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Abstract. For the task of relation extraction, distant supervision is an
efficient approach to generate labeled data by aligning knowledge base
(KB) with free texts. Albeit easy to scale to thousands of different relations, this procedure suffers from introducing wrong labels because the
relations in knowledge base may not be expressed by aligned sentences
(mentions). In this paper, we propose a novel approach to alleviate the
problem of distant supervision with representation learning in the framework of deep neural network. Our model - Distantly Supervised Neural
Network (DSNN) - constructs the more powerful mention level representation by tensor-based transformation and further learns the entity
pair level representation which aggregates and denoises the features of
associated mentions. With this denoised representation, all of the relation labels can be jointly learned. Experimental results show that with
minimal feature engineering, our model generally outperforms state-ofthe-art methods for distantly supervised relation extraction.
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Introduction

Relation extraction was defined as the task of generating relational facts from
unstructured natural language texts. Traditional approaches to relation extraction [9, 17], using supervised learning with relation-specific examples on small
hand-labeled corpora, can achieve high precision and recall. However, fully supervised paradigm is limited by the scalability of hand-labeled training data,
and cannot satisfy the demand of large-scale web texts containing thousands of
relations.
Distant supervision is an approach to alleviate the problem of traditional fully
supervised paradigm for relation extraction. The intuition is that the training
data of relations can be generated by heuristically aligning knowledge bases to
free texts. Figure 1 shows the process of distant supervision to generate training
examples. A relation instance is defined as the form r(e1 , e2 ), where r is the
relation name and e1 and e2 are two entity names. An entity mention is a
sequence of text tokens that matches the corresponding entity name in some
text. A relation mention (mention) of relation instance r(e1 , e2 ) is a sequence
of text (sentence), which contains a pair of entity mentions of e1 and e2 . As

shown in Figure 1, the knowledge base provides two distinct relation names
between an entity pair (Barack Obama, U.S.). After alignment, four mentions
from free texts are extracted and selected as training instances. Subsequently,
previous methods often extract sophisticated lexical and syntactic features from
these aligned mentions, combine them and produce extraction models which can
predict new relation instances from texts.

Fig. 1: Training examples generated by distant supervision with knowledge base
and aligned mentions related to the entity pair (Barack Obama, U.S.).

This paradigm is effective to generate large-scale training data for relation
extraction. However, it suffers from three major problems.
– Wrong labels. Not all mentions express the relation instances from knowledge base. As shown in Figure 1, the last two sentences are not correct
examples for any of the relations. Simply assuming every mention satisfies
the relation instances may introduce a lot of wrong labels.
– Multiple labels. As shown in Figure 1, the same pair of entities may have
multiple relation labels each instantiated in different scenarios, how to capture dependencies between these relations and learn them jointly is an important question.
– Feature engineering. Without the knowledge of what kinds of features
are important for relation extraction, a huge number of lexical and syntactic
features are extracted from mentions, and the performance of previous work
is heavily dependent on the designing of these sophisticated features.
Concerning these challenges, in this paper, we formulate distantly supervised
relation extraction from a novel perspective of representation learning, which
makes the following contributions:
– We propose a Distantly Supervised Neural Network model for relation extraction. In spite of the power of neural network both in supervised and
unsupervised paradigm, our model is the first neural model trained in a
manner of distant supervision. The test results on the benchmark dataset
show that our model outperforms previous work under the same experimental environment.
– We construct more powerful mention level representation through tensorbased transformation, which models multiple interactions in the features
extracted from the mention.

Fig. 2: The architecture of our Distantly Supervised Neural Network.

Fig. 3: The extraction framework of
sentence level features.

– We propose an approach to combine the information from each mention
representation and result in the entity pair level representation. This process
can be regarded as a way to aggregate evident features and discard noises
introducing by wrong labels.
– We apply the joint learning schema in our model to solve the multi-label
problem. With the entity pair level representation, correlations of relations
can be captured and the labels can be jointly learned.
– Compared with previous work that relied on a huge number of handcrafted
features, our model can achieve better performance with minimal feature
engineering.
The remainder of this paper is organized as follows. Section 2 introduces our
model from a detailed perspective. The experimental results are presented in
Section 3. Section 4 reviews the related work. Section 5 concludes this paper.
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Distantly Supervised Neural Network

In this paper, we apply representation learning in the framework of deep neural
network for distantly supervised relation extraction. In the area of NLP, it is
often the case that with the help of deep neural network, representations for
different levels of units, such as words, phrases, sentences and paragraphs, can
be learned. With these representations, classification can be easily processed
for different tasks. Inspired by the idea of representation learning, our model Distantly Supervised Neural Network (DSNN) - builds the mention level representation and further entity pair level representation. With the help of these
representations, all of the relation labels can be jointly learned in an efficient
way.

2.1

The Neural Network Architecture

The architecture of our DSNN model is illustrated in Figure 2. Given a pair
of entities, we extract aligned sentences from free texts. Then each sentence
(mention) is represented by its feature vector, i.e. the mention level representation. In succession, we combine the information from all of the mentions to form
entity pair level representation. Finally, this representation is fed into a set of
binary classifiers each represents a kind of relation label. The output value of
each classifier is the confidence score of the entity pair having the corresponding
relation.
2.2

Mention Level Representation

The first part of our network is to transform a mention into its feature vector
representation. Many approaches can be adopted in this process. For example,
in the work of [15], given a sentence with parsed tree, recursive neural nets
can learn the sentence vector in a bottom-up procedure. [8] proposed dynamic
convolutional neural network to capture short and long-range relations when
modelling sentences. [10] showed paragraph vector can be learned in a similar
way as word vector. In our work, given a mention and associated entity pair, we
first generate a feature vector similar to the approach proposed by [22], which
combines lexical level features and sentence level features. Then we correlate
these features by tensor-based transformation to form more powerful mention
level representation.
Lexical Level Features Lexical level features for a mention convey the information locally embedded in the context of the given entity pair. In our work,
lexical level features include the two entities, their NER tags, and the neighbor tokens of these two entities. All of these features are introduced through
embeddings. After concatenation, we get the lexical level feature vector.
Sentence Level Features Sentence level features for a mention capture the
global information of the whole sentence. The framework of this part is shown in
Figure 3. Each word in the sentence has two kinds of features, i.e. word features
and position features.
For word features, we initialize the i-th word with vector ci , which concatenates the embeddings for word, POS tag and NER tag. Then we adopt the
window approach to generate word features:
wi = [cTi−dwin /2 , ..., cTi , ..., cTi+dwin /2 ]T
dwin is the size of window, i is the current position.
For position features, we measure the distance of the current word to the
two entities respectively. Then combining these two distance vector di1 and di2 ,
position features are generated:
pi = [dTi1 , dTi2 ]T

Combining word features and position features, we get word representation:
xi = [wiT , pTi ]T
Word represented in this way only captures its local information. Inspired
by [4], we adopt convolution approach to combine these local word representations of a mention into a global one. Specifically, we transform the above word
representations by a linear map:
U = W1 X
X forms a matrix, standing for the ensemble of the word representations in a
sentence, W1 ∈ Rn1 ×n0 is a linear transformation, where n0 is the length of
word representation. To find out the most useful feature in each dimension of
the feature vectors in U, a max-pooling operation is followed:
hi = maxU(i, .)

1 ≤ i ≤ n1

Now, we get a fixed length feature vector, which captures the global information
within the sentence:
h = [h1 , h2 , ..., hn1 ]T
Then we adopt a nonlinear transformation to learn more complex features:
s = f (W2 h)
W2 ∈ Rn2 ×n1 is a linear transformation matrix, f is an activation function and
we use tanh in our experiments. The sentence level feature vector is then defined
as s.
The final extracted feature vector m combines lexical level feature vector l
and sentence level feature vector s, formally, we adopt:
g = [lT , sT ]T
m = f (W3 g)
n4 ×n3

W3 ∈ R
, where n3 equals the dimension of lexical features l plus the
dimension of sentential features s.
Tensor-based Transformation Tensor describes relatedness between scalars,
vectors and other tensors, hence it has the advantage to explicitly model multiple
interactions in data. For this benefit, tensor-based methods have been used in
many tasks. For example, [16] and [12] applied neural tensor layer to relate input
vectors in the problems of semantic analysis and word segmentation respectively.
In our work, we adopt neural tensor layer to model the interactions of above
extracted features in a mention. Figure 4 indicates this process of tensor-based
transformation. As a result, the correlations among different features can be
captured and more powerful mention level representation can be formed.

Fig. 4: The formulation of neural tensor layer. Each dashed box represents
one tensor slice, which defines the bilinear form on vector m.

Fig. 5: The max-pooling operation to
get entity pair representation. Assume
the first dimension of mention representation corresponds to relation I,
and the last to II. This process indicates a true relation I not relation II
between the given entity pair.

Formally, a 3-way tensor V[1:n5 ] ∈ Rn5 ×n4 ×n4 is defined to directly model
the interactions. The output of a tensor product is a vector a ∈ Rn5 , whose
each dimension ai is the result of the bilinear form defined by each tensor slice
V[i] ∈ Rn4 ×n4 :
a = mT V[1:n5 ] m
X [i]
ai = mT V[i] m =
Vjk mj mk
j,k

As indicated by equations above, in each tensor slice, the interactions are explicitly modeled by the bilinear form of the features in m. Intuitively, we can
interpret each slice of the tensor as capturing a specific type of interaction.
In our work, we augment the above tensor product with linear transformation, resulting in the final form of neural tensor layer:
z = f (mT V[1:n5 ] m + W4 m)
where W4 ∈ Rn5 ×n4 is a linear transformation matrix.
The feature vector z models the interactions among different features extracted from a mention, and thus can be regarded as a more powerful representation
at the mention level.
In our work, we adopt a tensor factorization approach inspired by [12]. In this
way, the calculation of neural tensor layer is efficient and the risk of overfitting
can be alleviated.
2.3

Entity Pair Level Representation

The distinction between distantly supervised relation extraction and traditional
problem of relation classification is that although from knowledge base, we can

figure out what relations the given entity pair has, we have no idea which mentions in texts truly convey these relations. Therefore, only depending on mention
level representation to classify relations may introduce a lot of noises.
In our work, we combine the information embedded in all of the mentions
associated with the given entity pair to form the entity pair level representation.
Formally, we have the max-pooling operation along the same dimension of all
the mention level representations:
ti = maxZ(i, .)

1 ≤ i ≤ n5

Z is a matrix composed of all the mention representations associated with the
given entity pair.
Then, we get the entity pair level representation:
t = [t1 , t2 , ..., tn5 ]T
We use this representation to jointly learn all of the relation labels. This
process is shown in Figure 5.
The benefit of this max-pooling operation to get entity pair representation
is multifold.
First, because distant supervision relation extraction is the entity pair level
classification, we need to combine mention level representations all together to
get global information.
Second, by max-pooling operation, each dimension of entity pair representation can hold the most important feature, which is determinant for the subsequent relation classification. Features not evident will be discarded, this can be
seen as a way of feature denoising. As illustrated by Figure 5, we expect some
dimension of mention level representation is crucial for a certain relation. Then,
if a mention truly conveys this relation, thus has evident value in the corresponding dimension, the max-pooling operation will preserve it, and use it to indicate
a true relation between the pair of entities. Otherwise, if all the mentions do not
express the relation, the feature after max-pooling will not be evident either to
indicate this relation.
Third, operation in this way helps us get a fixed-length feature vector, no
matter how many mentions the entity pair has in texts.
At last, this operation is fairly efficient, and entity pair represented in this
way is easy to calculate.
2.4

Joint Learning of Relations

Relation extraction is actually a multi-label relation classification problem. Given a pair of entities, we have no idea how many relations can be expressed.
Because relation types concerned are not exclusive, it is unsuitable to regard
this problem as a simple multi-classification. In our work, we treat multi-label
relation classification as a set of binary relation identification problems. Concerning a certain relation type, we construct a binary classifier to determine whether

the entity pair has this relation. Formally, we adopt the logistic regression model,
which has the form:
1
P (Yi = 1|t) =
1 + e−ri ·t
where t is the feature vector of entity pair representation, ri is the weight vector
associated with the i-th relation name, Yi = 1 indicates the entity pair expresses
the i-th relation. This logistic function has an obvious explanation, that the
higher the value of P (Yi = 1|t), the greater probability that the entity pair t
indicates the i-th relation.
We can think of this procedure from a joint learning perspective. Instead
of learning a specific entity pair representation for each distinct relation name,
we share entity pair representation for all relations. In another word, the representation learned contains information from all of these relations, hence it can
capture the correlations among different relations. Moreover, this joint learning
procedure can both be efficient and avoid overfitting.
2.5

Training Criteria

Given a pair of entities x, the network with parameter θ outputs a N dimension
vector o (N is the number of relation labels concerned in our work). The i-th
component oi corresponds to the probability that this entity pair has the i-th
relation label, thus:
p(Yi = 1|x, θ) = oi
p(Yi = 0|x, θ) = 1 − oi
Given all our training examples:
T = (x(i) , y (i) )
where x(i) denotes the i-th training entity pair, y (i) is the corresponding N
(i)
dimension vector, and yk = 1 indicates x(i) has the k-th relation.
The log likelihood with a single training sample is:
N
X

(i)

logp(yk |x(i) ; θ)

k=1

And the full log likelihood of the whole training corpus is:
J(θ) =

N
T X
X

(i)

logp(yk |x(i) ; θ)

i=1 k=1

To compute the network parameter θ, we maximize the log likelihood J(θ)
using stochastic gradient ascent:
θ →θ+λ

∂J(θ)
∂θ

where λ is the learning rate controlling the step of gradient ascent.

Remark
Window size
Word embedding dimension
POS tag dimension
NER tag dimension
Distance dimension
Hidden layer 1
Hidden layer 2
Hidden layer 3
Neural tensor layer
Learning rate

Choice
dwin = 3
nword = 50
npos = 20
nner = 10
ndis = 20
n1 = 200
n2 = 100
n4 = 200
n5 = 100
α = 10−3

Table 1: Hyper parameters of our
model DSNN.
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Models
Mintz et al., 2009
Hoffmann et al., 2011
Surdeanu et al., 2012
DSNN

P
26.17
32.05
32.92
29.81

R
22.67
24.05
20.56
33.45

F1
24.29
27.48
25.32
31.53

Table 2: Results at the highest F1
point in the precision-recall curve.

Experiments

To evaluate the performance of our proposed approach, we conduct three experiments. The first one compares our DSNN with previous landmark methods on
the public dataset. The second is carried out in our DSNN framework with or
without the neural tensor layer, the experiment is designed to show the ability of tensor operation to get more powerful mention level representation. The
last experiment displays the distribution of entity pair level representations after training, the result shows the effectiveness of this representation to capture
relation information.
3.1

Dataset

We evaluate our algorithm on the widely-adopted dataset developed by [13]. In
this dataset, Freebase was used as the distant supervision source and New York Times (NYT) was selected as the text corpus. The Freebase relation types
concerned in this dataset focus on four categories of entities: “people”, “business”, “person” and “location”, and NYT data contains over 1.8 million articles
between January 1, 1987 and June 19, 2007, which are partitioned into training
set and testing set. After alignment, we get 51 kinds of relation labels.
3.2

Experimental Results

The hyper parameter setting of our DSNN are reported in Table 1. The POS
tags and NER tags are automatically generated by CoreNLP1 . We initialize
the word embeddings with pre-trained distributed vectors devoted by [4]. The
embeddings of POS tags, NER tags and other weights in our model are randomly
initialized.
1
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Fig. 6: Results comparison on the
Riedel dataset.
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or without the neural tensor layer.
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Fig. 9: The feature vectors of entity
pair representation are visualized using t-SNE.

The first part of our experiments is to compare our work with previous landmark methods [11, 7, 18]. The results of previous work can be reproduced by the
open source code2 developed by [18].
Figure 6 indicates that our DSNN model generally outperforms the current
state-of-the-art results on the Riedel dataset. As shown in the figure, in the area
of low recall, our model performs competitively with previous methods, and as
recall gets larger, the performance of DSNN is significantly better than all of
the competitors. Therefore, our approach gets largest precision-recall area and
highest F1 score, which is shown in Table 2.
As Figure 6 indicates, our approach can maintain a fairly high precision even
when recall is larger. Therefore, when it is the situation that we need to pick
out a large number of candidate relation instances with relatively high precision,
our DSNN model is the most suitable choice.
2
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We can explain this performance improvement via the distinction between
our model and previous ones. Previous approaches more relied on the sophisticated features extracted from mentions, and resulted in a large number of sparse
features. As a consequence, if testing instances can reproduce the features in the
training procedure, the probability of right prediction will be fairly high. However, because of the sparsity, when the features do not match between testing and
training, the generalization ability of feature-based methods will be badly hurt.
With the framework of neural network, our model discards the sophisticated features, learns the entity pair distributed representation. This can be regarded as
the process of letting data decide what are important features for our problem.
Because of this advantage, feature sparsity is alleviated and the generalization
ability is enhanced.
To further clarify the ability of our entity pair representation to aggregate
information from mentions, we conduct experiment on relation instances with
more than 1 mention aligned in texts, with the result shown in Figure 7. The
precision-recall performance in this subset is highly improved compared to the
initial dataset. Therefore, more mentions give more confidence on the prediction
of relations with our approach. With this knowledge, if we are more concerned
with the precision of relation instances extracted, we can resort to the number
of mentions for further improvement.
The second part of our experiments is carried out in our DSNN framework
with or without the neural tensor layer. The comparison of results is illustrated
in Figure 8. As shown in this figure, mention level representation learned by
tensor-based transformation is more powerful and has a good influence on the
performance of distant supervision relation extraction.
The third part of our experiments is to demonstrate the effectiveness of
our entity pair representation. Using t-SNE3 , the feature vectors of entity pair
representation can be well painted as indicated in Figure 9. In this experiment,
we take three kinds of relations into consideration, and each relation contains a
large number of entity pairs holding this relation. As a result of Figure 9, entity
pair instances with the same relation will be gathered together, which shows the
ability of our entity pair representation to convey relation information.

4

Related Work

4.1

Distant Supervision

Distant supervision is first introduced by [5], who focused on the field of bioinformatics. Since then, this approach scaled to many other fields [14, 2, 20]. As
for relation extraction, [11] adopted Freebase to distantly supervise Wikipedia corpus. This work was dependent on the basic assumption that if an entity
pair participates in a relation in the knowledge base, all sentences from texts
that matched the facts are labeled by that relation name. As shown in Figure 1,
this procedure may introduce a lot of wrong labels. To avoid this problem, [13]
3
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relaxed the distant supervision assumption with multi-instance learning framework, which replaced all sentences with at least one sentence expressing the relation. Then [7] proposed multi-label circumstance to enrich previous work. [18]
advanced with a novel approach to jointly model all the mentions in texts and
all the relation labels in knowledge base, resulting in a multi-instance multi-label
learning framework for relation extraction. [19] proposed a generative approach
to model the heuristic labeling process in order to reduce wrong labels. [6] applied matrix completion with convex optimization to tackle the sparsity and
noise challenges of distant supervision. [1] provided partial supervision using a
small number of carefully selected examples. [21] resolved the noise features and
exploited sparse representation to solve the problem.
4.2

Representation Learning

Representation learning is a paradigm to capture the underlying explanatory
factors hidden in the observed data and make learning less dependent on feature
engineering. In the area of NLP, with a powerful representation, classification
can be easily processed. Therefore, the idea of representation learning has been
scaled to many tasks [3, 4, 15].
[22] made use of lexical level features and sentence level features to form
mention level representation, then with a softmax classifier the problem of relation classification was well solved. We get inspiration from their work to form
the features extracted from mentions. However, relation classification is a totally
supervised problem, which has no trouble of wrong labels and multi-label circumstance. With the entity pair representation and joint learning schema, our
model can solve these challenges pretty well. Moreover, we enrich their mention
features with tensor-based transformation, resulting in a more powerful mention
level representation.

5

Conclusion

In this paper, we showed that distant supervision for relation extraction can be
formulated with the framework of deep neural network. In our model DSNN,
interactions of extracted features in a mention are captured to construct more
powerful mention level representation. Then the pair of entities combines the
information from all the aligned mentions, and forms the representation at the
level of entity pair. This process can aggregate evident features from different
mentions, as well as discard noises, which are introduced by the paradigm of
distant supervision. The learned representation then is used to jointly learn all
of the relation labels. Moreover, with the framework of deep neural network,
the heavy job of feature engineering is much alleviated. Experiments show the
effectiveness of the mention level tensor-based transformation and the ability of
the entity pair level representation to capture relation information. Moreover,
we compare our model with state-of-the-art results on the benchmark dataset,
and demonstrate our approach achieves improvements on performance.
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