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Abstract001

Multi-document summarization faces chal-002
lenges such as complex inter-document rela-003
tionships and information redundancy. Graph004
clustering provides an effective paradigm for005
addressing these challenges: it models the com-006
plex relationships among documents through007
graph structures and reduces information re-008
dundancy via clustering, achieving substantial009
progress in prior research. However, existing010
methods often consider only single-relational011
graphs and require the number of clusters to be012
predefined, which limits their ability to fully013
capture rich relational information and weak-014
ens their effectiveness in adaptively partitioning015
sentence groups to reduce redundancy. To over-016
come these limitations, we propose MRGSEM-017
Sum, an unsupervised multi-document summa-018
rization framework based on multi-relational019
graphs and structural entropy minimization.020
Specifically, we construct a multi-relational021
graph that integrates semantic and discourse022
relations between sentences, comprehensively023
modeling the intricate and dynamic connec-024
tions among sentences across documents. We025
then apply a two-dimensional structural entropy026
minimization algorithm for clustering, auto-027
matically determining the optimal number of028
clusters and effectively organizing sentences029
into coherent groups. Finally, we introduce a030
position-aware compression mechanism to dis-031
till each cluster, generating concise and infor-032
mative summaries. Extensive experiments on033
four benchmark datasets (Multi-News, DUC-034
2004, PubMed, and WikiSum) demonstrate035
that our approach consistently outperforms pre-036
vious unsupervised methods and, in several037
cases, achieves performance comparable to su-038
pervised models and large language models.039

1 Introduction040

Multi-Document Summarization (MDS) is de-041

signed to create compact and informative sum-042

maries from collections of documents that revolve043

Figure 1: Model architecture comparison between
MRGSEM-Sum and the existing graph-based multi-
document summarization method (i.e., Sumpip)

around specific subjects, facilitating users in effi- 044

ciently gaining essential information. (Ma et al., 045

2022; Roy and Kundu, 2023; Li et al., 2023). How- 046

ever, due to the large number of documents, the 047

relationships between documents are highly com- 048

plex, and there is also the issue of information re- 049

dundancy among documents, leading to suboptimal 050

results with existing methods. 051

In response, researchers have conducted in-depth 052

studies. Among them, unsupervised methods elim- 053

inate the need for annotated data and instead lever- 054

age the intrinsic structure and semantic relation- 055

ships within document clusters to automatically 056

generate summaries. This not only reduces data 057

acquisition costs but also provides stronger general- 058

ization capabilities, enabling these methods to flex- 059

ibly adapt to various topics and domains (Vogler 060

et al., 2022). Therefore, unsupervised MDS meth- 061

ods have become a focal point in recent MDS re- 062

search. Existing unsupervised methods can be cat- 063

egorized into autoencoders (Vogler et al., 2022), 064

ranking-based approaches (Lamsiyah et al., 2021; 065

Alambo et al., 2020), and graph clustering meth- 066

ods Zhao et al. (2020); Alami et al. (2021). While 067
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autoencoders can effectively retain detailed docu-068

ment information, they often struggle to filter out069

the core content required for summarization and070

face challenges with long input sequences (Zhao071

et al., 2020). Ranking-based methods, while able072

to identify salient sentences, are usually grounded073

in rigid prior assumptions, such as semantic rele-074

vance and diversity, which may not always hold075

in practice. In contrast, graph clustering meth-076

ods, such as Sumpip (Zhao et al., 2020), model077

the complex relationships between documents by078

constructing a graph of relationships between sen-079

tences and then reducing redundancy among docu-080

ments through clustering. This method can straight-081

forwardly address the complexities of relationships082

and information redundancy in MDS and has be-083

come a current research hotspot. However, exist-084

ing methods face two limitations: First, existing085

graph structures are typically limited to mod-086

eling single-relation connections, constraining087

their ability to capture the complex and het-088

erogeneous relationships that naturally arise in089

multi-document scenarios, such as semantic, dis-090

course, and pragmatic links. Second, traditional091

clustering frameworks often require the number092

of clusters to be predefined, increasing model093

complexity and inflexibility.094

To address these limitations, we propose an un-095

supervised multi-document summarization frame-096

work based on multi-relational graphs and struc-097

tural entropy minimization, named MRGSEM-098

Sum. Specifically, we first construct a multi-099

relational graph that captures semantic and dis-100

course relationships among sentences. We then101

utilize a two-dimensional (2D) structural entropy102

(SE) minimization algorithm to cluster the sentence103

graph in an unsupervised manner, automatically104

determining the optimal number of clusters and105

grouping highly relevant sentences together. Fi-106

nally, we introduce a position-aware compression107

strategy to further refine and condense each clus-108

ter, resulting in coherent and comprehensive sum-109

maries. A visual comparison of the model archi-110

tectures of MRGSEM-Sum and the existing graph-111

based multi-document summarization method (i.e.,112

Sumpip) is illustrated in Figure 1. In summary, our113

key contributions are as follows:114

• We propose a novel unsupervised multi-115

document summarization framework that ad-116

dresses the complexities of relationships and117

information redundancy in MDS.118

• We design a multi-relational graph construc- 119

tion method, combine with the 2D SE min- 120

imization clustering approach and position- 121

aware compression mechanism, to capture the 122

intrinsic complex relationships between docu- 123

ments, eliminate information redundancy, and 124

enhance the quality of summaries. 125

• We conduct extensive experiments on four 126

benchmark MDS datasets, including Multi- 127

News, DUC-2004, PubMed, and WikiSum. 128

The results demonstrate that MRGSEM- 129

Sum outperforms state-of-the-art unsuper- 130

vised baselines significantly in both auto- 131

matic metrics and human evaluation, showing 132

competitiveness with supervised methods and 133

large language models. 134

2 Methodology 135

As shown in Figure 2, MRGSEM-Sum consists of 136

three modules. 137

2.1 A. Multi-relational Graph Construction 138

To capture the complex and diverse relationships 139

between documents in the input document cluster 140

D = {d1, d2, ..., dn}, we first construct a multi- 141

relational graph G = {V,Er1 , Er2} utilizing both 142

semantic relationship and discourse relationship, 143

as illustrated in Figure 2A. The two types of rela- 144

tionships, approached from different perspectives, 145

complement each other, thereby modeling the com- 146

plex relationships between documents. 147

Specifically, semantic relationship based edges 148

Er1 are determined by calculating the cosine sim- 149

ilarity between frequency-inverse document fre- 150

quency (TF-IDF) representations of sentences. The 151

weight of these edges reflects the similarity at the 152

content level, providing a quantitative measure of 153

the potential associations between sentences. Dis- 154

course relationship based edges Er2 are established 155

based on the method proposed by Cristensen et 156

al.(Christensen et al., 2013). We consider features 157

such as discourse markers, coreference, and en- 158

tity linking to establish discourse relationships be- 159

tween sentences. These edges capture not only the 160

structural connections of sentences within the doc- 161

uments but also reveal their logical and rhetorical 162

relationships. The nodes V are sentences from the 163

input document cluster, we select a pre-trained sen- 164

tence embedding model SBERT to initialize the 165

representation of nodes, thereby obtaining high- 166

dimensional node representations X . 167
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Figure 2: The framework of MRGSEM-Sum. A. Multi-relational Graph Construction. First, a multi-relational
graph is constructed with sentences from multiple documents as nodes, based on sentence semantic similarity
and discourse relations across the documents. B. Multi-relation Graph Clustering Based on 2D SE Minimization.
Based on the constructed multi-relational graph and following the principle of SE minimization, an optimal 2D
encoding tree is established. Sentences are assigned to different subtrees on the encoding tree, thereby partitioning
the original multi-relational graph into subgraphs. C. Summary Extraction Based on Position-Aware Compression.
The subgraphs of sentences are then compressed using a position-aware compression method to generate the final
summary text.

2.2 Multi-relation Graph Clustering Based on168

2D SE Minimization169

Existing unsupervised summarization methods of-170

ten utilize clustering models on document relation171

graphs to aggregate similar sentences and reduce172

redundancy (Alami et al., 2021; Wang et al., 2021).173

However, these approaches typically require pre-174

defined cluster numbers, which is impractical for175

real-world applications. To address this limitation,176

we propose an adaptive clustering method based on177

2D SE minimization that automatically determines178

the optimal cluster structure, as illustrated in Figure179

2B.180

Since the 2D SE cannot be directly applied to181

multi-relational graphs, we need to first merge the182

relationships within the multi-relational graphs to183

form an integrated graph. The merging process is184

as follows:185

A′[i][j] =

{
max(AEr1

[i][j], AEr2
[i][j]) if AErm

[i][j] ̸= 0

0 otherwise
(1)186

where A
′

represents the adjacency matrix of the187

integrated graph G
′
= {V,E}, and A

′
[i][j] indi-188

cates the weight of the edge from node i to node189

j. The elements AEr1 [i][j] and AEr2 [i][j] corre- 190

spond to the weights of the edges between node 191

i and j under the relationship types Er1 and Er2, 192

respectively. 193

Then, we apply a clustering algorithm based on 194

2D SE minimization to the integrated graph G′ = 195

{V,E}, as shown in Algorithm 1. Specifically, 196

each sentence initially resides in its own cluster 197

(line 1). Subsequently, these clusters are combined 198

into subsets of size n (line 3), and each subset is 199

transformed into a subgraph G′
s = {V ′, E′} (lines 200

5-7). Then, each subgraph is converted into an 201

encoding tree T ′ (lines 9-14). The constructed 202

encoding tree adheres to the following definition 203

(Li and Pan, 2016): 204

1. Let T ′ be a encoding tree structure over the set 205

V ′, where each node α in T ′ is linked to a sub- 206

set T ′
α ⊆ V ′. The root node is denoted by λ, 207

contains the entire set, i.e., T ′
λ = V ′. In con- 208

trast, each leaf node γ corresponds uniquely 209

to a single node from V ′, such that T ′
γ = {v} 210

for some v ∈ V ′. 211

2. For any node α in T ′ with children β1, . . . , βk, 212

the sets T ′
β1
, . . . , T ′

βk
form a partition of T ′

α. 213
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3. For every node α in T ′, we define its height214

as h(α). The height of a leaf node γ is set215

to zero, i.e., h(γ) = 0. For any node α, the216

height of its parent α− is defined as one plus217

the height of α, that is, h(α−) = h(α) + 1.218

The height of T ′, h(T ′) = h(λ).219

By applying Eq. (2) and Eq. (3), the SE of each220

node α is calculated, after which the computed221

SEα values are appended to the set SEs (lines 15-222

16).223

H(1)
α = −

|Tα|∑
i=1

di
vol(λ)

log
di

vol(λ)
(2)224

225

SEα = − gα
vol(λ)

log
vol(α)

vol(λ)
+H(1)

α (3)226

where vol(λ) denotes the sum of degrees of all227

nodes within Tλ, gα represents the total weight of228

the cut edges by Tα, and di indicates the degree of229

node i, where i ∈ Tα.230
Under a greedy strategy, 2D SE minimization231

iteratively merges the pair of nodes in T ′ that pro-232
duces the largest |∆SE|, until no merge yields a233
negative ∆SE (lines 17–30), The calculation of234
∆SE between two nodes is as follows:235

∆SEi,j =SEnew − SEold

=SEαn − (SEαi + SEαj )

=− gαn

vol(λ)
log

vol(αn)

vol(λ)
− vol(αi)

vol(λ)
log

vol(αi)

vol(αn)

− vol(αj)

vol(λ)
log

vol(αj)

vol(αn)
+

gαi

vol(λ)
log

vol(αi)

vol(λ)

+
gαj

vol(λ)
log

vol(αj)

vol(λ)
.

(4)236

where αi, αj is non-root nodes in encoding tree237

T ′, the operation MERGE(αi, αj) inserts a new238

node αn into T ′ and remove αi and αj from T ′.239

αn satisfies: 1) its children consist of all the chil-240

dren of αi and αj ; 2) its parent is the root node,241

i.e., α−
n = λ. The process is repeated until no more242

clusters can be merged. (lines 32-33). If no clusters243

can be merged in any subset, n is increased so that244

each subset contains more clusters, making further245

merges possible (lines 34–35). Finally, a complete246

encoding tree T of the integrated graph G′ is gener-247

ated, and the leaf nodes of each subtree of the root248

node in T form a sentence cluster. We denote the249

final clustering result as {C1, C2, .., Cc}.250

2.3 Summary Extraction Based on251

Position-Aware Compression252

To further extract summary sentences reflecting the253

core content of the input multi-document based on254

Algorithm 1 Multi-relation Graph Clustering via
2D SE minimization

Input: Integrated graph G′ = (V,E), n: number of
nodes in each subgraph.
Output: A partition P of V .

1: P ← {{s} | s ∈ V }
2: while True do
3: PS ← take clusters from P in groups of

size min(n, |remaining clusters|) without
replacement

4: for each Ps ∈ PS do
5: V ′ ← union of all the clusters in Ps

6: E′ ← get all edges relate to V ′ in E
7: G′

s ← (V ′, E′)
8: SEs← ∅
9: T ′ ← add a root tree node λ

10: for each cluster C ∈ Ps do
11: Add a node α to T ′, s.t.

α− = λ, Tα = C
12: for each sentence s ∈ C do
13: Add a leaf node γ to T ′, s.t.
14: γ− = α, Tγ = {s}
15: Caculate SEα via Eq. (3)
16: Append SEα to SEs
17: while True do
18: P ′ ← {α | α ∈ T, h(α) = 1}
19: ∆SE ←∞
20: for each αi ∈ P do
21: for each αj ∈ P , j > i do
22: ∆SEij ← Eq. (4),
23: w/o actually merging αi and αj

24: if ∆SEij < ∆SE then
25: ∆SE ← ∆SEij

26: αo1 ← αi

27: αo2 ← αj

28: if ∆SE < 0 then
29: MERGE(αo1 , αo2 )
30: else
31: Break
32: Append P ′ to P

33: if |PS | = 1 then
34: break
35: if P unchanged since last iteration then
36: n← 2n
37: return P

the above sentence clusters, we propose a position- 255

aware compression method for summary extraction, 256

as shown in Figure 2C. 257

Specifically, for the j-th sentence sij in the i- 258

th original document, its positional importance is 259

defined as: 260

wpos(si,j) = 1− posi,j − 1

Ni − 1
261

where posij represents the position index of the 262

sentence in original document, and Ni denotes the 263

total number of sentences in that document. Sub- 264

sequently, we calculate the sum of wpos for all sen- 265

tences in each sentence cluster (e.g., Ci) to obtain 266

the positional-aware importance Scorepos(Ci) of 267
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that cluster:268

Scorepos(Ci) =
∑
s∈Ci

wpos(s)269

Then, we rank all clusters based on this metric to270

obtain the sorted clusters {C ′
1, C

′
2, ..., C

′
c}, and re-271

tain the top c∗ clusters, namely {C ′
1, C

′
2, ..., C

′
c∗}.272

Finally, following the approach of Boudin and273

Morin (2013), we use the K-shortest paths algo-274

rithm to find K shortest paths as compression can-275

didates {su(i)k }Kk=1 in cluster C ′
i. We calculate276

scores based on keyphrases to rank the compression277

candidates, and concatenate the Top-1 compression278

candidate from each cluster in sequence to obtain279

the final summary.280

3 Experimental Settings281

3.1 Datasets282

We conducted experiments on four datasets. DUC-283

2004 and Multi-News (Fabbri et al., 2019) are284

two commonly used news MDS datasets, primarily285

used to validate the effectiveness of MRGSEM-286

Sum. Additionally, to further validate the gen-287

eralization ability of MRGSEM-Sum, we also288

conducted experiments on PubMed (Cohan et al.,289

2018) and WikiSum (Liu et al., 2018). PubMed is290

a dataset consisting of long documents, while Wik-291

iSum is a multi-document dataset from a non-news292

domain. Detailed statistics of these four datasets293

can be found in Table 1.

Table 1: Test dataset statistics.

Datasets
Test

Dataset Size

Average Document

Length

Docs Per

Cluster

Average Summary

Length

Multi-News 5622 2103.49 2.76 263.66

DUC-2004 50 5978.2 10.0 107.04

PubMed 5025 3224.5 1.0 209.5

WikiSum 2000 2238.2 40.0 101.2

294

3.2 Implementation Details295

In the position-aware step, the top-C parameter is296

set to 13 for Multi-News, 4 for PubMed, and 12297

for WikiSum, while all clusters are retained for298

DUC2004, and the subgraph size n is fixed to 3.299

All experiments are conducted on a single NVIDIA300

RTX 4090 GPU with 24GB memory. For evalua-301

tion, ROUGE scores are computed using ROUGE-302

1.5.5 via the pyrouge2 toolkit, and BERTScore is303

2https://github.com/andersjo/pyrouge

calculated with the roberta-large model (Liu et al., 304

2019). For both metrics, we report the F1 scores. 305

Since there is no randomness, we only report the 306

results of a single run. 307

4 Experimental Results and Analysis 308

4.1 Comparative Experiments 309

We compared MRGSEM-Sum with a series of 310

strong baseline methods. Specifically, we selected 311

two graph-based unsupervised extractive methods, 312

LexRank (Erkan and Radev, 2004) and TextRank 313

(Mihalcea and Tarau, 2004), which capture key in- 314

formation in the document through graph models. 315

In addition, we considered two similarity-based un- 316

supervised methods, MMR (Carbonell and Gold- 317

stein, 1998) and Centroid (Radev et al., 2004), 318

which focus on computing the similarity between 319

text units (such as sentences) to extract summaries. 320

To further enrich the comparison scope, we in- 321

troduced several supervised strong baseline mod- 322

els, including PG-Original (See et al., 2017), PG- 323

MMR (Lebanoff et al., 2018), Copy-Transformer 324

(Gehrmann et al., 2018), and Hi-MAP (Fabbri 325

et al., 2019). Furthermore, given the advantages of 326

current large language models (LLMs) in text gen- 327

eration, we specifically selected GPT-3.5-turbo- 328

16k and GPT-4-32k, two LLMs capable of han- 329

dling long texts, to test our method against LLMs. 330

The experimental results are shown in Table 2 . 331

We can observe that: (1) MRGSEM-Sum outper- 332

forms other unsupervised models. Specifically, on 333

Multi-News, compared to the classic graph-based 334

unsupervised extractive baseline model LexRank, 335

MRGSEM-Sum achieved improvements of over 336

4.94, 1.96, 3.79 and 2.11 on R-1, R-2, R-SU 337

and BS, respectively. There are also substantial 338

improvements compared to the similarity-based 339

unsupervised methods MMR and Centroid. Ad- 340

ditionally, compared to the powerful graph clus- 341

tering baseline model SummPip, MRGSEM-Sum 342

also shows improvement, with increases of 0.89, 343

1.38, 0.79 and 0.33 on R-1, R-2 R-SU and BS, 344

respectively, and our model does not require pre- 345

specifying the number of clusters in the extrac- 346

tion process. (2) Compared to supervised methods, 347

MRGSEM-Sum also demonstrates strong competi- 348

tiveness. Notably, on Multi-News, MRGSEM-Sum 349

even outperforms the PG-Original and PG-MMR 350

models, with an increase of 1.36 on R-1 compared 351

to PG-Original, and an increase of 2.66 on R-1 352

compared to PG-MMR. These results indicate that 353

5

https://github.com/andersjo/pyrouge


our model achieves performance comparable to su-354

pervised models without the need for large-scale355

training data or complex training processes. (3)356

On the BS metric, MRGSEM-Sum consistently357

achieves the best performance among all compared358

methods. (4) In the experiments with LLMs, we359

called the online API interfaces of these LLMs,360

and our standardized prompt was "Summarize the361

above article:". From the experimental results, it362

can be seen that the performance of MRGSEM-363

Sum on the Multi-News and DUC-2004 datasets364

is comparable to that of LLMs, while our model is365

more compact.366

Table 2: The comparison between MRGSEM-Sum and
baselines on news MDS datasets Multi-News and DUC-
2004 (Bold values are optimal among all methods;
underlined values are best among unsupervised meth-
ods).

Models Multi-News DUC-2004

R-1 R-2 R-SU BS R-1 R-2 R-SU BS

Unsupervised

LexRank 38.27 12.70 13.20 82.4 35.56 7.87 11.86 81.76
TextRank 38.44 13.10 13.50 81.98 33.16 6.13 10.16 81.64
MMR 38.77 11.98 12.91 83.31 30.14 4.55 8.16 80.54
Centroid 41.25 12.83 15.63 81.82 36.52 8.82 11.68 81.71
SummPip 42.32 13.28 16.20 84.18 36.30 8.47 11.55 81.79
MRGSEM-Sum 43.21 14.66 16.99 84.51 49.23 15.36 23.47 82.11

Supervised

PG-Original 41.85 12.91 16.46 84.21 31.43 6.03 10.01 80.09
PG-MMR 40.55 12.36 15.87 81.93 36.42 9.36 13.23 78.01
Copy-Transformer 43.57 14.03 17.37 82.19 28.54 6.38 7.22 77.51
Hi-MAP 43.47 14.89 17.41 81.32 35.78 8.90 11.43 77.48

LLMs

GPT-3.5-turbo-16k 37.78 9.77 12.98 83.53 35.27 10.22 11.60 85.19
GPT-4-32k 39.87 11.54 14.17 83.66 36.44 11.92 11.34 85.79

4.2 The Performance in Long Documents and367

Non-news Domain MDS Datasets.368

In order to further validate the generalization abil-369

ity of MRGSEM-Sum, we conducted comparative370

experiments on PubMed and WikiSum datasets371

with unsupervised methods LexRank, TextRank,372

Centroid, and SummPip, as well as LLMs GPT-3.5-373

turbo-16k and GPT-4-32k.374

The experimental results are shown in Table375

3. We can observe that: (1) MRGSEM-Sum376

consistently outperforms unsupervised baseline377

models on these two datasets, particularly demon-378

strating significant improvements on the PubMed379

dataset. Compared to the Centroid, MRGSEM-380

Sum achieved improvements of 11.34, 8.47, 8.1381

and 2.06 on R-1, R-2, R-SU and BS, respectively.382

Even when compared with the powerful unsuper-383

vised baseline model SummPip, MRGSEM-Sum384

still achieved substantial performance gains. These385

results indicate that MRGSEM-Sum not only ex-386

hibits significant advantages on traditional news 387

multi-document summarization datasets but also 388

demonstrates strong adaptability and generaliza- 389

tion ability on long document and non-news do- 390

main multi-document datasets like PubMed and 391

WikiSum. (2) The performance of MRGSEM-Sum 392

is comparable to LLMs and, in some cases, even 393

superior. For instance, on the WikiSum dataset, our 394

model showed an improvement of 2.52 on the R-1 395

compared to GPT-4-32k. This further confirms the 396

advantages of MRGSEM-Sum over LLMs. 397

Table 3: The comparison between MRGSEM-Sum and
baselines on PubMed and WikiSum (Bold values are
optimal among all methods; underlined values are best
among unsupervised methods).

Models PubMed WikiSum

R-1 R-2 R-SU BS R-1 R-2 R-SU BS

Unsupervised

LexRank 28.77 8.16 7.44 81.87 36.60 9.40 13.03 83.77
TextRank 27.73 7.47 6.88 81.69 36.89 8.79 12.98 84.17
MMR 28.31 8.54 7.40 81.70 32.91 6.85 9.98 83.77
Centroid 26.62 6.57 6.32 81.39 36.37 8.08 12.53 83.99
SummPip 29.67 12.63 7.46 82.87 37.84 9.95 13.11 84.13
MRGSEM-Sum 37.96 15.04 14.32 83.45 39.07 10.91 14.06 84.20

LLMs

GPT-3.5-turbo-16k 39.30 11.60 14.57 84.34 32.15 6.46 9.69 86.87
GPT-4-32k 41.78 13.35 13.35 84.18 36.55 9.06 12.29 87.15

4.3 Ablation Experiments 398

To better understand the contributions of different 399

modules to the model performance, we conducted 400

ablation experiments on Multi-News and PubMed 401

datasets. Firstly, we replaced the multi-relation 402

graph with the approximate discourse graph (ADG) 403

used in SummPip (i.e., w/o multi-relation graph). 404

Secondly, we replaced the 2D SE with spectral clus- 405

tering method and set the number of clusters ac- 406

cording to the experimental configuration by (Zhao 407

et al., 2020) (i.e., w/o 2D SE clustering). Lastly, we 408

replaced the position-aware compression method 409

with a more general compression method proposed 410

by Boudin and Morin (2013) (i.e., w/o position- 411

aware). 412

The results are shown in Table 4, it can be ob- 413

served that when removing the multi-relation graph, 414

2D SE clustering, and position-aware modules, 415

MRGSEM-Sum’s R-1, R-2, R-SU and BS scores 416

all exhibited varying degrees of decline. Remov- 417

ing the multi-relation graph and 2D SE clustering 418

modules led to significant performance drops on 419

both datasets. For instance, on the Multi-News 420

dataset, removing the multi-relation graph module 421

resulted in a 4.25 decrease in R-1, while removing 422

the 2D SE clustering module led to a 5.35 decrease 423
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in R-1. Additionally, we noticed that removing the424

position-aware module had a more significant im-425

pact on the PubMed dataset, which we speculate is426

due to PubMed being a dataset of long documents,427

making it more sensitive to positional information428

during the summarization process.429

Table 4: Ablation experiments on Multi-News and
PubMed.

Models Multi-News PubMed

R-1 R-2 R-SU BS R-1 R-2 R-SU BS

MRGSEM-Sum 43.21 14.66 16.99 84.51 37.96 15.04 14.32 83.45
w/o multi-relation graph 38.96 11.86 13.54 83.94 30.77 11.35 9.60 79.92
w/o 2D SE clustering 37.86 11.65 13.05 83.86 34.94 14.12 11.45 82.23
w/o position-aware 42.06 14.12 15.69 84.43 23.37 11.97 4.20 83.07

4.4 The Impact of Position-aware430

Compression431

In ablation experiment, we have validated the ef-432

fectiveness of position-aware compression. Next,433

we designed an experiment to further explore the434

impact of position-aware compression. Specifi-435

cally, for the clusters {C ′
1, C

′
2, ..., C

′
c∗} sorted and436

truncated based on position-aware importance, we437

selected c∗ = 7, 8, ..., 19 as inputs to the method438

proposed by Boudin and Morin (2013), and ob-439

served the quality of the generated summaries. The440

results are presented in Table 5, where it can be441

observed that under the position-aware importance442

sorting, even when only a portion of clusters par-443

ticipated in the subsequent summary generation, it444

still yielded satisfactory results. Additionally, an445

increase in the number of clusters led to a decrease446

in summary quality. This once again underscores447

the necessity of position-aware compression.

Table 5: The Impact of Position-aware Compression

Multi-News
c∗ R-1 R-2 R-SU BS

ALL 42.06 14.12 15.69 84.43
7 39.66 12.14 14.31 84.27
8 41.01 12.77 15.35 84.39
9 41.93 13.25 16.06 84.42
10 42.60 13.69 16.58 84.46
11 42.97 13.99 16.85 84.45
12 43.18 14.26 16.98 84.45
13 43.26 14.50 16.90 84.51
14 43.21 14.66 16.99 84.52
15 43.09 14.78 16.75 84.52
16 42.93 14.90 16.58 84.55
17 42.74 14.97 16.38 84.52
18 42.57 15.03 16.20 84.50
19 42.43 15.06 16.05 84.49

448

4.5 Runtime Analysis 449

To evaluate the complexity of the model, we con- 450

ducted a runtime analysis. As shown in Table 6, 451

the average runtime per sample of the MRGSEM- 452

Sum method on both the PubMed and Multi-News 453

datasets is lower than that of SummPip, indicating 454

superior time efficiency. 455

Table 6: Runtime Analysis on PubMed and Multi-News
datasets (average time per sample).

Method Multi-News PubMed

SummPip 40ms 98ms
MRGSEM-Sum 37ms 41ms

4.6 Human Evaluation 456

In addition to automatic evaluations, we also con- 457

ducted human evaluations for MRGSEM-Sum. We 458

recruited three graduate students with excellent En- 459

glish reading and writing skills as evaluators, who 460

independently rated 100 randomly selected sum- 461

maries generated by each model in the Multi-News 462

test set, including TextRank, Centroid, SummPip, 463

GPT-3.5-turbo-16k, GPT-4-32k, and MRGSEM- 464

Sum. The evaluators were instructed to rate the 465

generated summaries based on three criteria: Flu- 466

ency, Consistency, and Coverage, using a 5-star 467

scale where 1 star represents the worst performance 468

and 5 stars the best, and the average score from the 469

evaluators represents the final score. 470

Figure 3 displays the distribution of human evalu- 471

ation scores for these six models. It can be observed 472

that MRGSEM-Sum has a significantly higher pro- 473

portion of 5-star ratings in Consistency and Cov- 474

erage compared to the other methods, particularly 475

LLMs. In terms of Fluency, the performance of 476

MRGSEM-Sum is comparable to LLMs and sig- 477

nificantly better than other unsupervised summa- 478

rization models. These findings further validate the 479

effectiveness of the proposed MRGSEM-Sum. Ad- 480

ditionally, an interesting observation is that both the 481

cluster-based unsupervised summarization model 482

SummPip and MRGSEM-Sum exhibit excellent 483

performance in the Coverage metric, indicating 484

that the approach of clustering sentences first and 485

then compressing them can significantly enhance 486

the coverage of generated summaries. 487

4.7 Case Study 488

To provide a more intuitive demonstration of the 489

performance of MRGSEM-Sum, we conducted a 490
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Figure 3: Human Evaluation.

case study. We randomly selected an example from491

the results generated by the baseline model and492

MRGSEM-Sum on the Multi-News test set for493

qualitative analysis.494

As shown in Figure 4, compared to other mod-495

els, the summary generated by MRGSEM-Sum496

contains more detailed information and is closer497

to the reference summary. For example, the sum-498

mary generated by MRGSEM-Sum includes key499

event elements, such as “A 6.5-magnitude earth-500

quake struck eureka at around 4:30 p.m. saturday”501

and “without power”. These elements are highly502

consistent with both the input documents and the503

reference summary. Furthermore, MRGSEM-Sum504

also captures additional important details, such as505

“around 30 seconds” and “as of 5:30 p.m.”, which,506

although not in the reference summary, are present507

in the input documents and relatively significant.508

Even compared to LLs, the summary generated by509

MRGSEM-Sum is more informative. In contrast,510

unsupervised summarization models like SummPip511

miss key elements, such as “A 6.5-magnitude earth-512

quake”, and extract irrelevant information not re-513

lated to the news topic, such as “the media is514

sloooooooow”.515

5 Conclusion516

We present MRGSEM-Sum, an unsupervised multi-517

document summarization framework that addresses518

Figure 4: Case Study.

the dual challenges of complex relationships and 519

information redundancy in MDS through three 520

key innovations: (1) a multi-relational graph in- 521

tegrating both semantic and discourse relations to 522

model sentence connections more comprehensively 523

than single-relation approaches; (2) a 2D struc- 524

tural entropy minimization algorithm for adaptive, 525

parameter-free clustering that automatically groups 526

sentences while minimizing redundancy; and (3) a 527

position-aware compression mechanism to distill 528

salient information from clusters. Extensive exper- 529

iments on Multi-News, DUC-2004, PubMed, and 530

WikiSum demonstrate that MRGSEM-Sum outper- 531

forms unsupervised baselines and rivals supervised 532

methods and LLMs in summary quality. 533
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Limitations534

Although our method demonstrates significant per-535

formance advantages in the unsupervised multi-536

document summarization task, its fluency is infe-537

rior to that of abstractive summarization due to538

its extractive nature, and the 2D structural entropy539

minimization algorithm relies on the quality of the540

graph construction.541
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