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Abstract. Distant supervision is an effective way to collect large-scale training
data for relation extraction. To better solve the wrong labeling problem accompanied by distant supervision, some methods have been proposed to remove noise
sentences directly. However, these methods seldom consider the relation label
when removing noise sentences, neglecting the fact that a sentence is regarded as
noise because the relation it expresses is inconsistent with the relation label. In
this paper, we propose a novel method to improve the performance of bag-level
relation extractor via removing noise data with a relation-based sentence selector.
Specifically, the relation-based gated convolutional unit of the sentence selector
can selectively output features related to the given relation, and these features will
be used to judge whether a sentence expresses the given relation. The sentence
selector is trained with the data automatically labeled by the relation extractor,
and the relation extractor improves its performance with the high-quality data selected by the sentence selector. These two modules are trained alternately, and
both of them have achieved better performance. Experimental results show that
our model significantly improves the performance of the relation extractor and
outperforms competitive baseline methods.
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Introduction

Relation extraction aims to obtain the relationship between two entities from unstructured text. For example, given a sentence ’Donald Trump was born in America.’ and
two entities ’Donald Trump’ and ’America’, relation extraction intends to get the relation ’place of birth’ from them. Earlier works use manually labeled data to train the
classifier in a supervised manner and have achieved good performance[16,2,10,17,14].
However, the performances of these models are limited by the scale of the training data,
and constructing a large-scale manually labeled dataset is labor consuming. In order
to build large-scale dataset automatically, Mintz et al.[9] proposed distant supervision.
Distant supervision is based on the idea that if an entity pair (h, t) is contained by a
triple (h, t, r) of a given knowledge base, all sentences that contain the entity pair (h, t)
will be labeled as the relation r. The h, t, r represent head entity, tail entity and relation,
respectively. However, due to the existence of the multi-relational entity pairs, distant
supervision suffers from the wrong labeling problem.
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Fig. 1: An example of the noise problem for bag-level relation extraction.

Various methods have been proposed to alleviate this issue. One common way
among these studies is to employ Multi-Instance Learning(MIL) schema[13,3], in which
sentences containing the same entity pair are divided into the same bag and the classification proceeds on bag-level. Zeng et al.[18] selected the most important sentence
to represent the bag and trained the model with these selected sentences. Lin et al.[6]
applied attention mechanism to give the important sentences lager weights and combined all sentences to obtain the bag representation. Jiang et al.[5] used cross-sentence
max-pooling to find the most prominent features among all sentence representations.
Recently, some researchers suggested that it was not enough to attenuate the effects of
noise data through ’soft’ means like attention mechanism. They tended to remove the
noise data directly. Feng et al.[1] and Qin et al.[11] trained a sentence selector to distinguish between noise sentences and valid sentences through reinforcement learning(RL).
Qin et al.[12] trained a generative adversarial network(GAN) and used the classifier to
remove the noise data.
However, these ’hard’ methods neglect the fact that when we consider a sentence
as noise, it means that this sentence expresses a relation inconsistent with its label. Just
as Figure 1 shows, for the three sentences ’Donald Trump is a presedent of America.’,
’Donsld Trump was born in America.’, ’Donsld Trump is the presedent of America.’
and the entity pair ’Donald Trump’ and ’America’, if the labeling relation is ’place of
birth’, the first and the third sentence are noise sentences. But when the labeling relation
is ’profession’, the second sentence becomes the noise data. Therefore, we think it is
crucial to consider the labeling relation when identifying noise data.
In this paper, we propose a novel method to improve the performance of baglevel relation extractor via removing noise data with a relation-based sentence selector.
We design a relation-based gated convolutional network for the sentence selector. The
relation-based gated convolutional network has two convolutional components. One
acts as a feature extractor to extract the semantic features of the sentence. The other is
a relation-based gate, which can select the features related to the given relation. Like
the previous models, we encounter the problem of lacking training data for the sentence selector. To deal with this problem, we adopt an easy and reasonable method. We
treat each sentence as a bag with only one sentence and use the pre-trained bag-level
relation classifier to classify it. A sentence will be labeled as a positive sample if the
classification result is identical to its label. Otherwise, the sentence is labeled as a negative sample. This labeling method is consistent with the idea that the label of valid
data is the same as the relation it conveys. As for bag-level relation extractor, we adopt
two widely used architectures: piecewise convolutional neural networks(PCNN) [18]
with attention mechanism and the convolutional neural networks(CNN) with attention
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mechanism. Moreover, because our model is a generic framework, the relation extractor
here can be replaced by any other bag-level relation extractor with different structures.
Then we train the bag-level relation extractor and the sentence selector alternately so
that their performance can be improved jointly.
The main contributions of this paper can be summarized as follows:
• We design a novel relation-based gated convolutional sentence selector to select
valid sentences for distantly supervised relation extraction.
• We propose a framework which can train the sentence selector without manually
labeled data and jointly improve the performance of the bag-level relation extractor and
the sentence selector.
• Experimental results show that our model significantly improves the performance
of the relation extractor and outperforms competitive baseline methods.

2

Related Work

The purpose of relation extraction is to obtain the relationship between two entities from
unstructured text. Traditional methods leveraged syntactic information and adopted
kernel-based classifier to build multi-class relation classifier[16,10]. Recently, more attention has been paid to neural networks methods.
In order to extract relation features, previous neural networks models employed
various structures to encode the sentence. Zeng et al.[17] adopted CNN to extract
the semantic information of the sentence. Xu et al.[15] encoded sentence with Long
Short-Term Memory(LSTM) along the shortest dependency path. Zhou et al.[22] combined attention mechanism and LSTM to encode the sentence. Zeng et al.[18] proposed PCNN to extract features from different parts of the sentence separately. Zhang
et al.[21] adopted graph convolution over pruned dependency trees to improve the performance of relation extraction. Zhang et al.[19] used attention-based capsule networks
to encode the sentence.
In order to solve the problem of lacking for manual annotation data, distant supervision was proposed [9]. To deal with the accompanying wrong labeling problem,
researchers have proposed various methods. Zeng et al.[18] adopted the MIL framework. They collected all the sentences containing the same entity-pair as a bag and
selected the most important sentence in each bag to train the network. Lin et al.[6] used
attention mechanism to give each sentence an importance weight and combined all the
sentences to represent the bag. Jiang et al.[5] used cross-sentence max-pooling to extract the features of a sentence bag. Liu et al.[7] softly revised incorrect bag labels with
the posterior probability constraint. The above works focused on highlighting the valid
sentences of the sentence bag and reduce the effects of noise.
However, some researchers suggested that it was not enough to only weaken the
effects of noise data by giving them a small weight, they tended to remove the noise
data directly. Feng et al.[1] and Qin et al.[11] trained a sentence classifier to distinguish between noise sentences and other sentences through RL. Qin et al.[12] trained a
generative adversarial network and used the classifier to remove the noise data.
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(a) Overall framework

(b) The structure of the sentence
selector

Fig. 2: The architecture of our model.
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Model

An overview of our framework is shown in Figure 2(a). The model consists of two parts:
a relation extractor and a sentence selector. The sentence selector is trained with data
automatically labeled by the relation extractor. And the relation-based selector selects
data from each sentence bag according to the labeling relation. The relation extractor
is then further trained with the selected high-quality sentence bags. These two modules
help each other to obtain better training data and finally achieve better performance.
In this section, we will first describe these two parts in detail, and then introduce the
specific details of training and test.
3.1

Input Layer

Given a sentence s, the input layer transforms the sentence into an embedding matrix,
which contains both semantic information and positional information of each word, and
feed it to the subsequent networks.
Embedding Word embeddings are low dimensional, continuous and real-valued vectors, which can capture semantic meanings of words. Each word in the vocabulary corresponds to a word embedding vector vw ∈ Rdw . In this paper, we use word embeddings pre-trained on the New York Times(NYT) corpus with Skip-Gram[8].
Position Embedding Position embeddings are vectors that embed the relative distances
of each token to the two target entities. For example, in the sentence ”SteveJobs was
the co-founder and CEO of Apple and...”, the relative position from token co−f ounder
to entity SteveJobs and Apple is 3 and -4, respectively. Each relative position value
corresponds to a position embedding vector vp ∈ Rdp .
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For each word w, we concatenate its word embedding vw and two position embeddings(each corresponds to the relative distance from one entity) vpen1 and vpen2 as its
representation v ∈ Rdw +dp ∗2 . Then for each sentence with n words s = {w1 , ..., wn },
we obtain an embedding matrix S = {v1 ; ...; vn } by concatenating all words representations.
3.2

Relation Extractor

Given an entity pair (h, t) and its sentence bag Sh,t = {s1 , s2 , ...}, the relation extractor
intends to obtain the relation of the bag. Because our model is a generic framework,
the relation extractor module can use any bag-level relation extractor. In this paper,
we adopt two widely used models: CNN with attention mechanism and PCNN with
attention mechanism.
Sentence Encoder We use CNN and PCNN as sentence encoder to encode the sentence
embedding matrix into a representation vector.
Convolution A filter Wr ∈ Rkh ×dv ×m is applied to extract local features of a sentence,
where dv = dw + 2 ∗ dp is the dimension of the word vector, m is the width of the
filter and kh is the dimension of the output channel. By sliding Wr along the sentence
embedding matrix Si , we can get the kh -dimensional feature vector:
hi = ReLU ([vi−(m−1)/2 , ..., vi+(m−1)/2 ] ⊗ Wr + br )

(1)

where br ∈ Rkh is a bias. Then all the feature vectors are concatenated to form a feature
map H = {h1 , ..., hn }.
Max-pooling and Piece-wise Max-pooling Max-pooling operation is then applied over
the feature map H to get the final sentence representation:
qj = max {hi,j }
16i6n

(2)

Piece-wise Max-pooling is an extension of Max-pooling:
q(1) j =
q(2) j =
q(3) j =

max {hi,j }

16i6ien1

max

ien1 <i6ien2

{hi,j }

(3)

max {hi,j }

ien2 <i6n

where the subscript j represents the j-th value of a vector, ien1 and ien2 are the positions
of two entities. Then we concatenate the three pooling vectors to get the final sentence
representation:
q = {q(1) , q(2) , q(3) }.
(4)
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Sentence Selective Attention After obtaining sentence representation, we apply selective attention to compute the attention score αi for each sentence. Then the bag
embedding u is computed as a weighted sum of sentence representations:
|Sh,t |

u=

X

αi qi

(5)

i

where the weight αi indicates the degree of correlation between sentence and the relation, and |Sh,t | is the number of sentences in the bag. We assign a query vector qr ∈ Rdq
for each relation r, where dq is the dimension of sentence representation q. The attention
score is computed as:
ei = qrT Wa qi
exp(ei )
αi = PN
j exp(ej )

(6)

where Wa ∈ Rdq ×dq is the weight matrix and N is the number of relations.
Loss Function Finally, we obtain the conditional probability p(r|Sh,t , θ) through feeding the bag representation u to a fully connected layer:
exp(or )
p(r|Sh,t , θ) = P
k exp(ok )

(7)

o = W c u + bc
where Wc ∈ RN ×dq is a weight matrix and bc ∈ RN is a bias vector.
Given the collection of sentence bags Ω = {Sh1 ,t1 , Sh2 ,t2 , ...} and corresponding
labeling relation {ri , r2 , ...}, the loss function is defined as follows:
|Ω|

1 X
log p(ri |Shi ,ti , θ)
JR = −
|Ω| i=1

(8)

where |Ω| is the number of bags.
3.3

Sentence Selector

The sentence selector is a binary classifier which can judge whether a sentence expresses the given relation. Its detailed structure is shown in Figure 2(b).
Obtaining Training Data Since there is no training data for the sentence selector, we
propose a method to label data automatically. We transform the relation extractor introduced in Section 3.2 into a sentence-level relation extractor by regarding each sentence
as a bag with only one sentence. Those sentences whose classification result is consistent with their labeling relation are labeled as positive. Otherwise, they are labeled as
negative.
After that, we get a data set D = {s, e, y, r}, in which s represents the sentence, e
is the entity pair, y is the two-category label and r is the labeling relation obtained by
distant supervision.
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Relation-Based Gated Convolutional Network Given a sentence si and its corresponding relation ri , the input to the relation-based gated convolutional network is the
same as the input embedding matrix in Section 3.1. Specifically, each token is embedded into a word embedding and two position embeddings, so that we get the input
embedding matrix Si = {v1 ; ...; vn }.
Then we feed the input embedding matrix Si to the relation-based gated convolutional unit. The relation-based gated convolutional unit contains two convolutional
components. One is a plain convolution operation mentioned in Section 3.2:
hsi = tanh([vi−(m−1)/2 , ..., vi+(m−1)/2 ] ⊗ Ws + bs )

(9)

where Ws ∈ Rkh ×dv ×m is the filter, and bs ∈ Rkh is a bias. The other convolution
operation integrates relation information when extracting the local features:
hri = σ([vi−(m−1)/2 , ..., vi+(m−1)/2 ] ⊗ Wg + Wq qrg + bg )

(10)

where σ is the sigmoid function, Wg ∈ Rkh ×dv ×m is the filter and bg ∈ Rkh is a bias,
Wq ∈ Rdv ×dq is the weight matrix, qrg is the query vector which contains information
related to relation ri . It is worth noting that we initialize the query vector qrg with the
value of qr trained in the relation extractor when training the sentence selector. Then we
compute an element-wise multiplication between the feature vector hs and the relation
gate vector hr :
hgi = hsi hri
(11)
where the symbol represents the element-wise multiplication. Through the elementwise multiplication, the relation gate can selectively output the sentence features related
to the given relation. The max pooling procedure is then performed over the feature
maps to obtain the sentence embedding:
qg j = max {hgi,j }
16i6n

(12)

Loss Function We feed the sentence embedding qig to a fully connected layer to compute the posterior probability p(y 0 |s, r, φ):
exp(ogy0 )
p(y 0 |s, r, φ) = P
g
k exp(ok )

(13)

og = Wo q g + bo
where Wo ∈ R2×dq is a weight matrix, bo ∈ R2 is a bias vector and y 0 is the twocategory label.
Given the collection of sentences Λ = {s1 , s2 , ...}, its label relation {ri , r2 , ...} and
the corresponding label {yi , y2 , ...}, the loss function is defined as follows:
|Λ|

JS = −
where |Λ| is the number of bags.

1 X
log p(yi |si , ri , φ)
|Λ| i=1

(14)
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Algorithm 1 Overall Training Procedure
Input: Episode number L, collection of sentence bags B = {S1 , S2 , ..., Sn }, collection of sentences S = {s1 , s2 , ..., sm }
Initialize the relation extractor and the sentence selector randomly.
1: for l = 1 to L do
2:
if Not converge then
3:
Train the relation extractor with B.
4:
Label S with the relation extractor to obtain Slabel .
5:
if l = 1 then
6:
Initalize the relation query matrix Qg = {qrg1 ; qrg2 ; ...; qrgN } with the relation query
matrix Q = {qr1 ; qr2 ; ...; qrN } of the relation extractor.
7:
end if
8:
Train the sentence selector with Slabel .
9:
Select the sentences in each sentence bags with the sentence selector to obtained B =
Bselected .
10:
else
11:
End training.
12:
end if
13: end for

3.4

Training and Test

Because the performance of the relation extractor and the sentence selector influence
each other. We train the two modules alternately.
During training, we first adopt Adam algorithm to minimize the loss function Eq. 8
with the original dataset. After using relation extractor to generate training data for the
sentence selector, we then optimize the sentence selector by minimizing the Eq. 14 with
Adam. Next, we utilize the sentence selector to select the sentences to further train the
relation extractor. The relation extractor and the instance selector are trained alternately
as described above until convergence. The complete training process is described in
Algorithm 1.
During testing, we first select the test data with the sentence selector. Because there
is no label for sentence bags during the test procedure, for each sentence bag Sh,t , we
r
generate one relation-based sentence bag Sh,t
for each relation r by selecting valid
sentences from Sh,t given relation r. We will obtain N relation-based sentence bags for
each sentence bag, where N is the number of relations. Then we feed all N relationbased sentence bags into the relation extractor, and the relation r whose bag obtains the
r
highest score p(r|Sh,t
, θ) is chosen as the predicted relation for the entity pair (h, t).
What needs to be mentioned is that, in order to increase the recall, we set a threshold
u < 0.5 when selecting data, and only sentences whose selecting probability is smaller
than u will be removed. This operation increases the tolerance for classification errors
of sentence selector and enhances the recall of the relation extractor.
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(a) Comparison with baseline models (b) Comparison with selector-based
models
Fig. 3: Comparison with previous methods.

Table 1: Comparison of P@N between our model and the original bag-level relation extractor
P@N

100 200 500 Mean

CNN+ATT
0.73 0.68 0.56 0.657
re-selected CNN+ATT 0.79 0.76 0.60 0.717
PCNN+ATT
0.80 0.71 0.59 0.700
re-selected PCNN+ATT 0.86 0.76 0.64 0.753

4
4.1

Experiments
Dataset and Evaluation

In this paper, we evaluate our model on the widely used New York Times(NYT) dataset
developed by [13]. This dataset is constructed by aligning Freebase with New York
Times(NYT) corpus through distant supervision. There are 522611 sentences in the
training set and 172448 sentences in the test set, and these sentences are labeled by 53
candidate relations. Among the 53 relations, there is a label NA, which represents there
is no relation between the two entities in a sentence. During training, We randomly
extract ten percent of the sentences from the training data as the validation data and the
rest as the training data.
We evaluate all methods with the held-out evaluation. The held-out evaluation compares the relational facts extracted from the test set by models with all the facts existing
in the test sentences(which is labeled by Freebase through distant supervision). For
evaluation, we present precision-recall curves for all models.
4.2

Implementation Detail

In our experiment, our parameter settings are as follows: the dimension of word embedding dw and position embedding dp are 50 and 5; the width of the convolution kernel
m is 3 and the dimension of the output channel kh of the convolution filter is 230; the
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max sentence length is 120; the batch size is fixed to 50 and dropout probability is fixed
to 0.5. We adopt Adam to update the parameters, and the learning rate for training relation extractor and sentence selector are set to 0.001 and 0.0005. As for the threshold u
for the sentence selector during selecting, we tune it on the validation dataset and pick
u = 0.3 in the candidate set {0.1, 0.2, 0.3, 0.4, 0.5}.
4.3

Comparison with Previous Methods

To evaluate the performance of our proposed model, we compare our model with various baseline models. PCNN+MIL [18] proposed piecewise CNN to encode the sentence and adopted the MIL framework. CNN + ATT and PCNN+ATT[6] employed
attention mechanism to reduce the influence of noise data and used CNN and PCNN as
sentence encoder respectively. APCNNS+D [4] used external entity descriptions and
attention mechanism to obtain better bag representation. We also compare the performance of our model with other selector-based models to further assess the sentence
selector. PCNN+ATT+DSGAN [12] trained a generative adversarial network and used
the classifier to remove the noise data. PCNN+ATT+RL [1] trained a sentence selector
through reinforcement learning.
As shown in Figure 3(a), our models, which are denoted as re-selected+PCNN+ATT
and re-selected+CNN+ATT, have a significant improvement on all baseline models.
For a more detailed comparison, we show the precision@N(P@N) of our models(reselected+PCNN+ATT and re-selected+CNN+ATT) and the corresponding baseline models(CNN+ATT and PCNN+ATT) in Table 1. The results demonstrate the effectiveness of the sentence selector for distant supervision relation extraction. The re-selected
CNN+ATT model and the re-selected PCNN+ATT both achieve higher values for P@100,
P@200, P@500 compared to the original baseline models. Moreover, the mean value
of re-selected+CNN+ATT is 6% higher than CNN+ATT, and re-selected+PCNN+ATT
is 5.3% higher than PCNN+ATT.
As Figure 3(b) shows, when compared to other selector-based models, PCNN+ATT
with relation-based gated selector also achieves better performance on both precision
and recall. Moreover, compared to the RL and GAN, our model is more stable and
easier to converge when training the sentence selector.
4.4

Effect of Relation-Based Convolutional Gate Unit

To further show the effectiveness of the relation-based gated convolutional unit and
the necessity of relation information, we compare the performance of three sentence
selector architectures: the CNN selector which removes the gate component hri , the
plain gated-CNN selector which removes the relation information component Wq qrg
from Eq. 10 and the relation-based gated-CNN selector.
As Figure 4 shows, the performance of the relation extractors decline drastically
when trained with the sentences selected by the plain gated-CNN selector and the CNN
selector. The experimental results indicate that the sentence selector is unable to identify
the noise sentences with only the semantic features extracted by the CNN or the gated
CNN. The good performance of the sentence selector was brought by the relation-based
gate which can integrate relation information when extracting the sentence features.
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Fig. 4: Comparison between CNN selector, plain gated-CNN selector and relation-based gatedCNN selector.

5

Conclusion

In this paper, we propose a novel method to improve the performance of bag-level relation extractor via removing noise data with a relation-based sentence selector for neural
relation extraction under the distant supervision scenario. The whole model contains a
relation extractor and a sentence selector composed of a well-designed relation-based
gated convolutional network. We train the sentence selector without manually labeled
data and employ the selector to select high-quality data for training the relation extractor. We conduct experiments on a widely used dataset. The experimental results confirm
the effectiveness of the relation-based gated convolutional unit and our framework significantly improves the performance of the original bag-level relation extractor.
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