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Abstract

In real life, many dynamic events, such as major disasters and
large-scale sports events, evolve continuously over time. Ob-
taining an overview of these events can help people quickly
understand the situation and respond more effectively. This
is challenging because the key information of the event is
often scattered across multiple documents, involving com-
plex event knowledge understanding and reasoning, which is
under-explored in previous work. Therefore, we proposed the
Event-Centric Multi-Document Summarization (ECS) task,
which aims to generate concise and comprehensive sum-
maries of a given event based on multiple related news docu-
ments. Based on this, we constructed the EventSum dataset,
which was constructed using Baidu Baike entries and un-
derwent extensive human annotation, to facilitate relevant
research. It is the first large-scale Chinese multi-document
summarization dataset, containing 5,100 events and a total
of 57,984 news documents, with an average of 11.4 input
news documents and 13,471 characters per event. To ensure
data quality and mitigate potential data leakage, we adopted
a multi-stage annotation approach for manually labeling the
test set. Given the complexity of event-related information,
existing metrics struggle to comprehensively assess the qual-
ity of generated summaries. We designed specific metrics in-
cluding Event Recall, Argument Recall, Causal Recall, and
Temporal Recall along with corresponding calculation meth-
ods for evaluation. We conducted comprehensive experiments
on EventSum to evaluate the performance of advanced long-
context Large Language Models (LLMs) on this task. Our
experimental results indicate that: 1) The event-centric multi-
document summarization task remains challenging for exist-
ing long-context LLMs; 2) The recall metrics we designed are
crucial for evaluating the comprehensiveness of the summary
information.

Code — https://github.com/Mzzzhu/EventSum
Extended version — https://arxiv.org/abs/2412.11814

Introduction

Dynamic events characterized by continuous development
and change over time, uncertainty, and intricate causal rela-
tionships are pervasive in real life, such as natural disasters
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(earthquakes, floods), major sports events (Olympics, UEFA
European Championship), and pressing social issues (crimi-
nal cases, sudden public health crises), etc. These events are
often covered by multiple news articles that report from dif-
ferent perspectives and may include real-time updates. Inte-
grating these diverse news sources is essential for a compre-
hensive understanding of the event. Extracting key informa-
tion from related news articles to create accurate and com-
prehensive summaries is crucial for quickly organizing in-
formation about the event and better supporting downstream
applications such as opinion mining, intelligent assistants,
emergency response, etc (Tsirakis et al. 2017; Xu et al. 2020;
Dutta et al. 2019; Purohit et al. 2018; Urologin 2018).

As illustrated in Figure 1, the news articles provide in-
formation about the “2023 Hebei Heavy Rain”: the cause
(News 1: Typhoon Doksuri and cold and warm air), casual-
ties (News 3: 29 deaths), affected areas (News 4: 110 coun-
ties), and measures taken (News 5: all post-disaster recon-
struction projects completed). According to the generated
summary which combined the information from the above
news articles, the reader can quickly and conveniently grasp
the full scope of the “2023 Hebei Heavy Rain” event.

Generating concise and comprehensive summaries based
on multiple documents surrounding the specified event not
only makes the content more comprehensible to humans but
also offers richer information. However, most of current re-
search on event understanding is based on single-document
and structural comprehension (Peng et al. 2023; Wang et al.
2022; Liu et al. 2020; Wang et al. 2020) and existing
Multi-document Summarization (MDS) research faces three
primary challenges: 1) News-focused datasets like Multi-
News (Fabbri et al. 2019) consist of news-related articles
and corresponding summaries that are organized around
general news content rather than the specific dynamic event
in chronological order; 2) Most large-scale datasets are au-
tomatically constructed, like WikiSum (Liu et al. 2018),
which compromises dataset quality and increases the risk of
data leakage in the test set; 3) Common evaluation metrics
such as the ROUGE for lexical evaluation (Lin 2004) and
BERTScore (Zhang et al. 2020) for semantic evaluation, are
insufficient to adequately assess the completeness and com-
prehensiveness of summaries that focus on dynamic events.

To address the above challenges, in this paper, we con-
structed the first large-scale Chinese multi-news summariza-
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Starting from July 27, 2023, heavy rainfall
affected most of Hebei Province due to
Typhoon Doksuri and cold and warm air
masses [1]...... By August 10, 29 people
had died [3]...... On August 11, it was
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reported that the flooding affected 110
counties [4]...... By July 2024, all 2,895
post-disaster reconstruction projects in
Hebei's transportation sector were
completed

Figure 1: An example of the “2023 Hebei Heavy Rain”. The
right side of the figure shows the English translation ob-
tained from the original documents on the left.

tion dataset focused on dynamic events used for ECS, named
EventSum. This dataset comprises a total of 5,100 events
and 57,984 news articles, with each event corresponding
to one piece of data. On average, each event has 11.4 re-
lated news articles and 13,471 input characters. In order to
ensure the quality of the data, and the possibility of data
leakage caused by the pre-trained corpus, we have imple-
mented a multi-stage annotation method to manually write
summaries for the test set data. These summaries are orga-
nized in chronological order and retain structured informa-
tion obtained through annotation, including key sub-events,
key event arguments, and causal relationships, which are
crucial for comprehensive event understanding.

We used our dataset EventSum to evaluate the perfor-
mance of several advanced long-text LLMs on this task. To
better assess the quality of generated summaries and its ef-
fectiveness in organizing event information, we developed
specific key elements recall metrics, including Event Re-
call, Argument Recall, Causal Recall, and Temporal Recall.
We used existing structured event understanding datasets to
train Natural Language Inference (NLI) models to compute
these metrics by judging whether key event elements were
entailed in the generated summary. This approach allows for
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a more comprehensive evaluation of the recall rate of struc-
tured information, as annotated in the dataset, thereby pro-
viding a more detailed measure of the quality of the gener-
ated summaries. The experimental results show that: 1) The
event-centric multi-document summarization task remains
challenging for current long-text LLMs on EventSum; 2)
The designed recall metrics are significant for evaluating the
comprehensiveness of the generated summaries.

Our contributions can be summarized as follows:

1. We proposed the event-centric multi-document summa-
rization task which generated summaries around specified
dynamic events based on given multiple related documents.
This task is beneficial for quickly organizing event informa-
tion but also challenging because it requires a deep under-
standing of long texts and complex event information.

2. We developed EventSum, the first large-scale Chinese
multi-document summarization dataset, automatically con-
structed from Baidu Baike entries for this task study. Com-
pared to existing news-related MDS datasets, EventSum fea-
tures the highest number of input documents and the longest
input length. To address data leakage and ensure robust eval-
uation, we manually wrote summaries for the test set and
annotated key event-related information.

3. We conducted comprehensive experiments using anno-
tated data of EventSum to evaluate the performance of ad-
vanced long-text LLMs on this task. Given the complexity
of event data, we designed specific recall metrics to better
assess the generated summaries. Our experimental results
highlight the challenges posed by this task and dataset while
confirming the effectiveness of our designed metrics.

Dataset Construction

In this section, we provide a detailed introduction to the con-
struction methods of the EventSum. The overview of our
method can be illustrated in Figure 2, which shows an ex-
ample of the data construction process for the entry “2023
Hebei Heavy Rain”. It includes two parts: the automatic data
construction process and the human annotation process.

Automatic Data Construction

The data for EventSum is sourced from event-related entries
on Baidu Baike.! The description information from these
entries are used as reference summaries. Due to the poten-
tial absence of references or the omission of critical refer-
ences in these entries, the input sources for the summaries
are derived from two components: 1) News articles that cor-
respond to the references listed within the entry, and 2) News
articles retrieved based on the title information of the entry.
The primary sources of these input news articles are rep-
utable official news websites such as CCTV News, Huangqiu,
and SinaZ, which ensures the reliability of the information.
The detailed construction process is as follows.

Data Collecting We initially employed web scraping tools
such as Requests, BeautifulSoup, and Selenium to harvest

"https://baike.baidu.com

Zhttps://www.cctv.com; https://www.huangiu.com; https://ww
w.sina.com.cn



entries related to notable events from Baidu Baike between
January 2000 and April 2024. We collected and stored the
“title”, “card”, “description”, and “reference” for each en-
try. Non-event entries were filtered out based on key fields
such as “time” and “location” in the basic information ta-
ble, resulting in a total of 14,000 entries. To ensure the com-
prehensiveness of the summary information sources, we uti-
lized the Bing News Search API® to retrieve related news
articles for each entry based on its title. We specifically se-
lected 20 news articles published within a month of the event
date based on the “time” field in the card which contains ba-
sic event information as supplementary input documents.

Data Cleaning We cleaned and filtered the input docu-
ments through techniques like regular expression matching,
removing some missing and duplicate documents. To further
minimize noise introduced during document retrieval, we
utilized the sentence-transformers* (Reimers and Gurevych
2020) to calculate the textual similarity between the re-
trieved documents and the summaries, filtering out low-
relevance documents with a similarity score below the pre-
set threshold of 0.5 and the number of input documents was
controlled between 5 and 20.

Temporal Relation Annotation Considering that tempo-
ral relationships are relatively simpler compared to other
types of event information, and in the summaries gener-
ated around dynamic events, the events we are concerned
with that have temporal relationships usually appear with
clear time information indicators or obvious conjunctions.
Therefore, we used LLMs’ to automatically annotate tem-
poral relationships in the reference summaries, and only an-
notated event pairs with clear “before” and “after” relation-
ships. Considering the transitivity of temporal information,
we only label events that are directly adjacent in time. We
obtained 14,932 temporal relationships in total.

Through the aforementioned steps, we automatically con-
struct data pairs, which can be represented as i = [D, r, T,
where D represents the set of input documents, 7 represents
the reference summary, and 7" represents the set of temporal
relationships automatically annotated based on 7.

Finally, we obtain 5,100 instances and split them into
training, validation, and testing sets. In EventSum, each in-
stance corresponds to a dynamic event.

Human Annotation

Considering the efficiency and cost of manual summariza-
tion, we chose to manually annotate the test set of EventSum
due to the inherent data leakage issues associated with open-
source data. To guarantee the data quality, we adopted a
multi-stage annotation method, replacing the original refer-
ence summary 7 in the test set with the manually written
summary 7. Detailed annotation process is as follows.

3https://www.microsoft.com/en-us/bing/apis/bing-news-
search-api

“The model we used is paraphrase-multilingual-mpnet-base-v2.

>LLMs used here and in Designed Recall Metrics are glm-4-9b.
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Sub-events and Arguments Annotation Annotate struc-
tural sub-events and their relevant argument information re-
lated to the core dynamic event in each input document.
The sub-events were annotated as sentences containing key
event information, and the arguments we focused on anno-
tating included “time”, “location”, “person”, and “organi-
zation”. The definitions of the event and arguments men-
tioned above are widely adopted, similar to those in ACE
2005 (Walker et al. 2006). However, it is important to note
that our work does not define any specific event schema.

Summary Writing Write a summary for each input doc-
ument. During the summarization process, should consider
the structured event information annotated in Step 1 and use
expressions from the input documents as much as possible.

Global Information Annotation Deduplicate structured
event information from the annotations of each document
and organize the summaries chronologically to generate a
global summary and compile structured event information.

Causal Relation Annotation Annotate causal relation-
ships between sentences in the global annotated sub-events.
Following MAVEN-ERE (Wang et al. 2022), the annotated
causal relationships primarily include “cause” and “precon-
dition”, where “cause” indicates a sufficient condition, and
“precondition” indicates a necessary condition.

Through this multi-stage annotation method, we ensure
that the annotated summaries contain more comprehensive,
complete, and accurate event-related information. The anno-
tated data is iteratively checked and corrected to ensure high
annotation quality. In the annotated data, there are 2,345
sub-events, 4,787 arguments, and 1,107 causal relationships.

Ultimately, each instance in the testing set is represented
asi = [D,r', T, G], where r’ represents the newly manually
written reference summary, and G represents the manually
annotated global structured information.

Quality Control To ensure data quality, annotators were
divided into three groups with cross-checks during an-
notation. Project managers conducted random checks and
resolved conflicts, while acceptance reviewers verified
manager-approved data, calculated pass rates, and provided
revision requirements. This process continued until the data
achieved a 90% pass rate. The pass rate is calculated as
(number of data meeting the criteria / total data) * 100%.
Criteria: 1) documents are relevant to the event, and 2)
the summary covers key event elements and organized in
chronological order. We sampled 50 instances from both au-
tomatically constructed and human-annotated data for re-
view. The pass rate for automatic data was 81%, and for
human-annotated data was 93%. For temporal relationships
annotated by LLMs, we reviewed samples to ensure proper
labeling of sub-events with clear time indicators or conjunc-
tions. When the labeled main temporal relationships reach
80%, the data point is qualified. The qualified rate is 83%.

Data Analysis

The final constructed EventSum dataset contains 5,100 in-
stances and 57,984 news articles. We choose to compare
EventSum with Multi-News (Fabbri et al. 2019), DUC
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Figure 2: Overview of the construction process. It introduces the data construction process for the “2023 Hebei Heavy Rain”
event from the retrieved entries for “Events of July 2023” on the Baidu Baike website.
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Figure 3: Analysis of Input Documents. The distribution of
the number of input documents (a) and the total input char-
acters (b) are presented on the left and right, respectively.

data from 2003 and 2004 (Over and Yen 2004), and TAC
2011 (Karolina and Hoa 2011) data, which are typically used
in multi-document settings and focused on news. The com-
parison result is shown in Table 1. It can be observed that
EventSum is the first Chinese dataset specifically designed
for multi-document summarization. Moreover, the number
of input characters far exceeds that of other datasets. The
number of input documents is also significantly higher com-
pared to the widely used Multi-News.

To better understand the characteristics of EventSum, we
conducted a detailed statistical analysis on the input news
documents and the reference summary as follows.

Analysis of the Input Documents The number of input
documents was controlled between 5 and 20. The average
number of input documents is 11.4 and the distribution of
the number of input documents can be seen in Figure 3 (a).
Most instances have more than 8 input documents and one-
fifth of the instances have more than 16 input documents.

The average input length is 13,471 characters, with a max-
imum length of 174,152 characters. The distribution of input
lengths is shown in Figure 3 (b). Over half of the instances
contain more than 8,000 characters in the input documents,
and nearly one-third have more than 16,000 characters.

Analysis of the Reference Summary We conducted an
analysis of the length distribution of the reference sum-
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Figure 4: Analysis of Reference Summary. The distribution
of characters in the reference summary is shown on the left
(a), while the distribution of the dynamic event time span
within the reference summary is displayed on the right (b).

maries, as illustrated in Figure 4 (a). The average length of
the summaries is 161 characters, which meets the require-
ment for conciseness in practical applications. Additionally,
we also analyzed the time span corresponding to the dy-
namic event in the reference summaries, as shown in Fig-
ure 4 (b). Nearly 40% of the data spans more than one day,
and 13% spans more than one month, reflecting the distribu-
tion of events in real-world scenarios.

Evaluation Metrics

Evaluating metrics are essential for measuring the quality
of the generated summaries in the summarization task, and
well-defined metrics are crucial for relevant research (Ma
et al. 2022). In this section, we introduce the evaluation met-
rics employed in our study in detail, including commonly
used existing metrics and our specifically designed metrics.

Common Metrics ROUGE is the most commonly used
metric in the summarization community and it comprises
a set of evaluation metrics that assesses the similarity be-
tween the generated summary s and the reference summary
r. It includes multiple variants to evaluate candidate sum-
maries in different ways, with the most commonly used be-
ing ROUGE-N and ROUGE-L. ROUGE-N measures the
n-gram recall between s and r. ROUGE-1 and ROUGE-2



Dataset Language Data Size #Docs #Words (Input) #Words (Output)
DUC 03+04 English 320 10 4,636 110
TAC 2011 English 176 10 4,696 100
Multi-News English 44,972/5,622/5,622 2.7 2,104 264
EventSum  Chinese 4,015/500/585 114 13,471 161

Table 1: Comparison between EventSum and existing MDS datasets with existing datasets that are focused on news and most
similar to our data. Words represent tokens for English datasets and characters for Chinese datasets.

are special cases of ROUGE-N that are usually chosen as
best practices and represent the unigram and bigram, respec-
tively. ROUGE-L adopts the longest common subsequence
algorithm to count the longest matching vocabularies.

BERTScore is a prominent semantic matching metric that
leverages pre-trained BERT embeddings to compute the
similarity between the tokens in the generated summary s
and the reference summary r. This approach provides a
context-aware measure of semantic equivalence.

In our paper, we used F1-scores of ROUGE-1, ROUGE-2,
ROUGE-L and BERTScore for evaluation.

Designed Recall Metrics Given that our task focuses on
event-centric summarization, in order to better evaluate the
completeness and accuracy of event information in the gen-
erated summaries, we specifically designed key element
recall metrics, including Event Recall, Argument Recall,
Causal Recall and Temporal Recall.

Due to the diversity of text generation, it is not feasible to
directly calculate the recall rate of key elements using simple
methods like regular expression matching. Drawing inspi-
ration from the Recognising Textual Entailment task which
defines textual entailment as that one text fragment can be
inferred from another text fragment (Dagan, Glickman, and
Magnini 2005), we obtain relevant recall rate by judging
whether key elements were entailed in the generated sum-
mary or not. The general formula for key elements is:

Zeefki F(€7 S)

Recally, = , 1

ks el (H
_J1, ife C s,

Lle,s) = {07 else. @

Here, e represents the key element annotated based on the
reference summary, &, denotes the set of relevant annotated
key elements with type k;, and s denotes the generated sum-
mary. I'(e, s) is a discriminator used to determine whether
the annotated element e can be inferred from the generated
summary s or not. The entailment is confirmed only when
T'(e,s) = 1, indicating that the element e is indeed entailed
in the summary s. The C means the entailment relationship.

In the equation (1) and (2), the corresponding e to de-
signed metrics Event Recall, Argument Recall, Causal Re-
call and Temporal Recall is the sentence containing key
event information, event-related arguments, causal relation-
ships, and temporal relationships respectively.

We used existing event understanding datasets and the au-
tomatically constructed data of EventSum to train a rele-

26142

vant binary classification Natural Language Inference (NLI)
model as the discriminator. Specifically, CMNEE (Zhu et al.
2024) is used to construct data for training NLI models for
Event Recall and Argument Recall as it is a large-scale Chi-
nese event extraction dataset and annotates coref-arguments
information such as abbreviations, pronouns, etc. Consider-
ing there is currently no suitable Chinese dataset for event
causal relationships extraction study and causal relation-
ships are relatively more complex, making it difficult to ob-
tain reliable annotation automatically, we chose to use the
translated version of MAVEN-ERE (Wang et al. 2022) to
construct data for training the NLI model for Causal Re-
call because the causal relation annotation requirement is
similar to that of EventSum. Additionally, the automatically
constructed data of EventSum, where temporal relationships
were annotated during the dataset construction process, was
used to train the NLI model for Temporal Recall.

The structural annotation information is converted into
natural language expression by LLMs as to for positive in-
stances, with input text designated as ¢; for the NLI mod-
els. To better evaluate the quality of the summaries, we an-
alyzed the generated summaries and designed three strate-
gies to construct negative instances by modifying a certain
proportion of the positive instances, making the constructed
data more closely aligned with our actual requirements. The
negative instances generation strategies are as follows.

* Remove: Use the sentence-transformers library to eval-
uate the similarity between sentences in ¢; and ¢5. Sen-
tences from ¢ with a similarity score exceeding a thresh-
old of 0.5 should be removed. The remaining sentences
are then concatenated to form a new text, denoted as t}.

Revise: Instruct the LLM to modify key event-related in-
formation in to, such as “time”, “location”, “quantity”
and “person”, etc. Alternatively, the LLM may expand
upon or remove certain details surrounding the key event

in to. The modified sentence is then used as t5.

Replace: Randomly retrieve 100 instances, calculate the
similarity between the text of the retrieved instances and
to, and use the text with the highest similarity but no
overlapping event information as the new text ¢.

Then we trained models to determine whether 5 (¢}) was
entailed in ¢; (¢}) or not. The model we selected to train was
chinese-roberta-wwm-ext (Cui et al. 2021) which provides
robust support for the Chinese corpus.

On the test set of our constructed data for NLI models, fi-
nal Event Recall, Argument Recall, Causal Recall, and
Temporal Recall are 96.8, 92.9, 94.3, 92.1 respectively.



We used trained models as discriminators to determine
whether key elements annotated in the test set of EventSum
were entailed in the generated summaries. The generated
summary is as “t;” and the key element is as “¢5”. In this
way, we could obtain all the recall metrics we need.

Experiments

In this section, we used the annotated data of EventSum to
evaluate the performance of advanced long-context LLMs
on the event-centric multi-documents summarization task.

Experimental Setup

We evaluate 10 popular LLMs that feature long con-
text capability and good support for Chinese, includ-
ing open-source models: Baichuan2-13b-chat (Baichuan
2023), Llama3-chinese-8B-Instruct (Cui, Yang, and Yao
2023), Yi-1.5-9b-chat-16k (Young et al. 2024), Qwen2-7b-
Instruct (Yang et al. 2024), glm-4-9b-chat (GLM et al.
2024), InternLM2.5-7B-Chat-1M (Cai et al. 2024), glm-
4-9b-chat-1M (GLM et al. 2024), and commercial mod-
els: MoonShot (Qin et al. 2024), Claude-3-Opus (Anthropic
2024), GPT-40° (OpenAl 2024). Metrics we used have been
introduced above. The assessment was conducted under the
zero-shot setting.

Overall Results

Overall experimental results indicated that the task and our
dataset are challenging, as shown in Tabel 2, We summa-
rized our findings from following aspects:

1) Performance on Commonly Used Metrics: Among
the open-source models, the best model was glm-4-9b-1M,
while the best commercial model was GPT-4o. There is still
significant room for improvement in overall performance.
Open-source models outperformed commercial models on
commonly used metrics. This is mainly because these mod-
els have undergone targeted training in Chinese, resulting in
more natural and fluent expression in our task.

2) Effect of Input Length Limitation on Performance:
Comparing the performance of open-source models with
different input length limitations revealed that longer input
length improved performance. This can be obviously seen
from the results of gim-4-9b-chat and glm-4-9b-chat-IM.

3) Performance on Event-Centric Metrics: We observed a
trend opposite to that seen with common metrics. Claude-3-
Opus performed best on almost all our designed metrics, and
commercial models generally performed better than most
open-source models, which indicates the importance of our
designed metrics for comprehensive evaluation.

4) Analysis of Our Designed Metrics: Specifically ana-
lyzing our designed metrics, we found that Event Recall was
significantly lower compared to other metrics. This is mainly
because the expression of sub-events is more complex than
that of arguments and there is a greater quantity of sub-event
data compared to relationships data.

%The models we used: moonshot-v1-128k, Claude-3-Opus-
20240229, GPT-40
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Further Analysis

In this section, we randomly sampled 50 instances from the
prediction results of the best-performing model, Claude-3-
Opus, for manual observation to gain further insights into
EventSum. Additionally, we analyzed the impact of the
number of input documents and different time spans on per-
formance, and assessed the reliability of the evaluation met-
rics to ensure a comprehensive analysis.

Analysis of Generated Summaries

To better understand the challenges of EventSum, we ob-
served the generated summaries of the sampled data and
summarized the common issues into 3 main categories:

1) Incomplete or Missing Information: The summaries
might omit key elements of the dynamic event including
sub-events, arguments, causal relations, and temporal rela-
tions mentioned above. This can lead to summaries lacking
a comprehensive description of the dynamic event, as indi-
cated by the results of our recall metrics.

2) Over or Under generalization: Summaries may be too
vague, failing to capture specific details of the dynamic
event, or too detailed, making the summary unnecessarily
long. Striking the right balance between detail and brevity is
a common challenge for the summarization task.

3) Irrelevance: Summaries might include irrelevant infor-
mation that is not directly related to the dynamic event like
reflective or commentary content or even other events infor-
mation, especially when news like summary reports include
multiple similar events appear in the input documents.

Additionally, in some models with poorer performance,
issues such as repetition, incoherence, and poor responsive-
ness to the instructions in the prompt were also observed.

Metric Evaluation

Referring to the evaluation method of ROUGE, we com-
pared the recall metrics obtained by trained NLI models with
manually computed results based on human evaluation and
also calculated their consistency on our sampled data to as-
sess the reliability of our designed metrics, as shown in Ta-
ble 3. The results in the table are close and relevant consis-
tency all exceeds 90%. Most metrics from trained NLI mod-
els are generally slightly lower compared to human eval-
uation. This is because the high degree of diversity in the
text generated by LLMs makes it difficult to identify some
entailment relationships. However, this does not affect the
comparison of the capability of LLMs, and the differences
between the results are within an acceptable range. It indi-
cates that our trained models can effectively compute the re-
call rate of key elements and better evaluate the quality and
completeness of the summary.

Impact of Number of Input Documents

The impact of the Number of Input Documents can be seen
in Figure 5 (a). It shows that almost all metrics exhibit clear
overall downward trends. However, the trends for temporal
and causal relationships recall differ from the other metrics.
The best performance is not achieved with the fewest input
documents. This suggests that the model may better capture



Type | Model | Length | R-1 R-2 R-L BS| ER AR CR TR
Baichuan2-13b-chat 8K 30.3 159 227 66.6 | 15.7 21.9 23.3 18.6
Llama3-chinese-8B-Instruct 8K 40.1 228 298 735 | 151 269 244 20.2
Yi-1.5-9b-chat-16k 16K 35.7 182 198 68.0 | 148 314 503 39.6

Open-Source | Qwen2-7b-Instruct 32K 472 266 321 758 | 274 484 66.7 53.5
glm-4-9b-chat 128K 482 270 356 772 | 162 32.8 228 153
InterLM2.5-7B-Chat-1M 1M 479 26.7 33.7 763 | 245 44.2 55.2 40.5
glm-4-9b-chat-1M 1M 49.3 286 36.2 770 | 239 438 475 31.8
MoonShot 128K 43.2 232 299 719 23.5 43.7 579 423

Commericial | Claude-3-Opus 200K 451 229 29.7 752 | 25.7 50.3 67.3 56.8
GPT-40 128K 475 26.1 33.1 76.2 | 21.7 46.2 56.1 40.0

Table 2: Experimental results on EventSum. Length: Input length limitation of models; R-1: ROUGE-1; R-2: ROUGE-2; R-L:
ROUGE-L; BS: BERTScore; ER: Event Recall; AR: Argument Recall; CR: Causal Recall; TR: Temporal Recall. Metric Defi-
nitions were illustrated in the Evaluation Metrics section. The best results are in bold. The second-best results are underlined.

Metric Predicted Human Consistency
Event Recall 19.2 24.2 95.0
Argument Recall 36.4 394 97.0
Causal Recall 67.7 T1.7 90.9
Temporal Recall 50.5 49.5 92.9

Table 3: Recall metrics obtained by trained NLI models and
human judgment followed by consistency between them.

the relationships between events within a certain range of
input document quantities, but as the number of input doc-
uments further increases, the complexity of the information
rises, leading to a decline in the performances.

Impact of Time Span

The impact of time span of the dynamic event can be seen
in Figure 5 (b). It can be observed that all metrics show an
overall downward trend. The decline is more pronounced in
our designed recall metrics compared to the common met-
rics. As the time span of the event increases, the number of
corresponding sub-events, event arguments, causal relation-
ships, and temporal relationships also increases, making the
event information more complex and challenging to ensure
the comprehensiveness and completeness of the generated
summary. The change in the BERTScore, a metric for se-
mantic matching, is relatively small, indicating that LLMs
generally maintain good semantic relevance.

Related Work

Our work can be seen as an important extension of Multi-
document Summarization (MDS), which focuses on gener-
ating concise summaries from multiple documents related
to a specific topic. In this section, we will introduce some
representative datasets and evaluation metrics for MDS.

Datasets MDS prioritizes the capture of key information
across documents and emphasizes content coverage without
being constrained by specific temporal or event-based struc-
tures. Except for Multi-News, DUC and TAC datasets we

26144

Rl 900 80.0
R 80.0 70.0
RL 700 T T 60.0
ps 000 —_— 50.0
g 500 00
40.0 :
~— AR 3 30.0
—CR 20.0

20.0
— TR 100 10.0

9~12 13~16 17~20/Docs

()

5~8 0~1 2~7 8~14 15~31 >31/Days

(b)

Figure 5: Analysis of the impact of various input documents
number (left) and time span (right) of the dynamic event.

compared with EventSum above that focused on News, there
are also many other datasets for MDS, such as WCEP (Gha-
landari et al. 2020) constructed based on Wikipedia, Multi-
XScience (Lu, Dong, and Charlin 2020) focused on scien-
tific articles, GameWikiSum (Antognini and Faltings 2020)
focused on game vedio, etc. In MDS, there is a spe-
cific task similar to ours, namely Timeline Summarization
(TLS) (Chieu and Lee 2004), which requires generating
daily summaries and arranging them in chronological order.
The mostly used dataset for TLS is Timelinel7 (Tran et al.
2013) and Crisis (Tran, Alrifai, and Herder 2015). Time-
linel7 contains 17 topics and 19 timelines in total. Crisis has
5 topics and 22 timelines annotated in total. Available data
for TLS is limited, which impedes relevant research. Our re-
search can offer insights into how to construct TLS datasets
and may even serve as a potential resource for TLS.
Considering ECS not only requires an understanding of
temporal progression, like TLS, but also demands the abil-
ity to delineate the core event and sub-events, capture event
relationships (co-reference, causal, etc.), resolve conflicting
information, and integrate updates from multiple sources,
which is helpful for obtaining a deep understanding of event
dynamics while providing a clear and comprehensive view,
existing MDS datasets are not well-suited for our task.

Evaluation Metrics Conventional evaluation metrics used
in the MDS research can be mainly divided into two cate-
gories: 1) lexical matching metrics which evaluate the sim-



ilarity between generated summaries and reference sum-
maries based on exact word overlaps, such as ROUGE (Lin
2004), BLEU (Papineni et al. 2002), Pyramid (Nenkova,
Passonneau, and McKeown 2007); 2)semantic matching
metrics which evaluate the meaning and contextual rele-
vance of generated summaries beyond surface-level word
overlaps, such as BERTScore (Zhang et al. 2020), Mover-
score (Zhao et al. 2019), METEOR (Banerjee and Lavie
2005). These metrics have been shown to have a relatively
low correlation with human judgments, especially for tasks
with creativity and diversity (Zhang, Yu, and Zhang 2024).
There are also some specialized metrics commonly used
in TLS tasks. Except for the commonly used Rouge series
scores including concat F1, Agree F1 and Align F1, Date
F1 is mostly used for key date selection evaluation (Li et al.
2021; Hu, Moon, and Ng 2024). With the development of
LLMs and their outstanding performances in various natural
language processing tasks, a series of recent work has tried
to use LLMs for evaluation (Wu et al. 2023; Liu et al. 2023,
2024).

To conclude, the existing evaluation metrics in MDS are
not suitable for accurately evaluating the event content and
cannot effectively assess the comprehensiveness of event in-
formation in the generated summaries.

Conclusions and Future Work

We proposed the first large-scale, event-centric summariza-
tion dataset for Chinese multi-news documents, EventSum,
which was automatically constructed based on Baidu Baike
entries, along with a manually annotated test set to miti-
gate the impact of inherent data leakage. Given the event-
centric nature of EventSum, we designed recall metrics, in-
cluding Event Recall, Argument Recall, Causal Recall, and
Temporal Recall, to complement commonly used metrics
in summarization tasks for evaluation. Experimental results
demonstrated that this task and dataset are challenging, and
further analysis confirmed the effectiveness and importance
of our designed metrics. In the future, we plan to extend
our approach to English corpora and increase the propor-
tion of long time span events. Additionally, we hope to ex-
plore more sophisticated methods to conduct extensive ex-
periments and further enhance performance.

Ethical Statement

This paper presents a new dataset, and we discuss some
related ethical considerations here: (1) Copyright State-
ment. All data utilized in this work are publicly available
and freely accessible, with no inclusion of proprietary or re-
stricted data. The use of these datasets strictly adheres to
the terms and conditions of their respective platforms. As
such, this work does not involve any copyright infringement
or related issues. (2) Worker Treatments. We hire annota-
tors from a professional data annotation company, ensuring
fair compensation with agreed-upon salaries and workloads.
All employment terms are contractually bound and adhere
to local regulations. (3) Risk Control. Given that the texts
in our dataset EventSum do not contain private information
and are sourced from open data, we believe EventSum poses
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no additional risks. To verify this, we manually reviewed a
random sample of the data and found no concerning issues.
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