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Preface

It is no longer necessary to emphasize that computer
science is omnipresent today. Terms as digitalization,
Industry 4.0 etc. are frequently heard in the mass media
and are becoming a part of our everyday life. The rapid
advances in computer science require a large investment
in research and development. In particular, it is impor-
tant to educate young scientists, which is one of the
objectives of the StuCoSReC conference.

In front of you is the proceedings of the fifth Stu-
CoSReC conference. The StuCoSReC is intended for
masters & PhD students to show their research achieve-
ments. Socializing is also important and the confer-
ence is an excellent opportunity for students to get to
know each other. The conference connects students of
computer science and goes beyond the invisible limits of
faculties. The uniqueness of StuCoSReC conference is
that it is organized each year by different higher educa-
tion institution. The University of Ljubljana - Faculty
of Computer and Information Science is proud to host
the conference this year.

Twelve papers addressed this conference, covering sev-
eral topics of the computer science. All the papers were
reviewed by two international reviewers and accepted
for the oral presentation.

ref. prof. dr. Nikolaj Zimic
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Named Entity Recognition and Classification using
Artificial Neural Network

Luka Basek
Fakulteta za elektrotehniko, racunalnistvo in
informatiko
KoroSka cesta 46
2000 Maribor, Slovenija
luka.basek@student.um.si

ABSTRACT

In this paper, we will analyze variants of Long-Short Term
Memory (LSTM) and Gated Recurrent Unit (GRU) based
models for sequence tagging, special for Name Entity Recog-
nition (NER). The models which will be analyzed include
LSTM network, bidirectional LSTM network (BI-LSTM),
GRU network and bidirectional GRU network (BI-GRU)
and using pre-trained GloVe vectors !, Part of speech and
characters embedding for features. We evaluated our models
with data set for sequence labeling task CoNLL 2003 corpus.
We obtain F1 score on this dataset - 86.04% 2.

Keywords

Natural Language Processing, Named Entity Recognition,
Neural Network, Recurrent Neural Network, LSTM, GRU,
Keras, GloVe vectors

1. INTRODUCTION

By developing information technologies, people today have a
quick and wide access to a large amount of data. Everyday
we meet a lot of sources of knowledge such as social net-
works, news, reviews, blogs, etc. There is a lot of data but
the data is simple and raw isolated facts which have some
meaning [15]. In the world is more and more data every
day and data have to be analyzed to become a useful infor-
mation. The computer can quickly process data and store
the information. However, the computers without human
presence can’t analyze text and provide information about
text. For this purpose, computer science has developed a
lot of methods and techniques for analyzing and discover-
ing knowledge. The field of Natural Language Processing
(NLP) is an interdisciplinary area at the crossroads of com-
puter science, artificial intelligence and linguistics. Our goal
is Information Retrieval, more specifically the task of Named

"https://nlp.stanford.edu/projects/glove/

2The code of the this project is available at:
https://github.com/lbasek /named-entity-recognition
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entity recognition.

To solve the problem of Named entity recognition, a variety
of machine learning algorithms were used. The set of al-
gorithms was composed of several statistical models such as
the Hidden Markov Models (HMM) Florian et al. (2003) [4],
Maximal Entropy Models (MaxEnt) Chieu et al. (2003) [1],
Conditional Random Fields (CRF) McCallum et al. (2003)
[12]. There are some machine learning methods but in this
paper, we decide to use deep learning methods. On CoNLL
2003 one of the solutions contain Recurrent Neural Networks
(RNN) with LSTM cells Hammerton (2013) [7] and this is
the start point of our work.

The task is to explore deep learning methods in NLP and
more specific for Named Entity Recognition (NER). Back in
the few years, the neural networks have proved to be effec-
tive in the NLP area such as Text Classification Zhang et al.
(2015) [21], Sentiment Analysis Severyn et al. (2015) [17],
Part of speech tagging Wang et al. (2015) [19].

In the case of solving the problem of Name Entity Recogni-
tion, Hammerton (2003) [7] using RNN with LSTM cells pre-
sented by Hochreiter et al. (1997) [8]. Huang et al. (2015)
[9] presents more complex models for NER based on the
LSTM network, Bi-directional LSTM network, and various
combinations with the CRF layer.

In this paper, we propose a variety of recurrent neural net-
works based models which include LSTM networks, bidirec-
tional LSTM networks (BI-LSTM), GRU networks and bidi-
rectional (BI-GRU) networks. Beside network architectures,
we include additional features to help neural networks learn
about the context of words. We include pre-trained GloVe
for word representation, Part of Speech tags and Characters
Embedding. We evaluate our models on English data from
CoNLL 2003 shared task Sang et al. (2003) [16]. Our best
F1 score is 86.05%. Slightly worse than current attractive
solutions which have F1 score 91.21%, Xuezhe et al. (2016)
[11] but this is a good starting point for improvements.

2. MODELS

In this section, we describe the models used in this paper:
LSTM, BI-LSTM, GRU, BI-GRU.

2.1 LSTM Network

For operating sequential data the RNN is the most used ap-
proach. RNN takes as input a sequence of vectors ¥ =
(z1,...,2n) and return another sequence h = (R, .oy hn)
that represents some information about the sequence by one-
time unit. Reading articles about RNN, in theory, it works

DOI: https://doi.org/10.26493/978-961-7055-26-9.65-70



but not in practice. The LSTM have been developed to
avoid classic RNN problem about memory-cell and can han-
dle the long-range dependencies.

LSTM was introduced in 1997 by Sepp Hochrieiter and Jiir-
gen Schmidhuber [8]. LSTM cell has three gates: the forget
gate, input gate, and output gate. Figure 1 shows the struc-
ture of the LSTM cell. All gates contain sigmoid function
where the cell decide how much information will be blocked
or passed from the cell. It’s known the sigmoid function
takes input and presents the output values in the range [0,1].
The value 0 means let nothing through, and the value of 1
means let everything through. These gates have own weights
that are adjusted via gradient descent method.

®
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Figure 1: The structure of the LSTM cell [13].

The LSTM cell is performing by the following formulations
[11]:

fi=0Wyssxhi1+Us*x +by)

it = o(Ws x he—1 + U; * x4 + by)

Cy = tanh (We s ht—1 4+ Ue * 2t + bc)
Cy :ft*ct—l"‘it*ét

ot =0 (Wo xhi1+ Us * 2t + bo)

hi = o, * tanh (Cy)

where o is the element-wise sigmoid function. x; is the input
vector at time t. h; is the hidden state vector which storing
useful information at time ¢. Weight matrices are denoted
by Ui, Uy, Ue, U, for input z, and W;, Wy, W, W, for
hidden state h;. Bias vector is denoted by b;, b, b, and b,.

2.2 GRU Network

Gated Recurrent Unit or GRU is a variant of LSTM memory
cell introduced in 2014 by Chung et al.[2]. GRU is a little
bit simpler than LSTM, GRU has two gates: update gate
z and reset gate r. Figure 2 shows the structure of the
GRU cell. The update gate helps the model to determine
how much of the past information needs to be passed along
to the future while with the reset gate helps to determine
how much information has to be forgotten.The GRU cell is
performing by the following formulations [3]:

2t =0 (Woxhi—1 + Uy % x4)

re = o (Wyx hym1 + Us * )

he = tanh (W s [he_1 7] + W s )
he = (1 — 20) % hu—1 + 21 % g

where the output from update gate with z; and the output
from the reset gate is calculated with r; at the time ¢. h; is
the vector which contains information for the current cell at
the time t and forwards this information into the network.

h’i—l( o \ »

Figure 2: The structure of the GRU cell [13].

2.3 BI-LSTM / BI-GRU Network

In the task of NER, it would be nice to have access to both
sides of input features, in our case sentences. Therefore,
we using bidirectional LSTM/GRU network as proposed in
Graves et al. (2013) [6]. The shortcoming of the layer with
only LSTM cells is that it is only able to make use of the
previous context of words and knowing nothing about the
future. The idea of the bidirectional layer is using two sepa-
rated hidden layers which are capture past and future infor-
mation. In the end, the value of output is equal of concate-
nated these two hidden states. The graphic representation
of bidirectional RNN is presented in Figure 3. Using bidi-
rectional layer we have access to the long-range context in
both input directions.

Outputs s Y- Yt Yty1 - - -

Backward Layer 4— e @
Forward Layer e @ —>

Inputs ce Tp—q T Tif1 - - -

Figure 3: Bidirectional layer of Recurrent Neural
Network [5].
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3. TRAINING

In this section, we will present details about the training pro-
cedure. Our project is created using the Python® program-
ming language and popular library Keras? for implementing
neural networks. For all models, we train our networks us-
ing the back-propagation algorithm with categorical cross-
entropy loss function. For parameter optimization we using
RMSprop optimizer with learning rate n = 0.001 as rec-
ommended by Keras library documentation. At the output
layer of neural networks we using the Softmax activation
function. The Softmax activation function calculates the
probability distribution over all classes/entities and chooses
the class with highest probability for each word. For a vec-
tor z of dimensionality D, the Softmax function is defined
as [10]:

24

o(2i) = —

" forj=1,.D
Zj:l e*

To regularize our model we using dropout technique for re-
ducing overfitting in neural networks [18]. We apply dropout
on each input layer with 0.1 and spatial dropout after con-
catenating all inputs with 0.3. Hidden layers contain RNN
cells which have own dropout rate and a number of LSTM
or GRU units. Hidden layers are configurable, details are
described below.

Model training and model structure are completely config-
urable with json file. The example of json file is displayed
in Listing 1.

{

"max_epochs”: 10,

"batch_size”: 32,

"save_path”: "models/gru—words—pos—chars/”,
"inputs”: ”words—pos—chars”,
"embeddings_trainable”: false ,
"embeddings_type”: ”glove”,

"rnn_type”: "GRU”,

rnn_num_layers”: 3,

"rnn_bidirectional”: true,

rnn_hidden_size”: 100,
"rnn_dropout”: 0.2,
"model_name” : "GRU-example”

}

Listing 1: Example of model configuration over json
file.

With json file we made the list of different models and run
our experiments. Model training is configurable with a num-
ber of epochs and batch size for epoch training. The model
structure is configurable with input features such as word
embedding, part of speech and character embedding. Hid-
den layers are configurable with RNN cell type, LSTM or
GRU, number of cells in the layer, number of hidden lay-
ers, use of bidirectional layers and the dropout rate for each
RNN layer.

https:/ /www.python.org/
“https://keras.io/

4. EXPERIMENTS

In this section will describe the dataset for evaluation and
our experiments which include graphs and results.

4.1 Data Set

We test our model on dataset intended for named entity
recognition. The dataset was introduced in 2003. On CoNLL
conference where was the shared task the language-independent
named entity recognition. The dataset was concentrate on
four type of named entities: persons (PER), locations (LOC),
organizations (ORG), names of miscellaneous entities (MISC)
that don’t belong to previous three groups and no entity to-
ken (O). The line of the dataset contains four fields: the
word, part of speech tag, chunk tag, and name entity tag.
Our focus was on name entity tag and the format of named
entity tag is IOB (Inside, Outside, Beginning) where tokens
are labeled as B-label if the token is the beginning of a named
entity, I-label if it is inside a named entity but the first to-
ken within the named entity, or O otherwise. The tagging
scheme is the IOB scheme originally presented by Ramshaw
et al. (1995) [14]. The dataset was contain training, testing
and validation data for two languages, English and German
[16]. In this paper, we pick the English language.

The statistics of the dataset are shown in Table 1. We use
the true data, without any pre-processing.

Table 1: Dataset statistic, where columns Token and
Sentence refers to the number of tokens and sen-
tences in the CoNLL 2003 dataset.

Dataset Token | Sentence

Training | 204567 14987
Validation | 51578 3466
Testing 46666 3684

4.2 Features

In this paper, we use three types of additional features to
help our models to improve. To most important features is
Word Embedding. The main problem of using methods of
deep learning in processing natural language is how to con-
vert word into numbers. Word embedding is the technique
of creating a language model which mapping words from
the vocabulary into a corresponding vector of real numbers.
We tried randomly initialized word vectors and pre-trained
GloVe vectors with 100 dimensions. The results of using
GloVe vectors are significantly better than in the case of the
random initialization.

Word embedding is able to capture syntactic and semantic
information but an example of task like NER is very useful to
have morphological and shape information about the word.
A lot of NLP system with additional character-level features
are reported better results [20]. Based on the good experi-
ence from other articles, we apply character-level input to
one layer with LSTM cells and we notice improvements in
results.

4.3 Results
We were running our two experiments with four different
models (LSTM, GRU, BI-LSTM, BI-GRU). The first exper-
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iment was launched without any additional features and the
second experiment was launched with all additional features:
pre-trained word embedding, part of speech information and
character embedding. All neural network structure contains
3 hidden layers with 100 LSTM/GRU cells and dropout rate
0.2. Neural networks were trained on 10 epoch with batch
size 32. Results showed in Tables 2 and 3 are obtained by us-
ing macro-averaging. A macro-average computing the met-
ric independently for each class and then take the average,
whereas a micro-average aggregate all classes and then com-
pute the average. The main reason for using macro-average
is a large number of tag O, with micro-average, we would
have unfair results.

The results shown in Table 2 are the results of models with-
out any additional features. The best result of the first ex-
periment has a BI-GRU where F} score result is 78.61%. Be-
side pre-trained word embedding and character embedding,
we use the part of speech (POS) information for additional
features.

On the second experiment where we’ve included all addi-

tional features like pre-trained word embedding, part of speech

information and character embedding we’ve got the results
shown in Table 3. The best result of the second experiment
has BI-GRU where F} score result is 86.04%, however, the
model BI-LSTM is very close with F} score result is 84.93%.

Table 2: Performance of our first experiment with-
out any additional features evaluated on the test set
presented by evaluation metrics: Precision, Recall,
and I} score.

Model Precision | Recall F1

LSTM 0.6487 0.7527 | 0.6821

GRU 0.6985 0.7589 | 0.7161
BI-LSTM 0.7995 0.7098 | 0.7414
BI-GRU 0.8529 0.7372 | 0.7861

Table 3: Performance of our second experiment with
additional features like word-embedding, POS infor-
mation, and character-embedding, evaluated on the
test set presented by evaluation metrics: Precision,
Recall, and F} score.

Model Precision | Recall F1

LSTM 0.8123 0.8162 | 0.8138

GRU 0.8085 0.8071 | 0.8056
BI-LSTM 0.8408 0.8616 | 0.8493
BI-GRU 0.8610 0.8604 | 0.8604

0.996
.. 0.992 /_g\.
g
=]
8
< 0.988
. ﬂ\q

0000 2000 4000 6.000 8.000

No. of epoch

@ LSTM @ GRU ® BI-LSTM @ BI-GRU

Figure 4: Epoch-by-epoch model evaluation on the
validation set with accuracy metric where the model
without any additional features is used. LSTM is
shown with the dark blue, GRU with the red, BI-
LSTM with the light blue, and BI-GRU with the
pink line.

0.0500
0.0400 N
0.0300 \/‘
3
= 0.0200
0.0100
0.00
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@ LST™M @ GRU BI-LSTM @ BI-GRU

Figure 5: Epoch-by-epoch result of loss function cal-
culated on the model without any additional fea-
tures. LSTM is shown with the dark blue, GRU
with the red, BI-LSTM with the light blue, and BI-
GRU with the pink line.

S. CONCLUSIONS

In this paper, our focus was on classification and named
entity recognition using neural network architectures. Our
best results with model BI-GRU with additional features
achieved satisfactory results compared with previously de-
veloped systems. We have achieved F1 score result 86.04%.
There is a lot of space for improvement in the future. For
example, it’s necessary to explore the Conditional Random
Fields method in cooperation with neural networks output
layer which is used in some known NER systems. This would
be the good start point for future work.
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LSTM is shown with the orange, GRU with the dark

blue, BI-LSTM with the red, and BI-GRU with the [15]
light blue line.
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