trained language models are unable to replicate this
type of paraphrasing without copying directly from the source
document. Otmakhova et al. [28] tested the ability of pre-
trained language models for multi-document abstractive sum-
marization to follow the evidence in the medical documents
using prediction difference technique [21] and revealed that
models tend to ignore negations or overall statement polarities
and prone to cite neutral sentences that don’tmake any claims.
Chen et al. [48] benchmarked different training strategies for
low-resource summarization on 8 datasets and showed that
additional multi-task pre-training with task-specific prefixes
substantially boosts the adaptability in few-shot tuning sce-
narios.

III. PROBING THE PRE-TRAINED SUMMARIZATION
MODELS IN A LOW-RESOURCE SETTING
The goal of our experiments is to study available pre-
trained abstractive summarization models in terms of low-
resource efficiency. We consider summarization-specialized
pre-trained models that achieved state-of-the-art results on
standard evaluation datasets in low-resource settings (single-
or multi- document summarization) and have publicly avail-
able weights (Section 3.1). To test the models, we first bench-
mark them on five popular datasets of diverse domains (Sec-
tion 3.2) and then evaluate their content selection capabilities
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FIGURE 1. Relations between pre-trained abstractive summarization
models

A. MODELS

Figure 1 shows the relationship between considered pre-
trained summarization models. Large language models like
ChatGPT or GPT-4 [27] are out of scope since the results
of their summarization are heavily dependent on the user’s
prompt [40] and thus can’t be objective without an exhaus-
tive prompt search. Further we describe the features of each
model.

BART [20]. One of the first Transformer encoder-decoder
pre-trained language models designed for text generation
tasks. The model follows the original symmetrical architec-
ture [39] with 12 layers in each encoder and decoder. To
inject general language knowledge the model is pre-trained
on two text denoising tasks: text infilling (recovering masked
token sequences) and sentence permutation (recovering the
original sentence order). Despite the lack of summarization-
specialized pre-training the model achieved state-of-the-art
results in low-resource settings [18], [23], [42].

Pegasus [45]. The idea of pseudo-summarization pre-
training was introduced with Pegasus Transformer language
model. Having the same architecture as BART, Pegasus pre-
trains by recovering the most salient sentence subset (pseudo-
summary) using the set remainder as the input text. The
salient sentences are determined using the Principal strat-
egy, which selects the sentences with the highest overlap
(ROUGE-1 F1 scores) with the rest of the text.

PRIMERA [42]. Pegasus has two issues: low input length
limit (1024 tokens) and sub-optimality of principal strategy
in multi-document summarization. PRIMERA addressed the
first issue by employing LED [3] encoder-decoder model, a
modification of BARTwith a sparse attentionmechanism that
allows to extend the input context up to 16384 tokens. LED
attention mechanism has two separate parts: local diluted
sliding window attention and global full token-wise atten-
tion. The model is pre-trained on document clusters using
a Pyramid-based Principal strategy that prioritizes the sen-
tences with the most mentioned entities. In addition, to distin-
guish different documents in the input sequences the model
utilizes a global attention layer to aggregate the document-
wise information into special <doc-sep> token embeddings.

Domain Dataset # examples in
Train / Val / Test

# words
Source Target

News CNN / Daily Mail 287K / 13K / 11K 698.6 49.5
Science ArXiv 203K / 6K / 6K 5179.2 257.4
Instructions WikiHow 160K / 6K / 6K 579.8 62.1
Patents Bigpatent 1207K / 67K / 67K 3572.8 116.5

Literature Booksum (Chapter) 10K / 1K / 1K 5101.9 505.4
Booksum (Paragraph) 115K / 15K / 15K 159.6 40.6

TABLE 1. Dataset statistics

LongT5 [13]. Similarly to PRIMERA, LongT5 addresses
the issue of low context length limit in Pegasus model. The
model is based on T5.1 [32] pre-trained Transformer language
model but uses sparse attention. LongT5 attention is an im-
provement of local sliding window attention that addition-
ally accumulates the weights within each attention window
into transient global meta-tokens. LongT5 is pre-trained on
pseudo-summarization with the original Principal strategy.
Centrum [31]. Centrum is a sibling of PRIMERA model

trained on an alternative version of the pseudo-summarization
task. The authors of the model argued that the named entity
pyramid is insufficient for reducing the irrelevance of the
pseudo-summary and frequently results in noisy examples
that lead to suboptimal performance. To tackle the issue,
Centrum uses the document closest to the cluster centroid as
the reference summary and the remaining documents as the
source.

B. DATASETS
The statistical characteristics of considered datasets are pre-
sented in Table 1. To ensure comparability of low-resource
benchmark results for each domain we chose datasets that
are publicly available or fully reproducible and were most
frequently mentioned in works on low-resource single-
document abstractive summarization.
CNN / Daily Mail [26]. The original CNN / Daily Mail

dataset was proposed for question answering task and was
later repurposed for abstractive summarization thanks to the
key point format of the queries. The dataset serves as the
standard benchmark for summarization models.
Arxiv [4]. One of the first large-scale long document sum-

marization datasets for the scientific domain. Arxiv leverages
science articles from arXiv.org, utilizing the article abstract
as the target summary and the rest of the text as the source
input.
Wikihow [16]. A large-scale dataset of instructions from

the online WikiHow.com website. Each instruction article is
presented in the form of multiple paragraphs, each describing
the details of the next step. The summaries were obtained by
concatenating the titles (highlights) of each instruction step
paragraph.
Bigpatent [37]. A collection of United States patent doc-

uments across nine different technological areas with over
1 million document-summary pairs scraped from Google
Patents Public Dataset. Utilizes an abstract section as the
summarization target.
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Booksum. A collection of datasets for long-form narra-
tive summarization of texts from the literature domain [18].
Booksum contains human-written summaries on three levels
of granularity: paragraph, chapter, and book. Due to input-
length limitations of summarization models, in this work, we
consider only paragraph and chapter levels.

C. PROBING METHODS
Content filtering in abstractive summarization models is
performed in two stages: in the encoder by introducing a
saliency signal in final document embeddings and decoder
when calculating input content weighting with the cross-
attention mechanism. As the saliency signals mixed in en-
coder embeddings are designed to be decoded only by the
decoder of the corresponding configuration the reliable way
to estimate their quality is to alleviate exposure bias [34]
that affects the decoder’s decision-making process and build
explicit input-prediction mapping by forcing summarization
model’s decoder to output the existing fragments of the input
document. In particular, we restrict the decoder to output
sentence subset, thus reducing the task to sentence ranking.
To evaluate attention-based content weighting we use ALTI
method [8] which is a Transformer-specialized counterpart
of Integrated gradients [38] approach previously shown to
produce good explanations for sentence attribution [43].

1) Forced extractive setting
The main difference between abstractive and extractive sum-
marization strategies is the use of paraphrasing tools. Since
copying text fragments is easier than generating a novel
phrase, most abstractive summarization models exhibit a
highly extractive behavior [19]. While this trait is one of the
main subjects of criticism [17] the majority of human-written
summaries have a low level of abstractiveness as well [10].

If the language model is prone to extractive strategies,
it can reliably act as a sentence saliency estimator. On the
other hand, if the model tends to generate more abstractive
summaries it would underestimate the saliency of sentences
with excessive details. To get an estimation we can use the
sequence log probability:

SeqProb(s,X ,Θ) =

|s|∑
j=1

logP(wj|w<j,X ,Θ) (1)

where X is the source document, s is the target sentence,wj
is jth token of s, Θ are model parameters. Given estimations
we can find the best extractive prediction by solving the
Oracle problem using the greedy algorithm:

ApproxOracle(X ,Θ) = argmax
xi⊂X

SeqProb(xi,X ,Θ) (2)

where xi is a subset of sentences from document X . The
upper bound of the solution (Extractive Oracle) is commonly
obtained [22] using token overlap metrics against reference
summary y such as ROUGE-2:

Oracle(X , y) = argmax
xi⊂X

ROUGE-2(xi, y) (3)

The goal of this test is to evaluate the model’s ability to
efficiently use the copying mechanism and the stability of the
unconstrained generation process (i.e. severity of exposure
bias).

2) Exploring attention patterns
Many works exploring the behavior of language models em-
ployedmodel agnosticmethods, amongwhich gradient-based
attribution [38] and prediction difference [21] showed the best
results [14]. The main drawback is the high computational
complexity of the methods: prediction difference requires
an individual forward pass for each input token (to test the
difference after token removal) and gradient requires a back-
ward pass for each output token (to take into account gener-
ation timestep difference). A more efficient alternative is to
use a model-specific explanation approach such as attention
weights.
The attentionmechanism plays amajor role in the decision-

making process of Transformer languagemodels as it controls
the attribution of the individual tokens. However, the attention
weights of individual layers and heads can’t produce faithful
explanations since they are not robust to architectural changes
[30]. Attention aggregation techniques such as attention roll-
out [1] are more reliable as they take into account the full
information flow. In this work we use the most advanced
version of the method, ALTI [8], which outperforms model
agnostic methods in terms of alignment error rate [9] and was
shown to produce faithful explanations for model hallucina-
tions [5].
Attention rollout [1] simulates the information propagation

in Transformer network by viewing the process as a sequential
application of attention weight matrices Āl to input embed-
ding xenc , thus simplifying the model to the composition of
feed-forward layers. For Transformer encoder of Lenc layers
the scores are obtained as:

R =

Lenc∏
l=1

Āl (4)

The main issue is that in Transformer’s multi-head attention
there are H heads and each produces its own local attention
weights and the original attention rollout method [1] assumes
the equal contribution of each head (i.e. Āl = 1

|H |
∑H

h=1 A
l
h),

however, in Transformer [39] those weights are combined
dynamically with WO projection matrix. ALTI modification
addresses the issue by substituting averaged attention weights
with exact attention block input-output contributions:

(C(x l , r))ij =
max (0, ∥ỹi∥1 − ∥ỹi − Ti(x l , j, r)∥1)∑n
k=1 max (0, ∥ỹi∥1 − ∥ỹi − Ti(x l , k, r)∥1)

(5)

ỹi =
n∑

j=1

Ti(x l , j, r) + ϵ (6)

Ti(x l , j, r) = LN (Fi(xj) + 1j=i · r) (7)

Fi(xj) =
H∑
h=1

W h
Oa

h
ijW

h
V xj (8)
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where x lj is jth input component of attention block in layer
l, ỹi is ith output component of attention block, r is residual
component (for self-attention r = x li , for cross-attention r is
the output of preceding self-attention block), ahij ∈ Alh is com-
ponent of head attention weight matrix, LN is component-
wise layer norm, ϵ is the sum of attention block bias terms,WV

is attention value transformation matrix. Since Transformer
decoder differs from the encoder only by an additional cross-
attention layer, which just uses encoder embeddings for at-
tention value calculations (in that case x l = Encoder(xenc)),
equation 5 can be applied to each attention block individually
(for simplicity we denote C l

∗ = C(x l∗, r∗)). Total encoder-
decoder Transformer input contributions Rlenc-dec for layer
1 ≤ l ≤ Ldec are obtained as the sum of local self-attention
C l
dec-self and a product of total encoder-only RLencenc and layer-

level cross-attention C l
dec-cross contributions:

Rlenc-dec = C l
dec-self · Rl−1

enc-dec + C l
dec-cross · RLencenc (9)

R1
enc-dec = C1

dec-cross · RLencenc (10)

RLencenc =

Lenc∏
l=1

C l
enc (11)

The final rollout scores R of ALTI method are given by total
contributions of the last decoder layer RLdecenc-dec.
ALTI contribution scores can be used without further re-

finement, however in conditions of high input length variance
(for instance news article length ranges from 50 to 2000
words) the token-wise contribution statistics may be mislead-
ing without normalization. To alleviate the effect of length
disparity and compare the attribution results with Extractive
Oracle reference labels we aggregate the contributions on
sentence level.

GivenALTI prediction-input total contributionmatrixR for
document tokens X and generated tokens G we can derive
sentence-wise contribution or sentence relevance as the fol-
lowing:

SentRel(s,X ,G) =
1

|s|
∑
wj∈s

|G|∑
i=0

Rij (12)

where s ⊂ X is the sentence of document X , wj ∈ s is
a token from sentence s. To determine the set of sentences
that reflect the model’s extractive intuition we filter out by
the upper quartile Q3 of SentRel score:

SalSet(X ,G) =

{sk ⊂ X |SentRel ≥ Q3(SentRel(∗,X ,G))} (13)

Comparing the set with the Extractive Oracle we measure
the relevance of the most attended sentences in terms of
reader’s (dataset) expectation:

RELAEprec(X ,G, y) =
|SalSet(X ,G) ∩ Oracle(X , y)|

|SalSet(X ,G)|
(14)

RELAErec(X ,G, y) =
|SalSet(X ,G) ∩ Oracle(X , y)|

|Oracle(X , y)|
(15)

# Examples Model ROUGE-1 ROUGE-2 ROUGE-L

0

BART 29.43 8.24 17.10
Centrum 22.57 5.85 14.75
LongT5 24.49 6.29 15.73
Pegasus 26.07 6.66 16.50
PRIMERA 29.65 8.19 17.22

10

BART 31.19 8.81 18.48
Centrum 27.40 7.02 16.72
LongT5 25.24 6.66 16.58
Pegasus 28.35 7.45 18.19
PRIMERA 28.87 8.07 17.59

100

BART 34.37 10.29 20.58
Centrum 30.42 8.15 18.46
LongT5 29.57 9.25 20.27
Pegasus 32.55 9.72 20.78
PRIMERA 32.11 9.21 18.92

1000

BART 35.52 11.20 21.93
Centrum 32.87 9.88 20.29
LongT5 33.20 10.74 22.02
Pegasus 34.12 10.69 22.00
PRIMERA 32.87 9.87 20.29

TABLE 2. Average model ROUGE scores across six datasets

D. IMPLEMENTATION DETAILS
For few-shot tuning we follow Xiao et al. settings [42]:
Adam optimizer with linear scheduled learning rate 3e-5 and
warmup ratio 0.1 of total steps, batch size 10, cross-entropy
loss with label smoothing, number of maximum training steps
ismax (200, total_examples · 10), validation every 5 epochs.
We select the best models according to ROUGE score of
summaries generated with a greedy sampling strategy on
the validation set. Since optimal generation configuration
depends on both model and dataset to study the pure effect
of the tuning procedure we generate summaries for the test
set with greedy sampling which produces the summaries of
the lower quality boundary. We use model implementations
from HuggingFace Transformers library1 and initialize from
large-variant checkpoints (≥ 400 mil parameters), except for
Centrum which is based on LED-base version (∼150 mil
parameters). For a fair comparison, we limit the input length
of all models to 1024 tokens (BART and Pegasus input limit).
We sample few-shot training examples from the beginning
of the training part of each dataset. We evaluate the quality
of summaries with ROUGE-{1, 2,L} F1 scores. To calculate
average ALTI scores we use the first 1000 examples from test
sets (minimal test size among datasets). To apply the method
to sparse-attention architectures we recover the dense repre-
sentation by combining the global and local components.

E. BENCHMARK RESULTS
The results of standard summarization evaluation for the
few-shot tuned model are reported in Table 2. Despite
the multi-document specialization PRIMERA outperforms
single-document counterparts in zero-shot setting and BART
has the same performance margin while LongT5’s and Pega-
sus’s lower performance corroborates previous benchmarks
[18], [42].

1https://huggingface.co/docs/transformers
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Few-shot tuning even on 10 examples has a significant
effect on summarization quality. Contrary to the trend, the
performance of PRIMERA degrades as the model attempts
to adapt to a single document setting. The Centrum doesn’t
share the pattern since the lower number of trainable pa-
rameters limits the ability to memorize the pre-training data
and encourages exploiting more abstract patterns. LongT5
struggles to improve which may be attributed to a shift in
input processing aswe force themodel to utilize only the 1024
token context window.

Providing 100 examples proves to be sufficient for consis-
tent performance gains. Pegasus is closing in on BART and
PRIMERA ranking third while the gap between lower-end
models is negligible. At 1000 examples the models seem to
approach the optimum as they demonstrate similar quality.
However, BART still leads by a significant margin.

Data-wise ROUGE-1 + ROUGE-2 scores (ROUGE 1+2)
are shown in Figure 2. As can be seen in most cases the
pre-trained models exhibit almost linear quality scaling with
training examples. The performance anomalies happening at
10 example tuning are linked to specific datasets and do-
mains. The examples from CNN / Daily Mail are likely to lie
at the extremes of test distribution as all models experience
a drop in performance. However, PRIMERA also happens
to experience performance instabilities on Booksum dataset
on both summarization levels and hardly improves with ad-
ditional examples. Centrum on the other hand manages to
outperform larger single-document counterparts on ArXiv
and Booksum, despite lower comprehension power, indicat-
ing the suboptimality of Principal pseudo-summarization pre-
training. Booksum generally has the lower ROUGE scores,
especially the paragraph variant. This can be explained by
an unfamiliar domain that is poorly represented in the pre-
training collections as well as the highest level of abstractive-
ness of reference summaries [18].

At 1000 examples the models converge to the similar
scores and visually group by architectural traits, specifically
by attention density. We presume that the global attention
mechanism isn’t enough to compensate for the information
loss outside the local sliding window and is inefficient for
shorter documents. Despite that, LongT5 follows the same
score path as Pegasus implying that the pre-training strategy
plays a crucial role in abstractive summarization model effi-
ciency. BART demonstrates a consistent superiority through-
out low resource evaluation even at 1000 examples. Con-
sidering that we are evaluating with lower-bound generation
strategy (greedy) this fact raises doubts about the efficiency
of summarization-specialized pre-training.

F. PROBING RESULTS
The evaluation of model extractive intuition is reported in
Table 3. In addition to ROUGE scores, we report an average
percentage of copied fragments (3 or more consequent words)
in summaries generated in abstractive mode. The ranking of
models is practically the inverse of the abstractive summa-
rization benchmark. BART and PRIMERA perform worse,

Oracle Scorer ROUGE 1+2 Decoder Copy Rate
0-shot 1000-shot

ROUGE-2 57.32 - -
BART 26.67 77.26 26.83
Centrum 32.21 51.08 45.74
LongT5 36.92 94.93 32.21
Pegasus 37.14 80.41 27.39
PRIMERA 35.74 79.88 45.96

TABLE 3. Model performance in Extractive Oracle approximation task.

# Examples Model RELAE
Recall Precision F1

0

BART 35.29 27.91 28.14
Centrum 35.10 27.26 27.63
Pegasus 28.67 22.90 23.04
PRIMERA 33.32 25.92 26.30

1000

BART 45.66 34.26 35.49
Centrum 40.65 31.21 31.92
Pegasus 43.51 33.16 34.26
PRIMERA 35.30 27.42 27.85

TABLE 4. Relevant attention evaluation results.

and the former has almost a 13 loss in absolute quality. At the
same time Pegasus, LongT5, and Centrum perform substan-
tially better, with up to 6 ROUGE 1+2 improvement. Taking
into account that LongT5 has the highest extractiveness of
generated abstractive summaries we can conclude that the
model is highly uncertain about its zero-shot predictions and
can’t reliably copy long text fragments such as sentences.
This is likely attributed to Principal pseudo-summarization
pre-training as Pegasus shows the same difference between
abstractive and forced extractive generationmodes while hav-
ing the same level of extractiveness as BART and PRIMERA.
On the other hand, these results imply that BART doesn’t
understand the concept of iterative sentence extraction and
performs summarization by fusing individual fragments. The
robustness of PRIMERA indicates high confidence in genera-
tion strategy, whichmay explainworse adaptation capabilities
in unfamiliar domains (e.g. Booksum). The Centrum perfor-
mance suggests that the model correctly identifies the salient
sentences during abstractive summarization but prefers to
paraphrase them instead of directly copying.
Table 4 shows Relevant Attention Evaluation results. We

don’t provide analysis for LongT5 model due to the incom-
patibility of transient global attention meta-tokens with ALTI
attention block decomposition. In contrast to forced extractive
setting results, Pegasus shows the lowest attention overlap
with the Oracle sentences, while Centrum and BART rank
in the first place. However, after tuning the models on 1000
examples Pegasus closes the gap with BART and comes
second. PRIMERA on the other hand struggles to improve
RELAE which given the Centrum scores suggests a strong
pre-training bias.
Figure 3 provides a more detailed examination of ALTI

sentence-wise contribution distribution. All pre-trained mod-
els but Pegasus are biased towards the beginning of the doc-
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FIGURE 2. ROUGE-1 + ROUGE-2 F1 scores of pre-trained models for all low-resource settings.

FIGURE 3. Average ALTI sentence-wise contribution distribution dynamic
throughout few-shot 1000 tune.

ument. The bias is strongest with Centrum and PRIMERA
models that dispatch up to 8% of attention to the initial sen-
tences. At the same time despite the pre-training differences,
the attention pattern of those models is very similar, steadily
declining with increasing position and spiking at concluding
sentences. Considering that only BOS token has access to
global attention this pattern might be attributed to limitations
of sliding window attention that has a shorter attention span
for first and last tokens (half thewindow size) and thus overes-
timates their connection with consequent/subsequent tokens.
In contrast, Pegasus assumes a uniform sentence saliency
distribution even for the concluding sentences.

After tuning on 1000 examples the ALTI distribution
changes (colored parts of Figure 3). Pegasus acknowledges
the lead bias and pays less attention to the tailing sentences.
Centrum and PRIMERA converge to the same contribution
distribution and, conversely, shift the attention from begin-
ning to end. BART follows a different trend, discarding the
lead bias and replicating Pegasus initial contribution uni-
formity. The magnitude of ALTI distribution changes (KL

FIGURE 4. Average Extractive Oracle sentence distribution for all datasets.

divergence in Figure 3) is the least for PRIMERA model
and Centrum is the most unstable. Such a gap between LED
models is likely to be related to initial prediction robustness as
PRIMERA’s attention strategy proved to be efficient in zero-
shot setting even for extractive oracle approximation.
ALTI contribution distribution dynamic reflects the sen-

tence position distribution of Extractive Oracle (Figure 4).
All datasets exhibit a significant leading sentence bias, which
corroborates past analysis [15]. For BigPatent and ArXiv this
is attributed to document structure where summarizing infor-
mation can be found in introduction and conclusion sections
(the latter is absent in experiments due to the 1024 token input
length limit). The distribution of salient sentences in news
articles from CNN / Daily Mail is also due to the popular
Inverted Pyramid writing style, which instructs ordering the
information according to its relevance. The uniformity of
Wikihow dataset is the result of the data collection process
that ensures that each paragraph of instruction is represented
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in a reference summary. Booksum is the dataset with the
highest summary abstractiveness, especially at the paragraph
level, where the summary is limited to 1-2 sentences (the aver-
age is 1.73). The Extractive Oracle cannot deduce a consistent
pattern other than extracting the introductory sentences.

Therefore, initial model contribution-data distribution dis-
crepancy plays and important role in zero-shot performance
and stability of adaptation process. Comparing the copy rates
after tuning on 1000 examples (Table 3) we conclude that the
initial attention pattern contributes to the behavior shift of
tuned models, with more uniform distributions encouraging
more abstractive strategies. At the same time, strong align-
ment of sentence-wise contribution bias with dataset extrac-
tive oracle distribution may lead to early convergence to ex-
tractive solutions and hinder further adaptation as PRIMERA
has demonstrated.

IV. ALLEVIATING THE PRE-TRAINING BIAS
Throughout our evaluation, BART demonstrated superior
task comprehension capabilities as well as great adaptability.
Pegasus on the other hand lacks any dataset insights and thus
adapts at a much slower rate. At the same time, Pegasus
is the only model that avoids performance instabilities in
low-resource settings. In this section, we attempt to negate
Pegasus shortcomings by following two different approaches:
additional pre-training on BART sentence permutation task
and encoder attention shift.

A. MERGING PEGASUS WITH BART
BART doesn’t have an exclusive summarization pre-training,
however, it is heavily implied in the evaluation. We hypoth-
esize that zero-shot summarization capabilities are the side-
effect of sentence permutation task and pre-training dataset
composition.

BART was trained on the same data as RoBERTa [24]
encoder-only Transformer language model which mainly
consists of news articles (∼71%, CC-News [25] and Open-
WebText 2). As was mentioned in section 3.5, news arti-
cles are commonly written in an Inverted Pyramid style,
which guarantees that sentences are ordered according to their
saliency. In this context sentence permutation becomes equiv-
alent to extractive summarization: the shuffled document acts
as a general collection of topics and the original, which we
aim to restore, represents their ground-truth saliency ranking,
which can be converted to sentence classification labels used
in extractive summarization by applying positional threshold
(e.g., first 3 sentences or first paragraph). While BART re-
covers the full text during pre-training and therefore doesn’t
learn the concept of saliency filtering, there are two factors
that implicitly apply the positional threshold during gener-
ative inference: user-defined maximum length of generated
sequences and the exposure bias [34], that attributes to pre-
diction uncertainty growthwith each generated token and thus

2https://github.com/jcpeterson/openwebtext

to early probability space collapse to end-of-sequence (EOS)
token.
Although the importance of sentence permutation pre-

training for summarization fine-tuning was noted in the orig-
inal work [20], the authors didn’t report any ablation results
for low-resource settings. At the same time, they showed
that sentence permutation must be combined with masked
language modeling tasks to ensure text coherence. Thus, to
prove our hypothesis we need to either jointly train a new
language model on both pre-training tasks from scratch or
apply sentence permutation pre-training to existing masked
language modeling generative model. Pegasus is the perfect
candidate as pseudo-summarization pre-training (recovering
masked sentences) is equivalent to text infilling task (recov-
ering masked text spans) which was used in BART model as
the main masked language modeling task.

B. GUIDING TOWARDS THE DATA BIAS
As has been shown in section 3.5 (Figure 4) the statistical
probability of the sentence to be chosen as the relevant is
biased towards the specific document positions. However, the
analysis of attention distribution revealed that models like
Pegasus don’t take into account the bias and instead assume
uniform saliency distribution.
One way to bias the attention is to use the existing binary

attention mask (Binary masking) to filter the least relevant
positions. The disadvantage of that approach is the partial loss
of secondary information that could reinforce the encoded
salient concepts as the attention mechanism wouldn’t propa-
gate the signal frommasked positions. An improved approach
is to modify the attention mechanism to use multiplicative
float masks (Float masking) along with the original binary
additive mask. This would retain the connectivity of the atten-
tion graph and shift the centrality at the same time. Another
alternative is the text-to-image result blending approach, en-
codermixture [33]. The idea is to interpolate the outputs of the
original encoder without masking and the encoder with the
bias mask. This way the bias-masked output would amplify
the concepts produced by relevant tokens without disrupting
the information flow of the original network.
Unlike other approaches the encoder mixture introduces

several hyperparameters: the interpolation coefficient that
constraints the decoder to selected tokens, the interpolation
method that determines the transformation trajectory, and
encoder weights used to produce the biased output. For in-
terpolation we consider linear (lerp) and spherical (slerp).
Besides the original encoder (Encoder mixture (original)) we
consider an identity version (Encoder mixture (identity)) that
encourages the decoder to copy the full input directly.

C. EXPERIMENT SETTING
Our sentence permutation pre-training dataset consists of 367
932 articles published between January 2017 and December
2019 filtered out from CC-News. Since Pegasus is already
capable of generating coherent summaries to avoid overfitting
we pre-train the model for 3 epochs. We use batch size 32 and
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Adamoptimizer with learning rate = 3e-5 and linear scheduler
with warmup ratio = 10%.

To compare the efficiency of the attention correction ap-
proaches we test them on the best performing models, BART
and Pegasus. To build a multiplicative mask we map oracle
distribution weights (section 3.5, Figure 4) to token positions
of corresponding sentences. The identity encoder is trained
on autoencoding task using the original languagemodels with
a frozen decoder with the sentence permutation pre-training
data and the hyperparameters from section 3.4. We bias the
auxiliary encoder towards the top-p ∈ [10, 70] percentile of
the most salient positions.

D. MERGING RESULTS
Results of Pegasus additional sentence permutation (denoted
as Pegasus-SP) pre-training are reported in Table 5. The
new model outperforms the alternatives at zero-shot and up
to few-shot 100 settings but cedes its leading position to
BART at 1000 yet remains superior to the original Pegasus.
Interestingly, the source copy rate of generated summaries
also increases and follows the same trend as LongT5, which
indicates a stronger preference for extractive strategies.

The attention distribution also experiences changes in
model tuning trends (Figure 5). Pegasus-SP bears more sim-
ilarity to BART and exhibits the same lead bias that is sup-
pressed during few-shot 1000 tuning. At the same time, the
combined model retains the same distribution tail as Pegasus
yet doesn’t shift it during tuning. Instead, themodel boosts the
attention of the second half sentence bringing the distribution
to uniformity similar to BART.

Therefore, we confirm that the efficiency of BART in ab-
stractive summarization is a byproduct of the sentence permu-
tation task and specifics of pre-training data which in combi-
nation reduce to sentence saliency ranking task. This has two
implications. First, length-truncated sentence permutation
lies in the solution space of summarization. Second, sentence
saliency-based reordering is the basis of the efficient pre-
trained abstractive summarization model and centrality-based
pre-training (e.g. Principal pseudo-summarization) isn’t a
sufficient substitute.

E. ATTENTION CORRECTION RESULTS
The average performance of attention shifting approaches is
reported in Table 6. Classic attention masking has controver-
sial results. Both methods degrade the summarization quality,
however, with multiplicative float mask BART experiences
the major drop while Pegasus, on the contrary, gains a slight
boost. Encoder mixtures, on the other hand, are more con-
sistent. Linear interpolation proves to be the most effective
with at least a 2% relative improvement. Using original or
identity encoder for attention-biased input has little effect on
BARTmodel. In contrast, the identity encoder for Pegasus has
almost the double original encoder’s relative improvement
achieving a 4% quality increase.

The influence of the auxiliary encoder for BART is less
than 50% with an interpolation coefficient of 0.45 indicat-

ing that the main non-biased encoder has a good salient
content intuition, which is expected considering previously
discovered alignment of attention patterns. On the other hand,
Pegasus given the lack of attention alignment tends to replace
the signal of themain encoder bymore than 70%.Considering
that this is the case of identity auxiliary encoder that encour-
ages copying text directly this fact suggests that the original
encoder tends to introduce additional context information
that drives the decoder away from the input text during the
summary generation process.
Figure 6 gives a closer look at extreme cases of encoder

mixture improvement. The largest quality gains are seen on
data with the most discrepancy between attention and oracle
sentence distribution. For Wikihow and Booksum-chapter
BART improves by about 5% with encoder bias set to top-
20% of oracle positional distribution. Pegasus encoder mix-
ture has the best results on Booksum-chapter and ArXiv with
over 8% improvement using amuch softer top-60% biasmask
which is equivalent to suppressing positions corresponding
to the attention distribution tail. The interpolation coefficient
however exceeds 80% meaning that Pegasus shifts its be-
havior from central sentence estimation to document lead
extraction.
The analysis of Pegasus-SP showed that the improved

model exhibits the same attention distribution pattern as
BART and thus should also benefit from attention correction.
Table 7 reports the results of combined bias correction ap-
proaches. Contrary to the patterns, the improved model has
the same attention-shifting sensitivity as the original Pega-
sus, benefiting the most from the identity encoder mixture
method. However, the interpolation coefficients are in the
same range as BART’s and the original encoder signal re-
mains dominant, indicating a much better encoder informa-
tion propagation in extractive cases.
Sentence permutation pre-training also influences the top-

p sampling dynamic (Figure 7). In extreme cases, Pegasus-
SP no longer diverges at lower percentile values and follows
the same pattern as BART. The model now majorly benefits
from attention correction on Wikihow dataset as the atten-
tion distribution is less uniform. However, the magnitude of
ROUGE 1+2 improvements is much higher, with ∼10% and
∼7% relative improvements on Booksum-chapter (top-20%)
and Wikihow (top-10%) respectively.

V. CONCLUSION
In this work, we studied the reasons behind substantial perfor-
mance differences between summarization-specialized (Pe-
gasus, LongT5, Centrum, PRIMERA) and general-purpose
pre-trained generative language models (BART) in low-
resource settings. Our probing experiments found that while
all models exhibit extractive behavior at zero-shot setting
those that are pre-trained on a pseudo-summarization task
only lack the prediction confidence to extract longer frag-
ments and thus largely benefit from decision-constrained gen-
eration mode. At the same time, the attention distribution of
the said models doesn’t reflect the structure of the real-world
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Model # Examples ROUGE-1 ROUGE-2 ROUGE-L Decoder copy rate

Pegasus-SP

0 30.06 8.36 16.84 91.05%
10 31.52 9.26 18.41 80.44%
100 33.57 10.51 20.51 54.83%
1000 34.45 11.12 22.09 32.87%

TABLE 5. Results of Pegasus additional sentence permutation pre-training

FIGURE 5. Effect of sentence permutation pre-training on attention distribution

Model Alteration method Interpolation Coeff. ROUGE 1+2 Rel. improv.

BART

- - - 37.67 -
Binary masking - - 37.57 -0.28%
Float masking - - 36.80 -2.31%

Encoder mixture (original) lerp 0.45 38.51 2.24%
slerp 0.48 38.39 1.91%

Encoder mixture (identity) lerp 0.42 38.51 2.22%
slerp 0.47 38.30 1.68%

Pegasus

- - - 32.74 -
Binary masking - - 32.05 -2.10%
Float masking - - 33.07 1.02%

Encoder mixture (original) lerp 0.57 33.49 2.30%
slerp 0.62 33.59 2.60%

Encoder mixture (identity) lerp 0.72 34.10 4.16%
slerp 0.48 34.01 3.88%

TABLE 6. Comparison of attention shifting methods

Model Alteration method Interpolation Coeff. ROUGE 1+2 Rel. improv.

Pegasus-SP

- - - 38.42 -
Binary masking - - 38.36 -0.15%
Float masking - - 38.21 -0.54%

Encoder mixture (original) lerp 0.43 39.51 2.84%
slerp 0.53 39.43 2.62%

Encoder mixture (identity) lerp 0.47 39.85 3.72%
slerp 0.43 39.84 3.69%

TABLE 7. Effect of attention shifting methods on Pegasus-SP

texts, assuming a uniform sentence saliency distribution. The
latter happens to be the major factor in underperformance in
news, fiction, and scientific articles domains as summaries for
those texts are usually biased towards the leading sentences.

We revealed that the superiority of BART general-purpose
generative model throughout all low-resource settings is the
result of a combination of sentence permutation pre-training
task and specificities of the pre-trained data that reduces
to saliency-guided sentence reordering. This hypothesis was
confirmed by additionally pre-training Pegasus on sentence

permutation task with the subset of BART’s pre-training data.
The evaluation results demonstrated that the newmodel bears
more similarity to BART in both prediction quality and atten-
tion distribution and outperforms the original Pegasus in all
low-resource settings. To prove the importance of attention
distribution we tested three attention shifting methods for
zero-shot models. Among them the encoder mixture proved
to be the most effective, bringing up to 10% quality increase
for models and datasets with the largest discrepancy between
attention and sentence saliency distribution.
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FIGURE 6. Effect of top-p salient sentence filtering in Encoder mixture

FIGURE 7. Encoder mixture top-p saliency filtering dynamic with
Pegasus-SP
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