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Abstract—Distantly supervised relation extraction can label
large amounts of unstructured text without human annotations
for training. However, distant supervision inevitably accompanies
with the wrong labeling problem, which can deteriorate the
performance of relation extraction. What’s more, the entity-
pair information, which can enrich instance information, is
still underutilized. In the light of these issues, we propose
TMNN, a novel Neural Network framework with a Trade-off
Mechanism, which combines the feature of text and entity pair
on the sentence level to predict relations. Our proposed trade-off
mechanism is a probability generation module to dynamically
adjust the weights of text and corresponding entity pair for each
sentence. Experimental results on a widely used dataset show
that the proposed method reduces the noisy labels and achieves
substantial improvement over the state-of-the-art methods.

I. INTRODUCTION

Relation extraction is widely used in many tasks such
as Knowledge Base Construction [1], [2], Information Re-
trieval [3], and Question Answering [4], [5]. It is usually
defined as the task of predicting attributes and relation-
s for entities in a sentence [5]-[7]. For example, (Apple,
/business/person/company, Steve Jobs) is a relational fact
in Knowledge Bases (KBs). A relation classifier is used for
predicting the relation /business/person/company from a
given sentence like “Steve Jobs is the chief of Apple”.

A major challenge in relation extraction is the lack of large-
scale, real-world training data. Distant supervision [8] has
been proposed to solve this problem because it can get large-
scale labeled training data by aligning KBs to text corpus
automatically. However, distant supervision always suffers
from wrong labeling problem [9]-[11], such as false negative
examples. False negative examples usually are caused by the
relations of entity pairs missed from KBs and are labeled
as “Not a relation” (NA). To alleviate the wrong labeling
problem, significant research efforts have been made. Zeng
et al. [12] proposed a multi-instance strategy to alleviate
the influence of wrong labeling. This method assumes that
at-least-one sentence can express the relation of entity pair
and then only selects the highest confidence sentence for
each entity pair to train. Lin et al. [13], [14] considered all
the sentences with various attention strategies. The authors
introduced sentence-level attention and multi-lingual attention
with Convolutional Neural Networks (CNNs), which assign
each sentence with different weights. Liu et al. [15] further
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exploited entity-pair representation and the confidence of the
original label to obtain a new label, where the confidence is
calculated by all related sentences for the entity pair [13].

As can be seen, most existing studies [12]-[14] reduce
noises by leveraging raw sentence information. Only some
research [15] has imported the corresponding entity pair as
the only adjuster to correct those noisy instances for multi-
instance methods. However, they ignore the fact that the same
entity-pair information has different influence on different
sentences in a bag. For example, the sentence “Obama is
indeed from America” reflects “Nationality” relation between
“Obama” and “America”. However, it may be regarded as a
NA sentence, because its structure is far from the “X of Y”
structure which stands for the “Nationality” relation type in
most positive instances. At this time, we correct the wrong
label more dependent on entity-pair semantics, compared with
these sentences containing the “X of Y” structure. But only
one adjuster on the entity-pair level may not adapt to every
relevant sentence. Therefore, considering that the entity pair
like (Obama, America) having different meanings in differ-
ent contexts may cause wrong labeling problem, we propose
adding the entity-pair feature on the sentence level to enrich
training information. In addition, we also design a trade-off
mechanism to dynamically adjust the impact of the original
feature and entity-pair feature for each sentence to alleviate
the wrong labeling problem.

In this paper, we propose TMNN, a novel neural net-
work framework for distantly supervised relation extraction
through a trade-off mechanism. First, our model calculates the
sentence representation and the entity-pair representation for
each sentence respectively, where the sentence part is based
on Bidirectional Gated Recurrent Unit (Bi-GRU) with word-
level attention and the entity-pair part uses a full-connection
encoder. Second, we design a novel trade-off mechanism to
balance the weights of sentence feature and entity-pair feature
for each sentence and combine these feature representation-
s as the instance representation. Finally, the model adopts
instance-level attention for each instance representation to
predict relations. To evaluate the effectiveness of TMNN, we
apply the model on a benchmark NYT-Freebase dataset [10].
Experimental results show that our proposed method achieves
improvements over the state-of-the-art methods.

The rest of our paper is organized as follows. We outline
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related work about distantly supervised relation extraction in
Section II. Section III gives a detailed description of TMNN
model. Then, Section IV evaluates the performance of TMNN
and analyzes the experimental results. Finally, we summarize
this paper and present our future work in Section V.

II. RELATED WORK

Relation extraction has been one of the hot issues in Nat-
ural Language Processing (NLP). Traditional full-supervised
learning methods are difficult to achieve high efficiency due to
high cost of manual labeling. Thus, researchers have proposed
many relation extraction methods, such as bootstrapping [16]
and distant supervision [8]. Among them, distant supervision
relies on KB to achieve annotation automatically and rapidly.
Since it is convenient to label, the method is widely used.
However, wrong labeling problem caused by alignment text
corpus is difficult to solve [9]-[11].

To alleviate the wrong labeling problem, Bunescu and
Mooney [17] connected weak supervision with multi-instance
learning and extended it to relation extraction. Specifically,
sentences as instances are grouped into a set of bags to label.
Multi-instance learning considers the reliability of the label for
each bag. If at-least-one instance in the bag is positive, a bag is
labeled positive. Using these labels to train, relation extraction
can learn a classification function that can predict the labels
of bags in the testing data. However, feature-based relation
extraction methods strongly rely on the features generated by
NLP, which may cause error propagation.

With the rise of deep learning, Zeng et al. [12], [18]
first combined at-least-one multi-instance learning with neural
network model to extract relations on distantly supervised
data, but the at-least-one method may lose a large amount
of rich information containing in those neglected sentences.
Different from the at-least-one method, attention strategy can
help model to learn input by supplying different weights. A
machine translation task [19] tried to apply attention firstly
in the field of NLP and got great feedback. Inspired by this,
Lin et al. [13] proposed sentence-level attention over multiple
instances, which can utilize sentences information thoroughly.

Although these methods achieve great success, most of them
only focus on text information, not taking the corresponding
entities feature into consideration. Liu et al. [15] began to
consider entity-pair information as a weight on the bag-level
to correct those wrong labels, which is obtained by calculating
the combination of sentences in the multi-instance bag. One
concern is that an entity pair may play different roles in
different sentences. After that, Lei et al. [20] considered
sentence feature and the corresponding entity-sequence feature
consisting of all mentioned entities, and train them respec-
tively on the sentence level. Entity-sequence can gain robust
superiority, but redundant entities information compared with
entity-pair also may bring in noises.

In this study, we propose TMNN, a novel distantly su-
pervised relation extraction method, which attempts to inte-
grate entity-pair feature from triples with text information on
the sentence level, to alleviate the wrong labeling problem.

9.

TMMN has two advantages. First, it combines text infor-
mation and the corresponding entity-pair information into
instance information without external sources and outperforms
most of the state-of-the-art methods. Second, motivated by
Pointer-generator Network [21], TMNN proposes a trade-off
mechanism to dynamically adjust the influence of entity-pair
representation and text representation on the sentence level.

III. METHODOLOGY

Our goal is to predict relation r for the entity pair (e, es).
In this section, we describe the procedure that handles the
sentences in a bag to achieve our goal. This procedure includes
four main parts: Input Representation, Bag Encoder, Trade-off
Mechanism, Instance-level Attention and Optimization. Figure
1 illustrates the architecture of our approach.

A. Input Representation

As Figure 1 shows, given a set of sentences S =
{s1,82,83,...,8m} and the target entity pair (e;,es2), we
adopt multi-instance learning to take a bag of sentences
containing the same entity pair as input and compute the
probabilities for each relation as output. For each training
module, the bag will be split. The inputs of the model are
raw words of the sentence s and the target entity pair (e, es)
from the bag. Then the sentence s, the head entity e; and the
tail entity e, are mapped to vectors through an embedding
layer respectively.

1) Sentence Embeddings:

a) Word Embeddings: For each sentence consisting of
n words s = {x1, 2,3, ..., T, }, the word x; is the i*" word
in the sentence, which can be mapped to a real-valued vector
v; from an embedding matrix V,, € RwxIVI where V is a
fixed-sized vocabulary and d,, is the size of word embedding.

b) Position Embeddings: In relation extraction, the word
nearby the target entity is usually informative, especially some
trigger words. It may determine the relation for entity-pair. So
we use position embeddings specified by entity pairs following
Zeng et al. 's work [18]. Position embeddings request com-
puting the relative distances of the current word to the head
entity e; and the tail entity eo. Then, we transform the relative
distances to two entities into real-valued vectors p; from a
randomly initialized position embedding matrix V,, € R%* |P]
separately, where d,, is the size of position embeddings and P
is the fixed-size distance set.

Finally, we concatenate word vector v; and position vector
p; as a sentence embedding S;, S; € R% 124 and then input
S; into the word-sequence encoder from Bag Encoder.

2) Entity-pair Embeddings: According to the property of
word vector, vector representations between similar words
are close to each other. Following Ji et al. [22] and Yang
et al. [23], we believe entity-pair representation can help
model to distinguish different categories of relational facts.
Therefore, we encode e; and e, into vector representations
looking up from the same embedding matrix V,, used in word
embeddings. Finally, we calculate a relation representation V.
using point-wise multiplication for two entity vectors (e1, ea).
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Fig. 1. The overview framework for TMNN.

B. Bag Encoder

Bag Encoder architecture contains a word-sequence en-
coder using Bidirectional Gated Recurrent Unit (Bi-GRU)
with word-level attention and a full-connection encoder. Gated
Recurrent Unit (GRU) is regarded as a simplified version
of Long Short-Term Memory (LSTM) because GRU inherits
the merits of gating mechanism with less parameters [24].
However, GRU networks process sequences in temporal order
neglecting future text. Bi-GRU can exploit information both
from the past and the future because the network contains
two sub-networks for the left and right sequence context,
which are forward and backward propagation respectively.
Hence, we utilize Bi-GRU with word-level attention to get
high level feature from each sentence. We concatenate each
forward state h{ and backward state h? for each word to
encode patterns in the sentence s; into a hidden representation
of h;. By calculation, the output of the i*" word is shown in
the following equation:

-

hi = [h] @ h!] (1)

Here, we use element-wise sum to combine the forward and
backward outputs.

Inspired by Zhou et al. [25], we use word-level attention to
integrate word representations into sentence representation. We
define a matrix H € R¥s*Itl which concatenates all output
vectors [hy, ha, h3, ..., h] calculated by Bi-GRU in Equation
(1), where wg is the dimension of the word vector in Bi-
GRU and ¢ is the sentence length. The representation ~y of the
sentence is formed by a weighted sum of these output vectors
as follows:

M = tanh(H) 2)

o = softmaz(w’ M) 3)

v=Ha" “)

where w” is a trained and transposed parameter vector. The

dimension of w, a, v is wy, t, w, respectively. We obtain
the final sentence representation used for trade-off mechanism
input from:

hy = tanh(7) ®)

-3-

To make full use of the known information, we employ full-
connection layer to encode V,. into entity-pair representation
er. We define a matrix W,. € Rl4w|x9 a5 a training parameter
matrix to encode entity pairs, where g is defined as the hidden
cell size of Bi-GRU. The entity-pair representation e, in a bag
is generated as follows:

e, = WV, 6)

C. Trade-off Mechanism

Considering the different effects of the sentence repre-
sentation h, and the corresponding entity-pair representation
e, for each sentence, we propose a trade-off mechanism,
which adjusts the influence of each sentence information and
the corresponding entity-pair information to generate instance
representation f,. dynamically. The trade-off mechanism work-
flow is shown in Figure 2.

Instance Representation f;

Entity-pair
Representation

Sentence
Representation

Fig. 2. The trade-off mechanism workflow.

In Figure 2, a trade-off probability p, € [0, 1] for each time
step is calculated from the sentence representation h, and the
entity-pair representation e, as follows:

Dy = U(thr + wger + bpir)

(7
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where vectors w,, w, and scalar by, are learnable parameters
and o is the sigmoid function. Then, p;, can be regarded as
a soft adjuster changing the confidence of the sentence repre-
sentation h, or the entity-pair representation e, to determine
relational facts. For each sentence, we denote the union of
the sentence and the corresponding entity pair from source to
correct the judgement of our model. We obtain the following
instance information distribution f,. for each original data:

fr = pper + (1 - pb)hr (8)

Thus, if the syntax and semantic information in the sentence
can clearly reflect the labeled relation, then py is close to zero
and the sentence feature h, is more helpful to judge relational
facts. On the other hand, if the sentence feature is not obvious,
our model will focus on entity-pair representation e,..

D. Instance-level Attention and Optimization

As revealed by Lin et al. [13], each instance does not have
the equal status in the bag. Therefore, it is necessary to use
attention to neglect the noisy instance. Hence, we calculate
high level extracted feature F,. using instance-level attention
as follows:

Fro=Y aifr ©)
n=1
= eXp(f’I"iAT) (10)

b Yo exp(frAr)

where F,. is the relation representation of an instance, r is
randomly initialized global relation vector which represents
the classification of relations and A is a randomly initialized
weighted matrix.

Finally, we import a softmax classifier to predict relation.
Here, we use the following formula to calculate output condi-
tional probability P(r|S,#) for each relation:

y=WZF.+b

exp(y)

k
>iz1exp(yi)
where W is the representation matrix of relations and b € R™
is a bias, k& denotes the number of relational classifications. In
addition, to optimize our model, we calculate loss using cross-
entropy, adopt stochastic gradient descent (SGD) to find the
optimal solution and prevent overfitting with L2 regularization
and dropout.

(1)

P(r]S,0) = (12)

1V. EXPERIMENTS
A. Experimental Settings

In this paper, we conduct experiments on the widely used
NYT-Freebase dataset [10]. This dataset contains 53 relations
including a special relation NA which indicates there is no
relation between head and tail entities. This dataset was
generated by aligning Freebase relations with the New York
Times corpus. Moreover, there are 522,611 sentences, 281,270
entity pairs, 18,252 relational facts in the training data and
172,448 sentences, 96,678 entity pairs, 1,959 relational facts

4 -

in the testing data. The large size of the dataset can supply us
more information to train. Similar to previous work [10]-[15],
[18], [20], we evaluate our model in the held-out evaluation
with Precision-Recall (P-R) curve and top-N precision (P@N)
metrics. The evaluation is done by comparing the relations
found in testing articles with those in Freebase.

Following previous work, we fine tune our model using
validation on the training data. We use the word embeddings
released by Lin et al. [13], which are trained on the NYT
corpus using the word2vec tool. We select batch size among
{50,100, 150,200}. For other parameters, we follow the set-
tings used in the experiments of Lei at al. 's work [20]. Table
I shows the detailed parameters used in the experiments.

B. Compared with Previous Methods

In this section, we compare our model with several feature-

based and neural-based methods through held-out evaluation.

a) Feature-based Methods: Feature-based methods uti-

lize NLP tools to discover syntactic or semantic information
to infer results. Here, we choose three methods as follows:

o Mintz [8]: It is a traditional distantly supervised model
with multiclass logistic regression.

o MultiR [11]: The model uses a probabilistic graphical
model of multi-instance learning which can handle over-
lapping relations.

e« MIML [9]: It is another probabilistic graphical model,
but it is joint both multiple instances and multiple rela-
tions.

b) Neural-based Methods: Recently, most high perfor-
mance methods are based on neural networks. We select the
following four recent neural-based methods:

e CNN+ATT [13]: It is a sentence-level attention model
over instance learning.

e PCNN+ATT [13]: The model is based on CNN+ATT,
which achieves great performance with the piecewise max
pooling.

o PCNN+ATT+soft-label [15]: This method adds a soft-
label adjuster to PCNN+ATT, which takes both the
confidence of distantly supervised labels and entity-pair
representations into consideration.

o« CORD [20]: It shows a cooperative denoising method
for distantly supervised relation extraction based on Bi-
GRU with two attentions and external rule knowledge,
which considers all mentioned entities from the corpus
as entity-sequence feature for each sentence.

Figure 3 draws the P-R curves for all compared methods
on the whole test data, we can observe that: (1) As for
all methods based on neural networks, they achieve higher
coverage than the feature-based methods. This indicates that
neural networks with multi-instance can express sentence
information better than the methods using the human-designed
feature. (2) Three methods drew by dashed lines have obvious
improvement compared with others, especially when the recall
is over 0.10, because they all take entity information into
account. Note that, TMNN and PCNN+ATT+soft-label using
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TABLE I
PARAMETER SETTINGS.

Word dimension d., Position dimension dp

Batch size B Cell size of GRU d.

Learning rate A Dropout probability p

50 5 50

entity-pair information gain more superiority compared with
entity-sequence embedding method in CORD. The reason
may be that utilizing more entities information can bring in
some extra noises. (3) TMNN outperforms other methods
on most recall area. This demonstrates the effectiveness of
TMNN. TMNN can express information fully by the trade-off
mechanism combining text information and entity-pair feature
on the sentence level. Although PCNN+ATT+soft-label also
considers the entity-pair representation, the model only regards
the entity-pair representation as a weighted combination of all
sentences on the bag level. It might cause noises because the
effect of entity pair is different for each sentence in the real
world.

1.0

—— CNN+ATT
o a4 —— MultiR

0.9 9f MIML

Mintz

PCNN+ATT
PCNN+ATT+soft-label

Precision

0.3 T r T \\\
0.00 0.05 0.10 0.15 0.20 0.25
Recall

0.30 0.35 0.40

Fig. 3. P-R Curves comparing TMNN to previous methods.

C. Effect of Entity-pair Information and Trade-off Mechanism

We evaluate the effect of entity-pair information and the
trade-off mechanism in our relation extraction method by com-
paring the performances before and after removing the corre-
sponding feature or the mechanism. Among them, TMNN-TM
is the model removing the trade-off mechanism by setting
the fixed weighted parameter p, as {0.1,0.2,...,0.8,0.9}
respectively. In Figure 4 and Table II, TMNN-TM only shows
the fixed weighted parameter p; as 0.5, because the others have
similar results. TMNN-EPF is a Bi-GRU model combining
word-level attention and sentence-level attention without the
entity-pair feature and the trade-off mechanism. Here, we
analyze their P-R curves from Figure 4 and their P@N results
on the whole test data in Table II.

As Figure 4 shows, we can see that when the recall is over
than 0.10, the performance of the TMNN-EPF method declines

-5._
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Fig. 4. P-R Curves comparing TMNN with models removing entity-pair
feature or trade-off mechanism.

more quickly than that of the TMNN-TM/TMNN. Obviously,
there is a gap between TMNN-EPF and methods considering
entity-pair information in Figure 4. It proves that entity pairs
in the dataset can supply more valuable information to help
distantly supervised relation extraction denoising. Then, we
compare two methods that involve both the sentences and
the corresponding entity pairs. TMNN has higher coverage
than TMNN-TM, which indicates that different entity pairs
or sentences may have different optimal influence factors.
Therefore, the descent of TMNN-TM is close to TMNN, but
the TMNN method has robust superiority over the method with
fixed weighted parameter p.

TABLE 11
P@N ON THE WHOLE TEST DATA
Test Settings | P@100(%) | P@200(%) | p@300(%) | Average(%)
TMNN 87.0 82.5 77.3 82.2
TMNN-TM 87.0 78.5 74.0 79.8
TMNN-EPF 80.0 75.0 71.3 75.4

In Table II, we observe that TMNN gets the highest pre-
cision. Compared the first row with other rows, the trade-
off mechanism with entity-pair feature can improve precision
by 3%-7%. 1t further reflects that adjusting dynamically the
trade-off probability according to different contexts may bring
great benefits. In contrast, setting the fixed parameter limits
the flexibility of the effect of text and entity pair, especially
when there is more than one sentence in the bag.
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TABLE III
P@N ON THE MORE-THAN-ONE-SENTENCE TESTING DATASETS.
Multi-Instance Top N CNN+ATT(%) | PCNN+ATT(%) | TMNN-EPF(%) | TMNN-TM(%) | TMNN(%)

100 76.2 73.3 70.0 83.0 86.0

One 200 65.2 69.2 60.0 77.0 76.5

300 60.8 60.8 54.0 67.3 71.0

Average 67.4 67.8 61.3 75.7 77.8

100 76.2 77.2 79.0 80.0 88.0

Two 200 65.7 71.6 65.0 77.5 77.0

300 62.1 66.1 58.3 69.3 71.3

Average 66.9 71.6 67.4 75.6 78.7

100 76.2 76.2 79.0 84.0 92.0

All 200 68.6 73.1 72.0 77.0 83.0

300 59.8 67.4 61.6 72.0 75.6

Average 68.2 72.2 70.8 77.6 83.5

D. Effect of Sentence Number TABLE IV

To demonstrate that our method is effective to multi-instance
learning, we select the entity pairs which have more than one
sentence in the testing data. In Table III, the testing datasets
are distinguished from the whole testing data. We select one,
two, all sentences for each testing entity pair. Note that, for
one or two sentences, we select sentences randomly, and we
also use all the sentences for the training data. Following Lin
et al. [13], we report the P@100, P@200, P@300 and the
average of them for each model.

As shown in Table III, we can see that our models are simi-
lar to CNN+ATT and PCNN+ATT for multi-instance learning,
which get higher precision on the average as the sentence
number increases. TMNN-EPF as the basis of our model
achieves comparable results with CNN+ATT and PCNN+ATT,
which reveals the effectiveness of the Bi-GRU model with two
attentions that can be the backbone of the TMNN framework.
But as sentence number increases, their precision declines
quickly. By contrast, TMNN-TM and TMNN achieve great
improvement, because they correct wrong text information
by the corresponding entity-pair feature for each instance.
However, TMNN-TM regards entity-pair and text as the fixed
effect ignoring the importance of feature selection. Hence,
TMNN can have about 3%-6% improvements for the average
results to TMNN-TM.

E. Case Study

We further pick two examples from the whole testing
data to illustrate the effectiveness of our adjustable trade-
off mechanism. In Table IV, we show two instances and the
corresponding text weights and entity-pair weights, where the
weights are learned by the trade-off mechanism. We highlight
the entity pairs and larger trade-off weights in bold format.

From Table IV, we can find that different sentences have
different degrees of dependence on text information and entity-
pair information. The former example is related to the relation
“Location contains”. The expression “including” as a trigger
can help machine predict relation accurately. So, the text
weight is close to 1. Similarly, the next example has the
keyword “chief” to express the relation “Business company”.

113

However, some obvious interference information such as “a

-6-

TWO TESTING EXAMPLES USING TMNN.

Text Entity-pair

Relation Text

Weight Weight

There are many more in Alas-
ka, including the 20, 320-foot
Denali, also known as Mount
McKinley, the highest peak in
north America.
Eric_e._schmidt, who is chief
executive of google as well as
a member of apple's board, and
jerry yang, co-founder of ya-
hoo, came on stage to endorse
the new hand-held.

Location

0.8825 .
contains

0.1175

Business
company

0.2567 0.7433

member of”, “co-founder”, and additional person “jerry yang”
can confuse the judgement of machine because of the position
and semantics of these words in the sentence. At this time,
entity-pair feature can correct the instance representation using
a high entity-pair weight as 0.7433. In this way, our proposed
trade-off mechanism can help reduce the wrong labeling
problem for distant supervision effectively.

V. CONCLUSION AND FUTURE WORK

In this paper, we introduce a neural framework for distantly
supervised relation extraction through a trade-off mechanism.
The framework can adjust the effects of text and entity-
pair in the dataset by scaling weights dynamically to reduce
wrong labeling problem. We show that considering entity-pair
information on the sentence level can provide rich information
for training. Besides, our proposed trade-off mechanism can
help machine select valuable information adaptively to reduce
noises from wrong labels. The experimental results on the
NYT-Freebase dataset illustrate that our model outperforms
those state-of-the-art feature-based methods and neural-based
methods.

In the future, we plan to combine our method with knowl-
edge graphs. For example, some representation learning meth-
ods like TransE [26] and ConvE [27], can provide more
valuable information to reduce noises. To further improve its

Authorized licensed use limited to: Dalian University of Technology. Downloaded on January 26,2021 at 11:29:27 UTC from IEEE Xplore. Restrictions apply.

paper N-19163.pdf



Distantly Supervised Relation Extraction

performance, we also plan to find a more suitable entity-pair
encoder for our TMNN method.
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