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Cross-Document Distillation via Graph-Based
Summarization of Extracted Essential Knowledge

Luca Ragazzi"”, Gianluca Moro

Abstract—Abstractive multi-document summarization aims to
generate a comprehensive summary that encapsulates crucial con-
tent derived from multiple input documents. Despite the proficiency
exhibited by language models in text summarization, challenges
persist in capturing and aggregating salient information dispersed
across a cluster of lengthy sources. To accommodate more input,
existing solutions prioritize sparse attention mechanisms, relying
on sequence truncation without incorporating graph-based mod-
eling of multiple semantic units to locate essential facets. Fur-
thermore, the limited availability of training examples adversely
impacts performance, thereby compromising summarization qual-
ity in real-world few-shot scenarios. In this paper, we present
G-SEEK-2, a graph-enhanced approach designed to distill multiple
topic-related documents by pinpointing and processing solely the
pertinent information. We use a heterogeneous graph to model
the input cluster, interconnecting various encoded entities via in-
formative semantic edges. Then, a graph neural network locates
the most salient sentences that are provided to a language model
to generate the summary. We extensively evaluate G-SEEK-2 across
seven datasets spanning various domains—including news articles,
lawsuits, government reports, and scientific texts—under few-shot
settings with a limited training sample size of only 100 examples.
The experimental findings demonstrate that our model consis-
tently outperforms advanced summarization baselines, achieving
improvements as measured by syntactic and semantic metrics.

Index  Terms—Multi-document  summarization,
enhanced transformer, few-shot learning.

graph-

I. INTRODUCTION

ITH a constant influx of new digital information, we are
W witnessing an exponential proliferation of textual data.
Documentation plays a crucial role in grasping useful insights in
various domains, including healthcare, law, and science journal-
ism. In fact, workers invest considerable time in summarizing
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multiple topic-related documents into a unified text, whether
it involves compiling outcomes from various lawsuits [1] or
detecting key events from collections of news articles [2]. As a
consequence, the proliferation of unstructured information has
expanded the documentation workload, directly contributing to
increased stress and burnout [3]. Even for attorneys with a high
level of expertise, this intricate task naturally demands hours to
accomplish, posing challenges for timely production [1]. Hence,
there is a need to develop automated tools to accelerate human
productivity.

In light of recent advances in natural language processing
(NLP), there has been a surge in interest in abstractive sum-
marization, which surpasses traditional extractive methods by
adeptly paraphrasing the most significant details of documents.
Automatic text summarization tools play a vital role in help-
ing people access the information they need [4], including lay
summarization to increase readability and comprehension for
non-experts [5]. In this context, a particularly challenging and
practical task is the processing, identification, and synthesis of
key information from a multitude of related sources, known as
multi-document summarization (MDS) [6]. These assistive tools
have received widespread attention across needs, ranging from
query-focused summarization [7] to opinion summarization [8].
However, the complexities arising from the large volume of
information and the inherent nature of documents—which often
complement, overlap, or even contradict each other [9], [10]—
contribute to the strong attention that the research community
devotes to the advancement of MDS.

State-of-the-art MDS solutions are predominantly based on
transformers [11], characterized by a structural constraint that
links memory usage directly with input size, making them
excessively resource-intensive when processing long texts.
This limitation restricts the models to read only a fixed number
of tokens,! introducing complications in MDS as it results
in the truncation of any surplus information. In fact, unlike
single document summarization, MDS methods must handle
multiple texts, whose concatenation can form extremely lengthy
inputs (e.g., 119,072.6 average words in MULTI-LEXSUM [1]).
Therefore, standard sequence-to-sequence models, such
as BART [13], are inadequate for MDS as they inevitably
truncate long inputs, causing information loss and model
degradation [14].> These problems are further exacerbated
in real-world low-resource scenarios [16] characterized by
a shortage of labeled instances available for model training
supervision [17]. First, within small and medium organizations,
creating gold-standard summaries from multiple lengthy

Tokens are subwords yielded by a subword tokenizer [12].

2Following [15], the input is the concatenation of documents in the cluster,
each truncated according to the input length limit divided by the total number
of sources, ensuring that each one is represented in the input (see Fig. 1).
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Fig. 1. Overview of G-SEEK-2 (right). Unlike standard solutions (left), we
convert the document cluster into a heterogeneous graph: pink diamonds are
keyword nodes K, violet circles are sentence nodes S containing keywords,
green circles are the context of S, and the segments between nodes are edges.
We extract salient sentences to produce the summary.

documents can be costly, time-consuming, and may necessitate
the expertise of domain specialists. Second, poorly correlated
input—output training pairs can hinder effective learning [18].
Therefore, few-shot MDS emerges as a significant research area
that deserves more attention from the NLP community [19].
Addressing these limitations presents an opportunity to
accelerate real-world processes, thus also alleviating the burden
associated with documentation.

In this work, we draw inspiration from the conventional
approach humans adopt when engaging in text summariza-
tion tasks. Specifically, humans read documents and highlight
sentences that are deemed to be of greater importance. Sub-
sequently, they review the underscored text and generate a
summary based on it. This natural approach enables them to
successfully synthesize extensive articles. A promising strategy
to emulate this process involves using a two-stage pipeline
approach that first extracts salient snippets and then summarizes
them [20]. We face this task by using a semantic graph to rep-
resent the documents. This approach intuitively aggregates all
source information, facilitating the identification and extraction
of summary-worthy sentences. Previous contributions have used
graph representations for text summarization [21]. Yet, they
exhibit the following limitations: (i) they are mainly proposed for
extractive summarization [22], [23], [24]; (ii) they are tailored
for short texts [25], [26], which diverge highly from MDS
settings; (iii) they do not leverage state-of-the-art generative
pre-trained language models (PLMs) [27].

In light of this, we present G-SEEK-2 (Fig. 1),? a graph-based
summarization of extracted essential knowledge. Our approach
selects the most relevant sentences from a cluster of related
documents and feeds them to a PLM to generate the summary.
Technically, we model documents with a heterogeneous graph
composed of multiple semantic edges and nodes of different
granularities (i.e., keywords and sentences). Then, a graph
neural network (GNN) is trained to select the salient sentence
nodes—soft labeled with a heuristic—which are thereby
provided to a PLM to produce the summary. This approach
bypasses the limitation of feeding models only until their
maximum input size, which otherwise prevents them from
fully processing the entire source, leading to performance
drop [28]. Furthermore, by modeling a heterogeneous graph,
we effectively capture cross-document relationships, a crucial
aspect in handling multiple inputs [8]. Experimentally, we
benchmark our solution in a realistic low-resource setting where

3https://disi-unibo-nlp.github.io/publications/

a limited number of labeled training instances are available.
This scenario is motivated by two key factors: (i) PLMs exhibit
enhanced performance in generating summaries when trained
with highly correlated source—target samples [18]; (ii) The
limited number of trainable parameters of our learnable module
(4M) allows G-SEEK-2 to avoid overfitting with a small number
of examples. The experimental results yielded by quantitative
and qualitative analyses register improved performance of
summarization baselines equipped with G-SEEK-2 across
various established evaluation metrics and datasets.

A conference version of this paper was presented in the Main
Track of the 26th European Conference on Artificial Intelli-
gence (ECAI 2023) [29]. In this manuscript, we enhance our
work by refining model design, conducting additional in-depth
comparative experiments, and expanding applications. The main
differences are summarized as follows.

e To dissect the effectiveness of accurately capturing sen-
tence node saliency in the graph, we conduct experiments
with six different GNNs, such as Graph Convolutional
Networks (GCN) [30], GraphSAGE [31], Graph Atten-
tion Networks (GAT) [32], Graph Isomorphism Networks
(GIN) [33], Deep-GCN [34], and EdgeGCN [35].

e We evaluate our solution using three additional MDS
datasets: MULTI-NEWS [36], WCEP [2], and WIKICAT-
SUM-ANIMAL [37], expanding our testbed to a total of seven
corpora from various domains—news articles, lawsuits,
government reports, and scientific texts—thoroughly ex-
ploring the generalizability of our approach.

The remainder of this paper is organized as follows. Section II
offers an overview of related work on MDS. We present our
method in Section IV and the experimental setup in Section V.
Our results are reported and discussed in Section VI. Lastly,
Section VII provides final remarks, highlighting limitations and
future directions.

II. RELATED WORK

In this section, we provide a brief overview of related work
on MDS, focusing on commonly used approaches and the uti-
lization of graphs to model cross-document relationships.

A. Sequence-to-Sequence Pre-Trained Language Models

Generative PLMs have demonstrated robust performance and
adaptability to MDS [6], also when enhanced with reinforce-
ment learning [38], and long-input summarization tasks in
general. These sequence-to-sequence models are built on the
transformer encoder—decoder architecture, denoted by stacks of
self-attention layers. Vanilla transformers, such as BART [13] and
PEGASUS [39], are limited to process up to 1024 tokens due
to their quadratic memory and time complexity w.r.t. the input
size. Consequently, they are not suitable for long sequences—
including MDS—made up of tens of thousands of tokens.
To address this obstacle, linear PLMs such as LED [40] and
PRIMERA [15] feature a sparse attention mechanism that replaces
the full quadratic self-attention by allowing models to scale lin-
early w.r.t. the input length. As a result, these models are capable
of reading longer texts (e.g., up to 4096 tokens for PRIMERA),
making them more suitable for MDS tasks. Despite the advan-
tage of linear transformers in handling extensive information,
they still rely on input truncation, like their quadratic counter-
parts. This constraint entails processing the source only up to
the model’s maximum input size (see Fig. 1), thus overlooking
potentially relevant details that merit inclusion in the summary.
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B. Approaches for Multi-Document Summarization

MDS methods that do not adhere to a standard transformer-
based sequence-to-sequence approach for handling multiple
documents fall primarily into three categories.

a) Two-Phase Solutions: These methods, often referred to as
“extract-then-abstract,” operate by selecting sentences deemed
suitable for summarization, which are subsequently condensed
by a PLM. Beyond unsupervised alternatives for sentence ex-
traction [20] and abstractive summarization from clustered doc-
uments [41], most of the contributions embrace supervised
techniques. Previous strategies relying on TF-IDF [42] have
been replaced by ROUGE-based extractors, which aim to label
sentences as relevant by measuring their similarity w.r.t. the
summary [43]. This approach has also been addressed by jointly
training the extractor with the summarization module [44]. In
contrast to prior works, we explore different metrics for sentence
soft-labeling, covering BLEU [45] and all ROUGE [46] variants,
such as ROUGE-1, ROUGE-2, and ROUGE-L, with precision
and F1 assessments.

b) Aggregation-based Methods: These techniques involve
combining hidden-states to aggregate information sourced from
various snippets. Fusion-in-decoder [47] generates a unified
hidden-state by concatenating multiple representations before
decoding. On the other hand, marginalization-based models
employ logit likelihood summation during decoding across in-
puts to weigh the probability of the next token [48], [49], [50].
Nevertheless, these solutions face difficulties when dealing with
a limited number of labeled samples, primarily due to the initial
cold-start phase required to train the model to effectively exploit
this aggregated representation.

c) Hierarchical Models: These solutions aim to capture in-
tricate interactions among documents to attain semantic-rich
representations. Efforts have focused on enhancing transformers
through graph-based techniques [51], [52], [53], [54], multi-
head grouping and inter-paragraph attention [55], [56], maximal
marginal relevance [36], and the inclusion of global and local
attention [57], [58], [59]. Although hierarchical solutions have
shown promising results, they struggle to effectively accommo-
date and leverage state-of-the-art PLMs [15].

C. Graph-Based Summarization

Graphs and GNNs have emerged as integral components in
MDS [21], offering enhanced scalability [60] and improved do-
main modeling [61] to mitigate transformer flaws. Several con-
tributions leverage GNNs as standalone solutions [62], where
the summary is generated by composing sentences extracted
from input documents [63], [64]. Conversely, GNNs can be
embedded with abstractive summarization models to improve
performance [53]. Along this thread, BASS [27] introduces
a unified semantic graph to represent the collection of texts
and modifies the transformer architecture to interact with the
graph. SKGSUM [25] exploits nodes at various levels to guide
the summary generation process. To capture cross-document
relationships, many studies have sought to construct different
types of homogeneous graphs (e.g., topic graphs, discourse
graphs) [53], [65], [66], [67]. Several studies have also delved
into the use of heterogeneous graphs [68], [69], [70], [71].
However, these graphs accommodate only different types of
nodes (e.g., word and sentence nodes) without considering di-
verse meaningful edges. On the other hand, HGSUM [72] extends
a linear transformer with a heterogeneous graph of multiple

Algorithm 1: Sentence Soft-Labeling.

Input: X = {x1,...,2,} (Input senr)
Y =A{vy1,...,yy} (Output sent)
Parameters: M (Similarity metric)
Output: S (Set of scores)

1:S«+ 0

2:for x; € X do

3: s+ 0

4: fory; € YV do

5:  s.append(M(z;,y;))
6: end for

7:  S.append(maz(s))

8: end for

9: return S

semantic nodes and edges, but requires joint training that comes
with the drawback of a costly pipeline.

III. RESEARCH OBIJECTIVE

The goal of this research is to develop an automatic MDS
approach that can address the following real-world challenges.

e [ong-input processing: Design an extract-to-abstract
framework to adeptly manage large information prevalent
in MDS, bypassing input truncation drawbacks encoun-
tered in conventional sequence-to-sequence solutions.

o Few labeled examples: Integrate a powerful PLM to work
successfully under few-shot conditions.

® (Cross-document relationships: Leverage a heterogeneous
graph to accurately encode document interrelations, and
employ state-of-the-art GNNSs to analyze their role in dis-
cerning significant patterns.

® Generalizability: Analyze system effectiveness across a set
of multiple corpora from different domains through both
syntactic and semantic evaluation metrics.

IV. METHOD

We present G-SEEK-2, a graph-based summarization of
extracted essential knowledge (see Fig. 1). Section IV-A de-
lineates the preliminary procedures integral to our method,
including the required sentence labeling and the compilation of
passages essential for graph construction from extended inputs,
using semantic and structural data. Section IV-B delves into the
array of GNNs used to discern the interrelations among graph
nodes, facilitating the identification of key sentences. Finally,
Section IV-C provides the summarization pipeline.

A. Preliminaries

1) Sentence Soft-Labeling: Two-stage approaches have un-
derscored the need to select suitable summary-worthy sen-
tences from the source documents [44], [73]. Conceptually,
each sentence can be categorized as relevant or irrelevant to
the intended summary, enabling the training of a model to
discern such noteworthy sentences. However, in the absence of
ground-truth relevance labels—which reflects a characteristic
of real datasets—we need to heuristically mark the salience of
the input sentences w.r.t. the gold summary, namely performing
a soft-labeling strategy. Formally, let X' = {x1,..., 2y} and
Y ={y1,...,yy/} be the long input (i.e., the concatenated
documents of the cluster) and the corresponding summary,
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TABLE I
DIVERSE SOFT-LABELING IN MULTI-LEXSUM

Metric R-lfl R-Zf 1 R-Lf 1
BLEU 43.62 19.18 28.58
RI-F1 ~ 44.06 1933 29.32
RI1-P 4097 1696  26.51
R2-F1 4529 2020 30.19
R2-P 4332 19.20 29.14
RL-F1 ~ 43.18 19.34  28.30
RL-P 4390 19.14  29.15

Notably, ROUGE-2-F1 results the most
effective metric for the sentence labeling
task.

Legend - Edges

Long input & Orange = Context of S

with [n| sentences

Keywords Extraction

£x = Keyword Embedding

DistilRoBERTa

£5 = Sentence Embedding

Fig. 2. The pipeline for generating a semantic heterogeneous graph. We
provide the textual information to KEYBERT, which generates a set of unique
keywords. Subsequently, (i) sentences containing at least one keyword, (ii)
their surrounding context (i.e., sentences preceding or following), and (iii) the
keywords, are transformed into embeddings using DISTILROBERTA, serving as
the new nodes interconnected by meaningful edges (positional, semantic, and
keyword edge).

respectively, where each z; € X and y; € ) is a sentence. We
perform a greedy algorithm (Algorithm 1). Initially, for each
instance z;, we yield a list of relevance scores € [0, 1] through
pairwise similarity computations among the sentences in the
corresponding instance y,;. Subsequently, the highest scoring
value is selected and assigned to x;. For the assessment of
sentence similarity, we examine various evaluation metrics, such
as BLEU and ROUGE-{1,2,L.}, considering both precision and
F1 scores. Evaluation is carried out using the MULTI-LEXSUM-
SHORT dataset [1] as testbed, using the first 100 samples from
both training and validation sets. To appraise the summarization
quality, we employ PRIMERA [15] as the backbone model, which
is a transformer with linear complexity in the input length
pre-trained with an MDS-specific objective. Practically, after
assigning a summary-relevance score to each z; € X, PRIMERA
is furnished only with sentences (sequenced as per the source
text) possessing the highest scores, up to the model’s maximum
input size, which is 4096 tokens. The results, detailed in Table I,
highlight ROUGE-2 F1 as the most effective metric for soft
labeling. Consequently, this metric is adopted for the relevance
labeling of sentences across all experiments. It is pertinent to
note that Table I encapsulates the results derived from also
extending soft labeling to the validation set. Pointedly, during
inference, an oracle simulation is performed by accessing the
ground-truth target summaries, thus facilitating the examination
of upper-bound performance.

2) Heterogeneous Graph: We delineate the construction of
our heterogeneous graph through the following steps, as illus-
trated in Fig. 2.

a) Keyword Extraction: First, we eliminate English stop-
words and general domain-specific terms appearing in more than
40% of the cluster. Then, we employ KEYBERT [74], [75] to
identify the top-k keywords, which is a lightweight method in

Scoring Layer

Reprojection Layer
y o Rnx1024 nx1024
{ ———> GNNLayer ——>

Fig. 3. Overview of our learnable module to model cross-document relation-
ships over the heterogeneous graph.

contrast to more resource-intensive alternatives [76]. Opera-
tionally, we extract k keywords for each document in the cluster
and combine these keyword lists into a unique set, removing any
duplicates.

b) Sentence Filtering: We partition the documents into sen-
tences and select those containing at least one keyword. Ad-
ditionally, we capture the surrounding context by retrieving
the n sentences preceding and succeeding the selected one.
Formally, we define {[x1, ... ’I\Xl\]’ sz @ | b asthe

cluster of sources z. Let z} and z! be two sentences with
keywords. We then select [z} ... z0, ., al ....,xt,,],
where < xj_,.,..., 2}, > —{xp} is the context of z;, .

c) Sentence & Keyword Embedding: We use a frozen pre-
trained DISTILROBERTA model [77] to generate the embeddings
of three types of texts with different semantics: (1) keywords, (2)
sentences containing keywords, and (3) neighboring sentences
(i.e., the surrounding context) of the latter. DISTILROBERTA
is characterized by a relatively small parameter count (82M),
ensuring efficiency in terms of GPU memory utilization and
computation. Notably, the model is already pre-trained to create
sentence embeddings through a self-supervised contrastive
learning objective.* About creating sentence embeddings,
the model produces a representation for each token within a
sentence. Then, following [78], we employ mean pooling to
aggregate token embeddings, yielding a final single vector rep-
resentation denoted as e

d) Graph Creation: All keyword and sentence embeddings,
denoted as KE and SE, respectively, are represented as nodes
within our graph. Inspired by [27], we designate KEs as su-
pernodes, indicating that every sentence containing a keyword
establishes bidirectional Keyword Edges (cf. the blue lines in
Fig. 2) with the corresponding keyword node, rather than form-
ing connections solely among themselves. Then, we introduce
bidirectional Positional Edges (cf. the red lines in Fig. 2) between
two SEs if they appear consecutively in the source text. Finally,
in alignment with [53] and [24], we incorporate Semantic Edges
(cf. the green lines in Fig. 2) between e; and e; if their cosine
similarity is greater than a threshold ¢. The ultimate graph
has as many nodes as the combined number of sentences and
keywords.

B. Cross-Document Modeling

To capture cross-document relationships, we employ a learn-
able module featured by a GNN on our heterogeneous graph,
discerning the significance of sentences by assigning an un-
bounded positive relevance score to each sentence node. We
harness both nodes (semantic information) and edges (struc-
tural information), essential for propagating information across
nodes. This enables the GNN to attain a deeper comprehension
of the context and meaning of each sentence. Our module
comprises the following layers (see Fig. 3):

“https://huggingface.co/sentence-transformers/all-distilroberta-v1.
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* Reprojection Layer has two feed-forward layers (FFL) for
learning the transformation of node embeddings = within
the vector space, resulting in reprojected embeddings .
Functionally, it augments the dimension d, of input em-
beddings n (R(nx768y) by a factor termed Boom Factor
(BF): ' = FFL, (FFL,(z, d, - BF), d,) where sigma and
gamma are parameters of distinct linear layers.

® GNN Layer operates on graph-structured data by exploit-
ing structural information to improve the semantic repre-
sentation of nodes and capture relational dependencies and
patterns. We test multiple GNNs.?

— GCN (Graph Convolutional Network) [30] uses convo-
lutional operations to propagate information between
nodes in the graph by leveraging a localized aggregation
of neighboring node features.

— GRAPHSAGE [31] is an inductive algorithm that learns a
function to generate node embeddings by sampling and
aggregating features from the local neighborhood of a
target node.

— GAT (Graph Attention Network) [32] assigns attention
weights to each node, allowing the network to focus on
the most influential neighbors throughout the informa-
tion propagation process.

— GIN (Graph Isomorphism Network) [33] aims to gener-
alize the Weisfeiler-Lehman graph isomorphism test to
achieve the maximum discriminative power.

— DEEP-GCN [34] leverages residual and dense connec-
tions and dilated convolutions into GCNSs.

—EDGEGCN [35] uses multi-dimensional edge features for
explicit relationship modeling.

® Scoring Layer has two linear layers for reducing the
dimensionality of each node (x) to a singular real number
(s), serving as relevance score for the sentence linked to
the node s = FFL3(FFLy(Z, dz - BF), 1).

C. Summarization Pipeline

After converting the multi-document input into a graph and
determining the relevance scores for each sentence, we employ
a PLM to generate the output summary from the most pertinent
sentences. Technically, based on their relevance scores, we select
the most salient sentences and construct an input text for the
model with fewer tokens than its maximum input size (i.e., with-
out text overflow that would require truncation). Consequently,
the new input comprises only important sentences arranged in
the order of their occurrence in the original source.

We train the summarizer using the standard cross-entropy
loss, wherein the model is tasked with predicting the next token
w; of the target ) given the input A" and the previous target to-
kens wy.;_1, formulatedas L. = — ZP;‘I log pr(wi|wyi-1, X)
where 7 denotes the model parameters and p represents the
predicted probability distribution over the vocabulary.

V. EXPERIMENTAL SETUP

In this section, we describe the experimental datasets, evalu-
ation metrics, implementation details, and baselines used for
comparison. Our research focuses primarily on the task of
few-shot summarization, characterized by a real-world sce-
nario marked by limited data availability for model supervision,

SWe direct the reader to consult original papers for technical information.

TABLE II
STATISTICS OF THE DATASETS. EXCEPT FOR THE NUMBER OF SAMPLES, ALL
REPORTED VALUES ARE AVERAGED ACROSS ALL INSTANCES.

Source Target Source —» Target

Words'  Sents
119072.6

Dataset Domain  Samples  Docs Words ~ Sents

MULTI-LEXSUM-TINY [1] Legal 1603 107
MULTI-LEXSUM-SHORT [1] Legal 3138 10.3
MULTI-LEXSUM-LONG [1] Legal 4534 88
MULTI-NEWS [29] News 56,206
WCEP [2] News
WIKICAT-SUM-ANIMAL [30]  Scientific
GOVREPORT [69] Legal

Coverage
59625 247 14 092 227
993782 50170 1302 5.1 096 333 840.7
755432 38142 6465 288 094 407 97.4
20021 809 2579 100 082 547 8.1
43561 1540 319 14 091 317 162.1
920 46 078 3.07 814
5563 18.1 094 9.08 179

Density ~ Compress

5449.6

tenating all the documents.
comprehensive range of input lengths, which challenges

mainly due to the high cost associated with annotation. In line
with prior studies [18], [79], we select the first 100/10/100
samples from the training, validation, and test sets of all datasets
without engaging in further data pre-processing.

A. Datasets

We perform experiments using multiple datasets from various
domains that are publicly available in HuggingFace, serving
as widely recognized benchmarks for MDS tasks. MULTI-
LEXSUM [1] comprises real-world federal civil rights lawsuits
accompanied by summaries authored by experts. The primary
challenge encountered in MULTI-LEXSUM lies in the extended
length of the source documents and the varying granularity of the
summaries, including tiny, short, and long versions (see Table IT).
Owing to this multifaceted nature, we conduct experiments using
three distinct dataset renditions as testbed. MULTI-NEWS [36]
is a large-scale dataset in which each instance comprises mul-
tiple news articles gathered from various sources, accompanied
by a summary crafted by professional editors. WCEP [2] is
constructed based on news events sourced from the Wikipedia
Current Events Portal. It comprises clusters of news events
along with human-authored summaries. We focus on the WCEP-
10 dataset, which features 10 related articles per instance.
WIKICAT-SUM-ANIMAL [37] is a collection of news articles
related to the domain of animals. Finally, GOVREPORT [81]
consists of lengthy reports from the US government. Although it
is used in long document summarization benchmarks, we regard
GOVREPORT as an intriguing testbed owing to its notably large
input size, similar to [72] with the ARXTV dataset.

The key statistics of the datasets are presented in Table II.
Specifically, we provide the number of samples in the corpus,
the average number of documents per cluster, and the average
number of words and sentences in both the source documents
and target summaries—computed using the NLTK library [82].
Additionally, we report the average coverage, density, and com-
pression ratio of extractive fragments, as defined by [80]. Tech-
nically, coverage is defined as the average fraction of token spans
that can be identified in both the source and target. For instance,
a coverage of 0.94 indicates that 94% of the summary words
appear in extractive source fragments. Density, on the other
hand, represents the average length of the extractive fragments.
Finally, the compression ratio quantifies the extent to which a
text is condensed to produce its summary.

Pointedly, our evaluation testbed encompasses several chal-
lenges: (i) processing very long legal reports (i.e., > 100K
words) with an extremely high compression ratio [1]; (ii) gen-
erating extremely short summaries [1], [2]; (iii) handling highly
abstractive syntheses, where the targets contain few source-
related tokens, as indicated by the low coverage [37]; and (iv)
managing highly dense summary phrases [36], [81].
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B. Metrics

We use ROUGE-{1,2,L}° F1[46] and BERTScore F1
(BS) [83] to quantify the syntactic and semantic correspondence,
respectively, between the generated summaries and the
ground-truth. Further, we compute R = ave(ri,r2,re)/1442
[84] to aggregate ROUGE, where o2 represents the variance
of the average ROUGE scores, penalizing discrepancies in
performance across different dimensions. All metrics lie
within the range [0,1], with higher scores indicating better
performance. Reports additional details.

C. Baselines

While decoder-only architectures driven by large language
models (LLMs) have gained popularity for news summariza-
tion [85], [86], their application in MDS remains unexplored,
and recent research proves that encode.decoder networks offer
superior summarization performance [87]. Thus, to assess the
efficacy of our proposed method in filtering relevant information
prior to inputting it into generative models, we select several
widely recognized and leading MDS solutions notable for their
distinct capabilities in handling various input sizes. We then
compare their performance when enhanced with G-SEEK-2 (4M
parameters). BART [13] (400M) is a transformer-based model
with quadratic memory and time complexity concerning in-
put length. PEGASUS [39] (568M) is a quadratic transformer
pre-trained specifically for summarization tasks, employing an
objective to predict gap sentences as pseudo summaries. Like
BART it can read up to 1024 tokens. LED [40] (459M) is
a transformer model with linear memory complexity due to a
sparse attention mechanism that reads 4096 tokens. PRIMERA
[15] (447M) is a linear transformer built upon LED but with a
pre-training objective specifically tailored for MDS, generating
pseudo summaries by automatically extracting text spans based
on entity salience.

D. Implementation Details

We fine-tune the models using the PyTorch implementa-
tions provided by the HuggingFace library [88], ensuring re-
producibility by setting the seed to 42. All experiments are
conducted on an internal workstation equipped with a Nvidia
RTX 3090 GPU with 24 GB of memory, 64 GB of RAM, and
an Intel(R) Core(TM) i9-10900X CPU @ 3.70GHz processor.
For the GNN module, training is carried out over 75 epochs
with a learning rate of 5¢~°, using AdamW as the optimizer
with 81 = 0.9 and 55 = 0.99. It should be noted that we trained
all GNNs once on MULTI-LEXSUM-SHORT using soft labels as
described in Section IV-A-1. Regarding the summarization task,
all models are trained for 5 epochs with a learning rate of 3e~°,
using mixed precision and gradient checkpointing techniques to
conserve memory. During decoding, we employ beam search
with 5 beams and n-gram repetition blocking for n > 5.

VI. RESULTS AND DISCUSSION

A. Analysis of the Graph

We explore various configurations of graph settings, with
particular emphasis on the Sentence Filtering module (see Sec-
tion IV-A-2), where we evaluate Precision and Recall of all

%We use ROUGE-L after segmenting the summary into sentences. ROUGE-
{1,2,L}\footnote{ We use ROUGE-L after segmenting the summary into sen-
tences.

TABLE III
PRECISION, RECALL, AND F-MEASURE RESULTS OF DIFFERENT GRAPH
SETTINGS ON THE EVAL SET OF MULTI-LEXSUM-SHORT

# P R F1 # P R F1
Keywords Consecutive Sentences
4 2212 7643 3431 1 2326 6264 3392
5 2329 7881 3595 2 2212 7643 3431
6 2298 7542 3522 32324 76.00 35.60
7 2265 7726 35.03 4 2315 7885 3579
8 2257 77.12 3492 5 2306 7742 3554
TABLE IV

SENTENCE CLASSIFICATION SCORES WITH DIFFERENT GNNS ON EACH
DATASET EQUIPPED WITH SOFT LABELS. FOR EACH CORPUS, THE BEST
RESULTS ARE BOLDED AND THE SECOND-BEST ARE UNDERLINED.

GAT GCN GIN DEEP-GCN  EDGEGCN  GRAPHSAGE
P R P R P R P R P R P R
MULTI-LEXSUM-TINY

420 37.8 524 369 515 344 48.9

352 480 30.1 435 287

MULTI-LEXSUM-SHORT

38.1 525 354 503 327 477 39.6 547 39.1 542 375 525
MULTI-LEXSUM-LONG

370 510 330 475 315 458 385 532 379 527 362 50.6

MULTI-NEWS

63.0 630 600 600 585 585 625 625 630 630 67.0 67.0
WCEP

783 783 750 750 740 740 751 751 748 748 80.5 80.5

WIKICAT-SUM-ANIMAL
628 628 60.5 605 590 590 602 602 612 612 634 63.4

GOVREPORT
352 478 325 456 390 520 385 515 370 50.0

38.0 50.0

For each corpus, the best results are bolded and the second-best results are underlined.
Notably, DEEP-GCN consistently outperforms other models in legal datasets,
marking it as the most effective choice for these corpora. Conversely, GRAPHSAGE
proves to be the superior option for other types of datasets.

TABLE V
THE RESULTS OF THE LEARNABLE MODULE ON THE VALIDATION SET OF
MULTI-LEXSUM-SHORT UNDER DIFFERENT SETTINGS WITH 30 TRAINING

EPOCHS
Value P R F1

Boom Factor Value v R ¥
1 31.34 3843 3452 Cosine Similarity
2 3212 3917 3529 0.80  32.02 39.01 35.17
3 31.69 38.80 34.88 0.82 32,10 39.18 3528
4 31.52 3854 34.68 0.84 32.10 39.17 3528

0.86 3249 39.55 35.67

GAT Layers
1 3538 4231 38.54 0.88 3196 39.01 35.13
2 32.13  39.18 3531 Final Module
3 2834 3513 3137 - 38.37 4549 41.63
4 2945 3637 3255

The “Final Module” is the best setting and checkpoint after 75 epochs.

labeled sentences among the selected salient ones. The results
of these investigations are summarized in Table III, conducted
over the validation set of the MULTI-LEXSUM-SHORT dataset and
considering the following facets:

® Keywords: We analyze the maximum number of keywords
extracted by KEYBERT for each document in the cluster.
We observe that 5 keywords yields the most favorable
outcomes.

e (Context: We investigate varying numbers of consecutive
neighboring sentences selected as the context of the salient
ones (i.e., those containing keywords). Results suggest that
4 sequences result in improved performance.

In our hardware environment (see Section V-D), the average
time to create the graph for a single long input containing
approximately 100K words is &~ 34 seconds. Regardless, it
is pertinent to note that the current implementation does not
incorporate any specific optimizations.
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TABLE VI
EVALUATION F1 SCORES ON MULTI-LEXSUM-{TINY, SHORT, LONG} AND GOVREPORT

MULTI-LEXSUM-TINY MULTI-LEXSUM-SHORT MULTI-LEXSUM-LONG GOVREPORT

Model R-1 R-2 R-L R BS R-1 R-2 R-L R BS R-1 R-2 R-L R BS R-1 R-2 R-L R BS
Quadratic

BART 2237 791 1974 1661 7617 4145 1874 3581 3170 7989 4141 1647 3898  31.88  79.13 4846 1403 4483 3494  80.82
w/ G-SEEK 2446 770 2034 1741 7707 4157 1672 3578 3101 7997 4392 1743 4108  33.67  80.19 5146  17.12 4805 3797 8178
w/ G-SEEK-2 27727 11.04"  22.64° 20497 79587 42.48" 1598 37.57" 3185 80.77" 48.087 22.06" 4557° 3848" 82157 52307  17.39  48.65" 39457 8177

PEGASUS 15090 T 3207 T 1207 ~ 1009 T 77027 ~ 73829 16310 T 3263 ~ 2883 ~ 7858 ~ 40.19 ~ T16.13 T 37.827 T 31.02° ~ 7839 ~ 47.12 ~ 1407 4482 "3455 T 8031
w/ G-SEEK 1984 513 1628 1370 7312 3878 1632 3326  29.18  79.11 4238  17.04  39.88 3268 7953 5055  17.06 4801  37.67 8130
w/ G-SEEK-2 23577 8857 17787 16237 75237 4246" 17.827 37777 32307 80.59" 46797 21.947 43947 37.56" 81997 5076 1693 4812 38.58" 8129
Linear

LED 2286 798 1886 1650 7620 4009  17.50 3515  30.63  79.51 4526 2001 4266 3552 8131 1953 4928 3996  82.65
w/ G-SEEK 2439 796 2055 1755 77.19 4095 1628 3531 3051  80.56 4542 1887 4293 3523  81.03 21.08 5067 4149 8277
w/ G-SEEK-2_ 27747 12997 22387 20947 78437 46987 21.087 41427 36497 8270" 50947 25757 47587 41487 83.347 22377 54047 44877 83.01

PRIMERA 2537~ B3 T 2084 T 1802 ~ 7645 T 4020 T [4.88° 34388 ~ 29.63 ~ 8031 = 4531~ 21.06  42.44 T 3585 ~ 8134 ~ 3420 1937~ 5020 40287 T 79.75
w/ G-SEEK 2576 759 2136 1813 7726 4399 1867 3755 33.02 8132 4592 1961 4259 3555 8136 2120  53.64 4287 8037
w/ G-SEEK-2 27537 1092F 22527 2032F  78.017 4365 20877 3809 34547 82297 49517 23617 46247 39.637 82597 5559 2054 50.84 4224 82547

The best intra-model score is bolded. T means statistically significant results of G-SEEK-2 (p-value < 0.05 with student t-test). Remarkably, G-SEEK-2 demonstrates superior

performance compared to both standard solutions and those enhanced by its predecessor.

TABLE VII
EVALUATION F1 SCORES ON THE NEW ADDED DATASETS, SUCH AS WIKICAT-SUM-ANIMAL, MULTI-NEWS, AND WCEP

WIKICAT-SUM-ANIMAL MULTI-NEWS WCEP

Model R-1 R-2 R-L R BS R-1 R-2 R-L R BS R-1 R-2 R-L R BS
Quadratic

BART 37.04 1776 2724 3010 7800 4394 1342 2008 3234 7910 4133 2489 3372 3387  83.00
w/ G-SEEK 4586 1449 2404 2762 7829 3825 1054 1883 2920 7836 3651 1579 2649 2693  80.56
w/ G-SEEK-2  39.64 1428 2538 2974 7920  40.68 9.97 1778 2837 7821 4135  18.09 2928  29.75  84.39"

PEGASUS T 737457 1398 T23.05 2645 ~ 7818 ~ 3370 ~ 842 ~ 1663 2330 ~ 7758 ~ 4459 T 2516 ~ 3704 35827 8235
w/ G-SEEK 36.80 1344 2333 2788 7890 3963 1118 1777 2813 7758 4625 2517 3574 3575  86.17
w/ G-SEEK-2  37.80 14.47° 24.48" 28.84" 79.10"7 44.93" 13437 19.677 32447 79137 48.97" 27547 41.65"7 39.377 8558
Linear

LED 39.12 1827  28.60 3157 7835 4447 1254 1956 3220 7930 5110 2390 3737 3734 8501
w/ G-SEEK 4081 1572 2575  31.60  78.61 4292 1125 1897  30.14 7929 4532  21.83 3406 3375 8585
w/ G-SEEK-2 4094 17.13 2685 3120 79.73" 4468 13947 1947 3235 7896 5126 26297 41227 39277 8728

PRIMERA ~ 44018~ 719.49 "28.83" T 3376 ~ 80.00 ~ 3990 ~ 979 ~ "18.67 2888 ~ 7830 4624 ~ 2633 3807 3705 8449
w/ G-SEEK 4071 1669 2758 3192 79.66 4249 1034 1800 29.38 7841 4371 2582 3533 3545  84.63
w/ G-SEEK-2 4432 21.06°  29.33 35707 80.717  40.20 9.09 17.02  28.18  78.89 48.13" 2542 3811 3691  86.06"

The best intra-model score is bolded. ¥ means statistically significant results of G-SEEK-2 (p-value < 0.05 with student t-test). G-SEEK-2 demonstrates superior performance

compared to standard solutions and those enhanced by its predecessor.

B. Analysis of the GNN-Based Module

We investigate different settings of our learnable module
related to the inner architecture and the hyperparameters.

1) Architecture: Table IV reports the results obtained
through various GNN architectures. The performance of sen-
tence classification is assessed using two commonly employed
evaluation metrics, such as Precision and Recall. First, we
used only MULTI-LEXSUM-SHORT as our benchmark dataset.
The results reveal that DEEP-GCN outperforms other architec-
tures, demonstrating superior performance across all metrics.
This suggests its efficacy in accurately identifying relevant sen-
tences while minimizing false positives. Conversely, GCN and
GIN yield comparatively poorer results, indicating that these
architectures might not be well-suited for the dataset under
consideration. Consequently, we conduct this experiment on
all the evaluation datasets to further validate these observa-
tions, as can be seen from Table IV. In fact, the results reveal
that no single GNN architecture outperforms the others in all
datasets. Nevertheless, it is evident that DEEP-GCN emerges as
the optimal selection for legal corpora, while GRAPHSAGE is
preferable for other types. These findings emphasize the impor-
tance of choosing the appropriate model based on the specific
characteristics and requirements of the dataset. Upon closer
examination, certain datasets such as MULTI-NEWS, WCEP, and
WIKICAT-SUM-ANIMAL display identical values for precision
and recall. These datasets are characterized by shorter average
input lengths, as detailed in Table II. Therefore, this feature may
contribute to a more balanced task environment for determining
the relevance of sentences.

2) Ablation Studies: We conduct experiments with our
trainable module using the validation set of MULTI-LEXSUM-
SHORT to analyze the best setting for the Reprojection and

Scoring layers. Specifically, we employ GAT as our GNN
layer, performing 30 training epochs and assessing efficacy by
selecting the top 100 sentences based on their assigned scores.
Subsequently, we calculate precision, recall, and f-measure
metrics for these 100 sentences.

Table V presents the results of our experiments, where we
evaluate the following items:

® Boom Factor: We examine the impact of the Boom Factor

in the Reprojection Layer. We found that a value of 2 yields
optimal performance.

e Layers: We test different numbers of layers and surpris-
ingly find that having only 1 layer achieves the best results.
This suggests that, due to the limited pool of training exam-
ples, alightweight solution with fewer trainable parameters
is preferable.

Cosine Similarity: We analyze the threshold for creating
Semantic Edges between nodes. We uncover that a thresh-
old of 0.86 produces the best outcomes.

Table V additionally displays the results of the optimal module
configuration trained for 100 epochs. Subsequently, we identify
the most favorable model checkpoint, which occurs after 75
epochs. The average duration for each epoch is approximately 60
seconds. It should be noted that, after extensive experimentation,
we systematically varied each hyperparameter while maintain-
ing the other two constants at their respective optimal values
(marked in bold in Table V).

C. Summarization Results

We train and evaluate all models on the evaluation datasets
both with and without G-SEEK-2 to underscore our contribution.
Additionally, we provide the results for G-SEEK, which
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e BART e BART W/ G-SEEK-2
78— —

Model Tokens BS  Time (s) ~~

BART 1024 7659 8 - i ]
[ _WIGSEEK-2 1024 7797 8 __| )

BART 512777533 3 T4 b
__WIGSEEK-2 512 7187 6

BART 256 71.48 4 72— —

W/ G-SEEK-2 256 7638 4

1024 512 256

# Input Tokens

Fig. 4. Comparison of summarization quality with BERTScore (BS) by
varying the number of input tokens on MULTI-LEXSUM-TINY. We report the
time in seconds to compute the test set. On the right is furnished a graphical
representation.

represents the initial version of our previous contribution [29].
Regarding the complexity analysis, models equipped with
G-SEEK-2 have the same memory growth w.r.t. the input size
of vanilla counterparts. More precisely, the space complexity
to summarize the entire input document is O(L?) for quadratic
models (e.g., BART) and O(L) for linear ones (e.g., PRIMERA),
where L is the minimum value between the source length and
the model’s maximum input size.

Table VI presents the performance of the systems on the
datasets within the legal domain, while Table VII displays
the results on the newly introduced corpora. Remarkably, our
solution consistently enhances model performance across all
datasets and metrics, underscoring its beneficial impact, which
provides only salient information to generative PLMs. We
positively highlight that G-SEEK-2 consistently surpasses on
average our previous approach, underscoring the importance of
selecting the appropriate GNN based on the data at hand.

To assess the effectiveness of input compression achieved
through graph-based processing, we conduct an experiment
where we vary the number of input tokens provided to the
generative PLM. Consequently, we choose different quantities
of pertinent sentences to retain from the multi-document cluster.
In Fig. 4, we present the results based on semantic evaluation
using BERTScore, employing BART as the summarizer and
MULTI-LEXSUM-TINY as the dataset, and using three decreasing
input sizes. Remarkably, as the input size decreases, the model
equipped with G-SEEK-2 experience less impact compared to
vanilla solutions that rely on reading the initial truncated tokens
of the documents, which may include information unrelated to
the summary. The drop in BERTScore as the number of input
tokens decreases is due to important input information being
truncated, leading to less relevant content in the summary and
negatively impacting the score.

VII. CONCLUSION

This work introduces G-SEEK-2, a graph-based approach
for multi-document summarization in low-data settings. By
constructing a heterogeneous graph and applying a tailored
relevance-scoring algorithm, G-SEEK-2 identifies key sentences,
improving summary quality and enhancing PLM learning with
limited data. Future work will explore model interpretability
[89]. While aiming to make knowledge more accessible for
professionals—like lawyers [90], [91]—it is essential that G-
Seek-2 upholds ethical standards, transparently supporting hu-
man expertise in critical fields such as law.
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