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A B S T R A C T

The aim of cross-lingual summarization (CLS) is to condense the content of a document in one language
into a summary in another language. In essence, a CLS model requires both translation and summarization
capabilities, which presents a unique challenge, as the model must effectively tackle the difficulties associated
with both tasks simultaneously (e.g., semantic alignment, information compression and factual inconsistency).
Graph-based semantic representation can model important text information in a structured manner, which may
alleviate these challenges. Therefore, in this paper, we propose a Cross-Lingual Summarization method based
on cross-lingual Fact-relationship Graph Generation (FGGCLS). Specifically, we first construct fact-relationship
graphs for source language documents and target language summaries. Then, we introduce a cross-lingual fact-
relationship graph generation method, which converts the CLS problem into a cross-lingual fact-relationship
graph generation problem. This approach simplifies semantic alignment and information compression through
the generation of graphs and leads to improved fact consistency. Finally, the generated fact-relationship graph
of the target language summary serves as a draft for generating the summary, which enhances the quality of
the generated summary. We conduct systematic experiments on the Zh2EnSum and En2ZhSum datasets, and
the results demonstrate that our method can effectively improve the performance of CLS and alleviate factual
inconsistency.
1. Introduction

Cross-lingual summarization (CLS) is a natural language processing
task that generates concise summaries in a target language (e.g., Chi-
nese) from a source language (e.g., English) while maintaining the key
information and context. The primary goal of CLS is to enable quick
comprehension of documents in unfamiliar languages, thereby improv-
ing information acquisition efficiency. In recent years, CLS has attracted
significant research interest; however, it remains an extremely chal-
lenging task, as it requires both translation and summarization capa-
bilities. Therefore, challenges such as cross-lingual semantic alignment,
information compression, and factual inconsistency pose significant
obstacles in generating precise and coherent cross-lingual summaries.

Recently, many researchers have utilized multi-task [1–5] and
knowledge distillation [6,7] methods to solve the challenges of CLS.
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The multi-task methods incorporate related tasks such as machine
translation and monolingual summarization into the training process,
thus enabling multi-task learning to enhance the quality of the sum-
mary. The knowledge distillation methods, on the other hand, use
two models of machine translation and monolingual summarization as
teacher models to impart the learned knowledge to the student model
to improve CLS performance. However, these methods have some
limitations. First, they heavily rely on additional datasets of large-scale
machine translation and monolingual summarization. Second, they
require simultaneous training for CLS and monolingual summariza-
tion or alternating between training for CLS and machine translation.
This training process can be quite time-consuming. Last, they do
not explicitly model the process of cross-lingual and key information
compression, which may lead to factual inconsistency issues, and the
model may not be interpretable.
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Fig. 1. A random sample (i.e. a pair of articles and summaries) of the En2ZhSum training dataset. The English graph structure represents the fact-relationship graph extracted
from the source language article, while the Chinese graph structure represents the fact-relationship graph extracted from the target language summary.
Graph-based semantic representation can model important text in-
formation in a structured manner, which may alleviate these chal-
lenges. Therefore, we conducted a case study on a random sample
of the En2ZhSum training dataset to validate this idea. We found
that the source language document and target language reference
summary contain a significant amount of fact triple information that
succinctly captures the key information of the documents and sum-
maries and is relevant. As shown in Fig. 1, the input source lan-
guage documents include fact triples such as (Pakistan, southwestern,
Balochistan province), (Gunmen, killed, seven people), and (Balochis-
tan province, is racked, violence), which enable us to extract cru-
cial information, for instance, ‘‘Balochistan province is located in the
southwestern region of Pakistan’’ and ‘‘an incident of shooting took
place in Balochistan province’’. Similarly, the target language summary
also contains analogous information in the corresponding triples, such
as ‘‘( )’’ (i.e. Pakistan, southwestern,
Balochistan province) and ‘‘( )’’ (i.e. Gunmen,
killed, seven people). The triple information referenced in the summary
of the target language is present in the source language document,
albeit expressed using a different language. Graphs are effective in
organizing and modelling multiple triple relationships in a structured
manner, so they can be used to help information compress and en-
hance factual consistency. Additionally, as a mathematical concept and
data structure, graphs are inherently language-independent, which can
effectively reduce the difficulty of semantic alignment.

Based on these observations, we propose a Cross-Lingual Summa-
rization method based on cross-lingual Fact-relationship Graph Gener-
ation (FGGCLS). This approach addresses the challenges of CLS by
converting it into a cross-lingual graph generation task. First, we extract
fact triple information from source language documents and target lan-
guage reference summaries and construct their fact-relationship graphs.
Then, we explicitly associate crucial fact information in the documents
and summaries by mapping the source language fact-relationship graph
into target language fact-relationship graphs. This method alleviates
the semantic alignment and information compression challenges in
traditional CLS, thereby improving fact consistency. Finally, the target
language summary graph serves as a draft, and a more precise summary
text is generated under its guidance. Overall, FGGCLS belongs to the
2

application of graph-based pattern recognition. It utilizes a complex
graph to model fact-relationships within a document and bridge fact
consistency between source language documents and target language
summaries.

Experiments conducted on the Zh2EnSum and En2ZhSum datasets
demonstrate that the proposed FGGCLS significantly outperforms base-
line models; this indicates that cross-lingual fact-relationship graph
generation plays a crucial role in improving the performance of CLS.
Moreover, extensive human evaluation experiments verify that the
generated target language summaries are more factually consistent and
trustworthy.

Our research makes several contributions to the field of graph
machine learning and CLS:

(1) We propose a novel method for CLS, which transforms the prob-
lem of CLS into a structured graph generation task. By explicitly
modelling important fact information from source language doc-
uments and target language reference summaries, this method
alleviates the challenge of semantic alignment and information
compression.

(2) We use the generated target language fact-relationship graph as
a draft to guide the generation of a more accurate and reliable
target language summary.

(3) Our approach for CLS solely depends on the dataset itself, with-
out requiring large-scale parallel datasets of machine translation,
which significantly reduces the data requirements of the model.

(4) Our experimental results demonstrate the effectiveness of our
proposed model on both the Zh2EnSum and En2ZhSum datasets
and reflect significant improvements over baseline models in
terms of summarization quality.

2. Related work

The traditional CLS method has mainly adopted the pipeline ap-
proach, which decomposes the task into two subtasks: translation and
summarization. This type of approach can be implemented in two ways:
translate-then-summarize [8–13] or summarize-then-translate [14–16].
In the translate-then-summarize approach, researchers have explored
various techniques for generating English summaries from documents
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Fig. 2. The FGGCLS framework consists of four components: Fact-Relationship Graph Encoder, which models complex factual relationships within the source language document,
captures both global document structure information and semantic representation. Document Encoder, which encodes the entire document and captures the local semantic
information of the source language document. Fact-Relationship Graph Generator, which generates the fact-relationship graph of the target language based on the hidden state
representation of the encoder. Target Language Summarizer, which aims to generate summaries based on the representation of the encoder and the first-stage target language
fact-relationship graph. The summary is generated through deliberation.
in other languages. For instance, Leuski et al. [17] translated Hindi
documents into English before generating captions. Ouyang et al. [13]
developed a robust abstract summarization system that can gener-
ate fluent summaries from machine-translated documents, using both
noisy English documents and clean English reference summaries for
training. Wan [9] and Boudin et al. [8] employed bilingual feature
information to predict the translation quality of each sentence in the
source language document before generating the final summary via a
ranking algorithm. Yao et al. [18] proposed a compression method that
calculated sentence scores based on aligned bilingual phrases obtained
from machine translation services and removed redundant or poorly
translated phrases to perform compression. Linhares Pontes et al. [11]
considered bilingual vocabulary chunks when computing sentence simi-
larity and further compressed sentences at both the single-sentence and
multi-sentence levels. In the summarize-then-translate approach, some
researchers first generate source language summaries and then translate
them into the target language. Orǎsan and Chiorean [14] proposed
using the maximum marginal relevance (MMR) algorithm to generate
Romanian news summaries, which were then translated into English
via machine translation. Wan et al. [15] employed an SVM model to
predict the translation quality of each English sentence, selecting high-
quality and informative sentences to form a summary, which was then
translated into Chinese using Google Translate. While such pipeline
approaches are intuitive, they can also encounter issues such as error
propagation, the need for a large corpus or expensive training of the
translation model, and delays in the inference process.

In recent years, there has been a gradual shift from pipeline-based
methods to end-to-end model architectures in CLS, especially since Zhu
et al. [1] proposed a large-scale cross-lingual summary dataset. How-
ever, using the end-to-end model directly in CLS still poses challenges,
as it requires the model to have both translation and summarization
capabilities. To overcome this, several studies have combined related
tasks such as translation and summarization with CLS to train a unified
CLS model that can benefit from related tasks. Zhu et al. [1] proposed
incorporating monolingual summarization or machine translation into
CLS training by using a shared Transformer encoder to encode the
input sequence for CLS or related tasks (monolingual summarization
or machine translation), and two independent Transformer decoders to
3

perform CLS and related task decoding. Cao et al. [3] proposed utilizing
two encoders and two decoders to jointly learn cross-lingual alignment
and abstract summarization. The MCLAS model was proposed by Bai
et al. [4], which uses a unified decoder to generate monolingual and
cross-lingual summaries sequentially and shares the decoder to learn
cross-lingual alignment and interaction of abstract summaries simul-
taneously. Liang et al. [5] used conditional variational autoencoders
(CVAE) to capture the hierarchical relationship between related tasks
and CLS. Moreover, some studies have used translation/summarization
tasks as teacher models to teach CLS models; this enables the CLS model
to learn not only from the label but also from the output and hidden
state of the teacher model. Shen et al. [6], Duan et al. [19], Nguyen
and Luu [7] confirmed that the knowledge distillation framework can
improve the performance of CLS. However, these methods do not
explicitly model the process of cross-lingual and important information
compression, and their model training relies on large-scale machine
translation or monolingual summarization dataset support.

Graphs, as non-Euclidean data structures, have evolved into diverse
forms, including heterogeneous graphs [20], and have been successfully
applied to various fields, such as community detection [21]. Graph
can effectively organize and model the crucial information within
text and present this information in a structured and easily digestible
format [22,23]. For example, Yu et al. [24] proposed AS-GCN, which
unified neural topic model and graph convolutional networks, and
can capture both the local word-sequence semantic structure and the
global topic semantic structure. Therefore, several studies have in-
corporated graphs into text summarization techniques to improve the
model’s capacity for identifying and summarizing critical information.
For example, Fernandes et al. [25] employed a graph neural network
to improve token-level entity type information by utilizing a sequence
encoder. Fan et al. [26] demonstrated the effectiveness of encoding a
linearized knowledge graph obtained from OpenIE in multi-document
summarization tasks. It is worth noting that OpenIE and LTP are often
used to extract entities and entity relationships, and then a graph can be
constructed with entities as nodes and relationships as edges. Koncel-
Kedziorski et al. [27] introduced a novel graph transformer encoder
that utilizes the relational structure of a knowledge graph to generate
text, which was successfully applied to scientific text summarization.
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In cross-lingual tasks, Jiang et al. [28] utilized TextRank to extract
crucial cues from input sequences and then constructed article graphs
based on these cues; they subsequently encoded both the cues and
the article graphs using clue encoders and graph encoders, respec-
tively. Finally, during decoding, both sequence encoding information
and graph encoding information were considered to generate the final
summary. However, while these methods utilized graphs to enhance
the representation of key information in input documents, they did not
consider how to use the graphs to solve the main challenges of CLS.

3. Background

3.1. Cross-lingual summarization

Recently, Zhu et al. [1] introduced the application of the trans-
former model for CLS. The transformer model is composed of multiple
layers of stacked encoders and decoders. In our study, we adopt this
model framework to implement our approach. First, the encoder models
the source language document, represented as 𝑋 = (𝑥1, 𝑥2,… , 𝑥𝑚), into

continuous vector 𝑍 = (𝑧1, 𝑧2,… , 𝑧𝑚). Next, the decoder generates the
arget language summary sequence, represented as 𝑌 = (𝑦1, 𝑦2,… , 𝑦𝑛),
ased on 𝑍. The training objectives of the CLS model are defined as
ollows:

𝜃 =
𝑁
∑

𝑡=1
𝑙𝑜𝑔𝑃 (𝑦𝑡|𝑦<𝑡, 𝑋; 𝜃) (1)

Here, 𝜃 is the parameter for model training and 𝑦<𝑡 is a partial
ummary of the target language reference.

.2. Deliberation network

Inspired by the iterative refinement process often employed in
uman translation and article writing, Xia et al. [29] integrated the
eliberation process into the encoder–decoder framework, which ef-
ectively enhanced the overall quality of the generated sequences.
he deliberation network is comprises a two-stage decoder. The first-
tage decoder is responsible for decoding and generating the original
equence information, while the second-stage decoder refines and im-
roves the output based on the decoding results of the first stage.
pecifically, given an input sequence 𝑋 = (𝑥1, 𝑥2,… , 𝑥𝑚), the first-
tage decoder of the deliberation network model decodes the original
equence information 𝑌 ′ = (𝑦′1, 𝑦

′
2,… , 𝑦′𝑙). Subsequently, the second-

tage decoder conducts a second round of deliberation on the output
equence generated by the first stage, resulting in the final output
equence 𝑌 = (𝑦1, 𝑦2,… , 𝑦𝑛). The training objectives of the deliberation
etwork are as follows:

(𝜃𝑒, 𝜃1, 𝜃2) =
∑

𝑦′∈𝑌
𝑃 (𝑦′|𝐸(𝑋; 𝜃𝑒); 𝜃1) ⋅ 𝑙𝑜𝑔𝑃 (𝑦|𝑦′, 𝐸(𝑋; 𝜃𝑒); 𝜃2) (2)

Where 𝜃𝑒 refers to the trainable parameters of the encoder, 𝜃1𝑎𝑛𝑑𝜃2
efer to the training parameters of the first-stage and second-stage
ecoders, respectively.

. Method

.1. Problem definition

We denote a parallel CLS data pair as 𝐷 = (𝑋, 𝑌 ), where 𝑋 =
(𝑥1, 𝑥2,… , 𝑥𝑚) refers to the source language document input to the
model, and 𝑌 = (𝑦1, 𝑦2,… , 𝑦𝑛) represents the target language reference
ummary. The token lengths of the source language document and tar-
et language reference summary are denoted by m and n, respectively.
iven a particular source language document X, our model produces
̂ = (𝑦̂1, 𝑦̂2,… , 𝑦̂𝑛̂).

Furthermore, to enhance the performance of our CLS model, we pro-
4

ose the idea of cross-lingual fact-relationship graph generation. The ℎ
ource language fact-relationship graph is denoted as 𝐹 𝑠 = (𝐻𝑠, 𝑅𝑠, 𝑇 𝑠),
here 𝐻𝑠, 𝑇 𝑠, and 𝑅𝑠 represent the sets of head entities, tail entities,
nd relations, respectively. The target language fact-relationship graph
s denoted as 𝐹 𝑡 = (𝐻 𝑡, 𝑅𝑡, 𝑇 𝑡), where 𝐻 𝑡, 𝑇 𝑡, and 𝑅𝑡 refer to the
ets of head entities, tail entities, and relations, respectively. Due to
he distinctive linguistic characteristics and syntactic structures of each
anguage, the representation of fact relationships between the two
anguages is different. Simplifying the process is crucial for tackling
he task of creating cross-lingual fact-relationship graphs. This con-
ideration stems from the typical sequential information generation
f Transformers when employed as decoders. Therefore, we define a
enerated graph in the form of a serialized descriptive sentence, which
s denoted as 𝐾 = (𝑘1, 𝑘2,… , 𝑘𝑛). During the training of the model,
GGCLS performs two stages of decoding. In the first stage, a target
anguage fact-relationship graph generator is used to capture both the
ocal semantic features and the global factual relationship features of
he source language document and to generate target language factual
elationship graphs in the form of a serialized descriptive sentence.
n the second stage, a target language summarizer takes the target
anguage fact-relationship graph as a draft and refines it to generate the
inal target language summary. Therefore, the generating probability
istribution of FGGCLS is:
(

𝜃𝑘 ,𝜃𝑦
) (𝑌 |𝐷) = 𝑃𝜃𝑘 (𝐾|𝐷)𝑃𝜃𝑦 (𝑌 |𝐷,𝐾) (3)

ere, 𝜃𝑘 and 𝜃𝑦 refer to the training parameters for decoding the target
anguage fact-relationship graph and the deliberate decoding of the
arget summary, respectively (see Fig. 2).

.2. Encoder

In the present work, our model’s encoder consists of a fact-
elationship graph encoder and a document encoder. The fact-
elationship graph encoder captures global document structure infor-
ation and semantic representation by modelling the complex fact-

elationships within source language documents. Meanwhile, the doc-
ment encoder encodes the entire document, generates a contextual
mbedding, and captures local semantic information of the source
anguage document.

.2.1. Fact-relationship graph encoder

. Construction of Source Language Fact-Relationship Graph
The fact-relationship graph is a graph network that describes ob-

ective logical facts and is composed of fact triples in documents. To
onstruct the source language fact-relationship graph, we first use ei-
her the Stanford information extraction tool OpenIE (for English input)
r the LTP triplet extraction tool (for Chinese input) to extract fact
riples (𝐻𝑠, 𝑅𝑠, 𝑇 𝑠) from the article. The extracted facts are presented
s a list of tuples, with each tuple containing a subject 𝐻𝑠, an object
𝑠, and a relation 𝑅𝑠. Then, we construct a complete relational graph
ased on these tuples and apply Levi transformation to treat each entity
nd relation equally. Meanwhile, we include a global node to serve
s a connection point for all entity nodes; this enables us to bridge
he disconnected parts of the graph and create a more cohesive rep-
esentation. Specifically, for a given fact triple (𝐻𝑠

𝑖 , 𝑅
𝑠
𝑖 , 𝑇

𝑠
𝑖 ), we create

our nodes 𝐻𝑠
𝑖 , 𝑇 𝑠

𝑖 , 𝑅𝑠
𝑖 , and 𝑅𝑠

𝑖 ′ and add four directed edges 𝐻𝑠
𝑖 → 𝑅𝑠

𝑖 ,
𝑠
𝑖 → 𝑇 𝑠

𝑖 , 𝑇 𝑠
𝑖 → 𝑅𝑠

𝑖 ′, and 𝑅𝑠
𝑖 ′ → 𝐻𝑠

𝑖 to construct the original source
anguage fact-relationship directed graph 𝐹 𝑠 = (𝑉 ,𝐸), where 𝑉 is a
ist of entities, relations, and a global node, and 𝐸 is a list of directed
dges between the elements in 𝑉 . During the model training process,
e create a source language graph 𝐹 𝑠 for each CLS training sample,
ffectively organizing the source language document fact information
hrough the constructed fact-relationship graph.

. Graph Node Initialization
Consider that a node ℎ is typically composed of a sequence of words

= {𝑤1, 𝑤2,… , 𝑤𝑙}. To obtain an embedding representation of node
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Fig. 3. The Graph Transformer framework is composed of L-layer blocks that comprise
Graph Attention, Feed Forward, and LayerNorm.

ℎ, we use positional encoding (PE) to obtain the position information.
The final embedding of the 𝑖th word is the sum of its word embedding
nd position embedding. Finally, we input these embeddings into the
elf-Attention layer to obtain the initial embedding 𝑣0𝑗 for each node.

0
𝑗 = 𝑆𝑒𝑙𝑓𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(∥𝑙𝑖=1(𝑒𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔(𝑤𝑖) + 𝑃𝐸(𝑤𝑖))) (4)

here 𝑙 is the word sequence length of an entity.

. Graph Representation Learning
We leverage the Graph Transformer, as proposed by Koncel-

edziorski et al. [27], to perform hidden representation learning on
he nodes of the fact-relationship graph in the source language. The
raph Transformer takes the initialization embedding 𝑉 0 as input and
pdates the representation 𝑣𝑖 of each node based on the representations
f its neighbouring nodes. To accomplish this, we set the number of
elf-attention heads in the Graph Transformer to 𝑁 and calculate 𝑁
ndependent heads separately.

𝑣̂𝑖 = 𝑣𝑖 + ∥𝑁𝑛=1
∑

𝑗∈𝜘𝑖

𝛼𝑛𝑖𝑗𝑊
𝑛
𝑉 𝑣𝑗 (5)

𝑛
𝑖𝑗 = 𝑎𝑛(𝑣𝑖, 𝑣𝑗 ) (6)

(

𝑣𝑖, 𝑣𝑗
)

=
exp((𝑊𝐾𝑣𝑗 )

𝑇𝑊𝑄𝑣𝑖)
∑

𝑡∈ℵ𝑖
exp((𝑊𝐾𝑣𝑡)

𝑇𝑊𝑄𝑣𝑖)
(7)

Where 𝜘𝑖 represents the neighbouring nodes in the fact-relationship
graph 𝐹 𝑠 of the source language, while 𝑊𝑄, 𝑊𝐾 , and 𝑊𝑉 represent
the trainable parameters for the query, key, and value, respectively.

The Graph Transformer is comprised of multi-layer stacked blocks,
and each block follows a calculation process as described below:

𝑣𝑖 = 𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚(𝑣̄𝑖 + 𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚(𝑣̂𝑖)) (8)

𝑣̄𝑖 = 𝐹𝐹𝑁(𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚(𝑣̂𝑖)) (9)

Where FFN is a Feed-Forward neural network.
As shown in Fig. 3, the Graph Transformer is constructed using 𝐿

layers of stacked blocks. The output from layer 𝑙−1 is fed as input 𝑣𝑙𝑖 =
𝑣𝑙−1𝑖 to layer 𝑙. Through multiple iterations of encoding and updating,
the final encoding of nodes is represented as 𝑉 𝐿 = [𝑣𝐿𝑖 ].

4.2.2. Document encoder
While the fact-relationship encoder can capture the global structure

and semantic information of a document, it primarily focuses on the
factual relationships within the document, which may result in the
omission of important local information. To address this issue, we
5

f

utilize the Transformer’s encoder as a document encoder to capture
the local semantic information of the source language input document
𝑋 = (𝑥1, 𝑥2,… , 𝑥𝑚), thereby reducing the possibility of important
local information being overlooked. Specifically, we take the word
embedding of the document as input to the document encoder and
utilize a multi-head attention block to gather information from the
document content at different positions. Each head corresponds to a
scaled dot-product attention mechanism:

𝑀𝑢𝑙𝑡𝑖𝐻𝑒𝑎𝑑 = 𝐶𝑜𝑛𝑐𝑎𝑡(ℎ𝑒𝑎𝑑1, ℎ𝑒𝑎𝑑2,… , ℎ𝑒𝑎𝑑𝑀 )𝑊 𝑂 (10)

ℎ𝑒𝑎𝑑𝑖 = 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄𝑊 𝑄
𝑖 , 𝐾𝑊 𝐾

𝑖 , 𝑉 𝑊 𝑉
𝑖 ) (11)

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄𝑊 𝑄
𝑖 , 𝐾𝑊 𝐾

𝑖 , 𝑉 𝑊 𝑉
𝑖 ) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(

(

𝑄𝑊 𝑄
𝑖

)

(

𝐾𝑊 𝐾
𝑖
)𝑇

√

𝑑𝑘
)(𝑉 𝑊 𝑉

𝑖 )

(12)

ere, 𝑊 𝑄
𝑖 , 𝑊 𝐾

𝑖 , and 𝑊 𝑉
𝑖 refer to learnable parameter matrices, and

represents the number of heads for the multi-head attention mech-
nism.

.3. Decoder

.3.1. Fact-relationship graph generator
To model the key information of the text during the decoding pro-

ess and simplify the complexity of generating cross-language summary
equences, we introduce a target language fact-relationship generator
s an extension to the conventional end-to-end sequence generation
odel; this is the key to transforming the generation problem into
cross-lingual graph generation problem. Specifically, we first con-

truct the target language fact-relationship graph in the form of a
erialized descriptive sentence, and then we utilize a target language
act-relationship graph generator to generate this kind of information.

. Construction of Target Language Fact-Relationship Graph
To create the fact-relationship graph for the target language, we

tilize OpenIE or LTP to analyse the target language reference sum-
ary, which provides a list of fact triples that can be used as the basis

or constructing the fact-relationship graph. To simplify the process
f generating the target language fact-relationship graph, we define a
tandard graph structure in the form of a serialized descriptive sentence
hat includes entities, entity relationships, and other relevant informa-
ion. The serialization pattern of the graph structure is determined by
he prefix combined with the entity or entity relationship, as illustrated
n Fig. 4.

. Target Language Fact-Relationship Graph Generator
Inspired by the deliberation network, we propose that before decod-

ng the target language summary, it is essential to decode the target
anguage fact-relationship graph based on the source language fact-
elationship graph. In other words, the target language fact-relationship
raph generator decodes and generates a draft of the target language
act relationship, which is then used by the target language summarizer
o generate the final target summary.

The fact-relationship graph encoder captures the structured fact-
elationships in the source language document and extracts important
lobal factual features, while the source language transformer en-
oder captures more local semantic information. To generate the target
anguage fact-relationship graph, the target language fact-relationship
raph generator relies on both the graph representation 𝑉 𝐿 from
he source language fact-relationship graph encoder and the source
anguage sequence encoding representation 𝐻𝐿 from the document
ncoder.

The target language fact-relationship graph generator consists of
𝑡 layers of self-attention, an improved cross-attention layer, a feed-

orward neural network, and layer normalization. During the decoding
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Fig. 4. The fact-relationship graph can be represented as a serialized descriptive sentence using a construction rule that combines a prefix with either an entity or an entity
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process of the target language fact-relationship graph (in the form of
a serialized descriptive sentence), the 𝑖th self-attention layer encodes
the 𝑗th token of the target language fact-relationship graph to obtain
its representation 𝑘𝑖𝑗 . Then, the 𝑗th token representations 𝑘𝑖𝑗 , 𝑉

𝐿, and
𝐻𝐿 of the graph sequence are used as input for the cross-attention
layer to calculate the next token representation. Finally, based on the
hidden state representation of the decoder, the prediction of the target
language fact-relationship graph is generated through a greedy search.

Within the cross-attention layer, the target language graph sequence
representation 𝑘𝑖𝑗 is used as the query Q, while the source language
graph representation 𝑉 𝐿 is used as the key K and value V:

𝑐𝑖𝑗,𝑔 = 𝑀𝐻𝐴𝑀(𝑘𝑖𝑗 , 𝑉
𝐿, 𝑉 𝐿) (13)

When using the source language sequence encoding representation
𝐻 𝑙 as input for the cross-attention layer, the target language graph
sequence representation 𝑘𝑖𝑗 is taken as the query Q, while the source
language sequence encoding representation H is used as the key K and
value V:

𝑐𝑖𝑗,ℎ = 𝑀𝐻𝐴𝑀(𝑘𝑖𝑗 ,𝐻
𝐿,𝐻𝐿)

There, MHAM is the multi-head cross attention.
To achieve seamless integration between the source language se-

quence encoding and the source language graph representation in the
target language fact-relationship graph generator, we introduce a target
language fusion module based on [30]. The feature fusion mechanism
of this module is outlined below:

̄𝑖𝑗 = 𝐶𝑜𝑛𝑐𝑎𝑡(𝑐𝑖𝑗,𝑔 , 𝑐
𝑖
𝑗,ℎ) (14)

𝑠𝑖𝑗 = tanh
(

𝑊 𝑖
𝑎 𝑐

𝑖
𝑗,𝑔 +𝑊 𝑖

𝑏 𝑐
𝑖
𝑗

)

(15)

𝑧𝑖𝑗 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑
(

𝑊 𝑖
𝑐 𝑐

𝑖
𝑗,𝑔 +𝑊 𝑖

𝑑𝑐
𝑖
𝑗

)

(16)

𝑐𝑖𝑗 =
(

1 − 𝑧𝑖𝑗
)

⊙ 𝑠𝑖𝑗 + 𝑧𝑖𝑗 ⊙ 𝑐𝑖𝑗,𝑔 (17)

Among them, 𝑊 𝑖
𝑎 , 𝑊 𝑖

𝑏 , 𝑊 𝑖
𝑐 , and 𝑊 𝑖

𝑑 refer to learnable linear param-
eters. Then, 𝑐𝑖𝑗 will fed into a residual network:

̂𝑖𝑗 = 𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚(𝑐𝑖𝑗 + 𝐹𝐹𝑁(𝑐𝑖𝑗 )) (18)

4.3.2. Target language summarizer
The goal of the target language summarizer is to generate a sum-

mary text in the target language by prediction based on the encoder
representation and the generation results of the target language fact-
relationship graph generator in the first stage. The decoding process
is similar to the deliberate process in the deliberation network. The
context representation 𝑐𝑖𝑗,ℎ output by the document encoder, the con-
text representation 𝑐𝑖𝑗,𝑔 of the source language graph, and the con-
text representation 𝑐𝑖𝑗,𝑡 of the result generated by the target language
fact-relationship graph generator after greedy decoding are fused as: 𝑐𝑖𝑗
𝑖 𝑖 ( ) 𝑖
6

𝑐𝑗 = 𝑧1 ∗ 𝑐𝑗,ℎ + 1 − 𝑧1 ∗ 𝑐𝑗,𝑔 (19) m
𝑧1 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(
[

𝑐𝑖𝑗,ℎ, 𝑐
𝑖
𝑗,𝑔

]

𝑊𝑓1 + 𝑏𝑓1) (20)

̂𝑖𝑗 = 𝑧2 ∗ 𝑐𝑖𝑗 +
(

1 − 𝑧2
)

∗ 𝑐𝑖𝑗,𝑡 (21)

2 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(
[

𝑐𝑖𝑗 , 𝑐
𝑖
𝑗,𝑡

]

𝑊𝑓2 + 𝑏𝑓2) (22)

. Experiments

.1. Datasets

We evaluate our method on the En2ZhSum and Zh2EnSum CLS
atasets released by Zhu et al. [1]. En2ZhSum is an English–Chinese
ross-lingual dataset containing 364,687 English documents (average of
55 tokens) and a Chinese summary (average of 55 tokens). The dataset
s divided into 364,687 training samples, 3000 validation samples,
nd 3000 test samples. This dataset is constructed from CNN/DM [31]
nd MSMO [32] using a round-trip translation strategy. Zh2EnSum is
Chinese–English summarization dataset containing 1,699,713 short

hinese texts (average of 104 tokens) and English short summaries (av-
rage of 14 tokens). The dataset is divided into 1,693,713 training sam-
les, 3000 validation samples, and 3000 testing samples. Zh2EnSum
s translated from the LCSTS dataset. All training examples contain a
ource language document and a target language summary.

.2. Experimental setup

We follow the vocabulary size and text length truncation settings
f Zhu et al. [1]. We convert all English characters to lowercase. We
et the input source language document truncation length to 200, the
hinese output truncation length to 150, and the English truncated

ength of the output to 120. We initialize all parameters through the
avier initialization method. All encoders and decoders have 6 layers
nd the hidden representation has 512 dimensions. During training,
e use the Adam optimizer [33] with 𝛽1 = 0.9, 𝛽2 = 0.998, and
𝑟 = 10−9. We train our model using two NVIDIA 3090 GPUs and
each convergence in 1 million iterations. Our fact-relationship graph
enerator is greedily searched during testing, and the summary decoder
s generated using beam search with beam size 4.

.3. Baselines

We compare the proposed FGGCLS model with two pipeline-based
ethods and current advanced end-to-end models:
GETran: A pipeline method based on Google Translator, first trans-

ating and then summarizing. GETran first translates the original doc-
ment into the target language by Google Translator. Then, GETran
ummarizes the translated document using LexRank [34], a powerful
nd widely used unsupervised summarization method.
GLTran: A pipeline method based on Google Translator that sum-
arizes before translation. First, a summarization model is trained
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Table 1
The F1 score (%) of ROUGE-1, ROUGE-2 and ROUGE-L for En2ZhSum and Zh2EnSum
datasets.

Method En2ZhSum Zh2EnSum

RG-1 RG-2 RG-L RG-1 RG-2 RG-L

GETran 28.24 11.27 25.49 24.31 8.77 19.84
GLTran 31.75 13.50 28.32 33.47 16.24 28.93
TNCLS 35.21 16.79 31.70 38.35 21.28 33.51
CLS+MS 36.72 18.16 33.17 39.69 22.55 34.80
ATS-N 37.18 18.52 33.58 39.62 22.63 34.77
ATS-E 37.05 18.36 33.45 39.38 22.45 34.08
ATS-A 37.49 18.83 33.89 39.87 22.92 34.96
FGGCLS 38.71 19.82 34.93 40.51 23.59 35.43

Table 2
Ablation study. ‘‘FGGCLS w/o FE’’ refers to the version of the model that lacks the
fact-relationship graph encoder, while ‘‘FGGCLS w/o FG’’ refers to the variant that
omits the target language fact-relationship graph generator.

Method En2ZhSum Zh2EnSum

RG-1 RG-2 RG-L RG-1 RG-2 RG-L

TNCLS 35.21 16.79 31.70 38.35 21.28 33.51
FGGCLS w/o FE 36.87 18.07 32.75 39.93 22.82 34.63
FGGCLS w/o FG 37.96 18.83 33.69 40.24 23.15 35.09
FGGCLS 38.91 20.02 34.73 40.51 23.59 35.43

based on the source language monolingual summarization dataset. The
source language documents are fed into the monolingual summariza-
tion model to generate source language summaries. Based on this, the
summaries are translated into the target language by Google Translate.

TNCLS: The first end-to-end cross-lingual summary model was pro-
posed by Zhu et al. [1] To reduce the complexity of the model, they
initialized the model by a random initialization algorithm.

CLS+MS: A multi-task learning model based on NCLS. The MS
model is added to the traditional end-to-end framework to train to-
gether.

ATS-N: Zhu et al. [35] proposes an end-to-end CLS model based on
a heuristic translation model. The approach decomposes cross-lingual
summarization into three steps: attend, translate, and summarize. For
the ‘‘translate’’ step, the authors compare three strategies: Naive, Equal,
and Adapt. We define ATS-E as using the naive strategy.

ATS-E: Similar to the ATS-N, except that we replace the naive
strategy in the ‘‘Translate’’ step with the Equal strategy.

ATS-A: Similar to the ATS-N, except that the naive strategy is
replaced by the adaptive strategy in the ‘‘translate’’ step.

Recently, some other models have shown improvements in the
performance of CLS tasks but require additional training data or pre-
trained models in advance, and therefore cannot be fairly compared
with FGGCLS. For example, the MCLAS method proposed by Bai et al.
[4] requires an additional source language summary as reference sum-
mary and pre-trained the MCLAS model in advance based on a large-
scale monolingual summary dataset, which increases the complexity of
model training; the CLS+MT proposed by Zhu et al. [1] training method
relies on additional large-scale MT datasets; and the VHM method
proposed by Liang et al. [5] also requires large-scale summary and
machine translation datasets. Therefore, we do not use these models
as baselines.

5.4. Experimental results and analysis

We evaluate all models using the standard ROUGE metric on all
datasets, reporting F1 scores for ROUGE-1, ROUGE-2, and ROUGE-L.
All ROUGE scores are reported by the 95% confidence interval of the
official script measure.

FGGCLS vs. baselines. We reimplement the GETran, GLTran,
TNCLS, CLS+MS and ATS models on En2ZhSum and Zh2EnSum using
7

word–word segmentation granularity. The experimental results are
Table 3
Human Evaluation of faithfulness using a 3-star rating system. The system rates major
factual error as 1, minor factual error as 2, and no factual error as 3. A rating of 3 is
the most faithful, and a higher percentage of ratings of 3 indicates better faithfulness.

Model En2ZhSum Zh2EnSum

1 2 3 1 2 3

TNCLS 42.00 27.00 31.00 41.50 14.00 44.50
ATS-A 34.00 28.00 38.00 38.00 13.00 49.00
FGGCLS 31.50 22.00 46.50 34.50 14.50 51.00

Table 4
Human evaluation results, with IF representing informativeness, CC representing
conciseness, and FL representing fluency.

Model En2ZhSum Zh2EnSum

IF CC FL IF CC FL

TNCLS 3.04 3.24 3.12 3.36 3.80 3.76
ATS-A 3.20 3.64 3.48 3.88 4.04 4.08
FGGCLS 3.48 3.52 3.56 4.12 3.96 4.16

shown in Table 1. As shown in Table 1, we can observe that FGGCLS
significantly outperforms the baselines on En2ZhSum. It is worth noting
that FGGCLS has a more significant performance improvement relative
to the first end-to-end CLS model TNCLS, reaching +3.50 ROUGE-1,
+3.03 ROUGE-2, and +3.23 ROUGE-L. Compared with CLS+MS, ATS-
A and other advanced CLS methods, FGGCLS does not use additional
monolingual summary datasets or probabilistic bilingual dictionaries,
significantly reducing the data dependence.

FGGCLS also performs better than the baselines on the Zh2EnSum.
However, the improvement of FGGCLS in Zh2EnSum is less noticeable
compared to the En2ZhSum dataset; this is because the input document
length of the Zh2EnSum is shorter and contains less information about
the fact triples, resulting in a sparse fact-relationship graph. The short-
text CLS dataset is noisier. The extraction performance of fact triples
by OpenIE is limited, which also limits the performance of FGGCLS.

Overall, the experimental results on En2ZhSum and Zh2EnSum
show that our proposed FGGCLS significantly outperforms the baseline
on longer-length news texts and achieves satisfactory performance on
short textual CLS datasets. In addition, FGGCLS can relax the depen-
dence of the model on the dataset and be easily generalized to more
CLS tasks.

Ablation study. To demonstrate the impact of our proposed fact-
elationship encoder (FE) and fact-relationship generator (FG) on model
erformance. We use two datasets, En2ZhSum and Zh2EnSum, to train
ur models and compare their ROUGE values. The results are shown
n Table 2. On both datasets, FGGCLS, FGGCLS w/o FE, and FGGCLS
/o FG significantly outperform the baseline model NCLS, indicat-

ng that the proposed cross-lingual fact-relationship graph encoder
nd generation method has a significant positive impact on the CLS
ask. Meanwhile, we find that FGGCLS w/o FE performs much bet-
er than FGGCLS w/o FG, which indicates that the target language
act-relationship generator contributes more to the model.

In addition, there are some differences in the performance of our
roposed modules on different datasets. On the En2ZhSum, the perfor-
ance degradation of the model FGGCLS w/o FE with the fact relation

ncoder removed is more significant, reaching −2.04 ROUGE-1. In
ontrast, on ZH2ENsum, the performance degradation of the model
GGCLS w/o FE with the fact relation encoder removed is not as that
f En2ZhSum, which may be caused by the input document length of
n2ZhSum being longer and having more redundant information, while
he fact-relationship encoder can effectively filter invalid information
n the encoding stage and strengthen the encoder’s ability to capture
ritical fact-relationships.
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Fig. 5. An example of a cross-language summary generated by different models, with significant entities and relations highlighted in bold.
Table 5
Graph generation quantitative analysis results. Human evaluation of the knowledge existence and faithfulness
of the results generated by the fact-relationship graph generator.

Method En2ZhSum Zh2EnSum

Knowledge Existence Faithfulness Knowledge Existence Faithfulness

FGGCLS 3.31 3.08 3.84 3.16
FGGCLS w/o FE 2.92 2.80 3.30 2.95
5.5. Human evaluation

5.5.1. Faithfulness
In addition to automatically evaluating the CLS model, we also

conduct a human evaluation to verify the faithfulness of the summaries
generated FGGCLS. We randomly select 100 samples from the test
datasets of En2ZhSum and Zh2EnSum. Five graduate students with
excellent English and Chinese literacy skills are recruited to indepen-
dently rate the faithfulness of all 100 summary samples generated by
the TNCLS, ATS-A, and FGGCLS models. For the faithfulness evaluation
criteria, we ask them to follow a 3-star rating (1 = major factual error,
2 = minor factual error, 3 = no factual error). A majority vote is then
used to aggregate the three judgments for each summary. We show the
distribution of summaries with ratings of 1, 2, and 3 stars in Table 3.

We can observe that the target language summaries generated by
FGGCLS are more reliable than those generated by TNCLS and ATS-
A, and FGGCLS’s target language summaries are closer to the facts
themselves. Specifically, FGGCLS achieves 46.50% and 51% no factual
error, surpassing TNCLS by 6.5% and 5.5%. We also observe that
FGGCLS can significantly reduce major factual errors, especially on
8

the Zh2EnSum dataset, by 3.5% for FGGCLS relative to the ATS-A
model, effectively improving the factual consistency of the summaries
generated by the CLS task.

5.5.2. Informativeness, fluency and conciseness
In addition to the faithfulness evaluation, we randomly select 25

samples from the En2ZhSum and Zh2EnSum test sets and compare the
summaries generated by the TNCLS, ATS-A, and FGGCLS models. We
recruit three graduate students to evaluate informativeness (IF), fluency
(FL) and conciseness (CC), each scored from 1 (worst) to 5 (best). The
results are shown in Table 4.

The informativeness score, conciseness score and fluency score
of FGGCLS are significantly better than those of the baseline model
TNCLS, which further proves the effectiveness of our proposed method.
The conciseness score of FGGCLS is comparable to that of ATS-A, but
the summary text generated by FGGCLS is more informative and has
higher text fluency.

5.5.3. Graph generation quantitative analysis
To verify the role of the fact-relationship graph in our model, we

conduct a qualitative evaluation of knowledge existence and faithful-
ness in the results generated by the fact-relationship graph generator.
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Fig. A.6. Example-1 of a cross-language summary generated by different models on Zh2En dataset.

Fig. A.7. Example-2 of a cross-language summary generated by different models on Zh2En dataset.
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Fig. A.8. Example-3 of a cross-language summary generated by different models on En2Zh dataset.
subset of 50 samples is randomly selected from the En2ZhSum and
h2EnSum test sets. Three graduate students are recruited to perform
qualitative assessment of the fact-relationship graph generated by the
GGCLS and FGGCLS w/o FE methods using a scoring system ranging
rom 1 (worst) to 5 (best). The evaluation results are presented in
able 5.

We have observed that FGGCLS performs better than FGGCLS w/o
E in terms of knowledge existence and faithfulness. This observation
ndicates that the fact-relationship graph generator can generate more
ractical knowledge while ensuring factual consistency.
10
5.6. Case study

We construct a case study of the Zh2EnSum test set. The target
language summaries generated by each model are shown in Fig. 5
(more case studies can be found in the Appendix).

Comparison with the manually labelled Gold Summary, the TNCLS
generates incorrect information such as ‘‘the shanghai stock exchange’’
and ‘‘suspension of stock transfer system’’, leading to serious factual
errors. The ATS-A model loses ‘‘shenzhen stock exchange’’ in describing
the stock exchange and suffers from fluency and repeatability problems.
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In contrast, the serialization fact-relationship graph that is generated
by FGGCLS contains several key entities and entity relationships such
as ‘‘[SUB] shanghai and shenzhen’’ and ‘‘new delisting [REL] have
[REL] revised’’, which help FGGCLS generate a summary that covers
almost all points and generates key events and time information, such
as ‘‘shanghai and shenzhen’’ and ‘‘delisting rules have been revised ’’.
In conclusion, FGGCLS can generate more accurate English summaries
than the baselines.

6. Conclusion and discussion

In this paper, we present an innovative approach to address the
cross-lingual summarization (CLS) task, termed Cross-Lingual Fact
Graph Generation for Cross-Lingual Summarization (FGGCLS). This
approach transforms the conventional CLS problem into a structured
graph generation task. By explicitly modelling the intricate fact in-
formation present in the source language documents and the target
language reference summaries, we convert the source language facts
into target language facts using a cross-lingual fact graph generation
method. Therefore, the challenges of semantic alignment and informa-
tion compression in the CLS model. Furthermore, we leverage the fact
graph of the generated target language summary as a draft, enabling
our model to generate a more accurate and reliable target language
summary. Our experiments on the Zh2EnSum and En2ZhSum datasets
demonstrate that FGGCLS effectively enhances the performance of
CLS and reduces factual inconsistencies in cross-lingual summarization
generation. This shows that complex relational graphs are an effective
way to improve the performance of CLS.

Furthermore, there are various promising avenues for further re-
search based on the findings of this study. For example, we can extend
our cross-lingual fact-relationship graph generation approach to other
cross-lingual generation tasks (e.g., cross-lingual dialog summarization
and cross-lingual multi-document summarization) and to explore the
impact of different relationship types on the model.
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Appendix. More case studies

To provide more qualitatively support for our claim, we present
three more results of case studies as show in Figs. A.6–A.8.
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