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Pseodocode POS-Tagging () {

read_dataset ()

construct_words_dictionary ()
construct_pos_tag dictionary ()
extract_index_for_each_word ()
extract_index_for_each_pos_tag ()

extract_feature_map_for_each word_in_dataset ()
import necessary libraries from tensorflow & keras
split dataset to train/validation/test datasets

for epoch in [10,50,100] do
construct a sequential CNN Model based on figure-7

train_the_model ( epoch)
evaluate_model ()

select_best_parameters ()
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Accuracy of proposed model

100
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epoch=10 epoch=50 epoch=100

M learning rate=0.01 ™ learning rate=0.1
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il (5 S5L sl 5

Model: "Sequential”

Layer (type) Output Shape Param #
conv2d (Conv2D) (None, 12, 18, 32) 320
conv2d_1 (Covn2D) (None, 10, 16, 64) 18496
conv2d 2 (Conv2D) (None, 8, 14, 128) 73856
Max_pooling2d (MaxPooling2D) (None, 2, 5, 128) 147584
conv2d_3 (Conv2D) (None, 1280) 0
flatten (Flatten) (None, 1280) 0
dense (Dense) (None, 128) 163968
activation (Activation) (None, 128) 0
dropout (Dropout) (None, 128) 0
dense_1 (Dense) (None, 64) 8256
activation_1 (Activation) (None, 64) 0
dropout_1 (Dropout) (None, 64) 0
dense_2 (Dense) (None, 32) 2080
activation_2 (Activation) (None, 32) 0
dropout 2 (Dropout) (None, 32) 0
dense_3 (Dense) (None, 43) 1419
activation_3 (Activation) (None, 43) 0
Total params: 415,979

Trainable params: 415,979

Non-trainable params: 0
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JJS 451 S1 2134 VBP 3407
MD 2637 S2 1809 VBZ 5561
NN 36789 S3 351 WDT = 1157
NNP | 24690 S4 358 WP 639
NNPS 550 S5 13160 WP$ 39
NNS 16653 S6 10802 WRB 571
PDT 65 S7 1285

POS 2203 S8 1854
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Abstract

Part of speech tagging is an important issue in natural language
processing and is the base of many other major subjects in this field.
In this article, a new method have been introduced for part of speech
tagging using deep neural networks. The purpose of this method is
solving problems that common other methods are facing with which
are extract deep features from texts and classifying these features.
The proposed method is based on that we can find deep features and
product optimal output by using small deep neural networks. This
method was implemented using Tensorflow's specialized libraries
and Keras API in python and was evaluated on coNLL2000 standard
dataset. The experimental results show that the proposed method is
capable to extract high level features from natural language's words
and is able to achieve considerable accuracy for repetitive tags. In
addition, this method is able to be used in variant environments and
on different devices.
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