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Abstract

Distant supervised relation extraction is
widely used for finding relational facts
from texts, but it is coupled with wrong
labeling problem, which in turn hurts the
model performance. To address this is-
sue, we present a sentence-level attention-
based model for relation extraction, in
which we use convolutional neural net-
works to get the semantics of sentences.
Sentence level attention over multiple in-
stances are built, which in turn signifi-
cantly reduces the weights of the noisy
data. We have tested the system with
eKYC data and evaluated the results with
respect to ownership relation extraction
between organizations.

1 Introduction

Generating relational data from plain text is a
very important task in natural language processing
(NLP). Recently, many knowledge bases (KBs)
have been built which help in NLP. KBs mostly
consist of relational facts in tuple format for e.g.
in a sentence Bill Gates is the founder of Microsoft
the tuples are (Microsoft, Bill Gates, founder). To
improve KBs, efforts are being made to automati-
cally detect unknown relational facts. Present su-
pervised relation extraction (RE) systems depend
on label specific training data. Although distant
supervision is quite effective to automatically la-
bel training data, it suffers from incorrect label-
ing when the sentence does not express the rela-
tion but will still be regarded as an active instance.
The main drawback of conventional methods is
that most features are explicitly derived from NLP
tools such as part-of-speech (POS) tagging and the
errors generated in NLP tools will propagate in
this method. Methods based on sentence-level an-
notated data cannot be applied on large scale due

to the lack of human annotated training data. In
this model, we have tried to address the issues by
making full use of all the informative sentences
of each entity pair, and selective attention to de-
emphasize noisy instances.

2 Related work

Relation extraction is one of the most important
features in NLP, many efforts have been made in
supervised extraction. Multi instance learning was
originally proposed to address the issue of am-
biguously labeled training data when predicting
activity of drugs. But all feature-based methods
depend strongly on NLP tools, which suffer from
error propagation problem. Mintz et al (2009) has
used manually engineered features based on part-
of-speech tags and dependency parses to represent
the target relations. Recently, deep learning is be-
ing used to different NLP tools, such as POS tag-
ging, sentiment analysis, parsing and so on. Many
researchers have investigated the possibility of us-
ing neural networks to automatically learn features
for relation extraction. But all these methods suf-
fer from lack of sufficient training data. The se-
lectivity of attention-based models allows them to
learn alignments between different modalities.

3 Methodology

The training corpus is made up of set of sentences
tagged with the entities and the relation between
them. The architecture of the relation extraction
model has two main parts:

• Sentence encoder: For a sentence x and two
entities, a CNN is used to create a distributed
representation of the sentence.

• Selective attention over instances: The dis-
tributed vector representations of all the sen-
tences are figured out, and we use sentence
level attention to choose the sentences which
really convey that relation.



3.1 Sentence encoder
The target sentence x is transformed to its dis-
tributed representation x by a CNN. Words in the
sentence are converted to dense real-valued feature
vectors. Then convolutional layer, max-pooling
layer and non-linear layer are used to construct a
distributed representation of the sentence. The in-
puts to the CNN are raw words of the sentence
x. Each input word is transformed into a vector
via word embedding matrix. We also use position
embedding to specify the position of each word
with respect to each entity pair. Word embed-
dings aim to capture the syntactic and semantic
meaning of the words. Each word is represented
as a real valued vector. Representations are en-
coded by column vectors in an embedding matrix.
Words which are in close proximity to the target
entities are normally informative, which helps in
determining the relation between them. It is nor-
mally determined by the relative distance from the
current word to the head or tail entities

A primary challenge in RE is that the length of
the sentence is not fixed and important data may
appear in any portion of the sentence. In the vec-
tor representation of this model, three rows are re-
served for the surrounding words and two rows are
reserved for the positions. A convolutional layer is
used to merge all these features. Then it is com-
bined with a max-pooling operation to obtain fixed
size vector for the input sentence. Finally, we use a
non-linear function at the output, such as a hyper-
bolic tangent. The diagrammatic representation of
this structure is represented in Figure 3.

3.2 Selective attention over instances
If there is a set S for each entity pair (A,B) and it
has n sentences. The set vector s is then computed
as weighted sum of these sentence vector xi.

s=
∑

i aixi (1)

3.3 Average
Here we assume that all the sentences in the set X
have the same contribution to the representation of
the set. It implies the set s is the average of all the
sentence vectors.

s=
∑

i
1
nxi (2)

3.4 Selective attention
It is impossible to avoid the wrong labeling prob-
lem, so if we consider each sentence equally, the
noisy data will bring in large amount of noise dur-
ing training and testing. We use selective attention
to de-emphasize noisy data.

ai = exp(ei)∑
k
exp(ek)

(3)

The overall approach follows the assumption
that at least one instance of the entity pair will
accurately reflect their relation, and we only use
the sentence with the highest probability in each
set for training. So, the method taken for multiple
instance learning is where weight of the sentence
with highest probability is set to 1 and others to 0.

4 Objective

The main Objective of the relation extraction sys-
tem is to establish relations between different en-
tities marked in the input text.

4.1 Data
The main use case for the relation extraction sys-
tem inside wipro is to get the relations between
different entities in eKYC documents. In the
eKYC documents, entities can be company names.
Relations may be of four types: Immediate par-
ent, ultimate parent, wholly owned, ultimate con-
trolling. e.g. meggitt-finance-limited is a ’wholly
owned subsidiary’ of meggitt-plc. In this sentence,
there is a wholly owned relation between the enti-
ties meggitt-finance-limited and meggitt-plc

5 Architecture of relation extraction

The raw text is taken as a string. The sentence seg-
mentation is done and the whole text is split into
sentences (list of strings). Then the sentence is to-
kenized where to generate a list of list of strings.
This data is run through the POS tagging to give
POS-tagged sentences (list of lists of tuples). Then
entity detection is done by the NER tagger. In
our current experiment, we have used NER tagged
JSON files as the input data for the relation ex-
traction model. Finally, relation detection is done



Figure 1: Pipeline of relation extraction

Figure 2: Model of relation extraction

Figure 3: Distributed Representation of a Sentence
in CNN

to generate the relations among the entities as a list
of tuples. Refer Figure 1 and Figure 2 for complete
pipeline and model of the architecture.

6 NER

Here we use a hybrid approach combining a bidi-
rectional LSTM model and a CRF model, which is
a state-of-the-art approach to named entity recog-
nition. We are given a input sequence x =
(x1, x2...xm), i.e. the words of a sentence and
a sequence of output states s = (s1, s2...sm),
i.e. the named entity tags. In conditional ran-
dom fields we modeled the conditional probabil-

ity p(s1...sm|x1...xm) of the output state sequence
give a input sequence. Then we can model the
probability as a log-linear model with the parame-
ter vector

p(s|x;w) =
exp(w.Φ(x, s))∑
s′ exp(w.Φ(x, s′))

(4)

The idea now, is to replace the linear scoring
function with a non-linear neural network. So we
define the score

score(x, s) =
n∑

i=0

Wsi−1,si .LSTM(x)i+bsi−1,si

(5)
where Wsi−1,si and b are the weight vector and

the bias corresponding to the transition from si−1
to si respectively.

7 Data statistics

7.1 Public data

We use 10,000 training sentences from the pub-
lic dataset NYT10 (New York Times) to train the
model. The word dimension is 50 and no. of rela-
tions is 53.

7.2 eKYC data

We use 400 training sentences from the eKYC
dataset to train the model and test it on 100 sen-
tences from the same. The word dimension is 50
and no. of relations is 4.

8 Process

First, we got the data for eKYC from 1114 docu-
ments in JSON format where for each organization
we got 2 corresponding JSON files. One JSON
file contained all the entities and relation, and
the other one contained the sentence information.
So we extracted those sentences where both the
entities were present and thus we got 2 entities and
relation for one sentence for each organization.
The format for the file used to train the model was:
< Index1 >< Index2 >< E1 >< E2 ><
Relation >< Sentence > ###END###
Index1 and 2 are randomly generated number for
two entities.

Refer to Figure 4 for two examples of the afore-
mentioned format in tabular form:



Figure 4: Format of input sentences given to the
model

9 Results

The threshold score is determined by the F1 score,
which is the third score in the output file. Each
value of the threshold score corresponds to a
certain accuracy as depicted in the Accuracy vs
Threshold score graph.

9.1 Observations from public dataset
The summary of the results from public dataset is
tabulated in Table 1.

We get a smooth straight line with falling scores
which helps us determine the threshold score to
get a good prediction (refer Figure 5).

From the results,we can conclude that the
model accuracy is good for scores above 0.9.

9.2 Results summary from public dataset

Threshold
Score

Correct predic-
tions

Incorrect
predictions

Accuracy

0.8-0.85 73 111 39%
0.85-0.9 96 99 49%
0.9 -0.95 131 93 58%

Table 1: Public dataset results

9.3 Observations from eKYC dataset
For the eKYC dataset, it is difficult to attain a
threshold score, due to relatively small dataset.
The graph generated by the score vs prediction
curve (refer Figure 6) is also very jagged and in-
consistent, and it is difficult to draw conclusions
from it. From the eKYC dataset, we managed to
attain an accuracy of 42

Figure 5: Score vs Prediction graph

The summary of the results from eKYC dataset is
tabulated in Table 2.

9.4 Results summary from eKYC dataset

Relation name Correct predic-
tions

Incorrect
predictions

Ultimate parent 21 27
Immediate parent 9 12
Wholly owned 2 5

Table 2: eKYC dataset results

Figure 6: Score vs Prediction graph

9.5 Sample observations from eKYC dataset

Some sample observations from the eKYC dataset
are presented in tabular form in Figure 7.

Figure 7: Examples of sample observations



9.6 Observations on medical dataset
Apart from eKYC documents, we also experi-
mented the CNN architecture based relation ex-
traction system on health care documents. The
corpus consists of sentences containg Drug-
Dosage and Drug-Adverse Reaction relations. Ta-
ble 3 conains the statistics of the training and test
data set and the accuracy of the results.

Relation name Total train-
ing/test data
set

Accuracy

Drug-Dosage 230/49 90
Drug-Adverse Reaction 230/49 90

Table 3: medical dataset results

The accuracy is very high due to only 2 class of
relations are present in the data set.
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10 Conclusions

In this paper we have discussed the complete work
flow for finding out relations between Named en-
tities in bothe NY10 and eKYC data set. Also we
evaluated the results and found some interesting
observations regarding the threshold score for get-
ting the optimum results. Due to sparsity of data
we are not able to get optimum results for eKYC
domain. But we could get promising results on the
medical data set. Further we want to explore the
transfer learning approach for obtaining the net-
work parameters from a larger domain and apply
it to a smaller but similar domain for getting sim-
ilar relation. Also we want to apply distributional
semantics to capture the semantics of the relations
and its argument structure with named entities.
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