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ABSTRACT
Extracting entities and relations is critical to the understanding of
massive text corpora. Recently, neural joint models have shown
promising results for this task. However, the entity features are not
effectively used in these joint models. In this paper, we propose an
approach to utilize the implicit entity features in the joint model
and show these features can facilitate the joint extraction task.
Particularly, we use the hidden-layer vectors extracted from a pretrained named entity recognition model as the entity features. Thus,
our method does not need to design the entity features by hand and
can benefit from the new development of named entity recognition
task. In addition, we introduce an attention mechanism in our model
which can select the informative parts of the input sentence to the
prediction. We conduct a series of experiments on a public dataset
and the results show the effectiveness of our model.
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1

INTRODUCTION

The extraction of entities and relations from unstructured text is
an important task in information extraction and natural language
processing (NLP). The goal of the task is to extract entities and their
semantic relations from an unstructured input sentence. For example, in a sentence ”Donald Trump is the 45th and current president
of the United States", ”Donald Trump" and ”United States" are the
entities, the relation between them is ”president of country". The
extracted information can be used for various kinds of downstream
tasks such as question answering and knowledge base population.
The methods for this task can be classified into two categories:
pipelined models and joint models.
The pipelined models treat this problem as two separate tasks:
named entity recognition (NER) [18, 19] and relation classification
[22, 36]. These methods first identify the entity mentions in the
sentence. And then, they take the identified mentions as correct
entities and predict the relations between them. Therefore, the
results of named entity recognition may have an impact on relation
classification and lead to error propagation between them [14].
Different from the pipelined approaches, the joint models simultaneously identify the entity mentions and relations. These models
always take an sentence as input and predict the entities and relations at the same time. Such joint methods have been proved to
achieve better performance than the pipelined models. In earlier researches, the joint extraction systems typically rely on handcrafted

features, however the design of these features is time-consuming.
With the capability of automatic feature learning, neural network
(NN) based models are proposed to resolve the relation extraction problem [12, 17, 30, 37, 38]. These joint models can utilize the
inter-dependence of the entities and relations. But existing studies
generally employ word embeddings as input and do not exploit
external entity features in their models. And we believe that the
external entity features are beneficial to the joint extraction models,
since the output triplets of the task are comprised by the entities
and their relations.
In this paper, we propose an attention-based joint model enhanced with implicit entity features for the extraction task. In particular, we build our model upon the tagging scheme proposed by
Zheng et al. [38]. Firstly, inspired by the work of Gao et al. [6],
we dump the hidden layer vectors of a pretrained named entity
recognition model as the entity features. These vectors contain rich
entity information about each word, yet do not require manual design. We use these vectors as the entity features of our joint model.
Through the utilization of these features, our method can easily
benefit from the new development and the external training data of
the NER task. In addition, when the model extracts the entities and
relations, there are some tokens play a more important role than
others. In the example sentence above, when the model predict
the tag of word "Donald", the words representing the other entity
(i.e. "United" and "States") and the word indicating the relations of
the entities (i.e. "president") are more important than others. To
utilize these information, we propose an attention mechanism in
our model.
In summary, our main contributions are as follows:
• We propose an approach to integrate implicit entity features
to the joint extraction task and show that these features can
facilitate this task.
• We design an attention mechanism in our model, thus our
model can focus on the informative words for the prediction.
• A series of experiments conducted on a public dataset demonstrate the effectiveness of our model.
The rest of this paper is structured as follows. We describe the
related work of the relation extraction task in Section 2. We introduce the preliminary knowledge in Section 3. Section 4 describes
our proposed model. The experiments and results are detailed in
Section 5. In Section 6, we conclude this paper.

2

RELATED WORK

The task of relation extraction is to extract triplets that are composed of two entities and the relation between these two entities.
There have been many studies on the extraction of entities and
relations, and the methods can be roughly divied into two categories: the pipelined methods and the joint methods. The pipelined
methods first perform the named entity recognition to identify entity mentions [18, 19], and then classify the relation between two
entities [22, 36]. However, the pipelined methods ignore the dependency between two subtasks, which may lead to error delivery [14].
To solve this problem, the joint methods are proposed to extract
entities and relations simultaneously. Therefore, the problem we
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focused is related to named entity recognition, relation classification and joint extraction of entities and relations. Our method is
also related to attention models.

2.1

Named Entity Recognition

Named entity recognition (NER) has a long history in the field of
natural language processing. Earlier researches focused on linear
statistical models, such as Hidden Markov Models (HMM) [39]
and Conditional Random Fields (CRF) [33]. These models relied on
hand-crafted features, gazetteers and other external resources to
perform well. Recently, sereval neural models have been proposed
for NER . Collobert et al. [5] used a CNN over a sequence of word
embeddings with a CRF layer on top. Huang et al. [11] replaced the
CNN encoder in Collobert et al. with bidirectional LSTM encoder.
Lample et al. [13] and Chiu & Nichols [4] introduced neural models
with additional bidirectional LSTM and CNN encoders to encode
character-level features. Marek Rei et al. [20] presented an attentionbased neural model to improve the performance by the characterlevel extentions. To reduce the amount of labeled training data in
NER, Yanyao Shen et al. [25] combined deep learning with active
learning.

2.2

Relation Classification

Relation classification is a common task in natural language processing. Apart from a few unsupervised clustering methods [3, 8], the
majority of studies on relation classification have been supervised.
Zeng et al. [34] proposed a convolutional deep neural network to
extract lexical and sentence level features. And then, these features
were fed into a softmax classifier to predict the relations. Zhang and
Wang [35] investigated a temporal structured RNN with only words
as input. Zhou et al. [40] used bidirectional LSTM with attention
mechanism to capture the most important semantic information in
a sentence. Wang et al. [29] proposed a novel convolutional neural
network architecture for relation classification, relying on two levels of attention in order to better discern patterns in heterogeneous
contexts.

2.3

Joint Extraction of Entities and Relations

There are a number of researches on the joint extraction of entities and relations. Most of the joint methods are feature-based
models [14, 21], in which the design of handcrafted features is timeconsuming. Recently, deep learning methods provide an effective
way to reduce the manual work. For example, an relation extraction model depending on both word sequence and dependency tree
structure was proposed to extract entities and relations [17]. Katiyar and Cardie [12] presented a novel recurrent neural network to
extract semantic relations between entity mentions without having
access to dependency trees. Though their proposed methods used
a single model, the model needs to identify entities first and then
extracts the relations between them. In order to better utilize the
interactions between the outputs, some novel schemes that can
jointly decode the entities and relations were proposed. Zheng et al.
[38] introduced a new tagging scheme, based on what the task of
entities and relations extraction is transformed into the sequence
tagging problem. And they proposed an end-to-end model to solve

President-Of

Input sentence: Donald Trump is the 45th and current President of the United States
Final Results: (Donald Trump, President-Of, United States)

Input sentence: Donald Trump is the 45th and current President of the United States

Tags: B-PR-1 E-PR-1 O O

O

O

O

O

O O B-PR-2 E-PR-2

Final Results: (Donald Trump, President-Of, United States)

Figure 1: Gold standard annotation for the example sentence, where "PR" is short for "President-Of".

the problem. Wang et al. [30] converted the joint task into a directed graph by designing a novel graph scheme and proposed a
transition-based approach to achieve joint learning through joint
decoding. Though these joint models show promising results for
the extraction task, they do not take advantage of external entity
features.

2.4

Attention Models in NLP

Attention-based neural networks are proposed to obtain a representation weighted by the importance of tokens in the sequence.
Such models have been successfully applied on many NLP applications. Bahdanau et al. [1] proposed an encoder-decoder framework
with attention mechanism for machine translation. Wang et al. [31]
presented an attention-based neural network for aspect-level sentiment classification. The attention mechanism can concentrate on
different parts of a sentence when different aspects were taken as
input. Rush et al. [23] utilized a local attention-based model that
generated each word of the summary conditioned on the input
sentence for sentence summarization. Yang et al. [32] introduced
a hierarchical attention network for document classification. Seo
et al. [24] introduced the Bi-Directional Attention Flow network
for machine comprehension, which represented the context at different levels of granularity and used bidirectional attention flow
mechanism to obtain a query-aware context representation.

3

LSTM

Recurrent neural networks (RNNs) are a family of neural networks which are capable of processing sequential input of unbounded and arbitrary length. Long Short Term Memory Networks
(LSTMs) [9] are a special kind of RNNs. They take a sequence
of vectors (x 1 , x 2 , . . . , x n ) as input and return another sequence
(h 1 , h 2 , . . . , hn ) that represents some information about the sequence at every time step. LSTMs incorporate gating functions
at each time step to allow the network to forget, remember and
update contextual memory and mitigate problems like vanishing
gradient. We use the following implementation:
i t = σ (Wxi x t + bxi + Whi ht −1 + bhi )
ft = σ (Wx f x t + bx f + Whf ht −1 + bhf )

(1)

дt = tanh(Wxд x t + bxд + Whд ht −1 + bhд )
ot = σ (Wxo x t + bxo + Who ht −1 + bho )

(3)

c t = ft ⊙ c t −1 + i t ⊙ дt
ht = ot ⊙ tanh(c t )

(5)

(2)
(4)
(6)

where σ is the sigmoid function, and ⊙ is the element-wise product.

4

Task Definition

The goal of relation extraction is to mine entities and their relations from unstructured texts. As shown in Figure 1, the input of
the task is a sentence "Donald Trump is the 45th and current President of the United States" and the output of can be represented
as a triplet (Donald Trump, President − O f , U nited States). The
triplet is comprised of two entities and their relation. For the above
example, "Donald Trump" and "United States" are the entities, and
"President-Of" denotes the relation between the them.

3.2

3.3

PRELIMINARY KNOWLEDGE

In this section, we introduce the preliminary knowledge related
to our proposed approach. We first describe the task of relation
extraction in Section 3.1. Then, we briefly introduce the tagging
scheme in Section 3.2. Finally, we provide a brief description of
LSTM in Section 3.3.

3.1

scheme. Tag ’O’ represents that the corresponding word is independent of extracted results. The other tags which represent the
elements in the triplet are named as relational tag. The relational
tag is comprised of three parts: the word position in entity, the
relation type and the relation role. The position of a word in entity
is represented in "BIES" (Begin, Inside, End, Single) format. The
relation type is obtained from a set of predefined relations. The
relation role is represented by ’1’ or ’2’ which means the first or
the second entity in the relation, respectively. According to the
tag sequence, we can directly get the entities with its relation in
the form of a triplet (Entity1 , RelationType, Entity2 ). For the sentence presented in Figure 1, we can extract the relation triplet
(Donald Trump, President − O f , U nited States). Then, based on
this tagging scheme the goal of relation extraction is to predict the
tag of each token.

Tagging Scheme

The tagging scheme is proposed by Zheng et al. [38] to extract the
entities and their relations simultaneously. Based on this tagging
scheme, the information between the output entities and relations
can be fully exploited. Figure 1 presents an example of the tagging
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METHODOLOGY

In this section, we describe the proposed approach in detail. Following recent studies, we extract the entities and relations jointly
in a single model. In particular, we follow zheng et al. [38], casting
the joint extraction task as a sequence tagging problem. Given an
input sentence S = (w 1 , w 2 , . . . , w n ), the output of the model is a
sequence of tags T = (t 1 , t 2 , . . . , tn ) corresponding to the sentence.
Based on these tags, we can directly get the entities and relations.
Figure 2 shows the overall architecture of our model which has four
main components: an embedding layer, an encoding layer, an attention layer and a decoding layer. The embedding layer represent
each input token by multi-level features. The encoding layer learns
the contextual information of the input tokens. The attention layer
selects the important information from the output of the encoding
layer. The decoding layer predicts the tag for each word based on
the vector computed by the attention layer.
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Figure 2: Our network structure for joint extraction of entities and relations.

4.1

Features

We utilize the word embeddings, character embeddings and implicit
entity features to represent the input words.
Word Embeddings. For each word w t in S, we look up the embedding matrix to get its word-level representation ww t . It has been
reported that word embeddings learned from significant amounts
of unlabeled data are far more satisfactory than the randomly initialized embeddings [5]. Therefore, we initialize the matrix by word
embeddings pretrained by word2vec model [15].
Character Embeddings. It has been demonstrated that character embeddings are effective to handle the out-of-vocabulary problem for several NLP tasks such as named entity recognition [20] and
dependency parsing [2]. Thus, we use the character sequence of
each input token to produce its character-level representation. Each
word is broken up into individual characters, and these characters
are mapped to a sequence of character embeddings (c 1 , c 2 , . . . , c L ).
After that, we adopt a bidirectional LSTM to generates the character
embedding wc t for the word w t .
Implicit Entity Features. We introduce a method to integrate
implicit entity features for the joint extraction of entities and relations in this section. Intuitively, the external entity features are
useful for the joint extraction task. However, the previous neural
joint methods do not consider this kind of features. Since designing
these features manually is always time consuming, we propose to
incorprate the automatically generated entity features in our model.
Inspired by the work of Gao et al. [6], we leverage the hidden vectors in a pre-trained named entity recognition model to generate
the implicit entity features. We first pre-train a named entity recognition model on an existing named entity recognition dataset. And
then, the input sentences are fed into this model, and the hidden
vectors which contain rich entity information are dumped as the
entity features. Thus, our method dose not need to manually design
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Figure 3: Entity Features Generation Model.

these features and can easily benefit from the latest developments
of NER task.
As shown in Figure 3, we model named entity recognition as a
sequence tagging problem and employ an simplified BLSTM-CRF
model as our entity features generation model. First of all, each
token is represented by its word embedding. Then we feed these
vectors into a bidirectional LSTM. Bidirectional LSTM contains two
separate LSTMs to capture both the past and future information,
both of the two information are beneficial to the named entity
recognition. For the task of named entity recognition, it is important
to consider the constrains between tags in neighborhood (e.g., IPER can not follow B-LOC). And Conditional random fields (CRF)
are effective to learn these constrains. Therefore, a standard CRF
layer is used on the top of the model to jointly predict the tags.
To obtain the implicit entity features, we pre-train the above
model on existing named entity recognition datasets first. And
then, for a given sentence (w 1 , w 2 , . . . , w n ), we directly dump a
sequence of hidden states (he 1 , he 2 , . . . , hen ) from the bidirectional
LSTM layer of the model:
(he 1 , he 2 , . . . , hen ) = BLST Ment ity (w 1 , w 2 , . . . , w n )

(7)

In this way, we get the implicit entity features representation het
of the t-th word in the input sentence.

4.2

Encoding Layer

In the encoding layer, we adopt a bidirectional LSTM which can
combine the forward and backward context of a word to encode
the sentence. We use x t to denote concatenation of ww t , wc t and
het . Thus, the input of the encoding layer is a sequence of vectors
(x 1 , x 2 , . . . , x n ). And this layer receives these vectors as input and
computes the t step hidden state ht as follows:
→
−
−−−→
ht = LST Mencoder (x t , ht −1 )
←
−
←−−−
ht = LST Mencoder (x t , ht +1 )
→
− ←
−
ht = [ht ; ht ]

(8)
(9)
(10)

Thus, we obtain the representation of each input token containing
the contextual information in the encoding layer.

4.3

Attention Layer

In order to effectively utilize the information of the relevant tokens
in the sentence, we design an attention layer as depicted in Figure 4.
First, we propose a Tag-Aware attention for the purpose of selecting
the relevant information of the word. Then, we adopt a gate to
fuse this relevant semantic information and the word information
obtained from the encoding layer. The details of this layer will be
illustrated as follows.
Tag-Aware Attention The key components for predicting the
tag of each input word may appear anywhere in the sentence.
To better utilize these informative words, we employ an attention
mechanism which is named as Tag-Aware Attention. The Tag-aware
attention allows the model to select the relevant parts of the source
sentence for the prediction of the tag.
In order to compute the relevant word representation of the t-th
word, we first calculate an attention score α j,t to the j-th word
(1 ≤ j ≤ n; j , t) as:
e j,t = h j · ot −1
exp(e j,t )
Pn
exp(e
k,t ) + k =t +1 exp(ek,t )
k =1

n
X

α j,t h j +

j=1

(3)

ℎ𝑡−1

𝛼𝑛,𝑡

𝑜𝑡−1

ℎ1

ℎ𝑡+1

ℎ𝑛

…

α j,t h j

→
o−t = LST Mdecoder (dt + WT Tt −1 , o−−t−→
−1 )

(1)

(2)

(13)

(14)

dt = дt hat + (1 − дt )ht

(15)

(16)

where ot represents the hidden state of the t step, dt denotes the
vector from the attention layer; Tt −1 is the tag embedding directly
converted by the t-1-th tag, WT is the weight matrix. Finally we
adopt a softmax classifier to compute normalized entity tag probabilities based on the vector ot :
st = Ws ot + bs
exp (st )t aдt
p(taдt |S, taдt −1 ) = P
′
′
t aд ∈T AG exp (s t )t aд
t

(3)

Decoding Layer

In the decoding layer, both the tag embeddings and the vectors
computed by the attention layer are used as the input. And we
adopt LSTM to learn the dependency of the tags and generate

(17)
(18)

t

where Ws denotes the weight matrix, bs is the bias term, taдt represents the tag of the t-th word and T AG is the tag set.

4.5

Objective Function

We use the bias training goal presented in [38] to maximize the
log-likelihood of the data:
L = max

where Wд ,Wд ,Wд are weight matrices for calculating дt , and
σ is the logistic function. The vector дt acts as the weight between
hat and ht , which makes the model can dynamically merge the two
vectors. In addition, дt is computed for every word in the sentence,
which allows the model to be more flexibly for making different
decisions for diverse words.

4.4

…

𝛼𝑡+1,𝑡

vectors representing the output states:

j=t +1

дt = σ (Wд tanh(Wд hat + Wд ht ))

(2)

𝛼𝑡−1,𝑡

Figure 4: Overview of the Attention Mechanism.

Fusion Gate Based on the attention vector hat and the word
vector obtained from the encoding layer ht , we design a fusion
gate to combine them. When predicting the tag of a word, the gate
allows the model to trade off the information used from hat and
ht , both of which are important to the successful prediction.
Therefore, instead of just concatenating hat with the vector ht ,
the two vectors are added together using a weighted sum. And the
weights are predicted by a two-layer network. Let dt denotes the
output of the attention layer corresponding to the t-th word in the
sentence, we calculate it as follows:

(1)

𝛼1,𝑡

(12)

where h j is the hidden state of the j-th word calculated by the
encoding layer, and ot −1 represents the output status computed
by the decoding layer. After that the vector hat representing the
informative words in the sentence is computed as the summation
vector weighted by α j,t :
t −1
X

ℎ𝑡

ℎ𝑎𝑡

(11)

α j,t = Pt −1

hat =

𝑑t

|D| X
Lm
X
m=1 t =1

(loд(p(taдtm |Sm , taдtm−1 )) · I (O )

(19)

+ α · loд(p(taдtm |Sm , taдtm−1 )) · (1 − I (O )))
where |D| is the size of training set, Lm is the length of sentence
Sm , taдtm denotes the tag of the t-th word in sentence Sm , I (O ) is a
switching function to distinguish the loss of tag ’O’ and relational
tags:
(
1, i f taд = ′O ′
I (O ) =
(20)
0, i f taд , ′O ′
α is the bias weight which is used to control the influence of relational tags.
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Table 1: Dimension sizes

Table 2: Comparison with baselines

Model

Network Structure

Size

Method

Prec.

Rec.

F1

300
20
25
100
300
600
50

FCM
DS+logistic
LINE

0.553
0.258
0.335

0.154
0.393
0.329

0.240
0.311
0.332

Our Model

Word Embedding
Char Embedding
LST Mchar
Entity Features
LST Mencoder
LST Mdecoder
Tag Embedding

MultiR
DS-Joint
CoType

0.338
0.574
0.423

0.327
0.256
0.511

0.333
0.354
0.463

Entity Features Generation Model

Word Embedding
LST Ment ity

300
50

LSTM-LSTM-Bias
Transition-Based
Our model

0.615
0.643
0.640

0.414
0.421
0.464

0.495
0.509
0.538

5 EXPERIMENTS
5.1 Experiment Setup
Dataset and Evaluation Metrics. We evaluate our proposed model
with the public dataset NYT1 which is developed by Ren et al. [21].
There are 353k triplets in the training data and 3880 triplets in the
test set. The test set is manually annotated to guarantee its quality.
The size of the relation type in the dataset is 24. In addition, we use
CoNLL-2003 dataset [28] to pre-train the entity features generation
model.
We adopt Precision(Prec), Recall(Rec) and F1-scores to evaluate
our method. E1, E2 and R represent the first entity, the second entity
and the relation type in the triplet, respectively. A triplet is regarded
as correct when E1, E2 and R are all correct [21, 30, 38]. Similar to
the previous work, we randomly sample 10% data from the test set
as our validation set and use the remaining data as evaluation.
Hyperparameters. For experiments, we initialize our word
embeddings with 300-dimensional embedding vectors trained on
NYT corpus. For the tag embedding, we initialize them by random
weights. We update the parameters of our model by backpropagation using RMSprop [27] with learning rate 5 × 10−4 and minibatch size 50. For regularization, we employ dropout operation with
dropout rate of 0.3 for the word embeddings. For the entity features
generation model, we select RMSprop with learning rate 0.01 to
train the model. The dimension of the vectors in our model and the
entity features generation model are shown in Table 1. The bias
term is set to 10.

5.2

Comparison with Baselines

Baselines. We compare our model against several baseline models
for relation extraction, which can be divided into the following
categories: the pipelined methods, the joint extraction methods and
the end-to-end methods.
For the pipelined methods, the NER results are obtained by CoType [21], and then several classical relation classification methods
are applied to detect the relations. The pipelined methods compared
in this paper are as follows:
• FCM [7] a method which combines unlexicalized hand-crafted
features with learned word embeddings.
1 https://github.com/shanzhenren/CoType/tree/master/data/source/NYT
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• DS+logistic [16] combines distant supervision and syntactic parse features to improve the performance of relation
extraction.
• LINE [26] is a network embedding method, which is suitable
for arbitrary types of information networks.
We compare our model with the following joint extraction methods:
• MultiR [10] presents a novel approach for multi-instance
learning with overlapping relations.
• DS-Joint [14] presents an incremental joint framework to
simultaneously extract entity mentions and relations using
structured perceptron with efficient beam-search.
• CoType [21] formulates the joint entity and relation mention typing problem as a global embedding problem.
The end-to-end methods compared with our model are as follows:
• LSTM-LSTM-Bias [38] converts the entities and relations
extraction to a sequence tagging problem and jointly extracts
them by an end-to-end model.
• Transition-Based [30] converts the joint task into a directed graph by designing a novel graph scheme and proposes a transition-based approach to extract the relations.
Table 2 presents the performance of our model as well as all of
the baselines mentioned above. We observe that our end-to-end
model achieves significant improvements over all the baselines in
F1 score. In particular, it achieves 2.9% improvement over the best
end-to-end methods. This demonstrates the effectiveness of our
model on the extraction of entities and relations. From the above
table, we can find that the joint methods perform better than the
pipelined methods. This is because the joint models can avoid error
delivery problem. The end-to-end models outperform the joint
models. This indicates the joint decoding which can take advantage
of the dependencies of the output is important for the extraction
task. Our model achieves better performance compared with other
end-to-end models. One reason is that employing entity features as
the complementary to the standard word embeddings, our model
can take advantage of extra entity information. Meanwhile, our
model is able to focus on the informative parts of the input through
the applying of Tag-Aware attention.

Table 3: Ablation results
Method

Prec.

Rec.

F1

Our model

0.640

0.464

0.538

-Implicit Entity features
-Attention Layer
-Fusion Gate+Concat

0.604
0.601
0.599

0.456
0.450
0.469

0.521
0.515
0.526

Ablation Tests

To show the effectiveness of each components proposed in our
model, we conduct a set ablation experiments and the results are
presented in Table 3. The value of F1 drop 1.7%, when we do not
use the implicit entity features in our model. This result shows
that external entity features which are not utilized in other joint
models are useful for the joint extraction task. The performance
of the model will drop when the attention layer is removed. This
demonstrates that the informative words in the sentence play an
important role for the correct prediction. The last line presents the
results, when we replace the fusion gate by merely concatenating
the related word vector to the vector computed by the encoding
layer. And the results prove that incorporating the relevant information of the sentence in a reasonable manner can further improve
the performance.
To give a detailed analysis of the effect of the components, we
show the results on different elements of the extraction triplet. E1,
E2 and R represent the first entity, the second entity and the relation
type in the triplet, respectively. If both the head offsets of E1 and
the relation type R are correct, then the instance of (E1, R) is correct.
Similarly, if both the head offsets of E2 and the relation type R are
correct, then the instance of (E2, R) is correct. Regardless of relation
type R, if both the head offsets of two corresponding entities are
correct, the instance of (E1, E2) is correct.
Table 4, shows the results on different triplet elements. First
of all, when we remove one of the component from the model,
the performance of the three types triplet elements will decline.
This indicates the proposed components can enhance both the
entity recognition and the relation classification. Compared with
the results on one of the the entities is not considered (i.e. (E1,
R) and (E2, R)), the attention layer has a greater impact than the
implicit entity features. This is because the informative words in
the context is more important for the prediction of the relation.
And from the last line of the table, we find that the effect of implicit
entity features is much more than the attention layer when merely
evaluating the entities of the triplet.

5.4

Impact of Implicit Entity Features Size

We make a detailed evaluation on the influence of implicit entity
features size. Figure 5 shows the performance of our model when
we change the dimension of the implicit entity features. We use the
size of entity features in the following set {50, 100, 150, 200, 250}.
From the figure we find that our model performs best when the size
of entity features vector is set to 100. We can also see that the value
of F1 is relatively stable when varying the dimension of implicit
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Elements

Method

Prec.

Rec.

F1

(E1, R)

Our Model
-Implicit Entity Features
-Attention Layer

0.684
0.670
0.669

0.515
0.509
0.501

0.588
0.579
0.573

(E2, R)

Our Model
-Implicit Entity Features
-Attention Layer

0.663
0.642
0.633

0.499
0.488
0.475

0.569
0.555
0.543

(E1, E2)

Our Model
-Implicit Entity Features
-Attention Layer

0.667
0.646
0.658

0.501
0.490
0.493

0.572
0.558
0.564

0.7

0.65

Value of (Pre, Rec, F1)

5.3

Table 4: Ablation results on triplet elements

0.6

0.55

0.5

0.45

0.4
50

100

150

200

250

The dimension of entity feature
Prec

Rec

F1

Figure 5: The results predicted by our model on different dimension of the entity feature.

entity features. This demonstrates the robustness of the implicit
entity features to our model.

5.5

Attention Visualization

We give a case study to illustrate the power of our attention mechanism. In Figure 6, we visualize the attention weights when our
model predicts relational tags. We find that our model focuses more
on the informative words (e.g. words stand for the entities in the
triplet and words indicate the relation between the entities), when
it predicts relational tags. For example, when predicting the tag of
"Chad", our model pays more attention on the words "Hurley, executive, YouTube, company" which are essential for the tag "B-PC-1".
Thus, our model can effectively utilize the informative words in the
input sentence.

6

CONCLUSION

In this paper, we propose an attention-based model enhanced with
implicit entity features for the joint extraction of entities and relations. We propose an approach to leverage the implicit entity

Word: Chad

Tag: B-PC-1

Word: Hurley

Tag: B-PC-2

Word: YouTube

Tag: S-PC-2

Figure 6: Visualization of attention weights when our model
predicts the tags of the words {"Chad", "Hurley", "YouTube"}.
We can extract the relation triplet (Chad Hurley, Person −
Company, YouTube) from the example sentence. "PC" is short
for "Person-Company" and darker color means higher
weight.
.
features in the joint extraction model. Thus, our model can take advantage of the entity features and dose not need to manually design
them. In addition, we design a Tag-Aware attention mechanism
which enables our model to select the informative words to the
prediction. And our final model achieves competitive performance
on a public dataset.
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