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Abstract

News summarization in today’s global scene
can be daunting with its flood of multilingual
content and varied viewpoints from different
sources. However, current studies often ne-
glect such real-world scenarios as they tend to
focus solely on either single-language or single-
document tasks. To bridge this gap, we aim to
unify Multi-lingual, Cross-lingual and Multi-
document Summarization into a novel task, i.e.,
McMSs, which encapsulates the real-world re-
quirements all-in-one. Nevertheless, the lack
of a benchmark inhibits researchers from ade-
quately studying this invaluable problem. To
tackle this, we have meticulously constructed
the GLOBESUMM dataset by first collecting a
wealth of multilingual news reports and restruc-
turing them into event-centric format. Addi-
tionally, we introduce the method of protocol-
guided prompting for high-quality and cost-
effective silver summary annotation. In MCMS,
we also highlight the challenge of conflicts be-
tween news reports, in addition to the issues of
redundancies and omissions, further enhancing
the complexity of GLOBESUMM. Through ex-
tensive experimental analysis, we validate the
quality of our dataset and elucidate the inher-
ent challenges of the task. We firmly believe
that GLOBESUMM, given its challenging na-
ture, will greatly contribute to the multilingual
communities and the evaluation of LLMs'.

1 Introduction

Summarization is a long-standing task in natural
language processing (NLP) research (Paice, 1990).
In recent years, significant advancements have been
made in the field thanks to the rapid development
of large language models (LLMs) (Zhao et al.,
2023; Liu et al., 2023; Dong et al., 2023; Wei et al.,
2022a,b; Shanahan, 2022). While LLMs have ef-
fectively addressed many traditional text summa-
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rization tasks (Adams et al., 2023; Goyal et al.,
2022; Pu et al., 2023; Zhang et al., 2023), the rapid
globalization of information dissemination has cre-
ated new demands for summarization techniques
that can effectively summarize a large collection of
event-centric multilingual news articles worldwide.

Events involved with armed conflicts, interna-
tional relations, and political elections have always
fascinated people worldwide. However, relying
solely on news articles in a single language to gain
an in-depth understanding of such events can be
limiting. This is because news reports from dif-
ferent countries are often influenced by their na-
tional standpoints and cultural biases, resulting in
potential distortions (Boykoff and Boykoft, 2004;
Baum and Groeling, 2009; Baumeister and Hast-
ings, 2013). To obtain a more comprehensive
insight into these events, it is crucial to explore
news articles from various countries and languages,
allowing us to consider diverse perspectives and
access more objective information. Surprisingly,
while advancements in LLMs have shown promis-
ing results in many NLP tasks, little research has
been conducted for such real-world scenarios.

To this end, we present the task of MCMS
that unifies Multi-lingual, Cross-lingual and Multi-
document Summarization into a more general set-
ting, aiming to align better with the multifaceted
requirements in real-world scenarios. The goal of
McMSs is to succinctly capture the key information
from a collection of documents written in various
languages and present a cohesive summary in the
target language. Notably, the MCMS task has three
distinctive features: (1) the input consists of multi-
ple documents, (2) the multiple documents are in
different languages, and (3) the multiple documents
revolve around the same event. However, the ab-
sence of a dataset that encompasses such features
inhibits researchers from further study.

To close this gap, we meticulously construct
the GLOBESUMM dataset, which comprises the
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Error Type Definition Example (pair of sentences) Strategy  Explanation
Redundancy Same information or facts repeated in ~ A: No se han registrado heridos en la explosi n. Remove the same information or facts repeated
both news reports. in both news reports, avoid unnecessary dupli-
Ipu JUCTAHIIMOHHOM . .
Ty ——— cation in summary.
B3pbIBE I1€PBOl OOMOBI PsiIOM C aBTOMOOH-
JieM.
Omission Additional information not present in Include the additional information that is not
the other. / present in the other, avoid potentially leading
to an incomplete understanding of the event.
Conflict Conflicts arise when there are contradic-
tory or incompatible details.
_ Time npdates The inconsistencies arising from the Dooe ela¥W O Gowlg M Gudt A cddel Overwrite the original information with subse-
P evolving updates over time between ini- Aoo )W Ol Ay 9315 V-4 idiloe  quent information and refrain from mentioning

tial news reports and subsequently de-

veloping news.

S Gy B Sliliagally

: Liczba zabitych w wyniku powodzi i osuwisk ziemi na

zachodzie Rwandy

, wed ug informacji
podanych przez tamtejsze w adze.

the original information, avoid causing confu-
sion with information from different times.

The contradictions among news articles

: Soldados israel es realizaron una operaci n este jueves

Coexist with these viewpoints and present

- Perspectives regarding the same detail, arising from que termin en la muerte de tres terroristas palestinos. them in an appropriate manner, while main-
iverse standpoints or differing view- . . aining neutrality.
d verse standpoints or differing view : Premier Mohammad Shtayyeh ha accusando il taining neutrality. . PP
points. . . . " N . (Because the essence of the summarization is
governo isracliano di essere "responsabile dei . . .
. - L. . to collect, organize and condense information,
suoi orribili crimini e delle continue . o . -
without delving into judgments of "right or
wrong" values in this context)
- cultural The misunderstandings that may arise c AFH dwl FrAS 2 "3 e Y 3 Reconcile the conflicts with the expertise of
] . from the multilingual nature of news oA SOS $—7r HUEE 23Y 5 Y FRoA A LLMs, presenting them as reasonable state-
Discrepancies reports or cultural discrepancies, espe- ok [194A vy & ]ﬂ‘ﬂﬂi ot vy ments from the perspectives of all the lan-

Inherent Error

cially concerning the same details when
reported in different languages.

1 Az olasz korm ny kor bban fenntart sait fejezte ki az-

zal kapcsolatban, hogy a német korm ny
finansz roz st adott az SOS Humanity berlini szervezet-
nek.

guages involved.

The conflicts arising from the inherent

errors within a specific news article it-

self.

: Louragan Otis a

touché terre avec une
force de 5 sur I'échelle de Richter.

: Yparanbr "Oruc"6e orneHen c

Correct the error with the potentially accurate
information deduced from the news or the com-
mon sense knowledge already acquired.

The conflict caused by some other un-

- ther .
known possible reasons.

Unify the conflicts with a general statement,
/ minimizing the possibility of any misunder-
standing or contradiction.

Figure 1: The protocol, we formulated for MCMS task, includes definitions of all potential error types, along with
corresponding real-life examples for each type and approximate resolution strategies. (English version in Figure 6)

following two parts. Regarding news collection,
we begin by collecting a massive amount of news
data from the GDELT database?, followed by a
careful event-centric reranking and filtering pro-
cess. Regarding silver-quality summary annota-
tion, we introduce protocol-guided prompting for
high-quality and cost-effective silver-quality sum-
mary annotation. Specifically, based on extensive
manual observations, we first develop a protocol,
which takes into account three main challenges
of MCMS: redundancies, omissions, and conflicts
(Figure 1), providing their definitions, examples,
resolution strategies, and other relevant informa-
tion. The protocol-guided prompting method then
requires LLMs to follow the established guidelines
in the protocol during summary generation, which
demonstrates performance close to or even surpass-
ing human annotators (high-quality) and reduces
the burden of manual annotation (cost-effective).

Building upon these foundations, our extensive
experiments and analysis serve to validate the high
quality of GLOBESUMM and, more importantly,

2https://www.gdeltproject.org/

highlight the inherent challenges of dealing with re-
dundancies, omissions, and conflicts within MCMS
task. Notably, our discoveries emphasize that ad-
dressing conflicts arising from diverse perspectives
significantly contribute to navigating information
from different sources for high-performing LLMs.

2 The GLOBESUMM Dataset
2.1 Data Collection

We gather news reports from countries and regions
across 26 languages worldwide. This is accom-
plished by utilizing the news URLs provided in
Google GDELT 2.0 project’. We exclusively uti-
lize news data from May 2023 to October 2023 for
our benchmark to avoid introducing prior knowl-
edge from web-crawled articles used in pre-training
large language models®.

2.2 Source Data Construction

One setting in MCMS is noteworthy that the mul-
tiple news reports within the same round input
3https: //blog.gdeltproject.org/

gdelt-2-0-our-global-world-in-realtime/
*The cutoff of GPT-4-1106-preview is April 2023.
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Please split the key infomation of the given news article into
several simple sentences in Swedish.

|

[News]: ......

1. Mats Malm tillkénnagav att Jon Fosse tilldelas ...
'B' 2. Berit Gullberg ér Jon Fosses svenska forlaggare och ...

3. Jon Fosse dr glad 6ver priset, &ven om han &r orolig ...

4. ...

Step 3: Protocol-guided Prompting

R

~ | \
c KS\OF%) E-Deﬁnitionsi ‘J-}
~ ) o= Protocol | i
:@dundancy.) @ (C fi 3 O O /:—Causes i
onflict? YIS i
: \/BJO L,\/\) £ i Examples i
- soluons |
i i
L

Guide I Response of [Where

@l Response of [Strategies]

e

Please act as an expert in cross-lingual understanding in Swedish
[Input]: ......
Let's understand the content in English sentence-by-sentence.

1. Mats Malm announced that Jon Fosse is awarded the Nobel .. |
'B' 2. Berit Gullberg is Jon Fosse's Swedish publisher and close ...
3. Jon Fosse is happy about the award, although he is worried ...

Summarize under the guidance of the “Protocol”

A
| Target 1
Tanguage

e

Where are they? ......

[Given]: Definitions ’

)
5
3
3

o

summarize

How to deal with them? ......

[Given]: Causes & Solutions ’

Figure 2: Overview of our silver-quality summary annotation methodology. The method consists of key information
split, cross-lingual prompting and protocol-guided prompting.

should be highly relevant to the same news event,
rather than an open-domain task. To address this,
we employ a method involving event retrieval and
manual verification to restructure the news reports.

Event Retrieval To pinpoint news related to spe-
cific events, we leverage Wikipedia’s current events
portal® as a seed set. Each event in this set serves
as a query input for our retrieval process. Our goal
is to identify highly relevant news reports from
the multilingual corpus. Initially, we translate the
query event (originally in English) into multiple
languages®. Subsequently, we employ the BM25
retriever in Lin et al. (2021) for retrieval in the re-
spective language corpora, searching for the most
query-relevant news articles.

Manual Verification The retrieved news articles
in different languages are supposed to be highly
relevant to the provided description, but high rel-
evance does not necessarily imply that they all
present the same news event. Hence, we incor-
porate a post-retrieval manual verification process
(see Appendix A.1).

2.3 Silver Summary Annotation Methodology

Next, we will elaborate on how we craft our
silver-quality summaries in GLOBESUMM (all the
prompts can be found in Appendix A.2).

Chronological Recurrent Summarization (CRS)
Our summary annotation approach is conducted
5https://en.wikipedia.org/wiki/Portal:

Current_events
We translate the queries by Google translation API

under the CRS schema, aiming to distill key infor-
mation from news articles in chronological order.

Specifically, we begin by organizing these news
documents in order of their respective timestamps.
Then the summarization process is initiated by gen-
erating a concise summary for the first two articles.
The obtained summary is then integrated with the
subsequent article, and iteratively throughout the
whole document set. CRS delivers a concise, timely
summary by capturing the dynamic narrative and
providing a comprehensive overview of the evolv-
ing information landscape in news articles.

Step 1: Key Information Split (KIS) The large
input length of a whole document set, averaging
nearly 12K tokens in GLOBESUMM, poses a great
obstacle in MCMS. Therefore, we introduce the
method of KIS to reduce the length of input by
organizing key information from each document
into several finely-grained sentences before sum-
marizing the whole document set.

Step 2: Cross-lingual Prompting (CLP)
Achieving cross-lingual alignment poses another
fundamental challenge in multi- and cross-lingual
tasks. To effectively capture the alignment from
various input languages to target language, we em-
ploy cross-lingual alignment prompting method,
which was first introduced in Qin et al. (2023).

Step 3: Protocol-guided Prompting (PGP) We
first introduce the method of protocol-guided
prompting (PGP) to achieve high-quality summary
annotation. Based on our manual observation of
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Dataset Domain Multi-lingual  Cross-lingual ~ Multi-d Focus #D #8S y  #1
MeetingBank (Hu et al., 2023) Meeting X X X Redundancy 1366 1366 1
MSAMSum (Feng et al., 2022) Dialogue v X X / 5929 5929 6
MLSUM (Scialom et al., 2020) News v X X / 1.5 millions 1.5 millions 5

XL-Sum (Hasan et al., 2021) News X v X / 1 million 1 million 44
WikiLingua (Ladhak et al., 2020) Wiki v v X / 140000 + 770000 + 18
Multi-News (Fabbri et al., 2019) Wiki X X v / 250000 + 50000 + 1

OPENASP (Amar et al., 2023) News X X v Open aspect 13582 1,361 1
GLOBESUMM News v v v Redundancy, Omission, Conflict 4687 4317 26

Table 1: Comparisons with existing Multi-lingual, Cross-lingual or Multi-document summarization datasets.

diverse news articles across multiple languages and
documents, we have concluded three primary hur-
dles in MCMS: redundancies, omissions, and con-
flicts. The details shown in Figure 1, which con-
stitute our protocol, will be incorporated as part
of the prompt to assist the LLMs in more effec-
tively identifying and handling these hurdles while
summarizing the documents.

More specifically, the procedure of how we ad-
dress redundancies, omissions and conflicts can be
broadly divided into two parts: (1) where are they?
and (2) how to deal with them?

(1) Where are they? ([where]) We furnish
LLM with the definitions of redundancy, omis-
sion, and conflict (in Figure 1) and request LLM
to adeptly pinpoint the occurrences of these issues
between documents based on provided definitions.

(2) How to deal with them? ([strategies])
As shown in our protocol (refer to Figure 1), we
have conducted a manual synthesis and conclusion
for these issues, especially conflicts. Based on the
various causes that may give rise to these problems,
we have elegantly formulated different solutions.
Then, we request LLM to delineate specific strate-
gies for each conflict arising from different reasons
in the actual scenarios, following the customized
general solutions we have outlined.

With the assistance of the knowledge in our
protocol, we effectively achieve the two subtasks
of [where] and [strategies]. Consequently,
LLM’s responses to [where] and [strategies]
are utilized to generate our silver summaries. The
detailed implementation can be found in Table 12
in the appendix.

2.4 Statistics

Following the methodology described in Sec-
tion 2.3, our silver-quality summaries are generated
with GPT-4 model?® as the backbone.

7https ://github.com/openai/tiktoken

8 All GPT-4 mentioned in this paper refer to GPT-4-1106-
preview. In order to significantly reduce costs, only the PGP
phase is handled by GPT-4, while KIS and CLP process are
executed by GPT-3.5-turbo-16k.

Dataset # Event # Document # Summary

Total

Nom 370 4687 4317
Avg Token Length 11568.46 913.23 368.04

Train Set Size 222 2848 2626

Valid Set Size 74 897 823

Test Set Size 74 942 868

Table 2: Statistics of the GLOBESUMM dataset. The
token length was calculated by tiktoken’.

A total of 370 news events, consisting of 4687
news articles, have been finally retained in GLOBE-
SuMM. The entire dataset spans 26 languages and
each news event is associated with a minimum
of 10 news reports in different languages, adding
to the challenge of our dataset. Due to the recur-
rent nature of CRS schema (Section 2.3), GLOBE-
SUMM offers silver summaries for document sub-
sets of any size within the whole collection of doc-
uments related to the same event, totaling 4317 in
number. And GPT-4’s responses to [where] and
[strategies] are also available in GLOBESUMM.
The language distribution can be found in Table 7.

As shown in Table 1, GLOBESUMM stands out
for being multi-lingual, cross-lingual, and multi-
document and focuses on addressing redundancies,
omissions, and conflicts. These qualities make
GLOBESUMM distinctive and practically valuable.

We split GLOBESUMM into train, validation and
test sets (Table 2). Subsequent experiments (Sec-
tion 4) are carried out on the test set. Our expenses
can be found in Appendix D.

3 Annotation Quality Assessment

We next examine the superiority of our annotation
method.

3.1 Compete with Human Annotation

In this section, we evaluate how well GPT-4 ad-
dresses [where] and [strategies] under the
guidance of our protocol by comparing its perfor-
mance with human annotation.
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Method (GPT-3.5-turbo) | AR DE EL EN ES HI RO RU TH TR VI ZH | AVG
KIS vs. Summarize

Summarize 347 494 3777 535 49.1 344 492 337 387 420 43.1 514 | 43.1
Summarize-Extend 45,6 645 510 650 64.1 447 575 452 447 507 575 639 | 545
KIS 509 669 550 745 694 509 658 509 505 519 625 67.7 | 59.8
CLP vs. Translate

Translate-En 513 629 604 - 62.6 60.2 629 547 48.7 602 587 49.5 | 575
CLP-En 55.0 67.1 60.6 - 668 56.6 648 59.0 47.0 619 60.2 55.6 | 59.5

Table 3: The Acc. performance of KIS vs. Summarize and CLP vs. Translate on XQuAD.
Inter-annotator Agreement Scores Completing the Subtask [Where].
Issue Annotator;  Annotators Annotators | Kappa Agreement

Redundancy | 197 194 189 093 096 In subtask [strategies], compared to address-
Omission 491 482 481 0.95 0.98 . T . .. . .
Conflict 45 44 39 0.86 0.93 ing redundancies and omissions, resolving conflicts

Table 4: The number of identified issues by annotators,
along with their inter-annotator agreement scores.

mp*
1938
«
1.5 Lols 1177 R
- 0.973 0.961
0ss7 | 0947 09480 0.845 F{
| —tpmb———2 1Ll NN ..
N
r———"
[ Human
0.5 Threshold |
o Threshold |
0

Redundancy Omission Conflict

Figure 3: P*, R* and FY scores of GPT-4 in [where].
All values are calculated in micro-averaging.

We randomly select 50 pairs of documents in
GLOBESUMM, with each pair focusing on the same
event. Next, we invite 3 human annotators to iden-
tify the redundancies, omissions, and conflicts be-
tween pairs of documents. The high inter-annotator
agreement in Table 4 exhibits the reliability of our
annotated data, which will serve as the standard for
evaluating the performance of GPT-4.

P*, R* and FY (see detailed formulas in Ap-
pendix B.1), the variants of Precision, Recall, and
F| metrics, are utilized for evaluation®.

The scoring results in Figure 3 shows that GPT-4
performs comparably to human annotators in terms
of identifying redundancy and omission, with F7'
scores approaching human threshold (value 1). Re-
garding conflict, GPT-4 outperforms human an-
notators in F} scores, and its R* value achieves
nearly double that of human annotators. The results
strongly indicate that guided by our protocol, GPT-
4 can effectively replace or even surpass humans in

°The R* value here may exceed 1, as GPT-4 has demon-
strated the ability to identify additional redundancies, omis-
sions, and conflicts overlooked by human annotators. How-
ever, through manual verification, some of these overlooked
items are also confirmed as accurate answers, thus contributing
to the R* metric numerator during calculation.

is evidently more complex and challenging. There-
fore, in this study, we conduct a manual evaluation
of the 93 conflict resolution strategies generated by
GPT-4 for those 50 pairs of samples. The outcome
reveals a 96.8% accuracy (90 out of 93), indicating
that GPT-4 consistently generates correct, reason-
able, and protocol-compliant strategies.

3.2 Component-wise Analysis

Next, we will explore where the advantages of
KIS and CLP are specifically manifested. We con-
duct comparative experiments on XQuAD (Artetxe
et al., 2020; Dumitrescu et al., 2021), exploring KIS
versus Summarize and CLP versus Direct Translate
(see detailed implementation in Appendix B).

(1) KIS results better condensing quality. As
shown in Table 3, we find that KIS exhibits a re-
markable superiority over Summarize across all
languages (with 16.7% improvements on average
accuracy), strongly indicating that the context after
KIS is more comprehensible for LLMs compared
to the summarized context. Recognizing the im-
pact of compression ratios on the total informa-
tion provided (KIS~343 tokens; Summarize~242
tokens), we introduce another control group named
Summarize-Extend with a longer compressed con-
text (averaging 579 tokens). Nevertheless, KIS still
outperforms Summarize-Extend by 5.3% in accu-
racy, further illustrating that KIS is a better method
for capturing the key information.

(2) CLP outperforms direct translation in cross-
lingual alignment. As depicted in Table 3, CLP
demonstrates higher accuracy than Translate by
averaging 2.0%, which illustrates that CLP can
assist LLMs more effectively in achieving semantic
alignment between languages, thereby enhancing
cross-lingual comprehension. As verified in Qin
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et al. (2023), CLP is not a vanilla translation but
utilizes the cross-lingual semantic alignment.

4 Experiments

4.1 Baselines

Our experiments utilize various baselines, each
composed of a combination of "schema + pipeline".

Schemas To validate the effectiveness of Chrono-
logical Recurrent Summarization (CRS), we inves-
tigate the two schemas for comparison: (a) Single-
turn Summarization summarizes a document set
within a single-turn generation; (b) Chronological
Recurrent Summarization iteratively summarizes
two documents at a time in a time-ordered manner.

Pipelines To further validate the advantages of
KIS and CLP in addressing lengthy inputs and
cross-language understanding, we conduct com-
parative tests with these commonly used methods:
(a) Translate-then-Summarize; (b) Summarize-then-
Translate; (¢) KIS-then-CLP.

Similarly, we conduct experiments using two
different approaches for summarization: (a) Direct
Summarization; (b) Protocol-guided Prompting.

Detailed introductions to these pipelines can be
found in Appendix C.1

Models We select three representative LLMs that

feature long context capability, each of which sup-

ports at least a 16k context window.

* GPT-3.5-turbo-16k is an advanced GPT-3.5 se-
ries model with a 16k context window.

* Vicuna-7B-v1.5-16k (Zheng et al., 2023a) is
an open-source language model fine-tuned from
Llama2, and supports a 16k context window.

* ChatGLM3-6B-32k (Du et al., 2022) is an open-
source language model based on General Lan-
guage Model (GLM) framework, and supports a
32K context window.

4.2 Metrics

We evaluate the quality of the generated summaries

using following metrics (see Appendix C.2 for de-

tailed definitions and formulas):

* ROUGE (Lin, 2004) measures the overlap co-
occurrence of n-grams between the candidate and
reference summaries.

* Red (Chen et al., 2021) is a self-referenced met-
ric for redundancy evaluation.

¢ Normalized Inverse of Coverage (NIC) cap-
tures Omission, as the inverse of a coverage of
key information from reference summary.

¢ Conflict Resolution Effectiveness (CRE) met-
ric evaluates how well a candidate summary ad-
dresses conflict.

4.3 Main Results

The main results are illustrated in Table 5 (see Ta-
ble 11 in Appendix for full ROUGE results). From
the results, we have the following observations:

(1) Omissions and Conflicts mitigated, yet Re-
dundancies persist. As shown in Table 5, unlike
omissions and conflicts, which can be mitigated
with the introduction of our methodology (CRS,
KIS, CLP and PGP), redundancies, on the contrary,
tends to persist, even exacerbate. The results across
all three models do not seem to reflect the effec-
tiveness of our approach in addressing redundancy.
This divergence on different issues emphasizes the
multifaceted nature of MCMS.

(2) Preferential performance in CRS with
Protocol-guided Prompting. From the results
on GPT-3.5-turbo-16k and Vicuna-7b-v1.5-16k as
illustrated in Table 5, we find that protocol-guided
prompting outperforms Direct only under the
CRS schema, while its superiority is not evident un-
der STS. This is within our expectations, as STS re-
quires LLMs to simultaneously identify and coordi-
nate redundancies, omissions, and conflicts across
all news documents, while CRS simplifies summa-
rization by focusing on two documents at a time.

(3) LLM’s Sensitivity to Protocol-guided
Prompting. Protocol-guided prompting demon-
strates certain advantages on both GPT-3.5-turbo-
16k and Vicuna-7b-v1.5-16k in Table 5. However,
with Chatglm3-6b-32k model, regardless of STS
or CRS schema, protocol-guided prompting under-
performs direct summarization. This indicates that
the effectiveness of protocol-guided prompting de-
pends on the model’s capabilities, which requires
understanding relatively complex prompts.

S Further Analysis

5.1 Ablation Study

We conduct ablation studies to investigate the effect
of the KIS-then-CLP stage, as shown in the rows of
Table 6 (see Table 8 for full ROUGE results).
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Schema & Pipeline GPT-3.5-turbo-16k Vicuna-7b-v1.5-16k Chatglm3-6b-32k

R-LT Red| NIC| CRET|R-LT Red]/ NIC|] CRET |R-LtT Red] NIC| CRET
Single-turn Summaization (STS)
Translate-then-Summarize + Direct 19.86 30.06 84.77 56.33 | 1849 29.38 87.12 5520 | 1898 3249 85.17 5843
Summarize-then-Translate + Direct 20.07 30.57 8459 56.18 | 19.08 30.70 87.44 54.62 | 1945 3282 86.87 56.05
KIS-then-CLP + Direct 21.25 3091 82.05 59.02 | 1896 30.73 87.19 53.37 | 19.27 35.06 85.08 57.11
" Translate-then-Summarize + Protocol | 19.41 3120 89.34 5429 | 19.07 30.09 87.82 53.06 | 1876 30.33 87.20 5551
Summarize-then-Translate + Protocol 19.18 31.04 87.79 5423 | 18.69 2943 86.73 5522 | 18776 31.44 88.10 53.76
KIS-then-CLP + Protocol 21.17 31.63 80.01 54.01 | 18.82 33.10 8824 57.00 | 19.29 30.15 89.19 57.20
Chronological Recurrent Summarization (CRS)
Translate-then-Summarize + Direct 20.27 3336 82.06 54.58 | 20.14 32.37 7799 56.28 | 20.08 3280 77.94 55.95
Summarize-then-Translate + Direct 20.15 3286 80.81 5547 | 19.62 3349 8273 57.23 | 20.13 33.39 8421 53.62
KIS-then-CLP + Direct 21.92 3429 7435 5645 | 20.59 33.60 80.38 53.39 | 20.12 3465 82.11 55.11
Translate-then-Summarize + Protocol 21.14 3099 76.21 5571 | 20.85 32.67 80.30 5452 | 2048 31.69 79.06 5538
Summarize-then-Translate + Protocol 21.24 3132 81.08 5455 | 20.21 31.67 80.80 57.51 | 19.60 32.88 85.10 54.49
KIS-then-CLP + Protocol 22.06 3230 70.09 59.11 | 20.94 3492 76.62 58.24 | 20.19 3328 85.15 54.86
Translate-then-Summarize.Avg 20.17 3140 83.09 5523 | 19.64 31.13 8331 5477 | 19.58 31.83 82.34 56.32
Summarize-then-Translate.Avg 20.16 3145 83.57 55.11 | 1940 3132 8442 56.15 | 1949 32.63 86.07 5448
KIS-then-CLP.Avg 21.60 3228 76.62 57.15 | 19.83 33.09 83.11 5550 | 19.72 3329 8538 56.07
STS.Avg 20.16 3090 84.76 55.68 | 18.85 30.57 8742 5475 | 19.09 32.05 8694 56.34
CRS.Avg 21.13 3252 7743 5598 | 20.39 33.12 79.80 56.20 | 20.10 33.12 82.26 54.90
STS + Direct.Avg 2039 30.51 8380 57.18 | 18.84 30.27 87.25 5440 | 19.23 3346 85.71 57.20
STS + Protocol.Avg 1992 3129 8571 54.18 | 18.86 30.87 87.60 55.09 | 18.94 30.64 88.16 55.49
CRS + Direct.Avg 20.78 33.50 79.07 5550 | 20.12 33.15 80.37 55.63 | 20.11 33.61 8142 54.89
CRS + Protocol.Avg 2148 31.54 7579 56.46 | 20.67 33.09 79.24 56.76 | 20.09 32.62 83.10 54.91

Table 5: Evaluation results for all configurations of schemas and pipelines on different LLMs. "Direct" indicates
direct summarization, while "Protocol" represents summarization with protocol-guided prompting. 1 denotes
higher score the better and | means the opposite. X.Avg represent the average performance of all X-based baseline.

Schema & Pipeline - G;ij"“;';giﬁk o GPT-3.5-turbo-16k  Vicuna-7b-v1.5-16k  Chatglm3-6b-32k
Single-turn Summaization (STS)
None + Direct 17.60 30.31 85.01 4952
KIS-only + Direct 19.60 30.82 86.26 55.58
KIS-then-CLP + Direct 21.25 3091 82.05 59.02
“Nome + Protocol | 19127 3139 8942 4420
KIS-only + Protocol 19.00 3091 87.87 5547
KIS-then-CLP + Protocol 21.17 31.63 80.01 54.01
Chronological Recurrent Summarization (CRS) . . . .
None + Direct 1845 3158 8426 53.63 ¥ Time Updates Il Perspectives Cultural Discrepancies
KIS-only + Direct 2076 33.67 78.03 5268 [ Inherent Error Other
KIS-then-CLP + Direct 21.92 3429 7435 5645
None + Protocol 1947 2946 8272 5394 Figure 4: Average error rates of LLMs for each type of
KIS-only + Protocol 2146 31.05 7551 56.62 . .
KIS-then-CLP + Protocol 2206 3230 70.09 59.11 conflict as a proportion of the total errors.

Table 6: The evaluation results of ablation studies on

KIS-then-CLP stage.

We observe in Table 6 that GPT-3.5-turbo-16k

in LLMs’ practical performance. This also reflects
the ongoing challenge faced by current LLMs in
efficiently processing and integrating information
originating from a wide array of viewpoints and

exhibits a noticeable performance decline in sum-
marization when either the KIS or CLP steps are
omitted. This also indicates that relying solely on
the ability of LLMs themselves to handle long-text
and multi-lingual inputs may not be an appropriate
solution at present, highlighting the necessity of
pre-emptively explicit text compression and cross-
language alignment for LLMs.

5.2 Error Analysis

We further present the average error rates of LLMs
for each type of conflict as a proportion of the total
errors in Figure 4.

The results illustrate that conflicts caused by di-
verse perspectives account for the majority of errors

perspectives in complex real-world scenarios.

5.3 LLM’s Scale-Effect on PGP

The sensitivity observation (Section 4.3) prompts
our study into the llama2 (Touvron et al., 2023)
series models with varying sizes (Appendix C.3).
We compare the performance of Direct Summa-
rization and Protocol-guided Prompting (Table 9,
10), the A results shown in Table 9 exhibit favor-
able changes in both omission and conflict aspects
as the model size increases (NIC |: 13.96 —
5.01 — 4.36; CRE 1: —4.96 — 0.61 — 3.32).
This indicates that with the growth of model scale,
protocol-guided prompting outperforms direct sum-
marization, but redundancy remains an issue.
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Figure 5: The average proportion of content in sum-
maries generated by LLMs that is entailed in different
source documents across 26 languages.

5.4 Apathy towards Low-Resource Languages

Within MCcMSs, we undertake several experiments
to investigate LLM’s prejudices across various lan-
guages (details can be found in Appendix C.3).

The results on GPT-3.5-turbo-16k, Vicuna-7B-
v1.5-16k in Figure 5 all indicate a tendency to pri-
oritize content from documents in high-resource
languages like English and Spanish, with only a
small part from documents in low-resource lan-
guages, like Hindi, Greek, and Hebrew. This pref-
erence poses a challenge for current LLMs to be
fair summarizers across all languages.

6 Related Work

6.1 Multi-lingual and Cross-lingual
Summarization

Multi-lingual summarization (MLS) aims to pro-
cess documents in multiple languages and gener-
ate their summaries in the corresponding language.
The MultiLing-2015 dataset (Giannakopoulos et al.,
2015) initiates interest in this task, leading to in-
creasing subsequent studies (Vanetik and Litvak,
2015; Litvak et al., 2016; Cao et al., 2020b). Re-
cently, with the availability of many large-scale
MLS datasets (Varab and Schluter, 2021; Hasan
et al., 2021; Feng et al., 2022), notable progress
is achieved one after another. Cross-lingual sum-
marization (CLS) summarizes given documents in
one language into summaries in another target lan-
guage. The early work mainly focuses on pipeline
methods (Yao et al., 2015; Ouyang et al., 2019;
Wan et al., 2010), leading to error propagation. The
recent large-scale CLS datasets (Zhu et al., 2019;
Wang et al., 2022; Zheng et al., 2023b) are shifting
the research attention to end-to-end studies (Cao
et al., 2020a; Liang et al., 2022). Considering the

close relation between MLS and CLS, Feng et al.
(2022) evaluate the MLS models on CLS to show
their zero-shot CLS ability, Wang et al. (2023) uni-
fies MLS and CLS into a more general setting of
many-to-many. Unlike typical MLS and CLS tasks,
MCcMS involves multi-document summarization
across multiple languages in a single input round,
posing a greater challenge.

6.2 Multi-document Summarization

Multi-document summarization (MDS) refers to
the task of summarizing the text in multiple doc-
uments into a concise summary. Previous stud-
ies have delved into various approaches, encom-
passing extractive (Angelidis and Lapata, 2018;
Zheng et al., 2019; Mao et al., 2020) and abstrac-
tive techniques (Gehrmann et al., 2018; Lebanoff
et al., 2018; Zhang et al., 2018). And researchers
mainly focus on reducing the redundancy among
documents (Peyrard et al., 2017; Xiao and Carenini,
2020; Chen et al., 2021). Currently, there is a grow-
ing focus on MDS tasks in more diverse settings.
Zhou et al. (2023) highlights the challenge of open-
domain MDS, Amar et al. (2023) proposes aspect-
based summarization in MDS to better fit the needs
in real-world scenarios. Our MCMS extends typi-
cal MDS task by incorporating a multi-lingual us-
age. Unlike prior MDS efforts that targeted redun-
dancy reduction, MCMS also highlights the chal-
lenges of addressing omission and conflict between
multipe documents, which is crucial for real-world
information management across diverse sources.

7 Conclusion

To conclude, our study presents the task of MCMS
that unifies Multi-lingual, Cross-lingual and Multi-
document Summarization to align better with
the diverse needs in real-world scenarios. Our
benchmark, GLOBESUMM, serves this demand as
the first dataset for such scenario, offering high-
quality summaries generated through protocol-
guided prompting. Through experiments and anal-
ysis, conducted on outperforming LLMs, we unveil
the shortcomings of LLMs in MCMS and highlight
the challenges of addressing redundancies, omis-
sions and conflicts. Overall, we believe GLOBE-
SuMM holds the potential to be used for evaluating
the performance of LLMs in handling multi-lingual
and multi-document tasks and the way we utilize
protocol-guided prompting can serve as a practical
case for cost-effective annotation.
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Ethics Statement

We utilize publicly available news data, which
may contain viewpoints from different perspectives.
The output results in the paper do not necessarily
represent the views of the authors.

Limitations

While our dataset is constructed with GPT-4, bud-
get constraints prevent us from exploring further
experimental results on the GPT-4 model.

Our work primarily focuses on addressing re-
dundancies, omissions, and conflicts among docu-
ments. However, in our attempts, we have found
that while omissions and conflicts can be alleviated
to some extent through our method, redundancies
have not shown significant improvement.

Due to the recurrent nature of CRS, our refer-
ence summaries can cover any truncation length
within the document set, as opposed to only pro-
viding a single final summary for each document
set in many typical MDS datasets. However, in this
work, there has not been an extensive investigation
into this particular aspect, such as the impact of
document quantity and language diversity on the
difficulty of MCMs.

Gaining a profound understanding of a specific
global news event involves more than the MCMS
task discussed in our work. Exploring how to group
news reports about the same event is also a worth-
while research endeavour. However, in the data con-
struction phase of this study, the effectiveness of
this step is ensured through manual post-validation
without delving into its methodology.

Acknowledge

Xiaocheng Feng is the corresponding author of
this work. We thank the anonymous review-
ers for their insightful comments. This work
was supported by the National Natural Science
Foundation of China (NSFC) (grant 62276078,
U22B2059), the Key R&D Program of Hei-
longjiang via grant 2022ZX01A32, the Interna-
tional Cooperation Project of PCL, PCL2022D01
and the Fundamental Research Funds for the Cen-
tral Universities (Grant No.HIT.OCEF.2023018).

References

Griffin Adams, Alexander Fabbri, Faisal Ladhak, Eric
Lehman, and Noémie Elhadad. 2023. From sparse

to dense: Gpt-4 summarization with chain of density
prompting. ArXiv preprint, abs/2309.04269.

Shmuel Amar, Liat Schiff, Ori Ernst, Asi Shefer, Ori
Shapira, and Ido Dagan. 2023. Openasp: A bench-
mark for multi-document open aspect-based summa-
rization. In Proceedings of the 2023 Conference on
Empirical Methods in Natural Language Processing,
pages 1967-1991.

Stefanos Angelidis and Mirella Lapata. 2018. Sum-
marizing opinions: Aspect extraction meets senti-
ment prediction and they are both weakly supervised.
In Proceedings of the 2018 Conference on Empiri-
cal Methods in Natural Language Processing, pages
3675-3686, Brussels, Belgium. Association for Com-
putational Linguistics.

Mikel Artetxe, Sebastian Ruder, and Dani Yogatama.
2020. On the cross-lingual transferability of mono-
lingual representations. In Proceedings of the 58th
Annual Meeting of the Association for Computational
Linguistics, pages 4623-4637, Online. Association
for Computational Linguistics.

Matthew A Baum and Tim J Groeling. 2009. War sto-
ries: The causes and consequences of public views
of war. Princeton University Press.

Roy F Baumeister and Stephen Hastings. 2013. Dis-
tortions of collective memory: How groups flatter
and deceive themselves. In Collective memory of
political events, pages 277-293. Psychology Press.

Maxwell T Boykoff and Jules M Boykoff. 2004. Bal-
ance as bias: Global warming and the us prestige
press. Global environmental change, 14(2):125-136.

Yue Cao, Hui Liu, and Xiaojun Wan. 2020a. Jointly
learning to align and summarize for neural cross-
lingual summarization. In Proceedings of the 58th
Annual Meeting of the Association for Computational
Linguistics, pages 6220-6231, Online. Association
for Computational Linguistics.

Yue Cao, Xiaojun Wan, Jin-ge Yao, and Dian Yu. 2020b.
Multisumm: Towards a unified model for multi-
lingual abstractive summarization. In The Thirty-
Fourth AAAI Conference on Artificial Intelligence,
AAAI 2020, The Thirty-Second Innovative Appli-
cations of Artificial Intelligence Conference, IAAI
2020, The Tenth AAAI Symposium on Educational
Advances in Artificial Intelligence, EAAI 2020, New
York, NY, USA, February 7-12, 2020, pages 11-18.
AAAI Press.

Wang Chen, Piji Li, and Irwin King. 2021. A training-
free and reference-free summarization evaluation
metric via centrality-weighted relevance and self-
referenced redundancy. In Proceedings of the 59th
Annual Meeting of the Association for Computational
Linguistics and the 11th International Joint Confer-
ence on Natural Language Processing (Volume 1:
Long Papers), pages 404—414, Online. Association
for Computational Linguistics.

10811


https://arxiv.org/abs/2309.04269
https://arxiv.org/abs/2309.04269
https://arxiv.org/abs/2309.04269
https://doi.org/10.18653/v1/D18-1403
https://doi.org/10.18653/v1/D18-1403
https://doi.org/10.18653/v1/D18-1403
https://doi.org/10.18653/v1/2020.acl-main.421
https://doi.org/10.18653/v1/2020.acl-main.421
https://doi.org/10.18653/v1/2020.acl-main.554
https://doi.org/10.18653/v1/2020.acl-main.554
https://doi.org/10.18653/v1/2020.acl-main.554
https://aaai.org/ojs/index.php/AAAI/article/view/5328
https://aaai.org/ojs/index.php/AAAI/article/view/5328
https://doi.org/10.18653/v1/2021.acl-long.34
https://doi.org/10.18653/v1/2021.acl-long.34
https://doi.org/10.18653/v1/2021.acl-long.34
https://doi.org/10.18653/v1/2021.acl-long.34

Qingxiu Dong, Lei Li, Damai Dai, Ce Zheng, Zhiy-
ong Wu, Baobao Chang, Xu Sun, Jingjing Xu, and
Zhifang Sui. 2023. A survey for in-context learning.
ArXiv preprint, abs/2301.00234.

Zhengxiao Du, Yujie Qian, Xiao Liu, Ming Ding,
Jiezhong Qiu, Zhilin Yang, and Jie Tang. 2022. Glm:
General language model pretraining with autoregres-
sive blank infilling. In Proceedings of the 60th An-
nual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers), pages 320-335.

Stefan Daniel Dumitrescu, Petru Rebeja, Beata Lorincz,
Mihaela Gaman, Andrei Avram, Mihai Ilie, Andrei
Pruteanu, Adriana Stan, Lorena Rosia, Cristina Ia-
cobescu, Luciana Morogan, George Dima, Gabriel
Marchidan, Traian Rebedea, Madalina Chitez, Dani
Yogatama, Sebastian Ruder, Radu Tudor Ionescu,
Razvan Pascanu, and Viorica Patraucean. 2021. Liro:
Benchmark and leaderboard for romanian language
tasks. In Thirty-fifth Conference on Neural Informa-
tion Processing Systems Datasets and Benchmarks
Track (Round 1).

Alexander Fabbri, Irene Li, Tianwei She, Suyi Li, and
Dragomir Radev. 2019. Multi-news: A large-scale
multi-document summarization dataset and abstrac-
tive hierarchical model. In Proceedings of the 57th
Annual Meeting of the Association for Computational
Linguistics, pages 1074-1084, Florence, Italy. Asso-
ciation for Computational Linguistics.

Xiachong Feng, Xiaocheng Feng, and Bing Qin. 2022.
MSAMSum: Towards benchmarking multi-lingual
dialogue summarization. In Proceedings of the Sec-
ond DialDoc Workshop on Document-grounded Dia-
logue and Conversational Question Answering, pages
1-12, Dublin, Ireland. Association for Computational
Linguistics.

Sebastian Gehrmann, Yuntian Deng, and Alexander
Rush. 2018. Bottom-up abstractive summarization.
In Proceedings of the 2018 Conference on Empiri-
cal Methods in Natural Language Processing, pages
4098-4109, Brussels, Belgium. Association for Com-
putational Linguistics.

George Giannakopoulos, Jeff Kubina, John Conroy,
Josef Steinberger, Benoit Favre, Mijail Kabadjov,
Udo Kruschwitz, and Massimo Poesio. 2015. Mul-
tiLing 2015: Multilingual summarization of single
and multi-documents, on-line fora, and call-center
conversations. In Proceedings of the 16th Annual
Meeting of the Special Interest Group on Discourse
and Dialogue, pages 270-274, Prague, Czech Repub-
lic. Association for Computational Linguistics.

Tanya Goyal, Junyi Jessy Li, and Greg Durrett. 2022.
News summarization and evaluation in the era of
gpt-3. ArXiv preprint, abs/2209.12356.

Tahmid Hasan, Abhik Bhattacharjee, Md. Saiful Is-
lam, Kazi Mubasshir, Yuan-Fang Li, Yong-Bin Kang,
M. Sohel Rahman, and Rifat Shahriyar. 2021. XL-
sum: Large-scale multilingual abstractive summariza-
tion for 44 languages. In Findings of the Association

for Computational Linguistics: ACL-IJCNLP 2021,
pages 4693—4703, Online. Association for Computa-
tional Linguistics.

Pengcheng He, Jianfeng Gao, and Weizhu Chen. 2021.
Debertav3: Improving deberta using electra-style pre-
training with gradient-disentangled embedding shar-
ing. Preprint, arXiv:2111.09543.

Or Honovich, Roee Aharoni, Jonathan Herzig, Hagai
Taitelbaum, Doron Kukliansy, Vered Cohen, Thomas
Scialom, Idan Szpektor, Avinatan Hassidim, and
Yossi Matias. 2022. TRUE: Re-evaluating factual
consistency evaluation. In Proceedings of the Second
DialDoc Workshop on Document-grounded Dialogue
and Conversational Question Answering, pages 161-
175, Dublin, Ireland. Association for Computational
Linguistics.

Yebowen Hu, Timothy Ganter, Hanieh Deilamsalehy,
Franck Dernoncourt, Hassan Foroosh, and Fei Liu.
2023. MeetingBank: A benchmark dataset for meet-
ing summarization. In Proceedings of the 61st An-
nual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers), pages 16409—
16423, Toronto, Canada. Association for Computa-
tional Linguistics.

Faisal Ladhak, Esin Durmus, Claire Cardie, and Kath-
leen McKeown. 2020. WikiLingua: A new bench-
mark dataset for cross-lingual abstractive summariza-
tion. In Findings of the Association for Computa-
tional Linguistics: EMNLP 2020, pages 40344048,
Online. Association for Computational Linguistics.

Logan Lebanoff, Kaigiang Song, and Fei Liu. 2018.
Adapting the neural encoder-decoder framework
from single to multi-document summarization. In
Proceedings of the 2018 Conference on Empirical
Methods in Natural Language Processing, pages
4131-4141, Brussels, Belgium. Association for Com-
putational Linguistics.

Yunlong Liang, Fandong Meng, Chulun Zhou, Jinan Xu,
Yufeng Chen, Jinsong Su, and Jie Zhou. 2022. A vari-
ational hierarchical model for neural cross-lingual
summarization. In Proceedings of the 60th Annual
Meeting of the Association for Computational Lin-
guistics (Volume 1: Long Papers), pages 2088-2099,
Dublin, Ireland. Association for Computational Lin-
guistics.

Chin-Yew Lin. 2004. ROUGE: A package for auto-
matic evaluation of summaries. In Text Summariza-
tion Branches Out, pages 74-81, Barcelona, Spain.
Association for Computational Linguistics.

Jimmy Lin, Xueguang Ma, Sheng-Chieh Lin, Jheng-
Hong Yang, Ronak Pradeep, and Rodrigo Nogueira.
2021. Pyserini: A Python toolkit for reproducible
information retrieval research with sparse and dense
representations. In Proceedings of the 44th Annual
International ACM SIGIR Conference on Research
and Development in Information Retrieval (SIGIR
2021), pages 2356-2362.

10812


https://arxiv.org/abs/2301.00234
https://openreview.net/forum?id=JH61CD7afTv
https://openreview.net/forum?id=JH61CD7afTv
https://openreview.net/forum?id=JH61CD7afTv
https://doi.org/10.18653/v1/P19-1102
https://doi.org/10.18653/v1/P19-1102
https://doi.org/10.18653/v1/P19-1102
https://doi.org/10.18653/v1/2022.dialdoc-1.1
https://doi.org/10.18653/v1/2022.dialdoc-1.1
https://doi.org/10.18653/v1/D18-1443
https://doi.org/10.18653/v1/W15-4638
https://doi.org/10.18653/v1/W15-4638
https://doi.org/10.18653/v1/W15-4638
https://doi.org/10.18653/v1/W15-4638
https://arxiv.org/abs/2209.12356
https://arxiv.org/abs/2209.12356
https://doi.org/10.18653/v1/2021.findings-acl.413
https://doi.org/10.18653/v1/2021.findings-acl.413
https://doi.org/10.18653/v1/2021.findings-acl.413
https://arxiv.org/abs/2111.09543
https://arxiv.org/abs/2111.09543
https://arxiv.org/abs/2111.09543
https://doi.org/10.18653/v1/2022.dialdoc-1.19
https://doi.org/10.18653/v1/2022.dialdoc-1.19
https://doi.org/10.18653/v1/2023.acl-long.906
https://doi.org/10.18653/v1/2023.acl-long.906
https://doi.org/10.18653/v1/2020.findings-emnlp.360
https://doi.org/10.18653/v1/2020.findings-emnlp.360
https://doi.org/10.18653/v1/2020.findings-emnlp.360
https://doi.org/10.18653/v1/D18-1446
https://doi.org/10.18653/v1/D18-1446
https://doi.org/10.18653/v1/2022.acl-long.148
https://doi.org/10.18653/v1/2022.acl-long.148
https://doi.org/10.18653/v1/2022.acl-long.148
https://aclanthology.org/W04-1013
https://aclanthology.org/W04-1013

Marina Litvak, Natalia Vanetik, Mark Last, and Elena
Churkin. 2016. MUSEEC: A multilingual text sum-
marization tool. In Proceedings of ACL-2016 System
Demonstrations, pages 73-78, Berlin, Germany. As-
sociation for Computational Linguistics.

Pengfei Liu, Weizhe Yuan, Jinlan Fu, Zhengbao Jiang,
Hiroaki Hayashi, and Graham Neubig. 2023. Pre-
train, prompt, and predict: A systematic survey of
prompting methods in natural language processing.
ACM Computing Surveys, 55(9):1-35.

Yuning Mao, Yanru Qu, Yiging Xie, Xiang Ren, and
Jiawei Han. 2020. Multi-document summarization
with maximal marginal relevance-guided reinforce-
ment learning. In Proceedings of the 2020 Confer-
ence on Empirical Methods in Natural Language
Processing (EMNLP), pages 1737—-1751, Online. As-
sociation for Computational Linguistics.

Jessica Ouyang, Boya Song, and Kathy McKeown.
2019. A robust abstractive system for cross-lingual
summarization. In Proceedings of the 2019 Confer-
ence of the North American Chapter of the Associ-
ation for Computational Linguistics: Human Lan-
guage Technologies, Volume 1 (Long and Short Pa-
pers), pages 2025-2031, Minneapolis, Minnesota.
Association for Computational Linguistics.

Chris D Paice. 1990. Constructing literature abstracts
by computer: techniques and prospects. Information
Processing & Management, 26(1):171-186.

Maxime Peyrard, Teresa Botschen, and Iryna Gurevych.
2017. Learning to score system summaries for bet-
ter content selection evaluation. In Proceedings of
the Workshop on New Frontiers in Summarization,
pages 74-84, Copenhagen, Denmark. Association for
Computational Linguistics.

Xiao Pu, Mingqi Gao, and Xiaojun Wan. 2023.
Summarization is (almost) dead. ArXiv preprint,
abs/2309.09558.

Libo Qin, Qiguang Chen, Fuxuan Wei, Shijue Huang,
and Wanxiang Che. 2023. Cross-lingual prompt-
ing: Improving zero-shot chain-of-thought reasoning
across languages. ArXiv preprint, abs/2310.14799.

Thomas Scialom, Paul-Alexis Dray, Sylvain Lamprier,
Benjamin Piwowarski, and Jacopo Staiano. 2020.
MLSUM: The multilingual summarization corpus.
In Proceedings of the 2020 Conference on Empirical
Methods in Natural Language Processing (EMNLP),
pages 8051-8067, Online. Association for Computa-
tional Linguistics.

Murray Shanahan. 2022. Talking about large language
models. ArXiv preprint, abs/2212.03551.

Hugo Touvron, Thibaut Lavril, Gautier [zacard, Xavier
Martinet, Marie-Anne Lachaux, Timothée Lacroix,
Baptiste Roziere, Naman Goyal, Eric Hambro,
Faisal Azhar, et al. 2023. Llama: Open and effi-
cient foundation language models. ArXiv preprint,
abs/2302.13971.

Natalia Vanetik and Marina Litvak. 2015. Multilingual
summarization with polytope model. In Proceedings
of the 16th Annual Meeting of the Special Interest
Group on Discourse and Dialogue, pages 227-231,
Prague, Czech Republic. Association for Computa-
tional Linguistics.

Daniel Varab and Natalie Schluter. 2021. Mas-
siveSumm: a very large-scale, very multilingual,
news summarisation dataset. In Proceedings of the
2021 Conference on Empirical Methods in Natural
Language Processing, pages 10150-10161, Online
and Punta Cana, Dominican Republic. Association
for Computational Linguistics.

Xiaojun Wan, Huiying Li, and Jianguo Xiao. 2010.
Cross-language document summarization based on
machine translation quality prediction. In Proceed-
ings of the 48th Annual Meeting of the Association for
Computational Linguistics, pages 917-926, Uppsala,
Sweden. Association for Computational Linguistics.

Jiaan Wang, Fandong Meng, Ziyao Lu, Duo Zheng,
Zhixu Li, Jianfeng Qu, and Jie Zhou. 2022. ClidSum:
A benchmark dataset for cross-lingual dialogue sum-
marization. In Proceedings of the 2022 Conference
on Empirical Methods in Natural Language Process-
ing, pages 77167729, Abu Dhabi, United Arab Emi-
rates. Association for Computational Linguistics.

Jiaan Wang, Fandong Meng, Duo Zheng, Yunlong
Liang, Zhixu Li, Jianfeng Qu, and Jie Zhou. 2023.
Towards unifying multi-lingual and cross-lingual
summarization. In Proceedings of the 61st Annual
Meeting of the Association for Computational Lin-
guistics (Volume 1: Long Papers), pages 15127
15143, Toronto, Canada. Association for Computa-
tional Linguistics.

Jason Wei, Yi Tay, Rishi Bommasani, Colin Raffel,
Barret Zoph, Sebastian Borgeaud, Dani Yogatama,
Maarten Bosma, Denny Zhou, Donald Metzler, et al.
2022a. Emergent abilities of large language models.
ArXiv preprint, abs/2206.07682.

Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten
Bosma, Fei Xia, Ed Chi, Quoc V Le, Denny Zhou,
et al. 2022b. Chain-of-thought prompting elicits rea-
soning in large language models. Advances in Neural
Information Processing Systems, 35:24824-24837.

Wen Xiao and Giuseppe Carenini. 2020. Systematically
exploring redundancy reduction in summarizing long
documents. In Proceedings of the Ist Conference
of the Asia-Pacific Chapter of the Association for
Computational Linguistics and the 10th International
Joint Conference on Natural Language Processing,
pages 516-528, Suzhou, China. Association for Com-
putational Linguistics.

Jin-ge Yao, Xiaojun Wan, and Jianguo Xiao. 2015.
Phrase-based compressive cross-language summa-
rization. In Proceedings of the 2015 Conference on
Empirical Methods in Natural Language Processing,
pages 118-127, Lisbon, Portugal. Association for
Computational Linguistics.

10813


https://doi.org/10.18653/v1/P16-4013
https://doi.org/10.18653/v1/P16-4013
https://doi.org/10.18653/v1/2020.emnlp-main.136
https://doi.org/10.18653/v1/2020.emnlp-main.136
https://doi.org/10.18653/v1/2020.emnlp-main.136
https://doi.org/10.18653/v1/N19-1204
https://doi.org/10.18653/v1/N19-1204
https://doi.org/10.18653/v1/W17-4510
https://doi.org/10.18653/v1/W17-4510
https://arxiv.org/abs/2309.09558
https://arxiv.org/abs/2310.14799
https://arxiv.org/abs/2310.14799
https://arxiv.org/abs/2310.14799
https://doi.org/10.18653/v1/2020.emnlp-main.647
https://arxiv.org/abs/2212.03551
https://arxiv.org/abs/2212.03551
https://arxiv.org/abs/2302.13971
https://arxiv.org/abs/2302.13971
https://doi.org/10.18653/v1/W15-4632
https://doi.org/10.18653/v1/W15-4632
https://doi.org/10.18653/v1/2021.emnlp-main.797
https://doi.org/10.18653/v1/2021.emnlp-main.797
https://doi.org/10.18653/v1/2021.emnlp-main.797
https://aclanthology.org/P10-1094
https://aclanthology.org/P10-1094
https://aclanthology.org/2022.emnlp-main.526
https://aclanthology.org/2022.emnlp-main.526
https://aclanthology.org/2022.emnlp-main.526
https://doi.org/10.18653/v1/2023.acl-long.843
https://doi.org/10.18653/v1/2023.acl-long.843
https://arxiv.org/abs/2206.07682
https://aclanthology.org/2020.aacl-main.51
https://aclanthology.org/2020.aacl-main.51
https://aclanthology.org/2020.aacl-main.51
https://doi.org/10.18653/v1/D15-1012
https://doi.org/10.18653/v1/D15-1012

Jianmin Zhang, Jiwei Tan, and Xiaojun Wan. 2018.
Adapting neural single-document summarization
model for abstractive multi-document summarization:
A pilot study. In Proceedings of the 11th Interna-
tional Conference on Natural Language Generation,
pages 381-390, Tilburg University, The Netherlands.
Association for Computational Linguistics.

Tianyi Zhang, Varsha Kishore, Felix Wu, Kilian Q.
Weinberger, and Yoav Artzi. 2020. Bertscore: Evalu-
ating text generation with BERT. In 8th International
Conference on Learning Representations, ICLR 2020,
Addis Ababa, Ethiopia, April 26-30, 2020. OpenRe-
view.net.

Tianyi Zhang, Faisal Ladhak, Esin Durmus, Percy Liang,
Kathleen McKeown, and Tatsunori B Hashimoto.
2023. Benchmarking large language models for news
summarization. ArXiv preprint, abs/2301.13848.

Wayne Xin Zhao, Kun Zhou, Junyi Li, Tianyi Tang,
Xiaolei Wang, Yupeng Hou, Yingqgian Min, Beichen
Zhang, Junjie Zhang, Zican Dong, et al. 2023. A
survey of large language models. ArXiv preprint,
abs/2303.18223.

Lianmin Zheng, Wei-Lin Chiang, Ying Sheng, Siyuan
Zhuang, Zhanghao Wu, Yonghao Zhuang, Zi Lin,
Zhuohan Li, Dacheng Li, Eric. P Xing, Hao Zhang,
Joseph E. Gonzalez, and Ion Stoica. 2023a. Judg-
ing llm-as-a-judge with mt-bench and chatbot arena.
Preprint, arXiv:2306.05685.

Shaohui Zheng, Zhixu Li, Jiaan Wang, Jianfeng Qu,
An Liu, Lei Zhao, and Zhigang Chen. 2023b. Long-
document cross-lingual summarization. In Proceed-
ings of the Sixteenth ACM International Conference
on Web Search and Data Mining, pages 1084-1092.

Xin Zheng, Aixin Sun, Jing Li, and Karthik
Muthuswamy. 2019. Subtopic-driven multi-
document summarization. In Proceedings of the
2019 Conference on Empirical Methods in Natu-
ral Language Processing and the 9th International
Joint Conference on Natural Language Processing
(EMNLP-1JCNLP), pages 3153-3162, Hong Kong,

China. Association for Computational Linguistics.

Yijie Zhou, Kejian Shi, Wencai Zhang, Yixin Liu, Yilun
Zhao, and Arman Cohan. 2023. Odsum: New bench-
marks for open domain multi-document summariza-
tion. ArXiv preprint, abs/2309.08960.

Junnan Zhu, Qian Wang, Yining Wang, Yu Zhou, Ji-
ajun Zhang, Shaonan Wang, and Chengqing Zong.
2019. NCLS: Neural cross-lingual summarization.
In Proceedings of the 2019 Conference on Empirical
Methods in Natural Language Processing and the
9th International Joint Conference on Natural Lan-
guage Processing (EMNLP-IJCNLP), pages 3054—
3064, Hong Kong, China. Association for Computa-
tional Linguistics.

A  GLOBESUMM Construction Details

A.1 Source Data Construction

Manual Verification "high relevance does not
necessarily imply that they all present the same
news event", here is a case for distinction:

[Description] Date: 2023-10-18
The U.S. Treasury Department announced
the easing of certain oil, gas, and gold sanc-
tions on Venezuela.

(1) [News1] Date: 2023-10-19
After reaching an agreement, the
United States lifted sanctions on
Venezuelan oil and gold ... v

(2) [News2] Date: 2023-05-09
Maduro calls the US takeover of
oil company Citgo a violation of
Venezuela’s sovereignty ... ) 4

Both the [News1] and [News2] are highly rel-
evant in overlapping terms (e.g. Venezuela, US, ...)
with the given description. Obviously [News1]
is the exact news event as described in the pro-
vided description, but it’s challenging for a BM25
retriever to distinguish between them.

Therefore, we incorporate a post-retrieval man-
ual verification. 5 annotators are invited to assess
the relevance of retrieved news reports based on
the specified event description. Only news meeting
at least one of the following criteria is retained: (1)
news that describes the same event as the given
query, (2) news that involves the causes and con-
sequences of the given query event and (3) news
that reflects diverse perspectives on the given query
event.

A.2 Reference Annotation Methodology

Key Information Split (KIS) In order to prevent
information from becoming overly fragmented af-
ter being splitted, thereby overlooking the contex-
tual connections, our prompt explicitly instructs
the model to employ specific entity names instead
of pronouns. The full request is formulated as fol-
lows:

Please split the key information of the given news article
into several simple sentences in {Source Language}

and use specific entity names instead of pronouns when-
ever possible.

Request: {Given news article X }
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Error Type Definition Example (pair of sentences) Strategy  Explanation
Redundancy Same information or facts repeated in ~ A: No injuries have been reported in the explosion. Remove the same information or facts repeated
both news reports. when the first bomb exploded remotely in l?othl news reports, avoid unnecessary dupli-
et — cation in summary.
near the car.
Omission Additional information not present in Include the additional information that is not
the other. / present in the other, avoid potentially leading
to an incomplete understanding of the event.
Conflict Conflicts arise when there are contradic-

tory or incompatible details.

Time pdates

The inconsistencies arising from the

evolving updates over time between ini-
tial news reports and subsequently de-

veloping news.

: The Rwandan Broadcasting Corporation announced, on

Wednesday, the death of 109 people as a result of land-
slides and floods in the west of the country.

: The number of people killed in floods and landslides

in western Rwanda . according to
information provided by the local authorities.

Overwrite the original information with subse-
quent information and refrain from mentioning
the original information, avoid causing confu-
sion with information from different times.

The contradictions among news articles

. Israeli soldiers carried out an operation this Thursday

Coexist with these viewpoints and present

- Perspectives . A . . . . . . . .
p regarding the same detail, arising from that ended in the death of three Palestinian terrorists. them in an appropriate manner, while main-
diverse standpoints or differing view- . . taining neutrality.
. P s : Prime Minister Mohammad Shtayyeh accused the 2 ¥ BT
points. . . " . . (Because the essence of the summarization is
Israeli government of being "responsible for its . . .
. to collect, organize and condense information,
against the . I . o
— o without delving into judgments of "right or
Palestinian people". " s .
wrong" values in this context)
- Cultural The misunderstandings that may arise SOS Humanity’, a German relief organization that ~ Reconcile the conflicts with the expertise of
. . from the multilingual nature of news operates a Mediterranean refugee rescue ship, an- LLMs, presenting them as reasonable state-
Discrepancies reports or cultural discrepancies, espe- nounced on the 23rd that it has decided to receive ~ ments from the perspectives of all the lan-
cially concerning the same details when about 1.14 billion won in support from the German gov-  guages involved.
reported in different languages. ernment.

Inherent Error

: The Italian government previously expressed reserva-

tions about the fact that the German government gave
funding to the SOS Humanity organiza-
tion in Berlin.

The conflicts arising from the inherent

errors within a specific news article it-

self.

: Hurricane Otis made landfall with a strength of 5

on the Richter scale.

: Hurricane Otis was rated

Correct the error with the potentially accurate
information deduced from the news or the com-
mon sense knowledge already acquired.

The conflict caused by some other un-

- ther .
known possible reasons.

Unify the conflicts with a general statement,
/ minimizing the possibility of any misunder-
standing or contradiction.

Figure 6: The protocol (English version), we formulated for MCMS task, includes definitions of all potential error
types, along with corresponding real-life examples for each type and approximate resolution strategies.

Cross-lingual Prompting (CLP) The prompt is
designed as:

Please act as an expert in cross-lingual understanding
in {Source Language} .

Request: {Given content X }

Let’s understand the content in {Target Language}
sentence-by-sentence.

Protocol-guided Prompting (PGP) The full
prompt for [where], [strategies] and summa-
rization process are provided in Table 12.

B Quality Assessment Details

B.1 Variations of Precision, Recall, and F
metrics

We have made slight modifications to the tradi-
tional precision, recall, and F; metrics for evaluat-
ing the performance of protocol-guided prompting
with GPT-4. Here, we introduce the concept of
False Positive Positive (FPP): predictions that do
not align with the standard golden set but are still
classified as correct answers after manual inspec-
tion. The formulas are as follows:

Precision” — TP+ FPP
recision” = TP+ FP
TP+ FPP
W= —————
Reca TP+ FN
. 2% Precision x Recall
Fl -

Precision + Recall

Notably, the R* value here may exceed 1, as
GPT-4 has demonstrated the ability to detect addi-
tional redundancies, omissions, and conflicts over-
looked by human annotators in practical testing.
However, through manual verification, some of
these overlooked items are also confirmed as ac-
curate answers, thus contributing to the R* metric
numerator during calculation..

B.2 Component-wise Analysis Details

The KIS step is introduced to shorten the cumu-
lative input length of a document set, preventing
excessive length. Summarizing each document
before generating an overall summary is also a
commonly used method for condensing. Thus, we
conducted comparative experiments on XQuAD, a
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Language #Docs Language #Docs Language # Docs
Bulgarian 230 Swedish 195 Hindi 50
Italian 254 Hungarian 170  Dutch 217
Portuguese 281 Russian 226 Arabic 202
Romanian 224 Danish 138 Macedonian 157
Turkish 211  Ukrainian 199 Catalan 79
Polish 217 Korean 127  Greek 109
Finnish 100  Spanish 307 Czech 58
German 230 French 281 Hebrew 9
Albanian 104 English 312 Total 4687

Table 7: Languages covered by GLOBESUMM dataset,
and the number of documents for each language.

OHuman [OGPT-4

600

500 203, 477
8 400
fa)
g 300 202 205
2200

100 ’_‘ ﬂ 48 23

0 |
Redundancy  Omission Conflict

Figure 7: The comparison on the quantities of redun-
dancies, omissions and conflicts identified by human
annotators and GPT-4.

multi-lingual and cross-lingual QA dataset, explor-
ing these two methods of compression. Similarly,
CLP, aiming to achieve cross-lingual alignment
between source and target languages, will be com-
pared with the method of direct translation. The
experiment assesses the impact of different process-
ing methods on LLM’s comprehension in Question-
Answering (QA) by applying them individually to
contexts from XQuAD.

C Experimental Details

C.1 Pipeline Overview

The detailed introductions to our pipelines are as

follows:

* Translate-then-Summarize first translates the
documents into target language, then performs
summarization on the translated documents.

* Summarize-then-Translate first summarizes
each document in the source language, then trans-
lates the summaries into target language.

¢ KIS-then-CLP (Section 2.3) first utlizes KIS
step, then carries out CLP step.

¢ Direct Summarization summarizes documents
straightforwardly.

* Protocol-guided Prompting (Section 2.3) sum-

marizes documents under the guidance of our
protocol.

C.2 Metrics Formulation

We evaluate the quality of summaries generated
by different models and methods using following
metrics:

* ROUGE (Lin, 2004) measures the overlap co-
occurrence of n-grams between the candidate and
reference summaries. We reported the F} scores
for ROUGE.

¢ Red (Chen et al., 2021) is a self-referenced met-
ric for redundancy evaluation. The summary
itself is engaged as the reference to evaluate the
degree of the semantic similarity between each
summary sentences. The averaged semantic sim-
ilarity result is used as the redundancy score.
BERTScore (Zhang et al., 2020) is employed
for similarity computation, and we use deberta-
xlarge-mnli (He et al., 2021) as its backbone with
its default setting for rescaling:

> max;ii; Sim(x;, X;)
X ’

SCOT€peq =

where “j : ¢ # 77 means we do not consider the
similarity between x; and itself. We use F} in as
the final redundancy score. Note that score,.q €
[—1, 1] and lower is better.

* Normalized Inverse of Coverage (NIC) cap-
tures Omission, as the inverse of a coverage of
key information from reference summary. We
employ an NLI model #5_xxI_true_nli_mixture
(Honovich et al., 2022) to ascertain whether cru-
cial information from the reference is entailed in
the candidate summary.

count(entailed)
coverage =
count(sents)
coverage
NIC=1———x%10
log(|cand|)

where coverage represents the coverage rate of a
candidate summary, count(entailed) means the
number of sentences from reference summary
entailed in candidate summary, count(sents)
means the total number of sentences in refer-
ence summary and |cand| means the word-level
length of the candidate summary'?. Note that
lower NIC' is better.

'The word-level length is calculated by nltk.
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GPT-3.5-turbo-16k
R-1 R-2 R-L

Schema & Pipeline

Single-turn Summaization (STS)

None + Direct 33.01 11.02 17.60
KIS-only + Direct 36.37 12.12 19.60
KIS-then-CLP + Direct 41.55 13.76 21.25
None + Protocol 35.01 12.16 19.12
KIS-only + Protocol 35.52 11.85 19.00
KIS-then-CLP + Protocol 41.58 1433 21.17

Chronological Recurrent Summarization (CRS)
None + Direct

KIS-only + Direct 14.16
KIS-then-CLP + Direct 46.60 15.51 21.92
“Nome + Protocol  |: 3740 1240 1947
KIS-only + Protocol 41.58 15.30 21.46
KIS-then-CLP + Protocol 4797 1641 22.06

Table 8: The full ROUGE results of ablation studies on
KIS-then-CLP stage.

¢ Conflict Resolution Effectiveness (CRE) met-
ric evaluates how well a candidate summary ad-
dresses conflict. We use GPT-3.5-turbo as a ref-
eree to assess the conflict resolution strategies
presented in the candidate summary. We employ
conflicts identified by GPT-4 as the standard, as-
sessing the effectiveness of the candidate sum-
mary’s handling of conflicts based on the prompts
provided in Table 13 and the result is present in
a three-class classification of 1, 0, -1. In order to
minimize errors resulting from conflicts update,
we do not consider all conflicts identified in the
summarization process for evaluation. Instead,
we only select conflicts identified in the last 5
rounds of the CRS iteration process. The Con
score is calculated as follows:

penalty = log(count(0) + e)

count(1)
count(1/ — 1) + a * penalty

SCOT€rop =

where count(x) represents the counting function,
penalty refers to the punitive consequence for
neglecting conflict resolution. The coefficient «
is set to 0.2 in our work.

C.3 Experimental implementations

Main experiments The results in Table 5 only
present the ROUGE-L scores, while the full
ROUGE results for the main experiment can be
found in Table 11.

Ablation study The results in Table 6 only
present the ROUGE-L scores, while the full
ROUGE results for the ablation study can be found
in Table 8.

LLM’s Scale-Effect on PGP As we only inves-
tigate the impact on protocol-guided prompting, in
order to reduce time and computational cost, we
utilize the results of the pre-steps (translate-then-
summarize, summarize-then-translate, and KIS-
then-CLP) from GPT-3.5-turbo-16k model. The
llama2 series models are only employed in the fi-
nal summarization step. Due to the The llama2
models are running with the default settings in this
project!!.

The Apathy towards Low-Resource Languages
We employ an NLI model #5_xxI_true_nli_mixture
(Honovich et al., 2022) to discern whether the sen-
tences in the generated summary are entailed within
the documents in the document set. If a sentence
is entailed in a document, we consider it to be
concluded from that document. Due to the NLI
model’s lack of capabilities in handling lengthy
texts and multiple languages, we consider the out-
put of the original document after undergoing KIS-
then-CLP as the premise. Each sentence from the
generated summary is then treated as a hypothesis.
The entail score for each language is calculated as
follows:

Z count(entailed)
S

. count(sents)
5COT€lang = S|
5COT€lang
NOTM_SCOT€lang = S score
lang
lang€langs

where S represents the set of generated summaries
involved with the language, count(entailed)
means the number of sentences entailed in the doc-
ument, count(sents) means the total number of
sentences in generated summary. |S| means the
number of summaries in S.

D Expenses and Compensation

The overall cost incurred for our reference annota-
tion and experimental section utilizing GPT series
models is approximately $900.

In the manual annotation phase of post-retrieval
verification (Section 2.2), annotators will be com-
pensated with $0.1 for each "yes" or "no" anno-
tation completed. We have invited a total of 5
annotators, and they have collectively annotated
18787 news articles regarding their relevance to
the provided event descriptions, resulting in a total

11https: //github.com/notrichardren/
1lama-2-70b-hf-inference/blob/main/inference.py
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expenditure of $1878.7. As for the construction
of our protocol and the annotation process in Sec-
tion 3.1, they are all undertaken by us paper authors
without extra payment.
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Schema & Pipeline Llama-2-7b-chat-hf Llama-2-13b-chat-hf Llama-2-70b-chat-hf
R-LT Red|l NIC|] Con?T |R-LT Red]/ NIC| ContT|R-LT Red] NIC| Conft

Chronological Recurrent Summarization (CRS)
Translate-then-Summarize + Direct 19.18 28.82 84.66 53.01 | 17.71 25.66 88.51 51.21 | 18.15 26.26 81.94 5247
Translate-then-Summarize + Protocol 15.52 4035 96.04 45.07 | 14.88 2524 9295 50.28 | 1749 3130 8593 56.35

" Summarize-then-Translate + Direct | 1932 27.03 9334 5198 [ 17.85 2644 8881 47.74 | 17.85 2538 8593 5381
Summarize-then-Translate + Protocol 16.06 37.56 9492 50.65 | 14.66 27.00 93.51 51.07 | 17.19 3523 86.09 58.53

" KIS-then-CLP + Direct | 2067 29.62 7453 51.83 | 1933 2660 8344 5094 | 2039 29.15 7503 53.75
KIS-then-CLP + Protocol 16.39 3894 9345 46.29 | 16.37 2648 89.33 50.37 | 18.01 25.77 82.19 55.10
Direct.Avg 19.72 2849 80.84 5227 | 1830 26.23 86.92 4996 | 18.80 26.93 80.97 53.34
Protocol.Avg 15.99 3895 94.80 47.34 | 1530 26.24 9193 50.57 | 17.56 30.77 85.33 56.66

" A=Protocol.Avg-Direct.Avg |- 373 1046 1396 -494 [-300 001 501 061 |-124 38 436 332

Table 9: The evaluation results for Llama2 scale-effect analysis. "Direct" represents direct summarization without
a protocol, while "Protocol” signifies the summarization method utilizing the protocol-guided prompting approach.

Schema & Pipeline Llama-2-7b-chat-hf Llama-2-13b-chat-hf | Llama-2-70b-chat-hf
R-1 R-2 R-L R-1 R-2 R-L R-1 R-2 R-L
Chronological Recurrent Summarization (CRS)
Translate-then-Summarize + Direct 41.34 13.03 19.18 | 34.05 10.70 17.71 | 3572 11.19 18.15
Translate-then-Summarize + Protocol 2973  7.13 1552 | 28.65 841 14.88 | 3542 1044 1749
" Summarize-then-Translate + Direct | 51.45 13.04 1932 | 3455 1042 17.85 | 35.65 11.08 17.85
Summarize-then-Translate + Protocol 31.09 7.74 16.06 | 28.18 7.68 14.66 | 35.07 9.59 17.19
KIS-then-CLP + Direct | 4356 15.19 20.67 | 3831 13.39 19.33 | 4045 1439 2039
KIS-then-CLP + Protocol 31.34 846 1639 | 32.18 9.71 1637 | 36.41 11.16 18.01
Direct.Avg 4545 13.75 19.72 | 35.64 11.50 18.30 | 37.27 1222 18.80
Protocol.Avg 3440 927 1692 | 31.16 9.33 16.05 | 36.04 10.85 17.87
A =Protocol.Avg - Direct.Avg | -11.05 448 280 | 448 -2.18 225 -1.23 -1.37 -093

Table 10: The ROUGE results for Llama?2 scale-effect analysis. "Direct" represents direct summarization without a
protocol, while "Protocol” signifies the summarization method utilizing the protocol-guided prompting approach.

Schema & Pipeline GPT-3.5-turbo-16k Vicuna-7b-v1.5-16k Chatglm3-6b-32k
R-1 R-2 R-L R-1 R-2 R-L R-1 R-2 R-L
Single-turn Summaization (STS)
Translate-then-Summarize + Direct 38.63 1235 19.86 | 37.35 11.20 1849 | 40.32 11.64 18.98
Summarize-then-Translate + Direct 3794 1236 20.07 | 3772 11.25 19.08 | 3990 1194 19.45
KIS-then-CLP + Direct 41.55 13.76 21.25 | 3853 11.52 1896 | 4049 11.59 19.27
Translate-then-Summarize + Protocol | 37.12 1195 19.41 [ 38.14 1135 19.07 | 3834 1150 18.76
Summarize-then-Translate + Protocol 36.35 11.62 19.18 | 38.23 1144 18.69 | 38.33 11.23 18.76
KIS-then-CLP + Protocol 41.58 1433 21.17 | 39.57 11.59 18.82 | 39.50 12.04 19.29
STS.AVE ] 38.86 1273 20.16 | 3826 11.39 1885 | 3948 11.66 19.09
Chronological Recurrent Summarization (CRS)
Translate-then-Summarize + Direct 41.6 13.09 20.27 | 42.89 13.02 20.14 | 44.87 13.87 20.08
Summarize-then-Translate + Direct 41.59 13.18 20.15 | 42.21 1290 19.62 | 44.31 13.12 20.13
KIS-then-CLP + Direct 46.6 1551 2192 | 4475 13.74 20.59 | 45.57 13.62 20.12
Translate-then-Summarize + Protocol | 4278 1445 21.14 | 44.46 13.77 20.85 | 43.90 13.42 20.48
Summarize-then-Translate + Protocol 42.68 1429 21.24 | 43.10 13.09 20.21 | 42,52 12.80 19.60
KIS-then-CLP + Protocol 4797 1641 22.06 | 46.64 14.56 20.94 | 43.86 13.55 20.19
"CRS.Avg | 4387 1449 21.13[4401 1351 2039 | 44.17 1340 20.10
Translate-then-Summarize.Avg 40.03 1296 20.17 | 40.71 1234 19.64 | 41.86 12.61 19.58
Summarize-then-Translate.Avg 39.64 12.86 20.16 | 40.32 12.17 19.40 | 41.27 12.27 19.49
KIS-then-CLP.Avg 4443 15.00 21.60 | 42.37 12.85 19.83 | 42.36 12.70 19.72
STS + Direct.Avg | 3937 12.82 2039 [37.87 1132 1884 |40.24 11.72 19.23
STS + Protocol.Avg 38.35 12.63 19.92 | 38.65 11.46 18.86 | 38.72 11.59 18.94
CRS + Direct.Avg | 4326 1393 20.78 [ 4328 1322 20.12 | 44.92 13.54 20.11
CRS + Protocol.Avg 44.48 15.05 21.48 | 44.73 13.81 20.67 | 4343 13.26 20.09

Table 11: The ROUGE F} scores for all configurations of schemas and pipelines on different LLMs. "Direct”
represents direct summarization without a protocol, while "Protocol” signifies the summarization method utilizing
the protocol-guided prompting approach. 1 represents that the higher score the better and | means the opposite.
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Prompt for [where] & [strategies]

From news report 1
Request: {Given newl X}

From news report 2
Request: {Given new2 X5}

The above is the key information from two different news reports about the same event. Please clearly indicate if there are any
redundancies, omissions and conflicts between each numbered sentence.

Definitions for "Redundancy", "Omission", "Conflict".

1. Redundancy: The instances where the same information or facts are repeated in both news reports, creating unnecessary
duplication.

2. Omission: Omissions occur when one news report provides additional information that is not present in the other, potentially
leading to an incomplete understanding of the event.

3. Conflict: Conflicts arise when there are contradictory or incompatible details between the two reports, leading to confusion or
doubt about the accuracy of the information.

{Response of [wherel}

Regarding the conflicts above, kindly specify the respective conflict types and provide specific solution strategies for each
conflict.

- If you think the conflict arises from the updates of news events over time, please overwrite the original information with
subsequent information.

- If you think the conflict arises from the contradictions of diverse perspectives, please coexist with these viewpoints and present
them in an appropriate manner.

- If you think the conflict arises from linguistic misunderstandings or cultural discrepancies, kindly leverage your expertise to
reconcile it, presenting them as reasonable statements from the perspectives of the languages involved.

- If you think the conflict is caused by errors in the news report itself, please correct it with accurate information deduced from
the news or the common sense knowledge you already acquired.

- If you think the conflict is caused by some other unknown reasons or you can’t handle the conflict with your knowledge, please
use a general statement to unify them, minimizing the possibility of any misunderstanding or contradiction.

{Response of [strategies]}

Prompt for Summarization process

From news report 1
Request: {Given newl X}

From news report 2
Request: {Given new2 X5}

The above are the summarized key information from two different news reports about the same event. Please follow the given
[Rules] and helpful hints [where] and [strategies] to integrate the two different summaries into a overall fluent concise summary
of the event.

[Rules]

1. Redundancy: Remove the same information or facts repeated in both news reports, avoid unnecessary duplication in summary.
2. Omission: Include the additional information that is not present in the other, avoid potentially leading to an incomplete
understanding of the event.

3. Conflict: Harmonize contradictory or incompatible details in news reports in a judicious manner, there are several solution
strategies for dealing with different kinds of conflicts.

- If you think the conflict arises from the updates of news events over time, please overwrite the original information with
subsequent information and refrain from mentioning the original information.

- If you think the conflict arises from the contradictions of diverse perspectives, please coexist with these viewpoints and present
them in an appropriate manner.

- If you think the conflict arises from linguistic misunderstandings or cultural discrepancies, kindly leverage your expertise to
reconcile it, presenting them as reasonable statements from the perspectives of the languages involved.

- If you think the conflict is caused by errors in the news report itself, please correct it with accurate information deduced from
the news or the common sense knowledge you already acquired.

- If you think the conflict is caused by some other unknown reasons or you can’t handle the conflict with your knowledge, please
use a general statement to unify them, minimizing the possibility of any misunderstanding or contradiction.

[Where]
The hints guide you to identify redundancies, omissions, and conflicts.
Request: {Response of [where]}

[Strategies]
The hints offer proposed solution strategies for each conflict that you have to strictly follow.

Request: {Response of [strategies]}

Table 12: The prompts used in [where], [strategies] and summarization process.
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Prompt for Conflict Evaluation

You will be given a summary of multiple news articles and the summary aims to handle the conflicts between news articles.
Your task is to determine whether the summary has effectively addressed the given potential conflicts.

If the summary effectively addresses the conflict, answer with 1.
if the summary does not involve the conflict, answer with 0.
If the summary does not address the conflict, answer with -1.

Conflicts:
{Standard conflicts identified by GPT-4}

Summary:
{Candidate summary }

For each conflict in the given conflicts, please determine whether the given summary resolves the conflict according to the rules
mentioned above. Output the result in the format of a Python list, where each element in the list should be only one of the
numbers 1, 0, or -1.

Table 13: The prompts used for conflict evaluation.
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