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Abstract: Relation extraction, a fundamental task in natural language processing, aims to extract entity
triples from unstructured data. These triples can then be used to build a knowledge graph. Recently,
pre-training models that have learned prior semantic and syntactic knowledge, such as BERT and
ERNIE, have enhanced the performance of relation extraction tasks. However, previous research has
mainly focused on sequential or structural data alone, such as the shortest dependency path, ignoring
the fact that fusing sequential and structural features may improve the classification performance.
This study proposes a concise approach using the fused features for the relation extraction task. Firstly,
for the sequential data, we verify in detail which of the generated representations can effectively
improve the performance. Secondly, inspired by the pre-training task of next-sentence prediction,
we propose a concise relation extraction approach based on the fusion of sequential and structural
features using the pre-training model ERNIE. The experiments were conducted on the SemEval 2010
Task 8 dataset and the results show that the proposed method can improve the F1 value to 0.902.

Keywords: relation extraction; pre-training models; BERT; ERNIE; shortest dependency path; fusion
methods

MSC: 68T50; 68T07

1. Introduction

Electronic books, documents, and other forms of literature contain a wealth of knowl-
edge in specific fields, such as finance, medicine, and agriculture. However, the un-
structured nature of this knowledge makes it difficult to apply automatic deduction and
reasoning. Therefore, extracting the structured entity triples from the unstructured textual
sources has significant research value and economic benefits [1,2]. As shown in Figure 1,
“A common side effect of glinides is hypoglycemia.” is selected from the “Guideline for
the prevention and treatment of type 2 diabetes mellitus in China (2020 edition)”, and
the corresponding entity triple “<Glinides, Hypoglycemia, Side-effect>” can be extracted
using the knowledge extraction approach. Furthermore, the knowledge graph (KG) can be
constructed by aggregating these entity triples. The most common knowledge extraction
approach for unstructured data consists of two types of basic natural language processing
(NLP) task: named entity recognition (NER) and relation extraction (RE). NER aims to
recognize the named entities in a sentence, such as the “Glinides” and “Hypoglycemia” in
Figure 1, which can be considered as the nodes in the KG. However, the named entities
recognized by the NER are not related to each other. The relations between entities need to
be defined by the RE. For example, in Figure 1, the relation ’Side-effect’ between ’Glinides’
and ’Hypoglycemia’ can be considered as an edge between nodes in the knowledge graph.
Finally, a primary KG can be constructed through the above NLP tasks. Therefore, since
the RE tasks play a vital role in the process of knowledge extraction, it is essential to study
and design a more efficient and concise RE method to improve the accuracy of the KG
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and enhance its performance in relevant application scenarios, such as recommendation
systems [3].

Figure 1. The standard knowledge extraction method adapted for unstructured data.

As mentioned above, relation extraction, as a basic NLP task, aims to define the
relations between entities from unstructured textual sources. On the one hand, RE tasks
can be classified as sentence-level or document-level tasks according to the distribution
of entities [4,5]; on the other hand, depending on the number of relations between two
entities, RE tasks can also be divided into binary or n-ary classification tasks [6,7]. In this
study, we focus on binary RE tasks, where the two entities are located in a single sentence
because such tasks are the basis of document-level or n-ary RE tasks. For binary RE tasks,
previous research has found that the performance of machine learning [8] and statistical
approaches [9] is highly dependent on the quality of feature engineering. In contrast, deep
learning models, such as the convolutional neural network (CNN) [10] or the recurrent
neural network (RNN) [11], can provide improved performance without additional manual
feature selection. However, regardless of the approach used, the essence is still to generate
representations with abstract semantics and predict the categories of relations based on
them. Considering that such models can only capture the semantic knowledge within
training sets, they are unsatisfactory because the degree of improvement is still limited
by the accessibility of the labeled training sets. Therefore, how to enrich the semantic
knowledge contained in the representations is the key to improving the performance of
RE tasks.

Recently, pre-training models, such as the BERT [12] and ERNIE [13], have received
considerable attention and have enhanced the performance of various NLP tasks, including
RE tasks. Pre-training models obtain the prior semantic and syntactic knowledge from
the unlabeled corpus through the pre-training process. Therefore, distinct from previous
approaches, the methods based on pre-training models can transfer prior knowledge to
downstream tasks through fine-tuning, which can be considered as a transfer learning pro-



Mathematics 2023, 11, 1439 2 of 19

cess. Recent evidence suggests that the pre-training models can achieve better performance
based on an identical annotated training set [14]. However, there are still some relevant
areas of research that need to be focused on.

Firstly, most studies in the field of RE have focused only on sequential or structural
features alone. For example, quite a few studies construct their models based on raw text
sequences, where the generated representations contain sequential features. However,
there are other researchers who input structured data (such as the shortest dependency
path (SDP)) into the model and obtain the structured features. Therefore, the effect of
fusing sequential and structural features on the performance of RE tasks is still unclear.
Secondly, there has been no detailed investigation of which representations generated by
pre-training models are more appropriate for RE tasks. Since the RE task can be viewed
as an N-to-1 sequence modeling process, researchers use the feature of the [CLS] token
for classification [14,15], similar to a text classification task [12]. However, different from
a text classification task, an RE task should pay more attention to the entity pairs in the
input sequence. Therefore, a method is needed to more conveniently introduce the relevant
information of entity pairs into pre-training models and improve the effectiveness of the
RE tasks.

The importance and originality of this study are that it explores how to use the fused
features effectively and concisely for the relation extraction task. The main contributions of
this paper can be summarized as follows:

1. Firstly, for the sequential feature, we verify in detail which types of representations
generated by pre-training models can effectively improve performance. Since the
RE task can be considered as a text classification task, previous approaches used the
representation of [CLS] (i.e., the sentence-level feature) to obtain the relation label,
as in the work reported by Wang et al. [14] and Han et al. [16]. However, the RE
task will focus more on the information of entity pairs in the input sequence. To this
end, we extend the input and output sides of the pre-training model and search for
the representations that can improve the performance of the RE task. Specifically,
for the input side of the pre-training models, we insert the entity location tokens
[ES] and [EE] into the raw text and try to add the entity embeddings to the input
embeddings; for the output side, we experimented with the performance when
applying the representations of the [CLS] and [ES] on the RE task.

2. Secondly, we propose a concise RE approach based on the fusion of sequential and
structural information using a pre-training model. Previous work has attempted to
extract the relation label leveraging structural features, such as the BERT-DP proposed
by Cho et al. [17]. However, these methods require training a graph convolutional
network (GCN) to extract structural features, which may introduce new errors and
make the model even more complex. Inspired by the pre-training task of next sentence
prediction (NSP) [12], we use the [SEP] token to concatenate the shortest dependent
paths of entity pairs with the original sequence and then obtain the representation
of the [CLS] token which can be regarded as the fusion of sequential and structural
features. In addition to BERT, we also test the performance of the above approach
on ERNIE, which incrementally constructs pre-training tasks and then extracts the
lexical, syntactic, and semantic information of these constructed tasks via continual
multi-task learning. It is also the first study to extract entity relations for leverage in
the NSP task.

3. Thirdly, the experiments are conducted on the SemEval 2010 Task 8 dataset. The
experimental work presented here shows that, compared with previous studies, the
proposed model is not only more convenient but can also increase the F1 value to 0.902.

The overall structure of this study consists of six sections. A brief overview of the
related work is given in section two. The third section presents the methodology used for
this study. The experimental results are presented in section four, while the discussion is
presented in section five. Finally, section six concludes this study with a summary.
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2. Related Work

As shown in Table 1, the common relation extraction methods include those based on
machine learning, deep learning and pre-training models.

Table 1. Related work in the field of RE.

Method Categories Authors Comments

Machine learning

Rink et al. [18] The key to machine learning methods
lies in manual feature selection, which is

time-consuming and labor-intensive.

Zhao et al. [19]
Kim et al. [20]
Bui et al. [8]

Deep learning

Rink et al. [18]

The degree of improvement is still
limited by the fact that the

labeled training sets are inaccessible.

Zeng et al. [10]
Choi [21]

Liu et al. [22]
Peng et al. [23]
Zhou et al. [24]

Xu et al. [25]
Li et al. [26]

Wang et al. [27]
Xu et al. [28]

Corbett and Boyle [29]

Pre-training models

Wang et al. [14] Ignores the possibility of improving
the performance of the RE task by

fusing the sequential and structural
features using pre-training models.

Han et al. [16]
Cho et al. [17]

Chauhan et al. [30]

2.1. Machine Learning Methods

Machine learning methods for RE tasks typically include the support vector machine
(SVM) and K-nearest neighbor (KNN) methods. These methods map manually selected
syntactic or semantic features into a high-dimensional space using kernel functions to
make them linearly separable. For example, Rink et al. [18] performed the classification
using SVM classifiers and several features that capture the context, semantic role affiliation,
and possible pre-existing relations of the nominals. Zhao et al. [19] combined cues from
different levels of syntactic processing using kernel methods and tested different kernels
on the SVM and KNN. Kim et al. [20] proposed an efficient and scalable system using a
linear kernel to identify information on drug–drug interactions. Bui et al. [8] proposed
a feature-based approach to extract drug–drug interactions from the text. They mapped
each candidate drug–drug interaction pair from a dataset into an appropriate syntactic
structure to generate feature vectors, which were then used to train an SVM classifier. It can
be seen that the key to machine learning methods lies in manual feature selection, which is
time-consuming and labor-intensive.

2.2. Deep Learning Methods

Deep learning has become popular with the improvement of computer hardware,
especially graphics processing units (GPUs). The most common deep learning methods are
convolutional neural networks (CNNs), which can capture local features, and recurrent
neural networks (RNNs), which are better at modeling sequential data [31,32]. Previous
research has shown that the performance of medical text classification can be enhanced
through CNNs or RNNs.

2.2.1. Convolutional Neural Networks

The CNNs were originally developed for image recognition and later extended to NLP,
speech processing, and other fields [31]. The RE tasks based on these models typically use
convolutional kernels with pooling operations to obtain the features of sequences and then
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predict the relations. For example, Zeng et al. [10] exploited a CNN to extract sentence-level
features that were fed into a softmax classifier to predict the relationship between two
tagged nouns. Choi [21] and Liu et al. [22] proposed a CNN-based method for the extraction
of protein–protein interactions and drug–drug interactions, respectively. Peng et al. [23]
proposed a multichannel dependency-based CNN model that applies one channel to the
embedding vector of each word in the sentence, and another channel to the embedding
vector of the head of the corresponding word. Zhou et al. [24] performed convolution
operations on the SDP to produce representations that contain the deep semantics of
dependency directions and dependency relation tags.

2.2.2. Recurrent Neural Networks

The RNNs, unlike CNNs, were originally designed to be used for sequence modeling
and can capture temporal features, which is crucial for the performance of the RE task
when the distance between target entities is large [33]. For example, Xu et al. [25] utilized
deep RNNs for relation classification, and they also proposed a data augmentation method
by exploiting the directionality of relations. A variant of RNN, long short-term memory
(LSTM), which was designed to address the gradient vanishing and exploding problems in
RNNs by introducing a gate mechanism and memory cell, is more popularly applied [34].
For instance, Li et al. [26] proposed a joint model to extract biomedical entities and their re-
lations simultaneously. The relation extraction part of this model consists of a bi-directional
long short-term memory (BiLSTM) layer and a softmax layer. Wang et al. [27] proposed
a deep neural network model for the extraction of drug–drug interactions by introduc-
ing the dependency-based technique into a BiLSTM layer. Xu et al. [28] proposed a new
BiLSTM-based method that combines biomedical resources with lexical information and
entity position information to extract drug–drug interactions from the biomedical literature.
Corbett and Boyle [29] presented a system using multiple LSTM layers to analyze candidate
chemical–protein interactions.

As can be seen, the core of these deep learning approaches is to use CNNs or RNNs
to generate the features of either raw text sequences or SDPs. Some approaches further
combine these features with entity features, lexical features, and external knowledge
to predict the relations between entity pairs. However, the representations generated
by the deep learning approaches can only gain semantic knowledge from the training
sets. The degree of improvement is still limited by the fact that the labeled training sets
are inaccessible.

2.3. Pre-Training Models

Inspired by ImageNet in the computer version field, researchers have proposed pre-
training models such as BERT and ERNIE for NLP tasks. The typical structures of pre-
training models is shown in Figure 2. The representations of the input tokens are generated
by the multi-layer transformer blocks with self-attention heads [35]. These models obtain
prior semantic knowledge from the unlabeled corpora through different pre-training tasks,
which can be considered as self-learning tasks. They outperform deep learning models
on various NLP tasks. As shown in Table 2 (Considering that the pre-training models
are not the focus of this paper, we only validate the proposed relation extraction method
based on BERT and ERNIE, but not other pre-training models such as RoBERTa and
XLNet.), the structure of BERT and ERNIE is the same. The main differences between them
are the pre-training tasks and the pre-training corpora. In short, both BERT and ERNIE
perform the pre-training task of next sentence prediction (NSP), but ERNIE further goes
on to incrementally build pre-training tasks and then learn lexical, syntactic, and semantic
information on these built tasks via continuous multi-task learning. In addition, the number
of parameters varies between the different models in the ERNIE series. The base model
contains 12 layers, 12 self-attention heads, and a 768-dimension hidden size, while the large
one contains 24 layers, 16 self-attention heads, and a 1024-dimension hidden size.
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Figure 2. The typical structure of a pre-training model in the field of NLP.

Since the RE task can be considered as an N-to-1 sequence modeling process, re-
searchers have performed classification through the representation of the [CLS] token [14].
However, the previous approaches ignored the possibility of improving the performance of
the RE task by fusing the sequential and structural features using pre-training models.

Table 2. Parameters, pre-training tasks, and corpora of BERT and ERNIE.

Pre-Training Models L 1 H 1 A 1 Pre-Training Tasks Pre-Training Corpora

BERT [12] 12 768 12 Masked Language Model &
NSP BooksCorpus & Wikipedia

ERNIE-base [13] 12 768 12 Continual Multi-task Learning
& NSP

Chinese Wikipedia, Baidu
Baike, News, Tieba

ERNIE-large [13] 24 1024 16 Continual Multi-task Learning
& NSP

Chinese Wikipedia, Baidu
Baike, News, Tieba

1 We denote the number of transformer layers as L, the hidden size as H, and the number of self-attention heads
as A.

3. Methods

This section will specify how to perform the RE task based on the fusion of sequential
and structural features using ERNIE.

3.1. Problem Definition

For the RE task, the input is the sequence containing named entity pairs. Thus, the
RE task can be seen as a kind of text classification task, i.e., the category of the input
sequence can be regarded as the relation of the entity pairs it contains. Given the dataset
D = {(E1, E2), S, Y}, where E1 and E2 denote the set of entity pairs, S denotes the set of
training texts, and Y denotes the set of relations between entity pairs. For any ei ∈ E1,
em ∈ E2, sk ∈ S, and yl ∈ Y, if there exists a relation yl between ei and em in the text sk, it
is denoted as di,m,k,l ∈ D. The mapping function f (ei, em, sk) −→ yl is computed through
the dataset D. For another dataset D′ = {(E′1, E′2), S′, Y′} with the same distribution as D,
there exists d′i,m,k,l = {(e

′
i , e′m), s′k, y′l} and d′i,m,k,l ∈ D′. The ŷ′l = f (e′i , e′m, s′k) should be as
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close as possible to the true value y′l . Therefore, the key to the RE task is to find a suitable
model to determine the mapping function f (ei, em, sk) −→ yl [36].

3.2. Model Architecture

In this subsection, we will first describe how to handle the sequential data using the
pre-training model. Then, we will illustrate how to generate structural data based on
sequential data and concatenate them as input to the model. Finally, how to perform the
RE task based on the fusion of the features for these two types of data will be presented.

3.2.1. Sequential Data

As shown in Figure 3, the part of the input sequence marked by the light blue back-
ground is the sequential data. In this subsection, we assume that the only inputs to the
model are sequential texts and try to improve the model from both input and output per-
spectives.

Figure 3. The difference between the common input sequence and the enhanced input sequence
with entity markers. (a) The common input sequence. (b) The enhanced input sequence with
entity markers.

Methods for Improving the Input Section

Different from the text classification task, the sequence of the RE task contains the
entity pairs to be classified. Therefore, the model should not treat the entities as common
tokens. An approach is needed that satisfies the following requirements: (1) “highlight”
the entities in the input sequence; and (2) explicitly obtain the location information of
the entities.

To this end, we explicitly add the entity position markers around the entities in the
raw text. As shown in Figure 3a, the ordinary input sequence is “The diseases are caused by
Gene-mutations on the X-chromosome.”, which contains two named entities: “diseases” and
“Gene-mutations”. This sentence is extracted from the SemEval 2010 Task 8 dataset [37].
In contrast, as shown in Figure 3b, the entity pairs in the enhanced input sequence are
highlighted with additional markers, i.e., [ES] and [EE]. The [ES] is the abbreviation of
“Entity Start”, indicating that the current token is the start of an entity. Similarly, the [EE]
stands for “Entity End”, indicating that the current token is the end of an entity. In addition,
we also attempt to add entity embeddings to the input embeddings, as shown in Figure 4.
In the experimental part of this paper, we will test the effectiveness of the above methods.
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Figure 4. The entity-type embeddings are added to the input embeddings.

Methods for Improving the Output Section

The sequences with additional entity markers are fed into the pre-training model, and
the representations corresponding to each token are generated after 12 layers of Transformer
blocks [35]. It is worth noting that the [CLS] must be added at the beginning of a sequence
before entering the model, as specified in the original paper of BERT and ERNIE, where the
representation of the [CLS] is considered as the sentence-level feature [12,13]. In this case,
as shown in Figure 5, for sequential data of length n, the embeddings can be denoted as
E = {eCLS, e1, e2, . . . , en}, and the representations (or features) generated by the pre-training
model can be denoted as H = {hCLS, h1, h2, . . . , hn}, where the representations of [CLS]
and [ES] are hCLS and hES. In the following parts of this subsection, we will propose two
methods to determine the relation for an entity pair. These two methods will be further
compared in the section detailing the ablation experiment.

Figure 5. The relation label is generated based on the representations of sequential data.

Based on the Feature of [CLS]

As mentioned above, the representation of [CLS] can be regarded as the sentence-level
feature. The paper proposing BERT also elaborates that this type of feature can be used
for text classification. Since the RE task can essentially be considered as a kind of text
classification task, we start the RE task with the sentence-level feature. At this point, the
probability distribution PC of the relation labels can be calculated by the following equation:

PC = so f tmax(WChCLS + bC) (1)
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where WC ∈ RM∗H and bC ∈ RM are the learnable weight matrix and bias, respectively. M
is the number of relation labels, and H is the dimension of the hidden layer. Finally, the
predicted label yC can be obtained by the following equation:

yC = argmax(PC). (2)

The loss function of this task is

loss =
M

∑
m=1

p(ym
C ) log[q(ym

C )] (3)

where p(ym
d ) is the probability distribution of correct labels, and q(ym

d ) is the probability
distribution of predicted labels. The goal of this task is to minimize the loss function.

Based on the Features of [CLS] and [ES]

The idea behind this approach stems from combining the representation of [CLS] with
those of other special tokens to generate features with even richer semantics. Specifically,
we concatenate the representations of [ES], which contain information about the location
of the entity, with the representation of [CLS] to form a new feature vector. This feature
vector is passed sequentially through the fully connected layer and the softmax layer to
predict the relation label. As shown in Figure 5, hCLS is the representation corresponding to
the [CLS] token, while hES1 and hES2 are the representations of the two entity start position
tokens [ES], respectively. HS is constructed by concatenating these three features according
to the following equation:

HS = concat(hCLS + hES1 + hES2). (4)

Once the new feature vector of sequential data HS is obtained, the following calcula-
tions are performed in the same way as in the previous method. The probability distribution
PS for each label is calculated using the following equation:

PS = so f tmax(WHS + b). (5)

Similarly, W ∈ RM∗H and b ∈ RM are the learnable weight matrix and bias, respec-
tively. M is the number of relations, and H is the dimension of the hidden layer. The final
predicted label yS is obtained through the following equation:

yS = argmax(PS). (6)

We will also compare these two methods for the performance of relation extraction in
the section on the ablation experiment.

The content above presents how we handle the sequential data to extract entity rela-
tions. Then we will describe how to construct structural data based on the sequential data
and perform the RE task through the fusion of these two types of data.

3.2.2. Structural Data

In order to perform the RE task based on the fusion of sequential and structural
data, a structural data-generation approach is required. This approach should not lead
to additional training sets or annotations. Therefore, in this paper, the structural data are
constructed through the dependency tree and the shortest dependency path based on the
raw sequential data.

The dependency tree for the raw text is generated by a Python package called spaCy
(https://github.com/explosion/spaCy, accessed on 18 January 2023). As mentioned earlier,
the RE task is more concerned with the information regarding entity pairs. Therefore, we
prune the dependency tree, leaving only the shortest dependency path. In the example
given in Figure 6, the paths marked by the red arrows form the shortest dependency path.

https://github.com/explosion/spaCy
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In this way, the structural data “diseases caused by Gene-mutations” are constructed based on
the raw sequential data.

Figure 6. The structural data are constructed using the dependency tree and the shortest dependency
path based on the raw sequential data.

3.2.3. Fusion of Sequential and Structural Features

In order to take advantage of the fusion of sequential and structural data, the first
issue that needs to be addressed is how to feed the acquired structural data into the model.
Figure 7 shows the final architecture of the model proposed in this paper, which is an
improved version of the model proposed in Section 3.2.1. For the input to this model,
sequential data and structural data are concatenated with the [SEP] token to form the new
input sentence.

This method of concatenating the two types of data with [SEP] is inspired by BERT for
the sentence pair classification task [12]. The input sequences to this task are all sentence
pairs concatenated with [SEP], which is consistent with the task in this study since the
input consisting of sequential and structural data can also be regarded as the sentence
pair. The next question that needs to be addressed is which representations are chosen to
compute the distribution probabilities of the relation labels.

Figure 7. The final architecture of the proposed model. For the input of this model, sequential data
and structural data are concatenated with the [SEP] token to form the new input sentence.
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Furthermore, inspired by BERT, which uses the representation of [CLS] to handle
sentence pair classification tasks, such as MNLI (multi-genre natural language inference),
QQP (Quora question pairs), and QNLI (question–answer natural language inference) [38],
one can speculate that the representation of [CLS] contains the semantic features of the
sentence pair, or one can say that in the model proposed in this paper, the representation
of [CLS] can be regarded as a kind of hybrid feature. The subsequent computational
process is consistent with Section 3.2.1, and the representation of [CLS] containing the
semantic information is concatenated with the representations of [ES] according to the
following equation:

H = concat(hCLS + hES1 + hES2). (7)

The probability distribution P for each label is obtained by the following equation:

P = so f tmax(WH + b). (8)

Similarly, W ∈ RM∗H and b ∈ RM are the learnable weight matrix and bias, respec-
tively. M is the number of relations, and H is the dimension of hidden layers. The final
predicted label y can be generated by the following equation:

y = argmax(P). (9)

The above is the architecture of the model proposed in this paper, which leverages a
fusion of sequential and structural features for the RE task. In the following subsection, we
will validate the performance of the model using the SemEval 2010 Task 8 dataset.

4. Experiments and Results

The software environment for this experiment is Paddlepaddle (https://github.com/
paddlepaddle/paddle, accessed on 18 January 2023), which is an end-to-end open-source
deep learning platform developed by Baidu, and the hardware environment is an 8-core
CPU with an Nvidia V100 GPU.

4.1. Dataset

The dataset adopted for this experiment is “SemEval 2010 Task 8”. There are nine
types of relations contained in this dataset: “Cause Effect”, “Component Whole”, “Content
Container ”, “Entity Destination”, “Entity Origin”, “Instrument Agency ”, “Member Collec-
tion”, “Message Topic”, and “Product Producer”. When the relation for an entity pair does
not belong to the above nine labels, it is classified as “Other”. The distribution of relation
labels in the dataset is shown in Table 3.

Table 3. The distribution of labels in the SemEval 2010 Task 8 dataset.

Labels Training Set Test Set

Cause Effect 1003 328
Component Whole 941 312
Content Container 540 192
Entity Destination 845 292

Entity Origin 716 258
Instrument Agency 504 156
Member Collection 690 233

Message Topic 634 261
Product Producer 717 231

Other 1410 454

Total 8000 2717

Each instance in the dataset contains two entities, called “Entity1” and “Entity2”, and
the relations for these entity pairs are directional, i.e., the graph composed of these entity

https://github.com/paddlepaddle/paddle
https://github.com/paddlepaddle/paddle
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pairs with relations is a directed graph from the perspective of the knowledge graph. For
example, the two graph units shown in Figure 8 are both composed of entity nodes named
Entity1 and Entity2 but their directions are different. Hence, they are two different kinds of
relations. For this reason, every relation label in Table 3 is considered with direction in the
experiment, except the label “Other”.

Figure 8. The relation of entity pairs is directional.

4.2. Hyperparameters

The hyperparameters involved in this experiment are listed in Table 4, and the opti-
mizer we used is Adam.

Table 4. Hyperparameters.

Hyperparameters Values

Epoch 10
Learning rate 5 × 10−5

Input max length 128
Batch size 64

4.3. Evaluation Metrics

We introduce the F1 value to evaluate the performance of the models listed in Table 5.
This metric is calculated according to the following formulation, where the precision
value refers to the ratio of correct entities to predicted entities, and the recall value is the
proportion of the entities in the test set that are correctly predicted.

F1 =
2 ∗ Precision ∗ Recall

Precision + Recall
(10)

4.4. Results of Different Models

This experiment first compares the proposed model with machine learning and deep
learning methods, such as SVM, MVRNN, and CR-CNN. The results of these models are
listed in the first block of Table 5. As can be seen from the results, the machine learning
method (i.e., the SVM-based method [18]) obtains the lowest F1 value of 0.822. In contrast,
the deep learning methods, both RNN-based and CNN-based, are able to improve the F1
value. For example, the MVRNN [39] obtains an F1 value of 0.824, while the CR-CNN [40]
obtains an F1 value of 0.841. The FAT-RE [41] based on the dependency tree obtains an F1
value of 0.842. In addition, the hybrid method BiLSTM+CNN [42] improves the F1 value to
0.854. Introducing the attention mechanism also boosts the performance of deep learning
models. For example, Att-RCNN [43] obtains an F1 value of 0.866, which is second only to
the methods based on the pre-training models.
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Table 5. The results of different models.

Models F1 Values

SVM [18] 0.822
MVRNN [39] 0.824

CNN+Softmax [10] 0.827
FCM [44] 0.830

CR-CNN [40] 0.841
FAT-RE [41] 0.842
CNN [45] 0.848

TACNN [46] 0.853
BiLSTM+CNN [42] 0.854

Att-RCNN [43] 0.866

BERT-tokens (REflex) [30] 0.867
BERT-entity (OpenNRE) [16] 0.883

E-BEM [47] 0.885
E-BEM-O [47] 0.886
BERT-DP [17] 0.891

NLIRE [48] 0.894

Our model (BERT) 0.893
Our model (ERNIE-large) 0.902

As previously mentioned, pre-training models perform better in various downstream
NLP tasks leveraging the prior syntactic and semantic knowledge acquired in the large-
scale unlabeled corpus. The results of these approaches are listed in the second block of
Table 5, and these methods focus more on sequential data. For instance, the BERT-tokens,
as a module in REflex [30], concatenate the word-piece-level embeddings provided by
BERT with the word and position embeddings of CRCNN before entering the convolution
phase. The F1 value obtained by this module is slightly higher than that of the deep
learning method based on the attention mechanism, reaching 0.867. The OpenNRE is an
open-source toolkit for relation extraction, and the BERT entity is one of the components
used for sentence-level relation extraction [16]. The implementation concept of BERT-entity
is analogous to that of this paper for sequential data, and the component receives an F1
value of 0.883. The E-BEM and E-BEM-O are both extended versions of BERT-entity [47],
and increase the F1 value to 0.885 and 0.886, respectively. Some studies focus on the use of
structured data to handle the relation extraction task. For example, BERT-DP [17] obtains
an F1 value of 0.891 by feeding the positional encoding with a dependency tree into BERT.
In addition, NLIRE is an RE model based on natural language inference and obtains an F1
value of 0.894. However, the model we proposed (based on ERNIE, which performs the
relation extraction task based on the fusion of sequential and structural features) obtains
the highest F1 value, as shown in Table 5. For the purpose of comparison with previous
work, we also present the results obtained by our model based on BERT.

4.5. Results Using Different Pre-Training Models

In this experiment, we test the effect of selecting different pre-training models on
the performance based on the structure described in Section 3.2.3. As shown in Table 6,
the accuracy, recall, and F1 value can be further improved using ERNIE series models
compared with BERT. Specifically, ERNIE-base improves the F1 value by 0.3 percentage
points compared with BERT, while ERNIE-large achieves the highest F1 value of 0.902.

In addition, we also compared the F1 values of the different pre-training models at
each training epoch. As can be seen in Figure 9, the sorting based on F1 values in each
epoch is consistent with the final results, except for the third epoch. This phenomenon
indicates that ERNIE-large converges better than other models at the beginning of the
training process.
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Table 6. The results of different pre-training models.

Models Accuracy Recall F1 Values

BERT-[ES] & SDP-[CLS] & [ES] 0.880 0.906 0.893
ERNIE-base-[ES] & SDP-[CLS] & [ES] 0.883 0.911 0.897
ERNIE-large-[ES] & SDP-[CLS] & [ES] 0.888 0.917 0.902

Figure 9. The F1 values using different pre-training models at each training epoch.

4.6. Ablation Experiment

We also performed an ablation experiment. The purpose of this experiment is to verify
a component by removing it from the proposed model. As shown in Table 7, using the
raw text and classifying the relations based on the features of [CLS] can obtain a higher F1
value compared with the machine learning methods listed in the first block of Table 5. This
approach was also proposed by Devlin et al. [12], who applied BERT to the single-sentence
classification task. In view of this, this approach is also selected as the benchmark in this
paper. Furthermore, both adding [ES] and [EE] tokens to the raw text and concatenating
the features of [CLS] and [ES] to compute the probability distribution can improve the
performance. However, it is worth mentioning that the entity embeddings do not contribute
to the improvement of the F1 value. The F1 value can be further enhanced based on the
fusion of sequential and structural features. Finally, as the results presented in Table 5
show, the highest recall and F1 value are obtained when ERNIE-large is chosen for the
pre-training model in our proposed approach.

In addition, we also recorded F1 values for each training epoch in the ablation experi-
ment. As shown in Figure 10, the general trend of the curves is identical to the results shown
in Table 7, i.e., the F1 value can be gradually increased by joining the corresponding com-
ponents. From the lower two figures of Figure 10, it can be seen that the RE models based
on the fusion of sequential and structural features achieve higher F1 values in each epoch,
and they also converge faster in the early epochs of the training process. This experiment
also demonstrates that the method proposed in this paper is efficient and effective.
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Table 7. The results of the ablation experiment.

Models Accuracy Recall F1 Values

BERT-raw-[CLS] (benchmark) 0.881 0.890 0.885
BERT-[ES]-[CLS] 0.879 0.902 0.891

BERT-[ES][Entity embeddings]-[CLS] 0.875 0.906 0.891
BERT-[ES]-[CLS] & [ES] 0.879 0.907 0.892

BERT-[ES] & SDP-[CLS] & [ES] 0.880 0.906 0.893

ERNIE-base-[ES]-[CLS] & [ES] 0.878 0.910 0.894
ERNIE-base-[ES] & SDP-[CLS] & [ES] 0.883 0.911 0.897

ERNIE-large-[ES]-[CLS] & [ES] 0.890 0.909 0.899
ERNIE-large-[ES] & SDP-[CLS] & [ES] 0.888 0.917 0.902

Figure 10. The F1 values of the ablation experiment at each training epoch.

5. Discussion

Firstly, the results presented in Table 5 demonstrate that the proposed method outper-
forms previous approaches based on machine learning, deep learning, and pre-training
models. As previously mentioned, these supervised learning methods based on machine
learning and deep learning can only capture the semantic knowledge in the labeled training
samples, which are difficult to access. The pre-training models, on the other hand, can
acquire extensive semantic and syntactic knowledge from the massive unlabelled corpus
through the pre-training process and leverage this knowledge to improve the performance
of downstream NLP tasks. Thus, the methods based on pre-training models in the second
block of Table 5 all outperform those based on machine learning and deep learning listed
in the first block. However, these RE methods designed upon pre-training models only
consider the sequential or structural features individually, ignoring the fact that fusing
these two features can enhance the performance. Instead, the model we propose generates
the fusion of these two features by utilizing the representation of [CLS], and applying
them to the RE task. According to Devlin et al. [12], when conducting the multi-sentence
classification task using BERT, it is necessary to concatenate two sentences with [SEP] and
obtain the semantic features, leveraging the representation of [CLS]. Therefore, in such
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a task scenario, the representation of [CLS] would naturally contain the semantics of the
input sentence pairs. Returning to the goal of this study, as described in Section 3.2.3, the
sequential and structural data are concatenated with [SEP] as the input sentence. At this
point, the representation of [CLS] can be regarded as a fusion of sequential and structural
features. It is worth noting that the pre-training model chosen for this experiment is BERT,
in order to allow comparison with previous work. The experimental results also show that
leveraging this enhanced representation can improve the F1 value to 0.893.

Secondly, Table 5 illustrates the F1 value when using different pre-training models
based on the architecture proposed in Section 3.2.3. The results indicate that the accuracy,
recall, and F1 value can be further improved by using the ERNIE series models, while
the highest accuracy, recall, and F1 value can be obtained by using ERNIE-large. This
phenomenon demonstrates that: (1) For the same structure of the pre-training models,
the pre-training process is critical to obtain appropriate prior semantic knowledge. The
BERT and ERNIE-base have the same structure, both consisting of 12-layer Transformer
blocks and 12 self-attention heads. However, the ERNIE-base can acquire richer semantic
knowledge than BERT through multi-task learning consisting of word-aware, structure-
aware, and semantic-aware tasks. (2) For pre-training models with the same pre-training
task, such as ERNIE-base and ERNIE-large, the more complex the model structure, the
richer the prior semantic knowledge it can capture. The base model contains 12-layer
Transformer blocks, 12 self-attention heads, and a 768-dimension hidden size while the
large model contains 24-layer Transformer blocks, 16 self-attention heads, and a 1024-
dimension hidden size. Finally, the ERNIE-large model has the highest F1 value of 0.902.
Figure 9 also proves the above conclusion in another regard. Since the fourth epoch, the F1
values of the ERNIE series model are consistently higher than those of the BERT, and the
ERNIE-large achieves the highest F1 values at each epoch.

Thirdly, the results of the ablation experiment demonstrate that adding the [ES] to the
input sequence can explicitly introduce the position information of the entity pairs. Mean-
while, for the sequential data, the representation of [ES] carries the relevant information
of entity pairs. As described earlier, the RE task is more concerned with the information
of entity pairs than the text classification task. Therefore, leveraging the representation of
[ES] can enhance the effectiveness of classification. However, it is worth mentioning that
the entity embedding does not contribute to the improvement of the F1 value, although it
slightly increases the recall. We assume that a possible reason could be that the introduction
of additional embeddings would increase the complexity of our model. Finally, by using the
fusion method proposed in this study, both sequential and structural features can be used
simultaneously to obtain the highest recall and F1 value. Table 7 and Figure 10 illustrate
that adding the relevant modules can indeed gradually increase the F1 values.

In summary, the advantages of the proposed method are as follows:
(1) Inspired by a pre-training task called NSP, we design a concise relation extraction

method modeled upon it. The method conducts the RE task through a fusion of sequential
and structural features. The pruned SDP obviously contains structural information, which
improves the F1 value compared with the approaches leveraging only the sequential feature,
as demonstrated by the results of Table 7 and the ablation experiment.

(2) For sequential data, we enhance the input and output sides of the model separately.
Table 7 and the ablation experiment also show that the sequential feature can contain infor-
mation about entity locations by adding the location makers and using the representations
corresponding to the ES. Given that the RE task focuses more on the entity pairs in the
input sequence, this operation can boost the F1 value.

(3) The proposed model is constructed based on a pre-training model, which is pre-
trained on a large-scale corpus, and can generate the representations with prior semantic
knowledge. As shown in Table 5, all of the methods based on the pre-training model
outperform the methods based on machine learning. In addition, for the selection of
the pre-training model, we choose ERNIE-large because it can acquire richer semantic
knowledge than BERT through multi-task learning and more parameters.
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However, our approach still has some drawbacks, which are as follows:
(1) We chose the ERNIE-large model with more parameters; the length of the input

sentences increases when both the sequential and structural data are included. Therefore,
in terms of efficiency, our method may be slightly less efficient than previous methods.

(2) The method for generating the SDP requires a third-party toolkit and its errors may
be introduced into the relational classification task.

We hope to address these drawbacks in future work to enhance the effectiveness and
accuracy of our model.

6. Conclusions

Relation extraction, as an important NLP task, aims to identify the relation between
two entities within unstructured data. The pre-training models capture the prior semantic
knowledge from unlabeled corpora and leverage it to enhance the downstream NLP tasks,
including the RE task. However, previous research has mainly focused on sequential or
structural data separately, ignoring the fact that fusing sequential and structural features
may enhance the performance of the RE task. In this study, we explored how to use the
fused features for the RE task based on pre-training models.

Firstly, for the sequential data, we inserted the entity location tokens [ES] and [EE]
into the raw text and try to add the entity embeddings to the input embeddings; for the
output side, we experimented with the performance when applying the representations
of [CLS] and [ES] on the RE task. Secondly, we propose a concise RE approach based on
the fusion of sequential and structural information using a pre-training model. Inspired by
the pre-training task NSP, we use the [SEP] token to concatenate the shortest dependent
paths of entity pairs with the original sequence and then obtain the representation of the
[CLS] token, which can be regarded as the fusion of sequential and structural features. The
experiments were conducted on the SemEval 2010 Task 8 dataset, and the results show that
the proposed method can improve the F1 value to 0.902.
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BERT bidirectional encoder representation from transformers
BiLSTM bidirectional long short-term memory
CNN convolutional neural network
EE entity end
ES entity start
ERNIE enhanced representation through knowledge integration
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KNN K-nearest neighbors
MNLI multi-genre natural language inference
MSRA Microsoft Research Asia
NER named entity recognition
NLP natural language processing
NSP next sentence prediction
QNLI question–answer natural language inference
QQP Quora question pairs
RNN recurrent neural network
RE relation extraction
SDP shortest dependency path
SVM support vector machine
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