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Abstract

This paper tackles the challenges of clustering
news articles by main events (MEs) and sum-
marizing these clusters, focusing on diverse lan-
guages and localized contexts. Our approach
consists of four key contributions. First, we in-
vestigate the role of dynamic clustering and the
integration of various ME references, includ-
ing event attributions extracted by language
models (LMs), in enhancing event-centric clus-
tering. Second, we propose a data-sharpening
framework that optimizes the balance between
information volume and entropy in input texts,
thereby optimizing generated summaries on
multiple indicators. Third, we fine-tune LMs
with local news articles for cross-lingual tempo-
ral question-answering and text summarization,
achieving notable improvements in capturing
localized contexts. Lastly, we present the first
cross-lingual dataset and comprehensive evalu-
ation metrics tailored for the event-centric news
cluster summarization pipeline. Our findings
enhance the understanding of news summariza-
tion across N-gram, event-level coverage, and
faithfulness, providing new insights into lever-
aging LMs for large-scale cross-lingual and
localized news analysis.

1 Introduction

With the explosive development of language mod-
els (LMs) (Chung et al., 2022; Touvron et al., 2023;
DeepSeek et al., 2024; Dubey et al., 2024), some
existing works argue that research on traditional
text summarization is approaching or exceeding
human excellence (Adams et al., 2023; Pu et al.,
2023; Van Veen et al., 2024). Recently, more
and more researchers turn to more challenging at-
tempts like multi-document diversity summariza-
tion (Huang et al., 2024), hybrid multi- and cross-
lingual summarization (Wang et al., 2023), unified
Multi-lingual, Cross-lingual and Multi-documents
Summarization (MCMS) (Ye et al., 2024), and so
forth. Notably, the trend of focuses shifting from
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Figure 1: Distribution of information entropy and vol-
ume at different sentence sampling ratios (R). Solid lines
represent randomly sampled article clusters, while the
dotted lines represent the average results. The sentence
sampling strategy is detailed in Subsection 3.2. For
clarity, the entropy and volume values are normalized
between 0 and 1; more details are shown in Appendix A.

compression ratio and coherence to summarization
faithfulness and coverage is becoming increasingly
obvious in the text summarization realm (Huang
et al., 2024; Elhady et al., 2024; Peper et al., 2024;
Olabisi and Agrawal, 2024a). Following this trend,
we aim to improve MCMS on multiple performance
indicators and bridge the gap between MCMS and
its real-scenario application.

News articles often cover interconnected events,
blurring the boundaries between articles within
a cluster and introducing uncertainty into down-
stream MCMS. To mitigate this error propaga-
tion, we propose a two-stage framework: event-
centric news clustering followed by summariza-
tion. Specifically, we cluster articles based on
their unique main event to establish clearer bound-
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aries among clusters and then perform MCMS for
each cluster independently. For MCMS, prior re-
search has shown that large language models used
for text summarization exhibit biases towards sen-
tences with majority consensus (Lei et al., 2024),
as well as the position bias (Olabisi and Agrawal,
2024b), hindering summarization diversity. More-
over, our analysis of several multilingual news clus-
ters reveals an inverse trend between information
entropy (Shannon, 1948) and volume (Huffman,
1952), shown in Figure 1. As we can see, the en-
tropy value drops sharply at first, then continues
to decline. Information volume, however, exhibits
an accelerating increase with the sampling ratio.
This suggests a potential correlation between the
input text’s information volume and entropy, and
the MCMS results. We hypothesize that leveraging
such correlation can improve the summarization
performance, especially in this LLM era.

In summary, our contributions are three-fold:

• We introduce CLUST-MCMS, a novel two-stage
pipeline for event-centric news clustering (ENC)
followed by news cluster summarization, de-
signed for real-world scenarios. Moreover, we
contribute the first manually annotated evalu-
ation data in this area, encompassing English,
Chinese, Malay, and Indonesian.

• We enhance CLUST-MCMS with three key in-
novations: (1) a comprehensive investigation
into finding the best main-event references for
news clustering, (2) a data sharpening approach
based on a novel analysis of the relationship
between information volume, entropy, and sum-
marization performance, and (3) an LM localiza-
tion method to ensure summaries’ faithfulness
through temporal question-answering (TQA).

• This research aims for more than just brevity
and fluency in the generated summaries. We
manually annotated the key events of each article
cluster for event-level coverage and entity-level
faithfulness evaluation. Furthermore, to ensure
a comprehensive evaluation of the pipeline task,
we propose a robust metric that considers both
the hit rate (F1) and the N-gram characteristics
(ROUGE) of generated summaries.

2 Related Work

MCMS. Multi-document summarization (MDS)
traditionally uses either abstractive (Zhang et al.,
2018; Lebanoff et al., 2018; Gehrmann et al., 2018)

or extractive (Angelidis and Lapata, 2018; Zheng
et al., 2019; Mao et al., 2020) approaches to con-
dense input news articles into a summary. In the
past few years, the focus of MDS has shifted from
primarily ensuring coherence and brevity (Peyrard
et al., 2017; Chen et al., 2021) to prioritizing cov-
erage and diversity (Amar et al., 2023; Ye et al.,
2024; Huang et al., 2024), reflecting real-world
needs such as social media news summarization.
Furthermore, with increasing global interconnect-
edness, MDS is evolving from monolingual to mul-
tilingual and cross-lingual scenarios. Multilingual
summarization generates summaries in the respec-
tive languages of the source articles (Giannakopou-
los et al., 2015; Varab and Schluter, 2021; Feng
et al., 2022), whereas cross-lingual summarization
translates source articles into a target language for
summarization (Yao et al., 2015; Ouyang et al.,
2019; Wang et al., 2022). Recently, Ye et al. (2024)
introduced a unified multi- and cross-lingual multi-
document summarization task (MCMS), with mul-
tiple articles revolving around the same event. Fol-
lowing their work, we further extend the research
to an event-centric news clustering and MCMS

pipeline task (CLUST-MCMS) to address the dis-
persed nature of multilingual news online.

ENC. Event-centric news clustering (aka event
detection) aims to group news articles discussing
the same main event (Allan et al., 1998; Li et al.,
2022; Liu et al., 2023). Due to the dynamic nature
of social media news and limitations in data annota-
tion, prior work often uses unsupervised clustering
methods (Goyal et al., 2019; Carta et al., 2021; Liu
et al., 2023; Lin et al., 2024). Leveraging LMs
for event-centric news clustering remains relatively
unexplored. (Tarekegn et al., 2024) represents an
initial attempt in this direction, exploring LLM-
driven keyword generation for improved cluster-
ing. Nevertheless, applying these methods to real-
world scenarios, with its abundance of multilingual
and cross-lingual content, presents significant chal-
lenges. While some research exists on cross-lingual
news clustering (Miranda et al., 2018; Linger and
Hajaiej, 2020; Santos et al., 2022; Wu et al., 2023),
most work remains in finding better cross-lingual
embeddings rather than directly addressing the in-
herent obstacles of cross-lingual clustering analysis.
Our work addresses this gap by focusing on cross-
lingual event-centric news clustering, specifically
using LLMs to derive richer article representations
beyond keywords for identifying main events.
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3 Approach

3.1 ENC
Traditional text clustering methods usually group
articles based on thematic similarity, typically us-
ing document vector representations. This work,
however, focuses on event-centric news clustering,
specifically using each article’s main event (ME) as
the clustering criterion. We define ME as the event
sentence capturing the most significant action, oc-
currence, or issue within the news article. Besides,
titles, lede sentences, or others conveying the most
critical information are also prioritized as potential
ME references.

ME generation. Leveraging the advanced natu-
ral language processing capabilities of recent LMs
and addressing the growing need for open-domain
news clustering solutions, we achieve ME genera-
tion using more accessible, smaller LMs. To ensure
a high-quality and sustainable system, we utilize
instruction-tuning data generated by GPT4 to fine-
tune the smaller LMs for ME generation. Specifi-
cally, each ME is represented as a series of textual
blocks representing varied event attributes:

Se, St, Sw∗, So = Fgpt(S|A, I) (1)

where Se is a brief main event description, St the
trigger, Sw∗ the combined WHO, WHERE, and
WHEN information, So the event outcome, A the
input news article, and I the prompt. We then fine-
tune a small LM with the above data to generate a
synthetic M̃E for each article. Besides, the title and
lede sentences of an article also provide valuable
main event references. We utilize the multilingual
SBERT model (Reimers and Gurevych, 2020) that
is pre-trained on numerous languages for vectoriza-
tion, encoding the LM-generated event, the article
title, and the lede sentences1 to form a multi-chunk
ME representation:

VME = VM̃E ⊕ Vtitle ⊕ Vlede (2)

where ⊕ is vector concatenation, ensuring chunk-
wise representation comparison during clustering.

News clustering. Recent work by Zhang et al.
(2024) has demonstrated the effectiveness of the
dynamic clustering algorithm (DyClu) for large-
scale social media text clustering, outperforming
k-means, affinity propagation, and topic-based clus-
tering approaches (MacQueen et al., 1967; Frey

1First 3 sentences of a news article serve as the lede.

and Dueck, 2007; Llewellyn et al., 2014). Follow-
ing Zhang et al. (2024), we optimize the following
concave function to achieve dynamic thresholds
during news clustering:

γt =
√

K1×(νt + K2) (3)

where K1 and K2 are hyper-parameters controlling
the curve’s steepness, and γt is the dynamic thresh-
old calculated at iteration t given the number of
articles νt. The iterative process terminates when
increasing γt no longer increases cluster size. Fur-
ther details regarding hyper-parameter tuning and
the DyClu algorithm are shown in Appendix B.

3.2 MCMS

3.2.1 Data Sharpening Strategy
Figure 2 visualizes sentence referencing patterns of
open- and closed-source LMs on the MCMS task.
Only considering clusters of four articles, with sen-
tence positions normalized to [0, 1] within each
article, thus we can analyze both intra- and inter-
article reference sentence distributions. We have
two key observations: (1) GPT4o prioritizes sen-
tences at the beginning of each article, with a par-
ticular emphasis on the latter two articles in each
cluster. (2) Seallm-v2 (Nguyen et al., 2023) ex-
hibits a heavy-tailed distribution, likely attributable
to input sequence length limitations. The observed
position biases in both LMs indicate a significant
challenge for their practical application in MCMS

scenarios.
This paper introduces a data-sharpening method

to alleviate the above challenge. Given a multilin-
gual article cluster, sentences can be grouped into
various clusters based on their semantic similarity.
Then we generate two sentence sequences, X and
X ′, by sampling sentences from a single cluster
and across different clusters, respectively. Assum-
ing both sequences have the same length (m) and
their word-level probability distributions are P and
P ′, we argue that the words in X are likely more
concentrated than those in X ′. This implies that
P is less uniform than P ′. Compared to a uniform
distribution U , we can therefore conclude:

H(P ) = logm−DKL(P ||U)

DKL(P ||U) > DKL(P
′||U)

H(P ) < H(P ′)

(4)

suggesting sampling sentences from various clus-
ters encourages textual diversity with a high en-
tropy value H(P ′). With this inspiration, given a
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Figure 2: Sentence referencing patterns of LLMs.

news cluster containing N sentences, we apply the
DyClu algorithm to group the sentences into dis-
tinct semantic clusters. The i-th cluster consists of
ci sentences. Given the selection ratio r, we select
the max(1, r× ci) sentences closest to the centroid
from each cluster. These selected sentences are
then used to form a new document, denoted as Xr.
Moreover, Figure 1 illustrates an interesting phe-
nomenon: as the value of r shifts from 0.1 to 1, the
information volume and entropy exhibit an inverse
relationship. This suggests the importance of find-
ing an optimal balance between the two. Inspired
by this observation, we consider both information
volume and entropy in our data-sharpening process,
which is formulated as follows.

V (Xr) = ξ1
Z(Xr)− Z(X)min

Z(X)max − Z(X)min
+ ξ2

ṙ = argmax
r

(αH(Xr) + V (Xr))
(5)

where Z(·) denotes the application of zlib compres-
sion for data de-duplication, V (Xr) represents the
normalized information volume, ξ1 is 0.9998, ξ2 is
0.0001, α is a hyper-parameter scaling the entropy
value for balancing purposes, and ṙ signifies the
resulting sampling ratio.

3.2.2 LM Fine-Tuning and Localization
Recent advancements in NLP have been signif-
icantly driven by the emergence of open-source

LMs (Nguyen et al., 2023; Dubey et al., 2024;
Yang et al., 2024; Team et al., 2024). In this work,
we adopt SeaLLM-v2 (7B) (Nguyen et al., 2023)
and Qwen2.5-Instruct (7B) (Yang et al., 2024) as
foundational models for MCMS. For supervised
fine-tuning, we use GPT4 to generate summaries
for each article cluster, yielding a dataset D with
2K instances, 10% reserved for validation. Sub-
sequently, we apply LoRA-based fine-tuning to
the small LMs, guided by carefully crafted instruc-
tional prompts.

The above fine-tuned MCMS models can be in-
herently prone to knowledge bias stemming from
its pre-training and fine-tuning data, which may
become outdated when addressing open-domain
knowledge in the ever-evolving news data of
MCMS. Additionally, our analysis of system out-
puts reveals a lack of temporal sensitivity in the
fine-tuned models, often leading to a mismatch be-
tween knowledge and timestamps. To mitigate this,
we fine-tune a separate LoRA layer for temporal
question answering generation (TQA-G) using 3K
TQA instances by GPT4. Then we leverage this
fine-tuned TQA-G model to build a larger dataset,
DTQA, with 400K TQA instances from local news.
Finally, we jointly fine-tune the base model on
MCMS and TQA to inject up-to-date knowledge
extracted from recent local news articles.

τ=argmin
τ

(
E(x,y)∼{D;DTQA}[L(π(x; τ), y)]

)
(6)

Notably, we reuse the base LMs and fine-tune
separate LoRA layers for multiple purposes (ME
detection, TQA-G, TQA, and MCMS). This allows
for dynamic knowledge updates, ensuring the final
system remains sustainable in real-world MCMS

applications. Further details on instruction and
prompt designing can be found in Appendix C.

4 Data

4.1 SEASUMM-v1

This work presents the first dataset for evaluating
the CLUST-MCMS pipeline task. It includes a man-
ually created test set, focusing on news articles be-
tween 2022 and 2024 from Southeast Asia (SEA) in
Malay (MS), Bahasa Indonesian (ID), Simplified
Chinese (CN), and English (EN). To build gold-
standard clusters, we first identify a sentence in
each article that best encapsulates its main event.
Using this approach, we select 30 hot topics, gather
473 related news articles, and manually extract the
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Dataset Sentence Event Article Cluster
DEV 3,374 1,115 209 50
TEST 6,701 2,391 426 102

Table 1: Statistics for our built SEASUMM-v1 data.

main event from each article. The articles are then
grouped manually based on the main events, result-
ing in 152 distinct news clusters. Furthermore, we
introduce an additional 162 articles unrelated to
the above events as noise to replicate real-world
conditions. Prior work has demonstrated the effec-
tiveness of protocol-guided prompting with GPT4
for generating silver-standard MCMS summaries,
achieving high agreements of 0.96, 0.98, and 0.93
for redundancy, omission, and conflict (Ye et al.,
2024). Inspired by this, we employ GPT4o to gener-
ate silver MCMS summaries for each cluster. These
summaries undergo manual evaluation, achieving
a high agreement of 91.67% regarding event cov-
erage and faithfulness (0.5 points awarded per in-
stance for meeting each defined goal). To support
the coverage evaluation of MCMS in this work, we
utilize GPT4o to identify event sentences related
to manually identified ME for each article, obtain-
ing 3,506 events in total. Manual validation of
these events yields a high correctness agreement
of 96.67%. More comprehensive statistics for our
dataset are provided in Table 1.

4.2 GLOBESUMM

GLOBESUMM (Ye et al., 2024) introduces the first
benchmark data2 for the unified MCMS task. This
dataset features high-quality summaries generated
using protocol-guided prompting and spans 26 lan-
guages, including English, Italian, Arabic, etc., ad-
dressing diverse real-world needs. It is a good com-
pensation for the MCMS datasets we constructed.
In this paper, we adhere to their data-splitting set-
ting, with 2,626 article clusters for training, 823 for
validation, and 868 for testing.

5 Experiments

5.1 Metrics

For ENC, we use Normalized Mutual Information
(NMI) to measure the agreement between the gen-
erated article cluster labels and the ground truth.
Additionally, this work treats articles that do not
belong to any cluster as a distinct category, referred
to as isolated articles. To eliminate the impact of

2https://github.com/YYF-Tommy/GlobeSumm

such on clustering performance, we also report a
modified metric, denoted as NMIe, which excludes
the 162 noise points (Subsection 4.1) in evaluation.

We evaluate MCMS using three metrics:

• ROUGE: We report standard F1-based ROUGE-
1, ROUGE-2, and ROUGE-L scores, measuring
the overlap co-occurrence of N-grams between
the candidate and reference summaries.

• Event Coverage (Eve-Cov): This metric mea-
sures the extent to which the generated summary
captures the manually extracted ME and related
events. Specifically, a summary sentence si,k is
considered to cover an event Ei,j in the i-th arti-
cle cluster if their cosine similarity exceeds 0.75
(discussed in Subsection 5.4). On this basis, we
calculate the micro-averaged P, R, and F1 scores
across all summary sentences in the dataset as
Eve-Cov performance.

• Entity Faithfulness (Ent-Faith): This metric
evaluates the summary’s coverage of source ar-
ticles at the entity level. We define three entity
types: named entities, temporal entities, and
quantitative entities. Sentences lacking all three
entity types are excluded from both summaries
and source articles during evaluation. We calcu-
late the accuracy value based on the exact match
of all three entity types between the source and
summary sentences.

For CLUST-MCMS, considering the mismatches
between predicted and standard article clusters af-
ter ENC, we introduce a novel evaluation metric
(CLUST-ROUGE) to align system outputs with
ground truth as well as considering the N-gram
correctness of generated summaries. First, we take
a predicted summary as a “successful hit” if its
cosine similarity with any standard summary ex-
ceeds 0.95. This allows us to compute the P, R,
and F1 scores based on the number of success-
fully hit summaries. Furthermore, given the gener-
ated summaries and the corresponding hit standard
summaries, we obtain their pair-wise ROUGE val-
ues, R-1, R-2, and R-L. On this basis, the ultimate
CLUST-ROUGE scores are calculated as follows:

P =
k

M
;R =

k

N
;F1 =

2× P ×R

P +R

CR-L = F1× R-L
(7)

where k denotes the number of hit summaries, M
and N denote the number of predicted and gold
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Setting NMI Setting NMIe
FaClu (2019) 86.15 FaClu (2019) 88.48
DyClu (2024) 87.31 DyClu (2024) 89.60

+ LEDE 87.53 + LEDE 91.54
+ MEllm 88.95 + MEllm 91.72
+ EWHO 90.75 + EWHO 93.15
+ EWHERE 90.83 + EWHERE 93.22
+ EWHEN ✗ 88.92 + EWHEN ✗ 92.19
+ ETRIGGER ✗ 89.86 + ETRIGGER 93.68
+ EOUTCOME ✗ 89.54 + EOUTCOME ✗ 92.89

Table 2: News clustering performance. “✗” denotes the
setting is not applied in the following.

Method R-1 R-2 R-L
–SEASUMM-v1–
SeaLLM 48.35 26.48 31.11
SeaLLM* 55.09 30.63 35.84
SeaLLM* w/ DS 55.90 30.00 35.72
SeaLLM* w/ DS-enh 55.98 30.88 36.42
SeaLLM* w/ DS-enh† 54.68 29.58 34.85
GPT4 56.45 30.13 36.29
–GLOBESUMM–
Qwen 37.90 9.11 16.36
Qwen* 37.34 7.80 15.08
Qwen* w/ DS 38.77 8.32 15.56
Qwen* w/ DS-enh 39.27 8.53 15.63
GPT3.5 35.74 11.35 18.40
GPT3.5 w/ DS 37.64 11.56 19.06
GPT3.5 w/ DS-enh 39.95 12.73 19.74
GPT4 35.61 11.03 18.06

Table 3: MCMS performance (ROUGE). “*” denotes
instruct-tuning applied, “DS” and “DS-enh” denotes the
basic and optimized data sharpening methods, respec-
tively, and “†” denotes LM localization. Best results are
bolded; second-best are underlined.

standard clusters, respectively. CR-1, CR-2, and
CR-L refer to the resulting CLUST-ROUGE values.
More details are provided in Appendix D.

5.2 Baseline Methods

For ENC, we employ the Fast Clustering (Reimers
and Gurevych, 2019) (FaClu) and DyClu (Zhang
et al., 2024) algorithms, along with the title and
the top three sentences closest to the document vec-
tor (topic perspective) as ME references, to form
our baseline approaches. For MCMS, we adopt
the SeaLLM-v2 (Nguyen et al., 2023) as the base-
line model, a compact language model pre-trained
for SEA languages3. Additionally, we also report
the performance of the large-scale state-of-the-art
GPT4 model for reference. Since GLOBESUMM is
specifically designed for the MCMS task, we fol-
low (Ye et al., 2024) and evaluate our methods us-
ing GPT3.5 as well as the smaller Qwen2.5-Instruct
model (Yang et al., 2024) for comparison.

3https://huggingface.co/SeaLLMs/SeaLLM-7B-v2

5.3 Results

ENC performance. Table 2 reports the perfor-
mance of our re-implemented FaClu and DyClu
algorithms, along with an ablation study using vari-
ous main-event reference settings. The table reports
two groups of results, where NMI considers all
articles for clustering evaluation, while NMIe ex-
cludes the effects of those noisy points and focuses
more on the accuracy of the non-isolated articles.
Comparing the FaClu and DyClu methods, we ob-
serve that employing the dynamic similarity thresh-
olds (Zhang et al., 2024) enhances performance
across both metrics. We also compare between
eight different system modes. Among these, using
the lede sentences (event perspective) as references
outperforms the baseline method employing topic-
level references, particularly for clustering the non-
isolated articles. This indicates the significant dif-
ference between topic- and event-centric clustering.
Furthermore, leveraging the LM-generated ME ref-
erences can further boost the performance. As part
of our methodology, we enrich ME by incorpo-
rating event attributes like WHO and WHERE as
additional descriptive features. The results indicate
that this approach leads to varied improvements
across both metrics.

MCMS performance. Table 3 shows the MCMS

performance of both small and large LMs when ap-
plied using our proposed approaches. Specifically,
“DS” refers to using a fixed ṙ in Eq. (5), selected
based on the DEV set, while “DS-enh” denotes
the optimized method, where Eq. (5) is fully ap-
plied. In our SEASUMM-v1 dataset, consistent
with many recent studies, fine-tuning the smaller
SeaLLM model using instruct-tuning data from
GPT4 yields a significant performance improve-
ment (+4.73 R-L). Under the DS setting, the per-
formance improves for R-1 but decreases slightly
for R-2 and R-L. However, when applying the en-
hanced data-sharpening (DS-enh) method, perfor-
mance improves across all three metrics, highlight-
ing the effectiveness of our strategies. Interest-
ingly, fine-tuning the model with TQA data ex-
tracted from local news articles leads to a notable
drop in ROUGE scores, underscoring the substan-
tial impact of this action. We hypothesize that the
fine-tuning of the 7B model on a large volume of
TQA instances leads to mild forgetting in its text
summarization capabilities. When comparing our
fine-tuned small LMs with GPT4, the enhanced
system achieves performance close to GPT4 on
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Method P R F1 Faithacc

–SEASUMM-v1–
SeaLLM* 46.01 12.01 19.05 48.08

+ DS 46.69 12.01 19.11 51.49
+ DS-enh 46.94 12.50 19.75 53.68
+ DS-enh† 56.77 14.78 23.45 55.19
+ DS-enh†‡ 58.97 15.57 24.64 57.29

GPT4 29.14 6.19 10.22 39.69
–GLOBESUMM–
Qwen* 59.53 5.89 10.72 44.49

+ DS 64.53 6.27 11.43 47.41
+ DS-enh 64.13 6.74 12.21 45.45

GPT3.5 75.00 4.36 8.23 71.38
+ DS 74.83 4.44 8.38 72.00
+ DS-enh 78.14 4.90 9.22 70.97

GPT4 77.27 4.38 8.30 71.17

Table 4: MCMS results on Eve-Cov and Ent-Faith. “†”
denotes LM localization and “‡” denotes the SFT data
cleaning procedure. Due to the lack of localization data
of GLOBESUMM, our localization experiments are only
carried out on our contributed SEASUMM-v1 dataset
annotated in this paper (see Section 7).

R-1 and surpasses GPT4 on R-2 and R-L. In the
GLOBESUMM dataset, our proposed methods, when
applied to Qwen and GPT3.5, yield varied yet con-
sistent performance gains. Remarkably, the final
performance significantly exceeds that of GPT4
across all three metrics.

We further evaluate the resulting systems using
the proposed Eve-Cov and Ent-Faith metrics. The
overall results in Table 4 demonstrate that apply-
ing the basic DS method to all three LMs consis-
tently enhances their performance on the two met-
rics. This improvement underscores the clustering-
filtering mode’s effectiveness, enabling the models
to focus on various sentence clusters with major-
ity consensus and improving overall performance.
However, the results exhibit significant variability
when applying the enhanced DS method. For in-
stance, DS-enh further boosts performance on both
metrics for SEASUMM-v1, while for GLOBESUMM,
it only improves Eve-Cov. Notably, fine-tuning
the SeaLLM model with TQA for localization sig-
nificantly improves performance on both metrics,
contrasting sharply with the results in Table 3. This
underscores the potential of our method to guide
models in generating summaries with local styles.
Furthermore, to further avoid the temporal mis-
match between knowledge and timestamps, we
clean the SFT data (source from GPT4) by requir-
ing the model to strictly cite the facts in the original
text to avoid knowledge abuse. The results (‡) show
this simple action leads to further improvements on
both metrics significantly. To our understanding,
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Figure 3: Event-level coverage analysis.

the inherent diversity of natural language allows
for multiple valid silver-standard summaries, and
those produced by GPT4o, while faithful and co-
herent, may reflect stylistic biases toward GPT4o it-
self. This poses challenges for traditional ROUGE-
based evaluation, which prioritizes N-gram overlap
and may yield results misaligned with Eve-Cov and
Ent-Faith. Besides, the results reveal that GPT4
performs significantly worse in Southeast Asia sce-
narios, lagging behind our final system by over 10
points on both metrics. In light of this, we conduct
a case study in Section 5.4 to further discuss it.

CLUST-MCMS performance. The pipeline sys-
tem takes articles containing noisy points as inputs
to the clustering module, with the predicted clusters
further input into the MCMS module. The results in
Table 5 demonstrate that the utilized clustering and
MCMS methods consistently enhance the overall
performance on our CLUST-ROUGE metrics. Be-
sides, applying the localization method leads to a
performance drop, aligning with the previous ob-
servations in Table 3. As we can see, the pipeline
performance is significantly influenced by both the
F1 score of correctly hit summaries, as well as the
pair-wise ROUGE values. For example, applying
DyClu (Line 2) yields a substantial F1 increase, yet
the R-2 score drops markedly. This trade-off ulti-
mately leads to notable improvements on CR-1 and
CR-L despite the decrease on CR-2. These find-
ings demonstrate the robustness of the proposed
CLUST-ROUGE metric to some extent.
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Method P R F1 R-1 R-2 R-L CR-1 CR-2 CR-L
FaClu w/ MCMS-basic 85.54 69.61 76.76 57.55 32.44 36.22 44.18 24.90 27.80
DyClu w/ MCMS-basic 83.70 75.49 79.38 57.20 31.31 36.42 45.41 24.86 28.91
DyClu w/ MCMS-enh 84.78 76.47 80.41 57.66 31.29 36.64 46.37 25.16 29.47
DyClu w/ MCMS-enh† 82.61 74.51 78.35 56.87 30.93 36.60 44.56 24.23 28.68

Table 5: Event-centric new clustering and MCMS pipeline performance. “MCMS-basic” denotes taking an entire
news cluster as input to the fine-tuned SeaLLM model. “MCMS-enh” denotes the system with DS-enh applied.

Example news cluster
Aspects: China’s peaceful reunification efforts; Military activities and legal basis for force; "One country, two systems" proposal, and its
rejection; Taiwan’s stance and sovereignty; skepticism and public opinion in Taiwan; Historic meetings and cross-strait diplomacy.
Summary by GPT4
On September 21, 2022, tensions between China and Taiwan were highlighted as Chinese officials reiterated their commitment to the
"reunification" of Taiwan with the mainland. China’s Taiwan Affairs Office, represented by spokespeople such as Mr. Ma Xiaoguang and Mr.
Qiu Kaiming, emphasized China’s strategic patience and confidence in achieving unification, despite skepticism from Taiwan. They portrayed a
belief that more Taiwanese are realizing that their future lies in unification, a claim contradicted by recent polls indicating strong opposition to
unification and perceptions of Beijing as unfriendly. Following Nancy Pelosi’s visit to Taiwan, which marked the first such visit by a sitting US
House Speaker in 25 years, China conducted significant military drills, including the firing of ballistic missiles over Taiwan.
Summary by our system
On Wednesday, September 21, 2022, China’s Taiwan Affairs Office spokesperson, Ma Xiaoguang, stated during a news conference in Beijing
that China is willing to make the utmost effort to strive for a peaceful "reunification" with Taiwan. This statement was made following weeks of
military maneuvers and war games by China near Taiwan, which began after a visit by United States House Speaker Nancy Pelosi to Taipei
in August. Ma emphasized China’s determination to safeguard its territory and asserted that the reunification of Taiwan with the mainland is
an inevitable historical trend. He also mentioned that Taiwan could have a "social system different from the mainland" under the condition of
respecting their way of life, including religious freedoms. However, China’s proposal of a "one country, two systems" model, similar to the
formula used for Hong Kong’s return to Chinese rule in 1997, has been rejected by all mainstream Taiwanese political parties and has almost no
public support, particularly after the imposition of a national security law on Hong Kong in 2020. China has not renounced the use of force to
bring Taiwan under its control and has a legal basis for military action against Taiwan if it secedes or appears to be doing so.

Table 6: Case study. We represent the news cluster with abstracted aspects for space limitation (see Appendix E).

5.4 Analysis and Discussion
Correlation between input entropy/volume and
output coverage. Our experiments demonstrate
that filtering input sentences using the DS and DS-
enh frameworks improves event-level coverage. To
better understand the results, Figure 3 (a) illustrates
the distribution of sentence selection in DS, which
appears more evenly spread across all article cluster
positions when compared with the LMs’ distribu-
tions shown in Figure 2. Additionally, analysis of
sentence selection ratios on the DEV set reveals
three coverage score peaks in Figure 3 (b), with
the highest score achieved at a 0.5 ratio, aligning
closely with the central positions. When cross-
referenced with entropy and volume data in Fig-
ure 1, the results suggest that optimizing the trade-
off between entropy and volume makes sense for
MCMS. We argue this approach can yield better
results for large-scale summarization tasks.

Case study. The previous results demonstrate a
significant performance gap between GPT4 and our
methods with smaller LMs. To further investigate
this, we conduct a case study. Table 6 presents an
article cluster with six manually abstracted aspects,
along with the summaries generated by GPT4 and
ours. We manually evaluate how well each sum-
mary covers the aspects, assigning a score from
0 to 5 for each aspect, obtaining [3, 3, 0, 3, 4, 3]
for GPT4 and [5, 5, 5, 4, 4, 3] for ours, ordered

according to the aspects. The results indicate that
our method generates a more comprehensive and
faithful summary, covering most aspects in greater
detail, whereas GPT4 performs worse on the first
four aspects. As previously discussed in Figure 2,
one potential reason for this discrepancy is the posi-
tional bias hidden within LLMs, which may cause
it to allocate disproportionate attention to the aspect
it deems most important, resulting in less focus on
the other aspects.

Human agreement. Unlike Ent-Faith, which is
calculated based on exact word-level matches with
minimal subjectivity, the Eve-Cov metric may be
influenced by imperfect sentence representations
and the choice of similarity threshold, introducing
some subjectivity. To assess its reliability, we con-
duct a manual evaluation of Eve-Cov, comparing
the agreements among human annotators, GPT4o
evaluation, and our proposed Eve-Cov metric. The
overall results are presented in Table 7. It show
that our metric demonstrates a +2.46 points im-
provement in agreement compared to GPT4o, high-
lighting the reliability of our introduced evaluation
metric.

Metric Agreement
GPT4o 82.27
Eve-Cov 84.73

Table 7: Human agreement on Eve-Cov.
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6 Conclusion

This work introduced a novel task of event-centric
news cluster summarization. Our investigation into
the impact of varied ME references on clustering,
coupled with our proposed summarization frame-
work balancing information volume and entropy,
demonstrated significant performance gains. Fur-
thermore, the joint fine-tuning strategy for LM
localization yielded substantial improvements in
capturing localized context. These findings con-
tribute valuable insights into leveraging LM capa-
bilities for enhanced cross-lingual and localized
news analysis, opening promising avenues for fu-
ture research.

7 Limitations

We utilize the open-source GLOBESUMM dataset
and conduct supplementary experiments to demon-
strate the effectiveness of our proposed methods.
However, we encountered challenges in the LM
localization experiments due to the GLOBESUMM

dataset’s extensive coverage of up to 26 languages,
which is primarily designed to test the global capa-
bilities of models. The localization task for such a
large, diverse set of languages proved to be quite
complex. Furthermore, obtaining sufficient, up-to-
date localization data for all 26 languages simul-
taneously is challenging. In this situation, using
small-scale data for knowledge editing does not
yield meaningful results, which leads to a lack of
localization practice for GLOBESUMM in this paper.
In addition, our LM localization strategy in this
paper focuses more on language and news areas
with fewer resources, where language models are
still underdeveloped and could benefit most from
such localization efforts.
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A Information Entropy and Volume
Visualization

We visualize the information entropy and volume
values in Figure 1 to analyze and motivate our
research. For each article cluster, we apply the
clustering-based sampling method ten times, vary-
ing the sampling ratio from 0.1 to 1. For a given
ratio r, we obtain a set of sampled sentences and
calculate their information entropy and volume, er
and vr. To effectively visualize the distribution of
er and vr within each independent article cluster,
we normalize them to the range [0, 1].

NormEnt = λ1
(er − emin)

emax − emin
+ λ2

NormVol = λ1
(vr − vmin)

vmax − vmin
+ λ2

(8)

where λ1 = 0.9998 and λ2 = 0.0001.

B Experimental Settings

The FaClu algorithm maintains a similarity thresh-
old to determine if an article belongs to a cluster
or not. We select the threshold based on our DEV

Algorithm 1 - DyClu

Input: N vectorized news articles C
Output: a list of article clusters G
Initialization: threshold: γ, cluster size: ν, max-
imum threshold: thrmax=0.9
Begin
for t-th article ct in C do

scores← pairwise_cos_sim(ct, C)
scores-k← scores.top-k(ν)
γ′ ← γ
while scores-k[-1] > γ′ and ν < N do
ν ←Min(N , ν +∆)
γ′ ←Min(

√
K1×(ν + K2), thrmax)

scores-k← scores.top-k(ν)
end while
Gt ← []
for si in scores-k do
Gt ← Gt ∪ {ci} when si ≥ γ′

end for
G← G ∪ {Gt}
Rt = Σn

j cosine(cj , ct)
end for
Rank the N clusters in G based on R1...N

End

data, the parameter selection process is detailed in
Table 8.

θ NMI
0.5 78.70

0.52 79.30
0.54 78.93
0.56 76.64
0.58 74.62
0.60 70.15

Table 8: FaClu similarity threshold selection.

The DyClu method introduces two parameters,
K1 and K2, as shown in Eq. (3), to shape the curve
and dynamically adjust the similarity thresholds.
To define this curve, we anchor it at two specific
points in the 2D space based on performance on
our DEV set. Specifically, we select two cluster
numbers (2 and 12 in this paper) on the X-axis and
determine the corresponding similarity thresholds,
γ1 and γ2, that yield the best DEV performance.
The parameter selection process is detailed in Ta-
ble 9. More details about our used DyClu clustering
can be found in Algorithm 1.

We use a fixed sentence sampling ratio for the
basic data-sharpening method (i.e., DS in Table 3).
The parameter selection results for SEASUMM-v1
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γ1 γ2 NMI
0.5 γ1 + [0.02, . . . , 0.2] 78.98, γ2=0.54
0.52 γ1 + [0.02, . . . , 0.2] 78.60, γ2=0.54
0.54 γ1 + [0.02, . . . , 0.2] 78.84, γ2=0.56
0.56 γ1 + [0.02, . . . , 0.2] 75.28, γ2=0.60
0.58 γ1 + [0.02, . . . , 0.2] 74.52, γ2=0.60
0.60 γ1 + [0.02, . . . , 0.2] 69.74, γ2=0.66

Table 9: DyClu curve selection.

r-A F1 r-B F1
0.1 18.64 0.1 10.53
0.2 17.95 0.2 9.83
0.3 20.44 0.3 10.35
0.4 17.57 0.4 11.83
0.5 20.56 0.5 10.92
0.6 19.17 0.6 10.93
0.7 18.07 0.7 11.45
0.8 19.97 0.8 11.74
0.9 18.44 0.9 11.72
1.0 18.96 1.0 11.64

Table 10: Ratio selection for basic DS.

(r-A) and GLOBESUMM (r-B) are presented in Ta-
ble 10. For the enhanced data-sharpening method,
the hyper-parameter α in Eq. (5) is introduced to
balance the two types of information. The parame-
ter selection process is detailed in Table 11, where
α-A and α-B correspond to the SEASUMM-v1 and
GLOBESUMM datasets, respectively. Parameters
are selected based on the Eve-Cov scores to mini-
mize uncertainty in the silver-standard summaries,
ensuring alignment with events in source articles.

All manual annotations were conducted in-house
by the authors and five additional experienced re-
searchers from our team, and the data is distributed
according to the native language habits of the an-
notators. All systems were implemented using the
PyTorch framework and trained on two A40 GPU
cards. Model selection was based on the loss val-
ues on the validation set. The reported results were
obtained through multiple experiments, with minor
fluctuations that do not affect the overall conclu-
sions. All our used pre-trained models are avail-
able for research purposes. zlib can be found in
https://docs.python.org/3/library/zlib.html.

C Prompt/Instruction Designing

For ME generation:

“**Article:**\n[news content]\n\n **In-
structions:**\nPlease review the article,
determine the main event of the article,
and extract the event trigger, arguments
(Who, Where, When), and outcome in
English. Return the main event informa-

α-A F1 α-B F1
0.1 20.80 0.1 12.00
0.2 19.99 0.2 11.43
0.3 20.80 0.3 12.05
0.4 20.37 0.4 11.95
0.5 20.01 0.5 11.79
0.6 20.74 0.6 11.69
0.7 20.03 0.7 11.51
0.8 21.65 0.8 11.41
0.9 20.13 0.9 11.84
1.0 20.82 1.0 10.95

Table 11: Parameter tuning for enhanced DS.

tion in the format of ‘Event: ... | Trigger:
... | Who: ... | Where: ... | When: ... |
Outcome: ...’, making the summary more
accurately reflects the content and details
of the article.\n\n**Main event informa-
tion:**”

For MCMS:

“The following are sentences from ar-
ticles in languages like English, Chi-
nese, or Malay, each sentence is attached
with a unique sentence ID. Please iden-
tify events among these sentences and
summarize the events into a fluent para-
graph. The articles are:\n[news con-
tent]\nSummarize the articles in English
and ensure the summary is faithful, con-
cise with a moderate length, and cov-
ers the main points. Ensure all proper
nouns are fully presented, including per-
son names, organization names, loca-
tions, etc. If the event has a clear oc-
currence time in the original text, please
formally reflect the timestamp in the sum-
mary. Return the summary as a piece of
text.”

For TQA-generation:

“Below is a news published on [news
publication date], generate a tempo-
ral question-answer pair based on the
context of the following article and the
answer should sourced from the arti-
cle.\n\n[news content]\n\nPlease return
the question-answer pair in the format of
‘Question: ... | Answer: ...’ ”

For TQA:

“Below is a news published on [news
publication date], generate a tempo-
ral question-answer pair based on the
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context of the following article and
the answer should sourced from the
article.\n\n[news content]\n\nQuestion:
[question content] | Answer:”

D Evaluation Details

As outlined in the main body, we assess the gener-
ated summaries based on entity-level faithfulness.
The evaluation focuses on three categories of en-
tities: named entities (PERSON, ORG, GPE, and
LOC), temporal entities (DATE), and quantitative
entities (CARDINAL, QUANTITY, and MONEY).
We obtain the ground-truth entities in two stages,
first using the google translation API to convert
source articles into English, then extracting entities
from source and summary sentences using spacy4.
We employ INSTRUCTOR (Su et al., 2023)5 to repre-
sent summaries for pipeline evaluation. It is a task-
aware embedding model fine-tuned on 330 tasks
using instruction-based methods. We adopt the in-
struction “Represent the statement:” as described
in the original paper to represent each summary for
similarity calculations.

E Supplement for Case Study

Table 12 serves as a supplement to Table 6.

4https://pypi.org/project/spacy/
5https://instructor-embedding.github.io/
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Example news cluster
Events: [‘BEIJING – China is willing to make the utmost effort to strive for a peaceful “reunification” with Taiwan, a government spokesman said
on Wednesday, following weeks of Chinese military manoeuvres and war games near the self-ruled island.’, ‘Mr Ma Xiaoguang, a spokesman for
China’s Taiwan Affairs Office, issued the statement at a news conference in Beijing.’, ‘"The motherland must be reunified and will inevitably be
reunified," he said.’, ‘"Chinaś determination to safeguard its territory is unwavering."’, "Taiwan’s government said on Wednesday that Taiwan
will never allow China to “meddle” in its future.", ‘Taiwan’s Mainland Affairs Council said the island’s future was up to its 23 million people to
decide.’, ‘Mr Ma’s comments came days after President Joe Biden said US military forces will defend Taiwan if there is “an unprecedented
attack”.’, ‘China lodged a formal complaint with the US in response, pointing out that Mr Biden’s comments send a “seriously wrong signal” to
separatist forces in Taiwan.’, ‘China has proposed a “one country, two systems” model for Taiwan, similar to the formula under which the former
British colony of Hong Kong returned to Chinese rule in 1997.’, ‘“The Taiwanese people have already clearly rejected it,” the Mainland Affairs
Council said.’, "China has refused to talk to Taiwan’s President Tsai Ing-wen since she first took office in 2016, viewing her as a separatist.",
‘She has repeatedly offered to talk on the basis of equality and mutual respect.’, ‘But Ms Tsai’s predecessor, Mr Ma Ying-jeou, held a landmark
meeting with Chinese President Xi Jinping in Singapore in 2015.’, "Speaking at the same news conference, Mr Qiu Kaiming, head of the research
department at the Communist Party of China’s Taiwan Work Office, said the Xi-Ma meeting showed their “strategic flexibility” towards Taiwan.",
‘That “showed the world that Chinese people on both sides of the (Taiwan) Strait are absolutely wise and capable enough of solving our own
problems”, he said.’, ‘Taiwan’s government says that as the island has never been ruled by the People’s Republic of China, Beijing’s sovereignty
claims are void.’, ‘BEIJING - China said it has the patience to someday bring Taiwan under its control, partly because "compatriots" there want it
to happen - a view that contrasts with polling showing sceptical views of Beijing.’, ‘"With regard to resolving the Taiwan question and realising
the complete unification of China, we have strategic composure and historic patience, and we are also full of confidence," Mr Qiu Kaiming, an
official in a Chinese government department that handles ties with the island, said at a Wednesday news briefing.’, ‘"More and more Taiwan
compatriots realise the future of Taiwan lies in the national unification," said Mr Qiu, who was speaking at a briefing in Beijing held by the
Taiwan Affairs Office (TAO) to recap ties over the past decade.’, ‘He added that "the vast majority of Taiwan people oppose independence".’,
‘China regularly touts the measures it takes to try to win over the 23 million people of Taiwan, such as introducing policies to attract businesses
and students.’, ‘TAO spokesman Ma Xiaoguang sidestepped a question at the briefing on Wednesday about Chinaś timetable for taking control of
Taiwan, saying only that "itś a historic trend that no one will be able to stop".’, ‘BEIJING: China is willing to make the utmost effort to strive for a
peaceful "reunification" with Taiwan, a Chinese government spokesperson said on Wednesday (Sep 21), following weeks of military manoeuvres
and war games by Beijing near the island.’, ‘China claims democratically-governed Taiwan as its own territory.’, "Taiwan’s government rejects
China’s sovereignty claims and says only the island’s people can decide their future.", ‘China has been carrying out drills near Taiwan since early
last month after United States House Speaker Nancy Pelosi visited Taipei, including firing missiles into waters near the island.’, ‘Ma Xiaoguang,
a spokesperson for Chinaś Taiwan Affairs Office, told a news conference in Beijing that China was willing to make the greatest efforts to achieve
peaceful "reunification".’, ‘"The motherland must be reunified and will inevitably be reunified," Ma said.’, "China’s determination to safeguard
its territory is unwavering, he added.", ‘China has proposed a "one country, two systems" model for Taiwan, similar to the formula under which
the former British colony of Hong Kong returned to Chinese rule in 1997.’, ‘Ma said Taiwan could have a "social system different from the
mainland" that ensured their way of life was respected, including religious freedoms, but that was "under the precondition of ensuring national
sovereignty, security, and development interests".’, ‘All mainstream Taiwanese political parties have rejected that proposal and it has almost no
public support, according to opinion polls, especially after Beijing imposed a national security law on Hong Kong in 2020 after the city was
rocked by sometimes violent anti-government and anti-China protests.’, ‘China has also never renounced the use of force to bring Taiwan under
its control, and in 2005 passed a law giving the country the legal basis for military action against Taiwan if it secedes or seems about to.’, ‘China
has refused to talk to Taiwan President Tsai Ing-wen since she first took office in 2016, believing she is a separatist.’, ‘She has repeatedly offered
to talk on the basis of equality and mutual respect.’, "But Tsai’s predecessor Ma Ying-jeou held a landmark meeting with Chinese President Xi
Jinping in Singapore in 2015.", ‘Speaking at the same news conference, Qiu Kaiming, head of the research department at the partyś Taiwan Work
Office, said the Xi-Ma meeting showed their "strategic flexibility" towards Taiwan.’, ‘That "showed the world that Chinese people on both sides
of the Strait are absolutely wise and capable enough of solving our own problems", he added.’]

Table 12: The complete content of events manually detected from the news clusters in the case study section.
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