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Abstract Knowledge Graphs (KGs) are pivotal for
effectively organizing and managing structured information
across various applications. Financial KGs have been
successfully employed in advancing applications such as audit,
anti-fraud, and anti-money laundering. Despite their success,
the construction of Chinese financial KGs has seen limited
research due to the complex semantics. A significant challenge
is the overlap triples problem, where entities feature in multiple
relations within a sentence, hampering extraction accuracy —
more than 39% of the triples in Chinese datasets exhibit the
overlap triples. To address this, we propose the Entity-type-
Enriched Cascaded Neural Network (EZCNN), leveraging
special tokens for entity boundaries and types. EZCNN ensures
consistency in entity types and excludes specific relations,
mitigating overlap triple problems and enhancing relation
extraction. Besides, we introduce the available Chinese
financial dataset FinCorpus.CN, annotated from annual reports
of 2,000 companies, containing 48,389 entities and 23,368
triples. Experimental results on the DUIE dataset and
FinCorpus.CN underscore E2CNN’s superiority over state-of-
the-art models.

Keywords financial knowledge graph,
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1 Introduction

Knowledge graphs have become a widely adopted standard for
knowledge representation in the semantic web, where
knowledge is encoded as a collection of “facts”. Typically, the
facts are expressed as triples of the form (subject, predicate,
object), where the subject and object are entities, and the
predicate indicates a relation between them. In general,
knowledge graphs can be applied to support various
downstream tasks, such as question answering [1,2], data
integration [3], and fact-checking [4].

Currently, significant efforts have been invested in
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constructing a knowledge graph (KG) with a primary focus on
named entity recognition [5,6] and relation extraction [7-9].
Several domain knowledge graphs have already been
established, including those for food [10] and manufacturing
[11]. In this research, we focus on constructing a Chinese
financial knowledge graph. This resource holds potential
applications in diverse anti-fraud services, such as consumer
credit services [12], credit card applications [13], fraud
detection, and identification [14]. Although some attempts
have been made to build language-independent neural
networks for knowledge graph construction from diverse
language corpora [15], extracting relations from the Chinese
financial corpus remains challenging due to its unique
characteristics.

One obstacle is the presence of the same entity appearing in
multiple relations within a single sentence. According to our
statistics from the collected Chinese financial corpus, nearly
62.91% of entities exhibit this phenomenon, which is also
known as the overlap triple problem [16,17]. In Fig. 1, we
provide an example to illustrate the entity pair overlap (EPO)
and single entity overlap (SEO) patterns of overlap triples. For
instance, consider the sentence “Suzhou Jiangnan Film Vice
President Zhang Hua has become a board member and
investor of Yunhai Film.” Multiple relations exist between
“Zhang Hua” and “Yunhai Film”. Furthermore, “Suzhou
Jiangnan Film” serves as the subject in the triple (Suzhou
Jiangnan Film, locate, Suzhou) and as the object in the triple
(Zhang Hua, belong, Suzhou Jiangnan Film).

To tackle these issues, we employ a cascaded neural
network. Initially, we detect a group of candidate subjects.
Thereafter, for each subject, we proceed to extract all related
objects via pre-defined relations, addressing the entity pair
overlap. For single entity overlap, since extraction is
structured for each relation, every subject can match its
potential objects in different relations.

Besides, we discover that the relation types in the Chinese
financial corpus exhibit a strong correlation with the entity
types, and both the boundaries and types of entities offer a
valuable opportunity. Such improvement materializes in a
two-fold manner. Consistency and exclusion in relation
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Fig. 1 Illustrative instances of two pattern overlaps in triples: (a) Entity pair overlap occurs when identical subjects and objects are involved in
distinct relations, such as “Zhang Hua” and “Yunhai Film” simultaneously participate in “invest” and “belong”relations. (b) Single entity overlap
arises when the same entity is present in different triples, as observed with “Suzhou Jiangnan Film”, which features in three two distinct triples

within a single sentence

type. Entities under the same subject and pre-defined relation
embody a common type. Besides, for a specific entity and
relation, coexistence is not present. As an illustration in Fig. 2,
entities like “ Suzhou Jiangnan Film” and “Yunhai Film” are
typified as the “company” type. Both are identified under the
“belong” relation. The head entity, such as “Zhang Hua”,
belongs to the “person” type, and likely matching relations for
objects include “belong”, “cooperate”, and “invest” (with a
“Company” type object), as opposed to relations like
“launch”, “own”, “locate”, and “apply to”. This exclusion
helps prevent the occurrence of false relations. Defining
entity boundaries. On defining the entity type, a coincidental
finding often is the demarcation of the entity, delineating the
beginning and end of the entity. Clearly defined boundaries
can aid in classifying nested entities. For example, in the triple
(“Suzhou Jiangnan Film”, locate, “Suzhou”), through the
entity boundary, we can confirm the presence of two distinct
entities within the phrase “Suzhou Jiangnan Film”.

In the light of the above, we propose an Entity-type-
Enriched Cascaded Neural Network (E2CNN) for constructing
financial knowledge graphs. Specifically, we utilize span-type
identification, which involves employing special tokens
[e:type] and [/e:type], to demarcate the boundaries and types
of extracted entities. Following this, relying on the entity-type
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enriched representation, we engage the cascaded neural
network to extract all subjects and then extract their
corresponding objects for each relation type, simultaneously.
The primary contributions of this paper are as follows:

e We propose a novel entity-type-enriched cascaded
neural network (E2CNN) that considers the overlap
triple problem and entity-type information to construct
a Chinese financial knowledge graph. We investigate
the challenge of relation extraction from specific
financial application scenarios and data characteristics.
The learned knowledge graph is publicly available on
GitHub".

e We release a Chinese financial dataset (termed
FinCorrus.CN) based on a collection of Chinese
financial company annual reports. The data annotation
process involves manual annotation and cross-
validation, resulting in 7 financial relation types and 6
financial entity types from 2,000 companies.

e We conduct comprehensive experiments on the publicly
available dataset DUIE and our newly established
FinCorpus.CN. The results demonstrate that E2CNN
outperforms several state-of-the-art models,
highlighting its effectiveness in relation extraction.

iTEaE2A [/e:com| BUSEE [e:per] 3KEE [/e:per] BEA [e:com| Z=iEE2V [/e:com| EBER
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Fig.2 Instances demonstrate how type information provides an opportunity for precise extraction from both the Consistency in Type and

Exclusion of Specific Relations aspects. The red dotted lines highlight potential incorrect or unmatched relations, while black solid lines depict
possible relations. Type labels and entity boundaries are added at the beginning and end of the identified entities, enriching their representations

D See github.com/CGCL-codes/E-2CNN website.
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2 Methodology

Consider the Chinese financial corpus, i.e., C = {s1,52,...,Sm}
(m is the corpus’s total number of sentences). The ith sentence
consists of multiple words, i.e., s; = {w1,w2,...,w,} (n is the
number of words contained in the ith sentence). Our goal is to
extract relation facts and construct a knowledge graph
G =(V,E) based on the relation facts, where the subject and
object are vertices and the predicate is an edge between those
vertices. Figure 3 shows an overview of the proposed E2CNN.
It contains two principal components: span-type identification
and cascaded neural network. Essential notations and
definitions we used in this paper can be found in Table 1.

Table 1 Main symbols and definitions in this paper

E2CNN: entity-type-enriched cascaded neural network for Chinese financial relation extraction 3

2.1 Span-type-identification

Span refers to a collection of consecutive words in the
sequence, the span-based method learns a deep representation
for each possible span, classifying it to its corresponding type.
The process is described in Algorithm 1. p : g is the candidate
span consisting of consecutive words with subscripts from p
to g in the sentence s, Ep4 is the encoding vector of candidate
span p:q, Pp, is the probability that p:gq is predicted as
each type.

Specifically, we first vectorize the input sentences s using
the pre-trained model BERT to get the contextualized
representation E; € R for all tokens in a sentence [18], and
then enumerates all possible spans in the input sentence. Its

Symbol Description

s Specific sentence in the corpus

T Predefined entity type set

P Entity type probability threshold

Dentiry Predicted entity set

piq Candidate span

Epy Encoding vector of candidate span

Ppyq Probability about p : g is predicted as each type
tg Predicted entity type

Ele:typel Elje:ype) Beginning and end type label embedding of the entity

E; Enriched entity label embedding of sentence s
Probability of position j predicted as the beginning of a

Ppe s Phegopiij . .
Esub’J Zobji subject/ object

Probability of position j predicted as the end of a subject/

Pend,y:j> Pend,y ;-
subJ il o ject

Wbeg:suba bbeg:.vub Adjustable parameters about

Wheg:objsbbeg:obj Boundary prediction

L.
Lsuh 5 Lub J

Span-type identification cross-entropy loss
Final loss of the subject/ joint object extraction

Algorithm 1 Process of span type identification

Require: Input sentence s, pre-trained model
BERT, entity type probability threshold P, pre-
defined entity types T'.

Ensure: Predicted entity set D,y

1: E; = BERT (5) = {ey,e2,...,€,}

2: Dentiry =0

3:forp=1—->n-Ldo

4. forg=p—-> p+Ldo

5: pig=Iwpw,+1,...,w,]

6 E,,=emb(p:q)

7 P,., = softmax(W, * E ., + b,)

8: if max (P,.,) = P then

9: mark corresponding entity type as 7,

10: Dem‘ity = Denrity U (p’ q, ts)
11: end if

12:  end for

13: end for

14: return D,

1 Type:per(person)
Type:com(company)
8 Predicted subject or object
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Fig.3 An overview of our EZCNN model. In this example, given an input sentence, our relation extraction is expected to extract that “Donghai

LTS

Technology”,

Feiniao Logistics” and “ Xunfeng” are entities of type “company”, “Wang Ming” is “person” type, as well as (“Wang Ming”,

belong, “Donghai Technology”) and (“Wang Ming”, invest, {“Feiniao Logistics”, “Xunfeng”}). (1) The Span-Type-Identification module
identifies the entities and corresponding types and obtains entity-enriched representations by incorporating the predicted types’ information into
the original corpus. (2) In the cascaded neural network module, the subject extraction module predicts both the beginning and end position of the
subject, leveraging type-enriched information, object extraction detects all objects corresponding to the subjects obtained by the subject

extraction under each predefined relation
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original vector is represented as Ep.; ={ep,epi1,...,e4} (1 <
p <g<n), where e, and e, denote the vector representation
of head and tail of a span, respectively.

Based on the initial embedding, general span-based methods
have two mainstream ways for span type identification. One
concats the hidden states of the first and last tokens and
combines these with a length feature vector to create the span
representation, which is then classified [19-21]. The process is
as follows:

@)
where [, ,41 € R% represents the length feature corresponding
to the length of the span vector, d; represents the dimension of
the length feature. The other is using a multi-head Biaffine
decoder [22,23] to get the scores matrix for each enumerated
span:

Epg=lepsegsly—prl,

E, = LeakyReLU(E,W,), @)
E, = LeakyReLU(E,W,)), ®)
E,, = MHBiaf fine(E,,E,), 4)

where w,, W, € R®" and h is the hidden size. MHBiaffine is
the multi-head Biaffine decoder?. Therefore, the final
representation of span can be denoted as

Epq = emb(p : q),
where the emb method can adopt Egs. (1) and (2). The

probability of the span for each entity type is calculated as
follows:

P = softmax(W, * E., +b,),

where W, and b, are the learnable parameters of the fully
connected layer. Since we have pre-defined 6 entity types,
Ppg € RO*! Besides, we prune out the non-entity spans (none
of its type probability is above the predefined probability
threshold P), and then sort the remained spans based on their
maximum entity score P,.,, mark the corresponding type #; as
the predicted entity type. Finally, the predicted entity set
Deypsiry 1s obtained as follows:

Dentity = {(PI,QIJI), cees (pZ7 qz» tz)}s
where z represents the length of the set of predicted entities,
and each predicted entity consists of three elements, where p,
represents the beginning position of the zth entity, g
represents the z-th entity the end position of the entity, and f,
represents the predicted entity type of the zth entity.

2.2 Entity-type-enriched representation

We use two special token [e : type] and [/e : type] to mark the
extracted entities, which indicate the beginning and end of the
entity, respectively. Taking Fig. 3 as an example, “Donghai
Technology” is the “company type”, and “Wang Ming” is the
“person” type. Thus, the embedding of token “Dong” and
“Wang” are added with the corresponding beginning label

2) See github.com/yhcc/CNN_Nested NER website.

ER)

embeddings “Efc.com”, “Eleper)”, and the embedding of
“Technology” and “Ming” are added with the end label
embeddings “Ej/e:com”, “Elje:per)”. The enriched embedding

with the entity label is formulated as

E; ={.., E[e:type] tép,..., E[/e:type] tégy,.. J.
For each span in the Deyiry, the beginning label embedding is
added to the head of span e, and the end label embedding is
added to its tail position e,. Likewise, the representation
containing the entity type labels is obtained through the BERT
[18].

Note: We primarily concentrate on identifying the head and
tail positions. Enriching entity types is to strengthen the
boundary and type information of the entity. Thus, we
primarily concentrate on adding special token embeddings,
Efe:type) and Efjeype), on the head and tail positions of the
entity as opposed to incorporating them throughout the entire
entity, which prevents disruptions to the sequential operations.

2.3 Cascaded neural network

In the cascaded neural network module, we extract all subjects
first, and then extract their corresponding objects for each
relation type.

2.3.1 Subject extraction module

Subject extraction aims to discern the subjects within the
entities, focusing on semantics. The process employs a distinct
binary classifier to predict whether each position in the
sequence is the beginning or end of the subject. For each
position e; in E;, we use a sigmoid function to obtain the
probability that the position is the beginning position of the
subject, ppeg,,:j» and the probability of the end position,
Dendy:j» Tespectively.

Pbeggp:j = SigMOid(Wbeg:sub xejt bbeg:sub)» (5)

Pendgyp:j = sigmoid(Weng: sup * e;j+ bend:sub)» (6)
where Wbeg:sub, bbeg:sub, Wend:sub, and  bepg.sup are the
learnable parameters of the subject classifiers. The calculated
probability of this position is compared to the predetermined
probability threshold /.., and if it is higher, it’s counted as a
boundary for the subject and marked as 1; if not, it is marked
as 0. The predicted subject set is then compiled by pairing the
1 markers at the beginning and the end position. Then the
final subject representation of the m-th predicted subject e;ubm
is calculated as follows:

’

’ ’
Csuby, = E(ebeg:m + eend:m)’

)

which is the average of the beginning and end tokens of the
entity embeddings.

2.3.2 Relation-specific objects extraction
Assuming that for mth subject in the candidate subjects, the
input for the relation-specific objects extraction is as follows:
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’

E,=E.®e¢ (8)

where @ represents the matrix addition operation. For any
word vector e; € E,,, any relation type r in the relation type
set R, we use the sigmoid function to convert the output of the
fully connected layer into probabilities.

subp,®

Pbegnbj:j =S ingid(Wheg:obj *ej+ bheg:ohj),

Pendobj:j =S ingid(Wendzobj *e€j+ bend:obj)a

where  Wpegonj and  bpegopj represent the adjustable
parameters of the object beginning point, while Weua.0; and
bena.onj denote the end point. The predicted probabilities are
symbolized as Pbegobj; jand Pend,,bj: ;. If the probability exceeds
the threshold 54, the marker bit at this position is set as 1; if
not, it is set as 0. Ultimately, the beginning and the end
positions marked with 1 are paired to identify all candidate
objects 0bjpreq.

Discussion: How does the cascaded neural network address
the identified overlap issues?

For each subject, we extract all the corresponding objects
based on every pre-defined relation. Consequently, for the
same entity pair, under different relation classifiers, we can
identify probable objects. Choosing a given subject, according
to the relations, to extract objects, rather than identifying
which relation the entity pair belongs to, can aid in mining
multiple relations or objects.

For the extra subject-object overlap (SOO) problem, which
means there are nested entities in the subject or object, such as
the triple (“Suzhou Jiangnan Film”, locate, “Suzhou”), span-
type-identification can enumerate every candidate span set, so
both “Suzhou” and “Suzhou Jiangnan Film” can be identified
as entities. Besides, the cascaded neural network can iterate
each position, in turn, to judge the entity boundary, so “zhou”
and “Film” can be assuredly distinguished.

2.4 Training

For the span-type identification task, we tune the pre-trained
language model using task-specific cross-entropy loss as
follows:

Lo== ) logP(ts), ©)

sespan
where f; is the annotated entity type.

n

Lsub:beg == Z Xk:beg log Pk:beg t (I- xk:beg) log(1 - pk:beg) ’
k=1

E2CNN: entity-type-enriched cascaded neural network for Chinese financial relation extraction 5

Lubrena = — X:end 108 Preend + (1 = Xi:ena) 10g(1 = preena)»

n
k=1
where n represents the length of the sentence, and x.peg and
Xkena represent the true label of the kth word for the
beginning and end positions of the subject, respectively. If the
kth word is the subject beginning position, then Xx.peg is 1;
otherwise, it is 0. pr.peg and py.enq represent the probability of
the kth word being predicted as the subject boundary position.
The final loss function of the subject extraction process is the
sum of the loss functions, given by

Lsub = Lsub:beg + Lsub:end-
In the cascaded neural network, for a given relation r in the

predefined relation types R, the loss function of the module
that predicts the beginning position of the object is as follows:

n
Lr:beg == Zyj:beg logpj:beg +( _yj:beg)log(l - pj:beg)~
Jj=1
Correspondingly, the loss function of the module that
predicts the end position of the object is

n
Lrend =— ZYj:end log pjend + (1 = Yj.ena) 10g(1 = p jiena)s
j=1
where yj.pee and yj.cna represent the true label of the jth word
for the beginning and end positions of the object, respectively.
Djbeg and pjenq represent the probability of the jth word
being predicted as the object boundary position. The final loss
function of the joint extraction process is the sum of the loss
functions for each relation type. The formula is as follows:

Lobj = Z ~Er:beg + L end.

reR

(10)

3 Experiments
In this section, we present the experimental setup for the
E2CNN model in relation extraction task.

3.1 Datasets

We employ two datasets: the large-scale Chinese general
dataset DUIE [24] and our FiCoreus.CN datasets. The
statistical information is presented in Table 2.

DulE, developed by Baidu, is a large-scale Chinese dataset
containing 450,000 instances and 49 common relation types.
Due to the utilization of distant supervision for automatically
generating labeled data, the dataset’s quality is somewhat
compromised, and the data distribution is not uniform. To
address this, we clean and screen the original dataset,
ultimately selecting 17 relation types and 15 entity types.

Table 2 The division of the dataset, the statistics of entity and relation types, and the number of sentences containing normal, single entity overlap, and entity
pair overlap triples. In the public dataset DulE, the proportion of overlap triples is 39.82%, while in our FINCOorPUS.CN dataset, the proportion of overlap triples
reaches 56.91%

Dataset Train Dev Test Entity type  Relation type Normal Single entity overlap Entity pair overlap
DulE 55,959 11,191 13,417 15 17 48,484 (60.18%) 29,786 (36.97%) 2,297 (2.85%)
FINCORPUS.CN 4,956 1,723 1,640 6 7 3,585 (43.09%) 4,508 (54.19%) 226 (2.72%)

FixCorpus.CN is a Chinese financial dataset constructed financial companies. Here, we use brar®, a widely used tool
from a collection of annual reports published by 2,000 for entity and relation labeling, to manually annotate and
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cross-validate the data. The ontology diagram of FinCorrus.CN
is shown in Fig. 4.

FinCorpus.CN comprises 8,319 samples, encompassing a
total of 7 types of financial relations and 6 types of financial
entities. Details regarding the involved entities and relations
are elucidated in Table 3. The distribution of the number of
entities and relation types in the samples is illustrated in
Fig. 5.

Table 3 Description of entity and relation types in FINCORPUS.CN

Entity type Description

Company Company name, abbreviation

Person Character name

Location City-level and above does not specify specific address
Product Various products produced by the company
Business Business activities of the company

Industry Industry to which the company belongs to

Relation type Description

Launch Company carries out business
Locate Location of the company or person
Cooperate Cooperate between companies and individuals
Invest Investment by individuals or enterprises in a company
Belong Relation between the company, its industry, and individuals
belonging to a specific company
Apply to Product application in a specific industry
o Products owned by the company; parent company owning
wn P,
subsidiaries
Company
(subsidiary)
o
n lwn §
] Iny,
Company est \ OOQ
(@)
m  invest
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3.2 Evaluation metrics

We employ precision (P), recall (R), and F1-measure (F1) as
performance evaluation metrics. Precision represents the
proportion of the number of true positive examples predicted
by the model among the total positive examples it predicts.
Recall, on the other hand, indicates the proportion of true
positive examples predicted relative to the total number of true
positive examples. The F1 value, being the harmonic average
of precision and recall, serves as a judgment of the overall
effectiveness of the model. Correct relation extraction entails
the accurate prediction of entity boundaries of head and tail
entities and the correct prediction of relation types.

3.3 Relation extraction test results and analysis

The F1 values of the relation extraction on DulE and
FinCorpus.CN reach 84.93% and 75.24%, respectively, which
both exceeded the baseline models. E>CNN is compared
against five high-performing models:

e Digie++ [25] uses BERT to obtain the token
representations and T-Concat span representation in the
input sentence, and then iteratively propagates the core
inference and confidence of relation type through the
span graph to refine the representation.

e CasRel [16] models relations as functions that map
subjects to objects instead of discrete labels to better

Company
(supplier)

B

\apply to

Relation
—>
m n

Overlap triples

%

Launch

—

Fig.4 Ontology diagram of FINCorPUS.CN dataset
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Fig. 5 Statistics about entities and relations in FINCORPUS.CN. Left: Analysis of the number and proportion of entity of FINCORPUS.CN;

Right: analysis of the number and proportion of relation of FINCORPUS.CN
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handle the overlap problem. However, it does not
consider the effect of entity type on relation extraction.

e PL-Marker [26] summarizes the existing work on span
representation and adopts a fusion subject-oriented
packing scheme in the span pair model. For the subject
span, entity markers are applied by inserting [S] and
[/S] before and after the span to indicate the beginning
and end of the span, respectively.

e BIRTE [27] proposes a paralleled bidirectional
extraction framework to extract all possible
subject—object pairs and assigns all possible relations
for pairs using a biaffine model. Additionally, it
introduces a share-aware mechanism to address the
issue of convergence rate inconsistency.

e OD-RTE [28] approaches the relation extraction task by
treating it as an object detection problem. Additionally,
it introduces the bidirectional diagonal walk decoding
algorithm for extracting all types of triples.

Table 4 shows intuitively that the performance of our
E2CNN model is significantly better than previous models in
terms of end-to-end relation extraction. Our model
outperforms the state-of-the-art (SOTA) model by 19.7% and
28.69% on the DUIE and FinCorpus.CN, respectively, on the
F1 metric. Moreover, the experimental results reveal
significant variations in the performance of the same model
across the FinCoreus.CN and DulE datasets. This discrepancy
is primarily attributed to the dissimilarities between the

Table 4 Comparison of experimental results of relation extraction on DulE
and FINCorpUs.CN
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datasets. The sentence structure in DUIE is relatively
straightforward and consistent, making it easier to learn and
extract information. However, the Chinese financial dataset
FinCorrus.CN contains a substantial number of overlap triples,
reflecting distinctive data features and syntactic complexity.
Comparison of the statistics and sample cases from the DUIE
and FinCorpus.CN datasets are presented in Fig. 6.

Table 5 compares the F1, P, and R scores of the E2CNN and
CasRel models on the normal, single entity overlap, and entity
pair overlap triples. The table shows that EZCNN surpasses
CasRel on all triples, especially on the normal dataset, where
EZCNN achieves a 29.19% higher F1 score than CasRel.
Moreover, EZCNN also outperforms CasRel by 21.86% and
31.1% on the single entity overlap and entity pair overlap
triples, respectively. This demonstrates that the E>?CNN model
is more capable of handling complex relation extraction tasks.

Implementation details For a fair comparison, we employ
the chinese-roberta-wwm-ext model [18] as the pre-trained
BERT model in all our experiments. In the span type
identification task, the model is trained with a learning rate of
1x 107> over 100 epochs, employing a batch size of 8. For
the relation extraction task, we adjust the batch size to 4 and
conduct 10 epochs. Additionally, to accommodate the task
requirements, we set a maximum sentence length of 300. The
model is implemented using the PyTorch [29] framework.
During our experiments, the threshold for object detection is
consistently set to 0.5 for both the head and tail. It is worth
noting that this parameter has the potential for optimization to
enhance model performance. However, we have opted to
postpone its fine-tuning to future work.

Datasets DulE FINCorprUS.CN .
Metrics p%  R% Fue P rR  Fue 4 Ablation study
CasRel [16] 79.15  73.14 76.03  56.69 5096 53.67 We conduct an ablation experiment on the effect of entity type
Dygie++ [25] 77.97 5613 6527  53.62 3745  44.09 on different relations and calculate the type distribution of
PL-Marker [26] 7948 59.67 68.17 5221 4446  48.02 subject and object in the triples predicted by the test set.
BIRTE [27] 79.77  68.03 7343 4959 5398 5169 Taple 6 demonstrates the experimental results, after removing
O?'TRE (28] 79016992 7419 5312 54105361 the type information, the proportions of false type and non-
E”CNN (ours) 96.16 9531 9573 8659 7853 8236 entity both increase, especially the proportion of non-entity

Datasets Amount of data Data format regularity Instances

« "Listening to Li Ming: Moonlight on the Water Lily Pond is a book
DUIE 80,000 samples, The format of the dataset is more uniform and by Harmony Media Press in 2006."

17 relation types

regularusually "Entity 1...is...Entity 2"

« "Lion Patrol is a fashion police and crime TV series by
Pearl City Broadcasting Co., Ltd."

8,319 samples,

FINCOREUS.CN 7 relation types

The format is chaotic and complex, irregular

« "Coincidentally, in January this year, Lingnan Jinyue Holding Group,
the largest of Huaxin Futures, listed its 51% stake for
sale, with a reserve price of 168 million yuan."

between Silver Phoenix Auto and partners who
produce components at an advanced global level, such as SkySteel,
Lingde Power, and Huatai, continues to grow."

Fig. 6 Dataset differences in experimental results analysis of the same model under different datasets

Table 5 E2CNN and CasRel models both adopt the cascaded binary tagging framework, which can achieve more efficient extraction performance on overlap
triples than normal triples. Note that the possible single entity overlap and entity pair overlap can be in the same sentence

Triples Normal Single entity overlap Entity pair overlap

Metrics P/% R/% F1/% P/% R/% F1/% P/% R/% F1/%
E2CNN 84.29 77.67 80.84 84.47 83.42 83.95 88.34 79.68 83.79
CasRel [16] 40.63 33.49 51.65 62.02 61.95 62.09 58.67 66.17 52.69




8 Front. Comput. Sci., 2025, 19(10): 1910352

Table 6 Type distribution of the subjects and objects of the triples predicted in the test set, as well as the performance of relation extraction. Among them,
true type means that the predicted subject or object belongs to the correct type annotated, false type means that the predicted subject or object belongs to a
different type, and non-entity means that the predicted subject or object is not in the annotated entity set, that is, an incorrect entity is predicted

Subject Object Relation
Model Relation type - -
True type  Falsetype = Non-entity True type  Falsetype = Non-entity P/% R/% F1/%
Launch 1033 0 33 633 37 396 57.69 5476  56.19
Own 1552 3 132 1013 36 638 51.81 6498  57.65
Locate 221 0 7 96 1 131 39.04 5394 4529
E2CNN (w/o type) Cooperate 370 0 18 294 3 91 6495  71.19  67.92
Invest 75 0 1 71 0 5 59.21 33.83  43.06
Belong 408 1 6 158 60 197 3542 53.07 4249
Apply to 124 1 6 98 3 30 62.60  56.55  59.42
Launch 1398 6 3 1382 0 25 92.68 8829  90.43
Own 1774 0 46 1748 5 67 80.33 8446 8234
Locate 257 4 3 264 0 0 90.91 9449  92.66
E2CNN Cooperate 386 0 8 386 2 6 79.44 7365 7643
Invest 112 0 2 107 0 7 3947  37.82  38.63
Belong 359 1 1 359 1 1 91.14  79.66  85.01
Apply to 388 7 14 402 0 7 84.11 81.13 8259

increases significantly. E2CNN achieves higher F1 scores on
most relations. Moreover, our model significantly reduces the
proportion of false type and non-entity predictions. This
demonstrates that entity type information can enhance the
model’s ability to extract more accurate and relevant triples
from the corpus.

5 Related work

Currently, many knowledge graphs have been developed in
different domains, such as RepKG [30] and FabKG [11] for
food and manufacturing, respectively. However, few works
focus on the financial domain. Building a financial knowledge
graph can facilitate answering complex financial domain
queries [31]. Knowledge Graphs (KGs) construction by
extracting data from structured or unstructured data sources,
especially textual texts, is of great importance to support
services like question answering [32,33], fact checking
[34,35], and data integration [36,37]. Over the past few years,
various knowledge graphs including DBpedia [38], YAGO
[39], and NELL [40], have been developed for general-
purposed domains.

In the financial field, Elhammadi et al. [41] proposed a
pipeline knowledge extraction that uses conditional random
field (CRF) to filter data and combines Semantic Role
Labeling (SRL) and pattern-based information extraction to
extract domain-targeted noun/verb-mediated relations in
financial news domain. However, the Chinese financial sector
lacks a sufficient amount of technologies for the systematical
and automatic construction of KGs.

Relational triples extraction [28,42] from natural language
corpora is a crucial stage in the construction of massive KGs.
The primary study area at present is the relation extraction
approach based on deep neural networks, and the effect of
supervised learning [43] method is far better than that of semi-
supervised [44] and unsupervised methods [45]. The two main
categories of current methods for extracting relation triples are
pipeline-based methods and joint-based methods.

5.1 Pipeline-based methods
Generally, the pipeline of KGs construction can be organized

as two subtasks: 1) named entity recognition [5,6,46], which
aims to recognize the financial entities from natural-language
sentences; 2) relation extraction [7,8], which aims to link the
financial entities via a relation.

Early works [47-50] follow a pipeline-based paradigm,
namely training one model to extract entities (i.e., entities
recognition) and another model to classify relations between
them (i.e., relation extraction). Zeng et al. [51] proposed
utilizing CNN to learn word-level features, further learn
sentence-level features through convolution, and then classify
the features into relations, demonstrating the feasibility of
applying deep learning models to the relation extraction task.
Zhou et al. [52] suggested improving feature capture by
adding the Attention Mechanism on top of BiLSTM. Zhong
and Chen [20] present a pipeline approach for representing all
candidate spans and identifying the corresponding entity
types. They propose the importance of fused entity
information at the relation model’s input layer. Based on their
work, three commonly used span representation extraction
methods (i.e., T-concat, Solid Marker, and Levitated Marker)
are outlined by Ye et al. [26]. They investigate how various
span representations affect relation extraction model
performance.

5.2 Joint-based methods

The joint-based methods [53] combine entity extraction and
relation extraction to accomplish the extraction in an end-to-
end mode. Zheng et al. [54] proposed a joint extraction
method that turns the two subtasks into a unified sequence
labeling task with BILSTM for coding and decoding, avoiding
the entity redundancy problem caused by shared parameters.
Bekoulis et al. [55] combined CRF for entity extraction with
multi-head selection for relation classification to achieve joint
extraction.

The foundation of conventional joint models is
characteristics [56,57] which require labor-intensive human
work. Recent research [58-60] has explored neural network-
based techniques, offering cutting-edge performance while
minimizing manual effort. Miwa and Bansal [61] proposed a
neural network to obtain information about dependency tree
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substructure, but their model only achieved joint extraction by
sharing parameters, not joint decoding. In contrast to earlier
methods, Zheng et al. [54] used a tagging scheme to model the
relation extraction problem instead of adhering to the task
classification of entity extraction versus relationship
extraction, treating the relation triples as a whole and directly
extracting the information at the triple level.

Recently, external knowledge has been employed to
complement traditional context information such as part-of-
speech (POS) labels [62]. Similar approaches are used in the
field of Chinese NER and RE. Li et al. [63] incorporate word-
level information into character sequence inputs to avoid
segmentation errors. Xuan et al. [64] incorporated graph
information into the character representation.

Despite the extensive study of joint-based relation extraction
methods, much of the current work has not considered the
substantial amount of hyper-relational instances in the corpus.
The relation types were categorized by Zeng et al. [60] as
formal, single-entity overlap, and entity-pair overlap. They
then attempted to use the sequence-to-sequence model to solve
overlap relation issues. Fu et al. [65] suggested a graph
convolutional network-based method for this problem. Shang
et al. [66] utilized a scoring-based classifier and a relation-
specific horns tagging strategy to address issues like cascaded
errors and redundant information. Even after the initial
successes [67], existing approaches continue to see relations as
separate labels, which makes it challenging for overlap
relation extraction.

6 Conclusion and future work

In our study, we investigate methods for overlap triple
extraction from Chinese financial corpora and offer a dataset
for financial knowledge graph construction. We utilize a
cascaded neural network to extract all subjects first, and then
extract their corresponding objects for each relation type,
concurrently. Meanwhile, the extracted information about
entity boundaries and types provides an opportunity for better
relation extraction. Consequently, we propose an Entity-type-
Enriched Cascaded Neural Network (E2CNN) to enrich our
cascaded neural network with entity type information for
better relation extraction. We perform comprehensive
experiments on the open-source Chinese datasets DUIE and
our Chinese financial dataset (termed FmnCorpus.CN).
Experimental results demonstrate the effectiveness of E2CNN
when compared with several SOTA baselines and by using
entity type information, E2CNN enhances the relation
extraction task performance.
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