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Abstract Entity and relation extraction is an indispensable
part of domain knowledge graph construction, which can
serve relevant knowledge needs in a specific domain, such
as providing support for product research, sales, risk
control, and domain hotspot analysis. The existing entity
and relation extraction methods that depend on pretrained
models have shown promising performance on open
datasets. However, the performance of these methods
degrades when they face domain-specific datasets. Entity
extraction models treat characters as basic semantic units
while ignoring known character dependency in specific
domains. Relation extraction is based on the hypothesis
that the relations hidden in sentences are unified, thereby
neglecting that relations may be diverse in different entity
tuples. To address the problems above, this paper first
introduced prior knowledge composed of domain dictio-
naries to enhance characters’ dependence. Second, domain
rules were built to eliminate noise in entity relations and
promote potential entity relation extraction. Finally, exper-
iments were designed to verify the effectiveness of our
proposed methods. Experimental results on two domains,
including laser industry and unmanned ship, showed the
superiority of our methods. The F1 value on laser industry
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entity, unmanned ship entity, laser industry relation, and
unmanned ship relation datasets is improved by +1%, +6%,
+2%, and +1%, respectively. In addition, the extraction
accuracy of entity relation triplet reaches 83% and 76% on
laser industry entity pair and unmanned ship entity pair
datasets, respectively.

Keywords entity extraction, relation extraction, prior
knowledge, domain rule

1 Introduction

Entity and relation extraction aims to identify triplets
from unstructured text. These extracted triplets are
beneficial for discovering the disadvantage of domains,
thereby providing support for product development and
sales, business risk control, and commercial hotspot
analysis.

The existing entity and relation extraction studies
include three categories (rule based, statistical machine
learning, and deep learning based).

Rule-based approaches are built on handcrafted dictio-
naries or linguistic rules. Syntactic-lexical patterns are
usually exploited to construct rules. Rule-based entity
extraction first appeared in typical Proteus systems
(Grishman, 1995) and Lasie systems (Humphreys et al.,
1998). These systems employ heuristic algorithms and
rule templates. Wang and Hirst (2009) employed WordNet
(Miller, 1995) to extract patterns iteratively, thereby
improving the recall rate of extraction results. Hearst
(1992) extracted upper and lower semantic relations
based on template matching (e.g., “X such as Y”). Rule-
based approaches work very well. However, they are
transferred difficultly to other domains because of
domain-specific rules designed by domain experts.

Machine learning models use statistics to build data
representation and then conduct analysis to infer any rela-
tionships between variables. Machine learning algorithms
are employed to learn patterns hidden in features, thereby
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recognizing similar patterns from unseen data. Entity
extraction solves two problems of entity boundary detec-
tion and entity type classification. Isozaki and Kazawa
(2002), Yamada et al. (2002), and Lin et al. (2006)
converted entity extraction tasks into classification tasks
with an accuracy rate of up to 95%. Zhou et al. (2005)
utilized convolutional trees to extract the textual semantic
information in sentences. Manual feature engineering is
critical in machine learning models. However, the selection
of features depends on the expert’s subjective experience.
In addition, the dependency hidden in domain entities is
ignored in handcrafted feature engineering.

Deep-learning-based models are a type of artificial
intelligence that imitates the way humans gain certain
types of knowledge. They have become dominant in
recent years. Deep learning consists of multiple processing
layers to learn the high-level semantics hidden in data
automatically (Thomas and Sangeetha, 2020). Artificial
neural networks are typical layers composed of forward
and backward passes. Forward pass accumulates the
weighted sum of input data. Backward pass computes the
gradient of an objective function via the chain rule of
derivatives. For instance, some approaches (Li et al.,
2020; Shibuya and Hovy, 2020; Waldis and Mazzola,
2021) have successfully handled nested and flat entities
simultaneously via a pretrained model. Luo et al. (2020)
proposed a hierarchical context-enhanced representation
extraction framework, which simultaneously obtains
sentence-level and document-level information. Lison
et al. (2020) proposed a data self-labeling method based
on weakly supervised learning. For relation extraction,
some recent methods (Nayak and Ng, 2020; Shen and
Han, 2020; Eberts and Ulges, 2021) proposed a joint
extraction framework that simultaneously extracts entities
and relations. Geng et al. (2020) presented an end-to-end
feature extraction network based on a bidirectional tree
structure. Nan et al. (2020) introduced a refinement strategy
to aggregate incrementally the document information for
multihop reasoning. Although deep learning approaches
are beneficial for discovering potential patterns, they
ignore the known association in domain dictionaries. In
addition, when multiple entity tuples exist in sentences,
the relation extraction method based on deep learning
degrades in terms of accuracy.

Previous methods have successfully extracted entities
and relations in open domains. However, entity extraction
models regard characters as basic semantic units. Thus,
the character dependency hidden in domains is lost. For
example, in the Chinese sentence “4 12 ¥t 5.8 4
(Jinyun Laser signed a contract with ...)”, each character
is separately fed into a model without considering the
dependency hidden in the character of known domain
entities, such as “4: J& (Jinyun)”. Relation extraction
models are based on the premise that the relation of entity
tuples identified from sentences is unified without
considering that relations may be diverse in different

entity tuples.

The present study first presented a novel domain
named entity recognition method, prior bidirectional long
short-term memory conditional random field (PBi-LSTM+
CRF), to address the issues above. PBi-LSTM+CRF is
based on long short-term memory (LSTM) and conditional
random field (CRF). PBi-LSTM+CRF integrates neural
networks with prior knowledge composed of domain
dictionaries to boost characters’ dependence. Second, a
novel method for relation extraction, multi-entity relation
extraction (MRE), was proposed. This method consists of
model bidirectional LSTM attention (Bi-LSTM+ATT)
and domain extraction rules. MRE aims to extract entity
tuples with certain relations when multiple entity tuples
exist in a sentence. Domain extraction rules aim to elimi-
nate noise in entity relations and promote potential entity
relation extraction. Finally, our two methods were evalu-
ated on two self-built domain data. The experimental
results demonstrate that our methods outperform baseline
models. For instance, model PBi-LSTM+CRF achieves
+1% and +6% F1 improvement on laser industry entity
(LIE) and unmanned ship entity (USE) datasets, respec-
tively. Model Bi-LSTM+ATT achieves +2% and +1%
F1 improvement on laser industry relation (LIR) and
unmanned ship relation (USR) datasets, respectively. In
addition, the extraction accuracy of MRE reaches 83%
and 76% on LIE pair (LIEP) and USE pair (USEP)
datasets, respectively.

The main contributions of this study are as follows:

(1) A novel entity extraction method, PBi-LSTM+CREF,
was proposed. PBi-LSTM+CREF integrates prior knowl-
edge and neural networks to solve the problem that existing
methods ignore known character dependency in specific
domains.

(2) A relation extraction approach, MRE, which
extracts triplets from domain text containing multiple
entity tuples, was presented to promote potential entity
relation extraction.

(3) Domain prior knowledge and seed corpus were
constructed from web text. In addition, the experimental
results on our laser industry and unmanned ship corpus
demonstrated the effectiveness of our model.

2 Model

How syntactic rules and our method, MRE, work are
described in this section. The architecture of our
proposed method, MRE, is shown in Fig. 1. MRE
comprises three components: Bi-LSTM+ATT for relation
extraction, PBi-LSTM+CRF for entity extraction, and
entity tuple mining. First, our Bi-LSTM+ATT is
employed to identify relations from unstructured
sentences. Second, our PBi-LSTM-+CRF aims to recog-
nize domain entities from sentences. Finally, the mining
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At present, the top ten global photovoltaic module manufacturers (such as Jingke Energy, Trina Solar, Longji, Atlas, Jingao Solar,

Dongfang Risheng, etc.) all cooperate with Deer Laser...

Entity pair extraction
Entity tuple mining

Entity extraction t---

Relation triplets

_________

(Deer Laser, cooperative, Jingke...)

(Deer Laser, cooperative, Trina...)

Rulel
(Deer Laser, cooperative, Longji)
(Deer Laser, cooperative, Atlas)
Rule3

Rule2 i
E (Deer Laser, cooperative, Dongfang...)

____________________________________

Extraction results

Fig. 1 MRE architecture.

algorithm extracts triplets (head entity, relation, and tail
entity).

2.1 Syntactic rules

Rule-based methods are a widely used technique to
obtain high-quality seed corpus quickly. Some syntactic
rules are introduced to promote the construction of prior
knowledge and training datasets by analyzing the corpus
of the laser industry and unmanned ships, thereby effi-
ciently extracting triplets. Our handcrafted rules contain
regular expression operators (e.g., *, ?, and +) or
keywords expressing certain relations.

Rule 1 (same type): The entities matched by pause
patterns are identified as the same type. A pause pattern
means that the entities are connected by pause and
comma signs. For example, in the sentence ..., A,
B, ...”, entities A and B types are equal.

Rule 2 (verb relation): If a sentence has two enti-
ties and the sentence satisfies the pattern {*.*?
(preposition|conjunction).*?(verb).*?$}  ({*.*2(/1 1d] [iE
1i).*2(5)1]).*2?$}), then the relations between two entities
are related to the verb. For example, in the sentence “...
A and B sign contracts ...”, cooperative relations indicated
by the verb “sign” exist in entities A and B.

Rule 3 (coreference resolution): The sentence has
entities judged as certain relations. If every character in
entity, is found in entity,, then entity, and entity, are
equal. For example, in the sentence “... CC... DCCD...”,
entity CC and DCCD are identical.

Rule 4 (parallel relation): If a sentence S contains

syntactic relations COO (coordinate), ATT (affixed in),
or RAD (right appended), then entities word; and word,
in S are in parallel relations. For example, in the sentence
“...Aand B ...”, entities A and B have parallel relations
implied by the coordinative word “and”.

Rule 5 (one-to-one relation): For the sentence identified
as a certain relation, if the sentence has only two entities,
entity, and entity,, then a relationship exists between
entity, and entity,. For example, in the sentence “... A ...
B ...”, certain relations exist in entities A and B.

Rule 6 (many-to-many relation): If a sentence is clas-
sified as certain relations and conforms to the pattern
{.*organization.*together[subscribe|sign|cooperate]}
({77 > LA [ 2297 1% & |5 1F 1)), then the entities in
this sentence show a mutual relation. For example, in
the sentence “... organization A, B, and C together
cooperate”, cooperative relation exists among entities A,
B, and C.

Rule 7 (one-to-many relation): Let £ denote the entity
set extracted from the sentence with certain relations, and
the size of E is greater than 2. The entity word; and other
entities in £ do not meet Rule 3, but all entities in E
except word; meet heuristic Rule 3. Then, word;, and
other entities in £ have a relationship. For example, in the
sentence “... A ... B ... C...”, A is not the same (Rule 3)
as B and C, but B and C are identical. A relationship
exists between A with entities B and C.

2.2 Text feature representation

Text feature representation is a method of vector modeling
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text, transforming unstructured text into a highly abstract
vector to mine the hidden information in a text. For a
computer to understand unstructured text, each character
(or word) in a sentence is converted into a character- or
word-based vector. These vectors are built on a look-up
table representing character (or word) embedding. They
are randomly initialized with the size of all possible char-
acters (or words). With model training, character (or
word) embedding is updated iteratively to learn language
representation.

2.3 Relation extraction

Relation extraction aims to detect relations among enti-
ties. It is necessary for the field of information retrieval.

Our target is to classify sentences into predefined rela-
tions and recognize all entities in sentences using entity
extraction methods. Model Bi-LSTM+ATT is employed
to detect relations from sentences. Figure 2 describes the
frame of model Bi-LSTM+ATT. First, unstructured text
is vectorized in this study with a word embedding model
and Bi-LSTM neural network. An attention layer is also
employed to enhance the weight of the keywords beneficial
for relation extraction and reduce the influence of noisy
information (e.g., a, an, and the).

In particular, let H = {h,, h,, ..., h,} be the output of Bi-
LSTM, where h; denotes the semantic vector of the ith
word. An attention layer calculates the weight of each
word in a sentence, thereby obtaining a rich semantic
expression. Unlike Liu and Guo (2019), we operate an
attention mechanism after integrating forward and back-
ward LSTM. Each word vector is employed as a query
vector to evaluate the relative importance of the query
word and other words. After the attention mechanism is

applied, each attention word vector is summed up as a
final classification vector. Formally, the formulas for
calculating the importance of each word are as follows

M =tanh(H), @ = softmax (w' M),
r=Ha', h" =Y tanh(r,), (1)

where n represents the number of words constituting
input sentences. w means model weights. o € R" indicates
an attention vector, which is the weight distribution
vector of H. r denotes the weighted H. h* represents the
final vector employed for classification (Wang et al.,
2021a; 2021b). After the vectorized representation of a
sentence, the next step is to identify relations with the
softmax function.

P(y|S) = softmax (W*h* +b°), 3 = argmax P(y|S), (2)
YEY(S)
where S denotes input sentences. Y (S) denotes a pre-
defined relation set for S. ¥ means label index with max
probability. W* and b° are weight vector and bias for the
hidden state A", respectively. During training, this study
leverages cross-entropy to define the loss function

1 m )/
JO) == 2, tlog(v) + €17, 3)

where J(€') is a loss function, and A is a hyperparameter
of L2 regularization. L2 regularization and dropout
ensure that neural networks are not overfitting. L2 regu-
larization reduces model overfitting by constraining the
weight of different parameters. ¢, is a gold tag for a
sentence, and y; means prediction tag by model. m is the
number of samples during model training. &' is the model
parameter to be learned during model training.

Input sentence KiGEoE il T PRE A Ilid i K
Han’s Laser and Tongkuai Group thus promote development
Word embedding [ ] ] [] R
Forward
/
Backward @ % (e
Bi-LSTM output
Attention layer -
v
[ Full connection layer & Softmax ]
— ——

—_

RN

Fig. 2 Bi-LSTM model based on attention mechanism.
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2.4 Entity extraction

As with most existing works on entity extraction (also
called named entity recognition), the entity extraction in
the present study is formulated as a sequence labeling
problem. Our target is to classify each character into one
of the predefined types, thereby obtaining the boundary
and type of each entity.

2.4.1 Prior knowledge hidden in experience

Deep learning models autonomously learn high-level
semantic features from input sentences. However, the
knowledge that experts have summarized from long-term
accumulation, such as domain words and synonyms, is
neglected. Models can efficiently learn the pattern hidden
in data and improve our model’s classification accuracy
by using the support of domain knowledge, thereby
diminishing the cost of knowledge mining.

The prior knowledge in our work is essentially a textual
semantic feature, which comprises a domain dictionary
and extended characters. A domain dictionary comes
from seed entities. An extended char dictionary is
constructed during model training. In particular, k-dimen-
sional prior vectors are randomly initialized for each
domain word or character. The following is the procedure
for integrating prior knowledge during model training.

1) Based on the entity in the prior knowledge dictionary
C, longest inverse matching methods are performed on
the input sentence S,. The entity set e;, the corresponding
position set p;, and the corresponding entity vector ¢; in
C are obtained. Then, an empty extended char dictionary
L is initialized.

2) Each position word vector in the sentence S; is
matched with p;. If the match is correct, the current char-
acter vector is spliced with the corresponding entity

Domain dictionary
|

U 4aEioe

Han’s Laser  Jinyun Laser

Prior knowledge """ ,:I ,:I .

Input sentence

Char embedding

Forward

Backward O O‘

Bi-LSTM output E:I

CRF D

ORG-B ORG 1

J in ’ _Laser

%CO

3

ORG-I

vector ¢;. Otherwise, the current character in S; is queried
whether it is in L. If it does not exist, a k-dimensional
vector is randomly initialized and stored in [..

3) The word vector enhanced by prior knowledge is
leveraged as the input of the model PBi-LSTM~+CRF for
training.

2.4.2 Ensemble of prior knowledge and text feature

As shown in Fig. 3, our entity extraction model PBi-
LSTM+CREF is proposed to empower character depen-
dency with prior knowledge. The model consists of prior
knowledge, character embedding layer, Bi-LSTM layer,
and CRF layer. The character embedding layer and Bi-
LSTM layer are designed to learn the contextual feature
of input sentences. The prior knowledge composed of
domain dictionaries is employed to boost characters’
dependence between domain entities. A standard CRF
model is leveraged to reason best label sequence.

In the model, an input sentence is denoted by
s ={w,, w,, ..., w;}, where w; is the character that needs
to be predicted. Word2vec algorithm, presented by
Mikolov et al. (2013), is employed to learn the distributed
character embedding representation {w,, w,, ..., w.} of s,
where w, is the contextual representation of the character
w;. Then, the probability of w; under the condition of the
known context w, is expressed as

exp (v, - )
Pwilw) = oc————, )
ZIGV exp (VW, : h)
where A is expressed as
1 n
h: _Zizlvw,’ (5)
n

where v,, is the vector of the character w; without training,
and V is a dictionary library in domain corpus. n represents

Extended character dictionary
|

i

become

Fig. 3 Domain named entity recognition model incorporating prior knowledge.
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the number of context characters of w; in the current
training.

Let v= (v, vs, ..., v,) denote the embedding of input
sentence that has integrated character embedding and
prior knowledge, where v;€ R™*, m represents the
dimension of the vector obtained from Word2vec, and
k represents the dimension of the vector in the prior
knowledge dictionary. Bi-LSTM (Lakretz et al., 2019) is
employed to learn further the deep semantics of texts (Li
et al., 2019). The global contextual features (Park and
Kim, 2019) C=(fi®b,, ..., /,®b,), where f;€ R* and
b; € R* separately denote positive-order and reverse-
order semantics learned from LSTM. & means concate-
nating two vectors. Then, a linear transformation is
employed to turn f;®b; into the d-dimensional vector
denoted as p = (py, ..., p.), where p, € R,

Afterward, CRF (Lafferty et al., 2001) is employed to
obtain the label transition matrix A, where A;; represents
the transition score from the i label to the j label. The
scoring function is expressed as

score (x, y) = Do, piy, + Zl'.':ll Ay, (6)

The score between the input sentence x and the golden
label y is the sum of the score of each position. The
score of each position is composed of two parts: One of
which is the p;, and the other part is the transition
matrix A of CRF. The conditional probability of each
path y is given by

escore(x. y)

score(x, y') ?
Z}'/EY (x) €

where Y (x) denotes all possible paths for x, and 6 is the
parameter to be learned. During the training period, the
model’s objective is to maximize the log probability of
the golden tag sequence. At inference time, the best tag
path y* is predicted by obtaining the maximum score
given by

P(ylx, 0) = (7

y =argmax P (y|x, 6). ®)
YY)

Equation (8) means to find the label sequence with the
most remarkable probability score among all possible u”
label sequences. u represents the number of predefined
label categories. b is the length of a sentence. Viterbi
algorithm is leveraged for inference to reduce reasoning
time.

2.5 Relation triplet extraction

Relation triplet extraction means extracting the triplets of
the form (head entity, relation label, and tail entity) from
a sentence. In our work, the motivations for mining entities
and relations separately are as follows: (1) Mining sepa-
rately can eliminate the information interference between
different tasks. Compared with separate entity relation

extraction, joint extraction methods lose entity information
when the relations between entities are missing. However,
mining separately improves entity and relation extraction
completeness. For example, joint extraction approaches
ignore corporate entities that do not currently have a part-
nership. These neglected corporate entities may have
cooperative relationships in the future. However, these
entities have been abandoned in the knowledge graph
construction stage, ultimately affecting the completeness
of the knowledge graph. (2) Mining separately improves
the applicability of each model. Our entity extraction is a
token-level classification task, whereas relation extraction
is a sequence-level classification task. Our entity linking
study can easily reuse these two model structures in
future work.

The detailed steps of knowledge graph construction
are as follows: (1) The model Bi-LSTM+ATT identifies
whether sentences have cooperative relations. These rela-
tions are used as edges in a knowledge graph. (2) Our
method MRE employs the entity extraction model PBi-
LSTM+CRF to extract the entity words in a sentence
with cooperative relations. These entity words are used as
nodes in a knowledge graph. (3) Relation triplets are
obtained with our syntactic rules that help assign correct
relations to each entity tuple. In particular, entity tuples
are extracted through Algorithm 1.

Algorithm 1 Entity tuple mining algorithm

Input: A sentence identified as a certain relation

Output: Triplets

1. Extracting entity E from input sentences with the help of model
PBi-LSTM+CRF

2. Using Rule 3 for coreference resolution of the entities in £

3. If the number of entities in E is equal to 2:

4. Extracting with Rule 5

5. Else, if the number of entities in E is greater than 2:

6. Judging by Rule 6, whether a relationship exists in each entity tuple

7. [If there is a mutual relation between each entity tuple:

8. Outputting entity tuple

9. Else:

10. Using Rule 4 for relation extraction

11. Using Rule 7 to output entity tuples

3 Experiment
3.1 Evaluation metrics

Precision rate (precision, P), recall rate (recall, R), and F'1
value are employed for model evaluation. The details for
evaluation formulas are as follows

TP TP
P= , R= :
TP+ FP TP+ FN

B 2xP*R

pir -

True positive (TP) denotes that predictions match the
ground truth. False positive (#P) and false negative (FN)
represent that predictions do not match the ground truth.
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3.2 Dataset

This section presents the dataset in our experiments. First,
26177 articles about the laser industry and 9069 articles
about unmanned ships were collected from web pages.
These articles include those from the Baidu Recruitment,
Baidu Encyclopedia, industry news, Enterprise Credit
System, headlines, and various blog posts. The articles
about the laser industry and unmanned ship domain
contain 415070 and 318847 sentences, respectively.
Second, the unstructured data were manually labeled with
auxiliary pattern rules. Finally, our dataset was divided
into four parts: Prior knowledge, relation extraction,
entity extraction, and entity tuple extraction.

3.2.1 Domain entity dictionary construction

Some extraction patterns were devised to recognize the
entities from unstructured texts as seed dictionaries.
Table 1 was built on Rule 1 in Section 2.1, which is
beneficial for automatically constructing domain entity
dictionaries. “NP” in Table 1 denotes words in our seed
vocabulary. Pattern No. 0 in Table 1 was taken as an
example. In the sentence “A and B, etc.”, if entity A has
been in seed vocabulary, then entity B would be inferred
as a seed entity.

Table 1 Patterns of extraction

Number Pattern

0 {NP,} *NP{[and|or]NP} ?etc.
({NP,} *NP{[F1|E NP} 245)

1 NP[include|contain|like|for example|such as]{NP,}*NP {(and|or)NP} ?etc.
(NP[ELFE | B 5| an| 5] 41 45] {NP, } *NP { (FH| 5 )NP} 245)

2 {NP,} *NP{(and|or)NP}?

({NP,} *NP{(FI|5)NP} ?)

According to the construction of Algorithm 2, 29384
and 7652 entities were extracted as prior knowledge from
the laser industry and unmanned ship domain, respec-
tively. Algorithm 2 illustrates our seed entity extraction
procedure, which iteratively extracts domain entities from
our corpus and realizes continuous and incremental
extraction.

Algorithm 2 Algorithm for constructing an entity dictionary

Input: A dictionary E of entity seed and a domain corpus C

Output: Extracted entities

1. Splitting C into a sentence set .S that meets extraction patterns in Table 1

2. For sentence in S do:

3. Extracting words 7, the position of which is identical with NP in patterns,
from sentence

4. IfTisnotin E:

5 AddTto E

6. End for

7. Return E

3.2.2 Relation extraction

Our relation extraction model was evaluated on the LIR

and USR datasets. Then, 4820 and 5071 sentences with a
cooperative relation were selected from the laser industry
and unmanned ship domain, respectively. LIR and USR
datasets were constructed according to the pattern of
extracting cooperative relations. Table 2 shows these
patterns, which are built on Rule 2. For example, in the
sentence “For promoting cooperation with enterprise B,
enterprise A provides a series of products”, a cooperative
relation was identified because it conforms to pattern
No. 1 in Table 2.

Table 2 Patterns of extracting cooperative relation

Number Pattern

0 {~.*2(with|as well as|and).*?(subscribe|sign|expand|reach).*?$}
({1 * (5 | R R * 2 (BT |28 e TF I8 7). %28 )

1 {~.*2(for).*?(provide|supply|offer).*?$}
(*F20h) * 2B A R 1 5%). <28 1)

2 {~.*2(from).*?(supply|provide|reach|carry out|offer).*?$}

({7 *2CFR). = 2R B AL 28 Bl T JE £ 5%). %28 1)

LIR dataset consists of 2800 sentences, which were
separated into training set (2000), development set (400),
and test set (400). USR dataset consists of 3798 sentences,
which were separated into training set (2658), development
set (570), and test set (570). The amount of sentences
with and without cooperative relation is equal in each set.
The overall statistics on datasets is provided in Table 3.

Table 3 Dataset description of relation extraction

Dataset Class Training Development Test
LIR Positive 1000 200 200
Negative 1000 200 200
USR Positive 1329 285 285
Negative 1329 285 285

3.2.3 Entity extraction

Our entity extraction model was evaluated on the LIE and
USE datasets. Our dataset was labeled with BIEO (Begin,
Inside, End, Outside) annotation method (Reimers and
Gurevych, 2017). LIE dataset focused on the organization
class. USE dataset focused on seven types: Organization,
weapon, ship, location, function, measure, and port.
Before training, our dataset was divided into three parts:
Training, development, and test with ratio of 70:15:15.
The statistics of each class are shown in Table 4. The
#M(-) in Table 4 means the number of mentions.

3.2.4 Relation triplet extraction

Our relation triplet extraction method was evaluated on
two datasets: LIEP and USEP. LIEP and USEP datasets
comprise 1463 and 486 sentences with more than two
organization entities, respectively. The two datasets were
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Table 4 Dataset statistics of entity extraction

Class #M(Training) #M(Development) #M(Test)
LIE dataset

Organization 2877 617 618
Total 2877 617 618
USE dataset

Organization 3375 710 695
Weapon 820 167 156
Ship 3197 641 702
Location 3799 898 855
Function 1073 201 251
Measure 3331 700 735
Port 1776 378 313
Total 17371 3695 3707

derived from the sentences identified as cooperative
relations.

3.3 Parameter setting

In our relation extraction experiments, the maximum
length of the input sentences for all models was limited to
35. For model Bi-LSTM, Adam (Kingma and Ba, 2014)
was employed for optimization with the following param-
eters: Batch size, 128; epochs, 20; learning rate, 0.001;
dropout rate, 0.2; hidden size, 256; embedding size, 300;
A, 0.7. Most of the parameters of model Bi-LSTM+ATT
were the same as those of model Bi-LSTM, except that
the attention size was 16. For the model logistic regression
(LR), L2 regularization improved the model’s generaliza-
tion. The optimization method large BFGS (Broyden-
Fletcher-Goldfarb-Shanno) was performed with a maxi-
mum number of iterations of 100. For Bayesian models,
the Laplace smoothing parameter was 0.2.

In our entity extraction experiments, the maximum
length of input sentences for all models was limited to
128. For model Bi-LSTM+CRF and Bi-LSTM, this study
employed Adam (Kingma and Ba, 2014) for optimization
with the following parameters: Batch size, 64; epochs,
30; learning rate, 0.001; dropout rate, 0.5; hidden size,
128; embedding size, 100. Most of the parameters of
model PBi-LSTM+CRF were the same as those of model
Bi-LSTM+CREF, except that the priority vector dimension
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k was 50. For the hidden Markov model (HMM), the
Laplace smoothing parameter was 1E-10.

All neural models in our experiments were implemented
with PyTorch and scikit-learn. All the experiments were
conducted on NVIDIA RTX 2080 Ti GPUs.

3.4 Result

3.4.1 Result of relation extraction

In this experiment, the metrics in Section 3.1 were
adopted for evaluation. The experiments on the dataset of
relation extraction were conducted. Different models
were evaluated from accuracy, recall, and F1 value
perspectives.

The experimental results of relation extraction on the
test data are shown in Table 5. LR (Bunescu and Mooney,
2005) and Naive Bayes (Kim et al., 2006) perform
slightly worse than neural network models. The perfor-
mance of LR is slightly better than that of Naive Bayes.
Given the high-level semantic features and long depen-
dencies of sentences, the model based on Bi-LSTM
performs well. Moreover, the performance of model Bi-
LSTM+ATT is better than that of model Bi-LSTM. The
attention mechanism evaluates the importance of each
word vector of the Bi-LSTM output, thereby strengthening
the influence of certain words in the domain corpus when
identifying cooperative relations. In addition, model Bi-
LSTM+ATT obtains the best achievement in all evaluation
metrics, outperforming the second-best approach by +2%
and +1% F1 value on LIR and USR datasets, respectively.
All these observations imply that the feature information
captured by the combination of Bi-LSTM and attention
mechanism is more than that captured by the other baseline
models; thus, this combination yields promising relation
extraction results.

The F1 value change during model Bi-LSTM+ATT
learning is reported in Figs. 4(a) and 4(c). F1 score
synthetically measures model performance. The shift of
F1 value in the two datasets follows the same trend.
According to the two figures, the iterations from 1 to 151
increase the value of F1 from 0.5 to 0.95 (Fig. 4(a)) and
0.35 to 0.9 (Fig. 4(c)). The increase is followed by a
steady trend after the 151st iteration. These results are
consistent with the change of loss. The loss value is

Models LIR dataset USR dataset

Precision Recall F1 value Precision Recall F1 value
Bi-LSTM+ATT 0.98 0.96 0.97 0.92 0.92 0.92
Bi-LSTM 0.95 0.96 0.95 0.92 0.91 0.91
LR 0.95 0.95 0.95 0.91 0.91 0.91
Naive Bayes 0.94 0.94 0.94 0.86 0.85 0.85
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Fig. 4 Model Bi-LSTM+ATT metrics versus iteration during training.

updated each time the model performs backpropagation,
thereby affecting the F'1 value. As the loss value gradually
approaches 0, the F1 value gradually stabilizes at the
maximum value.

The loss change of model Bi-LSTM+ATT is provided
in Figs. 4(b) and 4(d). Our loss change further verifies
whether model Bi-LSTM+ATT is convergence. Training
loss reveals the deviation between model output and the
given ground truth. The loss values in the LIR and USR
datasets are similar and follow the same trend. At the
beginning of training, the loss does not drop until the
iteration reaches approximately 30 (Fig. 4(b)) and 15
(Fig. 4(d)) times. The loss value remains steady after iter-
ation 151, implying that a model has learned a group of
stable parameters. These observations demonstrate that
model parameters have stabilized in a suitable vector
space, resulting in a competitive performance on test
data.

3.4.2 Result of entity extraction

The entity extraction experiment in this study employed
four models for comparison experiments. For our
proposed model PBi-LSTM+CRF, an early stopping
mechanism (Yao et al., 2007) was adopted to verify our
model’s performance accurately and quickly on a valida-
tion set. A gradient descent algorithm was employed to
update the neural network parameters in the model.
Dropout was utilized in the present study to choose the
parameters in neural networks randomly and prevent the
model from overfitting. Finally, the training was terminated
when the metric F'1 of the model had no improvement in
10 epochs.

The performance of all systems for entity extraction is
shown in Table 6. Precision, recall, and F1 entity-level
metrics were employed in our experiments. Compared
with these baseline models (HMM, Bi-LSTM, and
Bi-LSTM+CRF), PBi-LSTM+CRF outperforms other
compared methods with a considerable margin on both
datasets. The model HMM based on statistics cannot
learn abstract semantics from handcrafted features; thus,
the model cannot easily obtain high achievement on test
data. Moreover, empowering Bi-LSTM with a CRF layer
can further boost performance. Compared with Bi-LSTM,
the model Bi-LSTM+CRF achieves higher than +10%
improvement on two datasets in terms of recall. The
model CRF causes this phenomenon. CRF aims to count
the probability of dependent conversion between charac-
ters and enhance the weight of the correct prediction
sequence, thereby improving the proportion of the ground
truth identified from the test data. All these observations
indicate that the contextualized character representations
are helpful for entity extraction tasks on domain texts.
Our model PBi-LSTM+CRF achieves the best perfor-
mance on both datasets, outperforming the second-best
approach by +1% and +6% F1 value, respectively. These
observations demonstrating the usefulness of our prior
auxiliary knowledge are in line with our motivation.

The change of loss versus iteration in the period of
model learning parameters is plotted in Fig. 5. The loss
value initially stands at 40 and 14 for model Bi-LSTM+
CRF on LIE and USE datasets, respectively. The loss
value is stable at 2 after iteration 81 during the model Bi-
LSTM+CREF training. The loss value initially stands at
112 and 48 for model PBi-LSTM+CRF on LIE and USE
datasets, respectively. During model PBi-LSTM+CRF
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Table 6 Experimental results of entity extraction

Models LIE dataset USE dataset
Precision Recall F1 value Precision Recall F1 value
HMM 0.48 0.50 0.49 0.33 0.48 0.40
Bi-LSTM 0.56 0.49 0.52 0.58 0.50 0.54
Bi-LSTM+CRF 0.61 0.60 0.61 0.65 0.63 0.64
PBi-LSTM+CRF (Ours) 0.64 0.61 0.62 0.69 0.70 0.70
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Fig. 5 Model loss versus iteration during training.
training, the loss value is steady at 5 after iteration 81. Table7 Extraction results
Compared with the loss value of model Bi-LSTM+CRF,  (lags LIEP dataset USEP dataset
the loss value of .our.model is }relatlyely 1arge, and it has One-to-one 373 549
apparent fluctuation in all the iterations. This fluctuation
K . K K K One-to-many 237 34
is caused by the prior knowledge that gives a high weight
. .- Many-to-many 65 53
to reasonable decoding sequence paths and positively
impacts the smooth convergence of models. One-to-one after coreference resolution 44 33
Total 1219 369
3.4.3 Result of relation triplet extraction Quality 0.83 0.76

The evaluation method of this experiment is the ratio of
the number of extracted sentences and the actual number
of sentences. The calculation formula is as follows

. NUMexiracted
quality = ———,

msentence

(10)

where quality represents the quality of extraction results,
NUM e dEnotes the number of examples extracted, and
NUMgeence 18 the total number of sentences in our dataset.
All extraction results are shown in Table 7. The sen-
tence containing only two organization entities (one-to-
one) corresponding to Rule 5 is the most common in

LIEP and USEP datasets, with 873 and 249 sentences,
respectively. The least number of sentences is coreference
resolution (Rule 3). Coreference resolution means that the
number of entities in a sentence is two after entity disam-
biguation. The amount of one-to-many, which corresponds
to Rule 7, is the second largest in the LIEP dataset. The
proportion of many-to-many, which corresponds to Rule
6, ranks second in the USEP dataset.

The extraction quality of our approach in LIEP and
USEP datasets is 0.83 and 0.76, respectively. In particu-
lar, the examples of extraction results of entity tuples in
the LIEP dataset are shown in Table 8. A visualization
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Table 8 Partial extraction results with only two organization entities in sentences

Sentences

Results

At the signing ceremony, Precitec was the sole seller of Joy Laser in the world.

At the same time, Anbofu also made a small investment in LeddarTech.

In September this year, Sagitar Juchuang signed an agreement with FAW to deepen cooperation,

Precitec -.- Joy Laser
Anbofu -.- LeddarTech
FAW -.- Sagitar Juchuang

and the two sides will conduct research and development cooperation on smart solid-state lidar

vehicle plane-level mass production.

Like Sagitar Juchuang, it also received investment from BAIC New Energy in October last year.

Xiaopeng Motors officially announced a strategic cooperation with China Unicom Guangzhou

Branch.

TRUMPF China and Shanghai Jiao Tong University signed a memorandum of cooperation for the

BAIC New Energy -.- Sagitar Juchuang

Xiaopeng Motors -.- China Unicom Guangzhou
Branch

Shanghai Jiao Tong University -.- TRUMPF China

future.
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Fig. 6 Visualization of partial extraction results.

result is plotted in Fig. 6 to observe our extracted triplets
further.

3.5 Analysis

This section focuses on analyzing the how and why of
model improvement. Our approaches include MRE and
entity extraction model PBi-LSTM+CRF.

Entity extraction: The model PBi-LSTM+CRF aims
to solve the phenomenon that the existing pretrained
models do not consider the character correlation hidden
in the domain text. Compared with baseline models, our
model shows a successful performance (Table 6), with
62% and 70% F1 values on LIE and USE datasets, respec-
tively. These achievements are attributed to the following:
(1) Our prior knowledge instantiated by a domain dictio-
nary enhances the association of characters hidden in
domain text and boosts character weight, thereby improv-
ing the score of correct prediction paths (Figs. 5(c) and
5(d)). (2) Bi-LSTM based on LSTM incorporates forward
and backward context semantics to represent the semantics
of the current time. (3) Compared with the output of Bi-
LSTM, CRF further rectifies the transfer dependency of

prediction labels. CRF is powerful for filtering inaccurate
prediction sequences.

The way our entity extraction model outperforms other
baseline models is also summarized: (1) Text feature
representation. The baseline model HMM takes character
frequency as a primary feature expression. However, our
model maps each character into a 100-dimensional
abstract numeric embedding vector, which is randomly
initialized and updated during model training. This
vectorized operation provides a potential for models to
learn abstract semantic representations. (2) Contextual
semantic learning. The baseline model HMM learns
parameters depending on the statistical frequency of each
character. However, our model uses a Bi-LSTM model
on a per-character vector basis to mine further each
character’s contextual high-order abstract semantics.
Bi-LSTM, comprising a forward pass and backward pass
LSTM, fully explores the future and historical temporal
information in the whole text sequence. (3) Feature
decoding. The baseline model Bi-LSTM utilizes a softmax
layer to project each character into a predefined class.
However, our model employs a CRF layer to identify the
label of each character. The model CRF operates a label
transition matrix to constrain the dependencies between
labels and reduce unreasonable label sequences’ scores.
The label transition matrix is randomly initialized and
optimized during model training. (4) Integration of
domain knowledge. The baseline model Bi-LSTM-+CRF
has no known domain information. However, our model
incorporates domain knowledge instantiated by entity
dictionaries. Each entity word in our domain entity
dictionary is randomly assigned with a unique numeric
vector. Each character integrates domain knowledge by
adding a priori vector. After imparting domain knowl-
edge, the characters in domain entities obtain a higher
numerical weight than others in a sentence. The enhanced
text vector is fed into Bi-LSTM to learn each character’s
contextual semantics further. (5) Model parameter opti-
mization. The baseline model based on Bi-LSTM has no
prior parameters to reduce search space. However, our
model introduces domain entity vectors, which assign
high weight scores to reasonable label sequences, resulting
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in high initial loss values. Domain entity vectors also
provide an available domain parameter space for our
model, reducing the time for a model to search for optimal
parameters.

Relation extraction: The frame MRE aims to eliminate
relation noise generated by multiple entity tuples. The
frame obtains a promising achievement (Table 7), with
83% and 76% accuracy on LIEP and USEP datasets,
respectively. These attainments stem from the following
reasons: (1) The model Bi-LSTM+ATT shows excellent
prospects for relation extraction (Table 5). It is employed
to recognize sentences with predefined relations. The
attention mechanism used in our model distributes a
higher weight to keywords than the baseline model
Bi-LSTM. (2) The model PBi-LSTM+CRF, showing
competitive performance in domain entity extraction, is
adopted. (3) Domain rules are employed to reduce irra-
tional triplets, thereby improving extraction accuracy.

The way our relation extraction model outperforms
other baseline models is summarized as follows: (1) Text
feature representation. The baseline model LR and
Naive Bayes use only a bag-of-words model to charac-
terize text. However, our method uses word embedding
to map each word into a 300-dimensional abstract numer-
ical vector and learn high-level semantics. Word embed-
ding represents abstract information about each word
rather than counting word frequencies. (2) Contextual
semantic learning. The baseline model LR employs a
layer of perceptrons plus activation function Sigmod to
learn text semantics. The baseline model Naive Bayes
exploits feature frequency to model the semantics of each
text. However, our model utilizes a Bi-LSTM network
to model each word’s future and historical contextual
semantics simultaneously. (3) Reinforcement of critical
semantic information. The baseline model Bi-LSTM
treats each feature from the same perspective. However,
our model stacks an attention mechanism on Bi-LSTM.
Each word is treated as a query vector to evaluate the
similarity to other words. The attention layer output
semantically enhanced word vectors, and each word
vector in a sentence is accumulated for vector classi-
fication.

The manual examination of the test set of our two
datasets indicates that the extracted triplets are unreason-
able in approximately 19% of sentences for two reasons.
First, the inaccurate organization entity caused by the
entity extraction model promotes low performance in
entity tuple extraction. Second, the diversity of language
expression negatively influences our domain rules.

4 Conclusions

In this study, model PBi-LSTM+CRF and MRE are
proposed to perform entity and relation extraction,
respectively. Our PBi-LSTM+CRF incorporates prior

knowledge instantiated by domain dictionaries and
promotes character association. Our MRE integrates
domain pattern rules and diminishes noisy information
from unrelated entity tuples. Two domain corpora,
including six datasets, are labeled from 26177 laser
industry articles and 9069 unmanned ship articles. The
experimental results on the laser industry and unmanned
ship corpus reveal that our methods outperform baseline
models with high F1 value performance. For example,
the model PBi-LSTM+CREF achieves 62% (+1%) and 70%
(+6%) F1 value on LIE and USE datasets, respectively.
The model Bi-LSTM+ATT reaches 97% (+2%) and 92%
(+1%) F1 value on LIR and USR datasets, respectively.
In addition, the extraction accuracy of MRE reaches 83%
and 76% on LIEP and USEP datasets, respectively. Our
future work will focus on (1) combining prior knowledge
with other models and (2) integrating domain knowledge
and rules into entity disambiguation tasks.
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