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Neural Machine Translation Using Sequence Modeling

N. Revathi', Dr. R. Ravinder Reddy?
1 2Computer Science and Engineering, Chaitanya Bharathi Institute of Technology, Osmania University

Abstract: Language is a main mode of communication, and translation is a critical tool for understanding information in a
foreign language. Without the help of human translators, machine translation allows users to absorb unfamiliar linguistic
material. The main goal of this project is to create a practical language translation from English to Hindi. Given its relevance
and potential in the English-Hindi translation, machine translation is an efficient way to turn content into a new language
without employing people. Among all available translation machines, Neural Machine Translation (NMT) is one of the most
efficient ways. So, in this case, we're employing Sequence to Sequence Modeling, which includes the Recurrent Neural Network
(RNN), Long and Short Term Memory (LSTM), and Encoder-Decoder methods. Deep Neural Network (DNN) comprehension
and principles of deep learning, i.e. machine translation, are disclosed in the field of Natural Language Processing (NLP). In
machine reclining techniques, DNN plays a crucial role.
Keywords: Sequence to Sequence, Encoder-Decoder, Recurrent Neural Network, Long & Short term Memory, Deep Neural
Network.

L. INTRODUCTION
Machine Translation (MT) is a fully automated software that can convert source text into target languages. Humans can use machine
translation (MT) to assist them in translating text and speech into another language, or the MT software can work independently.
Statistical Machine Translation (SMT), Rule-based Machine Translation (RBMT), Hybrid Machine Translation (HMT), and Neural
Machine Translation (NMT) are the four forms of machine translation. Machine translation has been in research since 1940.
Machine translation is a language learning aid for non-native speakers. Many populated countries, like China and India, have
multiple languages that shift region after region. India has, For example, 23 official languages recognised constitutionally and
countless unofficial local languages (e.g. Hindi, Telugu). In large countries, linguistic variety is not simply abundant; but also small
countries. In Papua New Guinea, one of the smallest populous areas, there are 851 languages spoken. There is an estimated three
billion people in India, yet only approximately 10 percent can speak English.
In certain surveys, just 2% of persons who speak English are capable of talking, writing and studying English properly, while 8%
can only recognise simple English and speak with different accents. A great number of useful materials are available on the Internet
in English and the majority of the people in India cannot grasp this well. To enhance people's understanding, it is necessary that
such information is translated into neighbourhood languages. It is crucial not just for business goals, but even to shared emotions,
reviews and actions that information is shared between people. In order to minimise the communication gap between various
people, translation plays an important function. Translation, It is not feasible to translate them manually considering the enormous
amount of text. It is therefore vital that text is automatically translated from one language to another (say, English) (say, Tamil,
Malayalam). Also known as machine translation is this technology. The challenges of morphological and structural differences are
English to Indian translation. For example, (i) parallel corpora number; and (ii) language difference mostly due to syntactic
divergence in terms of morphology and word order variance.

1. LITERATURE SURVEY

Machine translation is a discipline of computational linguistics with the goal of using a computer to mechanically translate text from
one language to another. To the best of our knowledge, Petr Petrovich Troyanskii was the first person to formally present machine
translation. In this review, we look at two important aspects of machine translation: statistical machine translation and neural
machine translation. In most statistical approaches to machine translation, the phrase transition model is the most crucial
component. The methods described above use neural networks to model continuous representations of language units. In domains
like computer vision and speech recognition, deep neural networks have made substantial progress.

Statistics machine translation is one of the standard methods to solve the machine translation difficulty. This procedure requires
large data sets for similar organised language pairs in grammar and is successful. In recent years, NMT has developed as an
alternative method to the same problem. We are investigating a number of settings for the development of a Hindi-speaking
machine translation system.
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They examined and contrasted our findings with typical machine translation techniques with 8 separate combinations of NMT
architectures, from English to Hindi. In their studies, they also found that NMT required less training data and consequently only a
few thousand sentences with an adequate translation. Most machine translation systems in the preceding two decades were based on
a statistical approach to machine translation. Sentences and phrases are the essential units of translation in these systems. These
sentences can be one or more words long. Bayesian inferencing estimates the predicted probability of translation in pairs of words
for most standard translation systems. One sentence is in the source language, while the other is in the target language in these pairs.
With the previous procedures, combining and predicting the appropriate pair is rather difficult due to the extremely low likelihood
of these sentences. The possibility of a certain couple of phrases increased one of the feasible methods. In addition, Google has
updated its research on neural machine translation in recent years (NMT). In order to achieve a succession of learning processes,
Sutskever developed a long and short speech process (LSTM). This neural machine translation system is a network-based machine
with 8 layers and 8 layers. An encoder in the NMT system uses a bidirectional recurred neural network (RNN) known as a decoder
to encode the source phrase in a second RNN. To improve the system's efficiency, this decoder architecture might be developed
with multiple layers. In most cases, neural machine translation necessitates a lot of computing power, therefore it's only a good
option if we have enough time or computing power. Another problem with the previous NMT was inconsistency in the processing
of rare words. Learning and inference were ineffective due to the sluggish availability of these inputs on the network. The LSTM
models, as well as the eight layers of decoder and encoder, greatly reduce the likelihood of such errors. The system's third big flaw
was that it forgot the words over a long period of time. An 8-layer approach is used to handle this problem as well. After 2014, this
study inspired many university students, and NMT is proving to be a viable alternative to machine translation's mainstream
technology. The addition of an attention mechanism to neural machine translation models allows for selective inspection of source
words, which improves machine translation system efficiency. This research has examined the efficiency of translation by use of
bidirectional decoder attention models for morphologically rich language translation. For this analysis, the pair of English - Tamil
has been used. Firstly, with the application of the incorporation in English as well as Tamil, translated results will increase by 0,73
BLEU points in the RNN Search baseline, with 4,84 BLEUSs. The use of morphology before word vectorization, which divided the
morphologically rich Tamil word into discrete morphemes before translation, resulted in an 8-fold reduction in target vocabulary.
Furthermore, the performance of the RNN-Morph neural translation machine improved by 7.05 BLEU points over RNNSearch used
on a single body. Since RNN-Morph model BLEU evaluations may be incorrect because of the growth in the number of matching
tokens each sentence, human assessment measurements of sufficiency, fluidity and relative rankings also compared translation
performance. In addition, the application of morphological segmentation boosted the mechanism's effectiveness.
1. PROPOSED SYSTEM

We used NMT on two of India's most morphologically rich languages, English and Hindi. For low-resource, morphologically rich
Indian languages with limited online translation resources, we proposed a novel NMT model combining Multihead self-attention
with pre-trained Byte-Pair-Encoded (BPE) and Multi-BP-Embeddings to develop an efficient translation system that overcomes the
OOQV (Out Of Vocabulary) Problem. We also gathered data from a variety of sources, resolved flaws with publicly available data,
and polished it for future use. The BLEU score was utilised to assess the performance of our system.
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Because of its success, Neural Machine Translation (NMT) is a revolutionary, highly active approach to machine translation that has
demonstrated promising results and attracted a huge number of academics to the subject. We look at how the architecture of NMTs
evolved over relatively short period of time in this study. Starting with the basic encoder-decoder architecture, which had two flaws:
poor performance with longer phrases and a difficulty with out-of-vocabulary phrases (OOV). Attention-based NMT works better
with longer sentences, although it still has the OOV problem. Attention-based NMT, as well as sub-word segmentation, known as
Sub-word NMT, are employed to address the OOV problem. NMT systems can cover a wider vocabulary range with word
segmentations.

V. METHODOLOGY

1) Neural Machine Translation: NMT stands for Neural Machine Translation, which is a machine translation system that
improves the fluency and accuracy of the translation process by using an artificial neural network. A basic encoder-decoder
network underpins the NMT system. The neural networks used in NMT are recurrent neural networks (RNN). The basic
architecture of the RNN is the reason for choosing it for the assignment. RNNs feature a cyclic shape that facilitates learning
repeated sequences easier than other networks. RNN can be unrolled to store phrases as a series in both the source and
destination languages. This demonstrates how a single layer may be unrolled into multiple layers and how prior time period
data can be kept in a single cell. When the alignment between the inputs and outputs is known ahead of time, RNNs can readily
map sequences to sequences.

2) Recurrent Neural Networks: A Recurrent Neural Network (RNN) is a type of Artificial neural network which uses sequential
data or Time series data. RNN are the state of the art algorithm for sequential data. Recurrent neural networks address this
issue. They are networks with loops in them, allowing information to persist. It has Vanishing, Exploding Gradient-Problem.
To overcome this problem we are using here Long and Short term Memory.

I O
l-»A—]=A—> é

S

Fig 5.1 An unrolled Recurrent Neural Network

3) LSTM Networks: RNN consumes sentences word by word, updating the hidden state as each word is processed. Simple RNNs
employ the tanh or sigmoid activation functions, which fail to grasp numerous long-term dependencies in sentences because
they place greater emphasis on the most recent words encountered. During training, this also has the issue of vanishing and
exploding gradients. LSTM learns to selectively forget and recall rather than storing every detail of a sentence in state. The
gating mechanism is used to accomplish this.

It consists of three gates and a candidate memory cell. Gates aids in the selective forgetting and remembering of information in a
sentence, with the contents being stored in a memory cell. The figure depicts the structure of an LSTM network. The layers of the
LSTM are made up of the following components.

a) Forget Gate (ft): It chooses which information from the previous memory cell to delete.

b) Input Gate (it): It chooses which data to send to each cell to be remembered.

c) Candidate Memory (C" t): It keeps track of the data from the current input.

d) Output Gate (ot): The current hidden state is computed using the tanh function, which squashes cell memory to lie between -1
and 1. At this moment, the output gate determines what should be output in the hidden state.

e) Cell Memory (Ct): It is the real cell memory that has been updated after relevant information has been added and unneeded data
has been removed.
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LSTMs are specifically developed to prevent the problem of long-term dependency.
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Fig 5.2 The LSTM contains four interacting layers

LSTMs have a chain-like structure as well, but the repeating module is different. Instead of one neural network layer, there are four,
each interacting in a unique way.

4) Bi-directional Long and Short Term Memory: Bidirectional LSTMs are a type of LSTM that can be used to increase model
performance in sequence classification issues. These bidirectional LSTM will manage your inputs in two directions: from the
past to the future and from the future to the past.

= >

(sH—a Al N A +—(s%)
So A—T> A A > A —>(s)

Fig 5.3 Bidirectional LSTM

5) Encoder and Decoder: The Encoder-Decoder model is a way of using recurrent neural networks for Sequence-to-Sequence
prediction problems. The approach involves two Recurrent neural networks, one to encode the input sequence, called the
Encoder and a second to decode the encoded input sequence into the target sequence called the Decoder.

Fig 5.4 Sentence modeling in LSTM network

6) Embedding Layer: The Embedding layer is defined as the first hidden layer of a network. Word embeddings can be thought of
as an alternate to one-hot encoding along with dimensionality reduction. It enables us to convert each word into a fixed length

vector of defined size.

7) Attention: Attention mechanisms are being increasingly used to improve the performance of Neural Machine Translation
(NMT) by selectively focusing on sub-parts of the sentence during translation. Attention in neural machine translation
provides the possibility to encode relevant parts of the source sentence at each translation step. As a result, attention is

considered to be an alignment model as well.
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VI. IMPLEMENTATION

A.  We processed the dataset so as to remove the punctuations present there using regular expression library.

B. Convert the dataset into Comma Separated Values (CSV) and import the libraries.

C. After that we need to do Train the dataset Test and Split the dataset.

D. Then Here, we are using Sequence to Sequence Model. So, mainly Recurrent Neural ~Network (RNN) , Long and Short Term
Memory (LSTM), and also Encoder-Decoder method are used.

E. Spell Corrections for English words: - Using autocorrect library in order to make corrections, if any Misspelled words are
present.

F. Convert all upper-case letter to lower case counterparts in order to make our dataset homogeneous.

G. There are words (may be few or more) which are not present in the embedding file. This steps basically deals with finding those
words.

H. The few words that were discovered to be missing in the preceding phase are largely nouns. As a result, we simply replaced
them with the letter ‘a’ (as flexible as our wish).

I.  We used Integer encoding for Hindi words by using sklearn Label Encoder

J.  We have assumed the maximum length of English and Hindi sentences to be of 30 words which will not be less than the length
of any sentence present in our dataset.

K. Then we padded all those English and Hindi sentences which were falling short from maximum length of 30 words.

L. Implementing LSTM for English sentences length and Hindi sentences due to Vanishing Gradient and Exploding Gradient
problem.

M. At the end, we computed BLEU Score for Testing and Training.

DATASET
politicians do not TTei—adl o Ora =3l o
have permission Lo P =] = dg 9P<IH b
do what needs to be HIHId Al ©
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abDbout one such ’_3: 'J_' :_:? Sal-l *—IflT_
l“\_LllA__j.
lNis percentage is O Wiagiag Y=g O =z
even greater tha Jia=ia 9 g ©l
the per entage 1
India

Fig 6.1 Sample records from the dataset

VII. RESULTS AND DISCUSSIONS

In Machine Translation mostly the quality of our work is measured by the BLEU Score. BLEU (Bi-Lingual Evaluation Understudy)
is a metric for assessing machine-translated text automatically. The BLEU score is a value between 0 and 1 that indicates how
closely the machine-translated text resembles a set of high-quality reference translations. The Bilingual Evaluation Understudy
Score (BLEU) is a statistic used to compare a generated sentence to a reference sentence. The score was established to evaluate the
accuracy of predictions made by automatic machine translation systems. For the example statement, “Once you stop learning, you
start dying,” an n-gram is a sequence of words that occur within a particular window, where n specifies the window size...unigram,
bigram, and trigram. To count the number of matches, BLEU compares the n-gram of the candidate translation to the n-gram of the
reference translation. The BLEU metric assigns a score to a translation on a scale of 0 to 1, attempting to assess the MT output's
adequacy and fluency. The closer a test sentence's score is to one, the more similar their human reference translations are. The
BLEU score is a measure of a model's overall quality. BLEU could stand for "blue™ in French.
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 Jupyter X-english-to-hindi-neural-machine-translation.pyv Yesterday at 11:50 AM Logout
File  Edit  View  Language Python
7 A
import os
import string
from string import digits
import matplotlib.pyplot as plt
import re -
import seaborn as sns
from sklearn.utils import shuffle
from sklearn.model selection import train test_split
from keras.layers import Input, LSTM, Embedding, Dense
from keras.models import Model
from nltk.translate.bleu score import corpus_bleu
(os.listdir(".
pd.set_option('
pd.set_option('
pd.set_option('
pd.set_option('
# Any results you write to
lines=pd.read csv(": .csv", encoding="ut
v
Fig 7.1 Importing libraries
~ Jupyter X-english-to-hindi-neural-machine-translation Last Checkpoint: Last Tuesday at 921 AM (autosaved) A Lo
File  Edit  View Inset  Cell  Kemel Nidgets  Help Not Trusted ‘Pylhon3 0]
B+ x @& B v NRm B C » Coe v e
A
In : | input_token_index = dict([(word, i+l) for i, word in enumerate(input words)])
target_token_index = dict([(word, i+l) for i, word in enumerate(target_words)])
In [42]: reverse input char index = dict((i, word) for word, i in input token index.items())
reverse target char index = dict((i, word) for word, i in target token index.items())
In : lines = shuffle(lines)
lines.head(10)
source english_sentence hindi_sentence length_eng_sentence length_hin_sentence
13211 ted soifyou have lots of robots camying the same thing - START_ 3k ager &Y Vale W g a1 30103 _END 1 10
62270  ted 50 0n augustth START_ 3k 3R _END 4 5
13904 ted not quite so pretty START_3aaT §ex gt a1 _END 4 6
100130 ted thatthere was not a single staff member START_ & ag! v oft ¥ W agr o _END 8 10
45338 ted inways i have never seeninmylife  START_ 3 3t & Foresl 31 o g g5 _END 9 10
122021 ted that distance is really important START_ ugqﬂagamﬂ% _END 5 7
107909  ted which is a very low threshold START_ 3 s aga 1 ged okt ¢ _END 6 9
90475  ted however still as you can see  START_ graifer 31sfr ofr Ikt 319 G dda §_END 6 10
122658 ted buthalfthe time we would pickitup ~ START_ 3t 5@ i1 g% 38 307 3 ar _END 9 10
67928 ted and you know what even easy START_ 3R 9aT ¢ 39! 3 8 _END 6 8
v

Aulibbla dabe inba bunin awd baak

Fig 7.2 Read the Dataset
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— Jupyter X-english-to-hindi-neural-machine-translation Last Checkpoint: Last Tuesday at 921 A (autosaved) A Lo

File  Edit  View Inset  Cell  Kemel  Widgets  Help Not Trusted ‘ Python3 O

B+ x A B 4 4 NRin B C » Code vije

Split the data into train and test

]:| X, y = lines['english sentence'], lines( di_sentence']
X train, X test, y train, y _test = train test split(X, y, test size = 0.2, random state=42)
X train.shape, X_test.shape

the captain waved me over

they have no benefits they dont have social security

or to be more precise

and he didnt like the fact that he was paying a lot more
unfortunately we have our work cut out for us

because it makes evolutionary sense

that motivates people in the end

extra credit we might call it

from the poorest to the richest in latin america

and over time we have grown into a network of five hospitals
theyre speaking to each other

you know in the th century in the uk

how are the tires degrading

instead of waiting for government handouts

1304 most dynamic and young photographers

42684 take the moon its really important to look at the moon
82699 really dont matter very much anymore

110956 about who can develop a car

88804 but then you get the smart geeky kids

i y_train v

Fig 7.3 Splitting the data

:'Jupyter X-english-to-hindi-neural-machine-translation Last Checkpoint: Last Tuesday at 9:21 AM (autosaved) @ Lo

File  Edit  View  Inset  Cell  Kemel  Widgets  Help Not Trusted | Python3 O

B+ % A B 4 ¢ MR B C » Code v B
really dont matter very much anymore A
about who can develop a car

but then you get the smart geeky kids

STRRT_ O o HSl GUNT fRAT _END
s:m:mwﬁémaﬂ%mmaﬁ? END

maﬁmﬂma’r@mﬁﬁEWWI _END
¥ gAR U @5d PH & END

¥ g RwRd g & I8 g5 & e

"AR" wﬁ?m#aﬂaﬁﬁﬂﬁﬁaﬂiﬁl END

START_ mﬁmmmﬁm%‘ _END

STRT_ T ¥ FA 3 aF e

starr_ 3R RN g O el & AR F RwRd @ I e

¥ afgar o @ & _mwo

Huk § B0

START_ m%ﬁaﬂz‘%%‘_mo

START_ Q9T TEY AGG T SR B & |
START_ TaW GRS AN IaT W @ ol § _awr
START_ 3 Terdl H & msﬁmw%_mb
STRRT_ ARG & @gd AT I

START_ Uh OR BN @ &
START  oifthe 6T 3T

e B e >

ﬁﬂ”i

END
aodt @ e § _ewo

ermraeninarerras—

Let us save this data

In [48): | X train.to_pickle('X train.pkl')
X test.to_pickle('X_test.pkl')

Fig 7.4 Train the data
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— Jupyter X-english-to-hindi-neural-machine-translation Last Checkpoint: Last Tuesday at 9:21 AM (unsaved changes) A Logout
File Edit View Insert Cell Kernel Widgets Help Not Trusted } Python 3 O
B + % @B 4+ ¢ NRin B C W Code v @
A

Encoder-Decoder Architecture

In [50]: | latent_dim=300
# Encoder
encoder_inputs = Input(shape=(None,))
enc_emb = Embedding(num encoder_tokens, latent dim, mask_zero = True) (encoder_inputs)
encoder_lstm = LSTM(latent_dim, return_state=True)
encoder_outputs, state_h, state c = encoder_lstm(enc_emb)
# We disc ‘e ) the st
encoder_states
WARNING: tensorflow:From /opt/conda/lib/python3.6/site-packages/tensorflow/python/framework/op_def library.py:263: colocate_
with (from tensorflow.python.framework.ops) is deprecated and will be removed in a future version.
Instructions for updating:
Colocations handled automatically by placer.

In [52]) $ up the decoder, u. er states'
decoder_inputs = Input(shape=(None,))
dec_emb_layer = Embedding(num decoder_tokens, latent dim, mask _zero = True)
dec_emb = dec_emb_layer(decoder_inputs)
decoder_lstm = LSTM(latent_dim, return sequences=True, return state=True)
decoder_outputs, _, _ = decoder_ lstm(dec emb,

initial state=encoder_states)

decoder_dense = Dense (num_decoder_tokens, activation='softmax')
decoder_outputs = decoder_dense (decoder_outputs)
r v

Fig 7.5 Encoder-Decoder

" Jupyter  X-english-to-hindi-neural-machine-translation Last Checkpaint: Last Tuesday at 21 A (autosaved) A Lo
File  Edt  View Inset  Cell  Kemel  Widgets  Help Not Trusted ‘Python30
B+ x&B v HRm B C M Code v e
decoder_outputs = decoder dense (decoder outputs) A

oder input data' &

decoder input data’ into ‘decoder target data’

model = Model ([encoder_inputs, decoder_inputs], decoder_outputs)

: | model.compile (optimizer='rmsprop', loss='categorical crossentropy')

: | model, summary ()

Layer (type) Output Shape Param # Connected to
input 1 (Inputlayer) (None, None) 0

input 2 (Inputlayer) (None, None) 0

enbedding 1 (Embedding) (None, None, 300) 4209000 input_1[0][0]
enbedding 2 (Embedding) (None, None, 300) 5262300 input_2[0][0]
lstm 1 (LSTH) [(None, 300), (None, 721200 enbedding_1(0] [0]
lstm 2 (LSTH) [(None, None, 300), 721200 embedding_2[0] (0]

1stm 1[0] (1)
1stm 1[0] (2]

dense 1 (Dense) (None, Nome, 17541) 5279841 lstm 2(0] (0]

Total params: 16,193,541
Trainable params: 16,193,541
Non-trainable params: 0

Fig 7.6 Trained model
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~ Jupyter X-english-to-hindi-neural-machine-translation Last Checkpoint: Last Tussday at 9:21 AM (autosaved) A Lo
File  Edt  View Inset  Cell  Kemel  Widgets  Help Not Trusted |Python30
B + XA B 4 ¢ NRm B C H Code viie
val sampies EUlA_LESL) A
batch_size = 128
epochs = 100
In [57): model.flt_gene:ato:(gene:ator = generate batch(X train, y train, batch_size = batch_size),
steps_per epoch = train samples//batch size
epochs=epochs,
validation data = generate batch(X test, y test, batch_size = batch size),
validation steps = val_samples//batch_size
WARNING: tensorflow:From /opt/conda/lib/python3.6/site-packages/tensorflow/python/ops/math_ops.py:3066: to_int32 (from ten A
sorflow.python.ops.math ops) is deprecated and will be removed in a future version.
Instructions for updating:
Use tf.cast instead.
WARNING: tensorflow:From /opt/conda/lib/python3.6/site-packages/tensorflow/python/ops/math_grad.py:102: div (frem tensorfl
ow.python.ops.math ops) is deprecated and will be removed in a future version.
Instructions for updating:
Deprecated in favor of operator or tf.math.divide.
Epoch 1/100
154/154 | ] - 63s 412ms/step - loss: 6.4325 - val loss: 6.1283
Epoch 2/100
154/154 [ ] - 59s 381ms/step - loss: 5.8237 - val loss: 5.7676
Epoch 3/100
154/154 [ ] - 59s 380ms/step - loss: 5.4659 - val loss: 5.5980
Epoch 4/100
154/154 [ ] - 59s 380ms/step - loss: 5.2269 - val loss: 5.5113
Epoch 5/100
154/154 [ ] - 58s 379ms/step - loss: 5.0259 - val loss: 5.4340
o e :
In [58): model.save weights('nmt weights.h3') v
Fig 7.7 Model training with epochs
 Jupyter X-english-to-hindi-neural-machine-translation Last Checkpoin: Last Tuesday at 9:21 AW (autosaved) @ Logau
File  Edt  View Inset  Cell  Kemel  Widgets  Help Not Trusted |Python3 (0]
B+ x @A DB 4 ¢ NRn B C M Code v =
A

In [61]: train gen = generate batch(X_train, y train, batch size = 1)
k=-1

In [62): ki=1
(input_seq, actual output), _ = next(train gen
decoded sentence = decode_sequence (input_seq)
English sentence:', X train[k:k+l].values[0])
ranslation:', y train(k:k+l].values[0][6:-4])
Hindi Translation:', decoded sentence[:-4])

print('Predicted

Input English sentence: the captain waved me over
Actual Hindi Translation: ol & 7{5‘ SN o
Predicted Hindi Translation: T A {l})f SR e

1 k=l
(input seq, actual output), _ = next(train_gen)

sentence:', X_train(k:k+l].values[0])
y_train(k: values[0] [6:-4])
:', decoded sentence[:-4])

Input English sentence: they have no benefits they dont have social security
Actual Hindi Translation: 3% | ﬁé A AT 3 TS e EGl 3
Predicted Hindi Translation: 3a% b Bl % FEASS AT & fou

In [64]): ki=1
(input_seq, actual output), _ = next(train gen)
decoded sentence = decode_sequence (input_seq)
rint (' t h sentence:', X train[k:k+l].values[0])
ranslation:', y_train[k:k+l].values[0][6:-4])
i Translation:', decoded sentence[:-4]) i

Fig 7.8 MT Output
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: Jupyter X-english-to-hindi-neural-machine-translation.pyv Yesterday at 11:50 AM Logout

File  Edit  View  Language Python

model.save_weights('nmt_weigh

# Encode the i

ST

Belov tensors

decoder_state_input h = Input(shape=(latent dim,))
decoder_state input c = Input(shape=(latent dim,))
decoder_states inputs = [decoder state input h, decoder_state input c]

dec_enb2= dec_emb_layer(decoder_inputs) # Get the emb

# To predict the next word in the seq e,
decoder_outputs2, state h2, state c2 = decoder lstm(dec emb2, initial state=decoder_ states_inputs)
decoder_states2 = [state_h2, state c2]

decoder_outputs2 = decoder_dense (decoder_outputs2) # A dense soft

decoder_model = Model(
[decoder_inputs] + decoder_states_inputs,

[decoder_outputs2] + decoder_states2)

def decode_sequence (input_seq):

# Encode the input as state w

# Encode th

Fig 7.9 Dense layer 1

: Jupyter X-english-to-hindi-neural-machine-translation.pyv Yesterday at 11:50 AM Logout

File  Edit  View  Language Python
actual = actualhindi
predicted = predictedhindi

bleu dic = {}
bleu dic['1-

corpus_bleu(actual, predicted, weights=(1.0
corpus_bleu(actual, predicted, weights=
= corpus_bleu(actual, predicted, weights=
= corpus_bleu(actual, predicted, weights=(0.25

rain.keys(), height = bleu_train.values())

'
the training set")

Jit!

plt.savefig('books_re

ddenlTrain.png')

actual = actualhinditest
predicted = predictedhinditest

bleu dic = {}

bleu dic[' ] = corpus_bleu(actual, predicted, weights=

bleu dic[' s'] = corpus_bleu(actual, predicted, weights=

bleu dic[' s'] = corpus_bleu(actual, predicted, weights=

bleu dic[' s'] = corpus_bleu(actual, predicted, weights= ).25))

bleu train = bleu dic
plt.bar(x = bleu train.keys(), height = bleu train.values())

Fig 7.10 Adding BLEU Score
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Lo BLEU Score with the training set

0.8 -

0.6 -

0.4 A

0.2

0.0 - T T T
1-grams 1-2-grams 1-3-grams 1-4-grams

Fig 7.11 Dense layer 1 BLEU Score Training Set

1o BLEU Score with the testing set

0.8 A

0.6

0.4 1

0.2 A

0.0 -

1-grams 1-2-grams 1-3-grams 1-4-grams

Fig 7.12 Dense layer 1 BLEU Score Testing Set
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~ Jupyter 2Hiddenlayerexp.pyv Last Wednesday at 1201 AM Logout
File  Edt  View  Language Python
A
6 | # Encode the t sequence to get the "thought vectors"

# Belov tensors vill hold the states of the previous time step
1 decoder_state_input ! Input (shape=(latent dim,))
142 decoder_state_input_c = Input(shape=(latent dim,))

decoder_states_inputs = [decoder_state_input h, decoder_state_input c]

yord in the se e, set the initial states to the states f he previous time step
_outputs2, state h2, state_c2 = decoder lstm(dec_emb2, initial state=decoder states_inputs)
9 decoder_states2 = [state_h2, state_c2]

decoder_outputs2 = decode:_densel(deccder_outputsZ) §ad

51 decoder_outputs2 = decoder_dense2(decoder_outputs2) # A dense

# Final decoder model
5 decoder model = Model(
[decoder_inputs] + decoder_states_inputs,
[decoder_outputs2] + decoder_states2)

63 def decode_sequence (input_seg):
# Encode the input as state vectors.
states_value = encoder model.predict (input_seq)
# Generate empty target

target_seq = np.zeros((l,1)) v

nce of lenath 1

Fig 7.13 Dense Layer 2

BLEU Score with the training set

1.0 -

0.8 -

0.6 -

0.4 -

0.2

0.0 - T T T
1-grams 1-2-grams 1-3-grams 1-4-grams

Fig 7.14 Dense layer 2 BLEU Score Training Set
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BLEU Score with the testing set

1.0 -

0.4 A

0.2 A

1-grams 1-2-grams 1-3-grams 1-4-grams
Fig 7.15 Dense layer 2 BLEU Score Testing Set

: Jupyter 3Hiddenlayers.pyv Last Wednesday at 12:01 AM Logout

File  Edit  View  Language Python

# Encode the input sequence to get the "thought vectors"
encoder_model = Model (encoder_inputs, encoder_states)

# Decoder setup

# Belov tensors vill hold the states of the previous time step
decoder_state_input_h = Input(shape=(latent dim,))
decoder_state_input_c = Input(shape=(latent_dim,))
decoder_states_inputs = [decoder state input_h, decoder_state_input c]

dec_emb2= dec_emb_layer(decoder_inputs) # Get the embeddings of the decoder sequence

o
g
-n

# To predict the next word in the sequence, set the initial states to the states from the previous time step
decoder_outputs2, state h2, state c2 = decoder_lstm(dec_emb2, initial state=decoder_states_inputs)
decoder_states2 = [state_h2, state_c2]
decoder_outputs2 = decoder_densel (decoder_outputs2) #
decoder_outputs2 = decoder_dense2(decoder_outputs2) # A dense softmax layer to
3
#

decoder_outputs2 = decoder_dense3 (decoder_outputs2) 4

A dense softmax layer to generate prob dist. over the target vocabul
enerate prob dist. over the target vocabu

g
A dense softmax layer to generate prob dist. over the target vocabul

# Final decoder model

decoder_model = Model (
[decoder_inputs] + decoder_states_inputs,
[decoder_outputs2] + decoder_states2)

# In[60):

def decode_sequence (input_seq):
# Encode the input as state vectors.
states_value = encoder_model.predict (input_seq)
471 # Generate empty target sequence of length 1. v

Fig 7.16 Dense layer 3
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BLEU Score with the training set

1.0
0.8 -
0.6 -
0.4 -
0.2 -
0.0 - r r T
1l-grams 1-2-grams 1-3-grams 1-4-grams
Fig 7.17 Dense layer 3 BLEU Score Training Set
lo- BLEU Score with the testing set
0.8
0.6
0.4 -
0.2
0.0 -

1-grams 1-2-grams 1-3-grams 1-4-grams

Fig 7.18 Dense layer 3 BLEU Score Testing Set
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bleu
1.2

0.8

0.6

0.4

0.2

hidden- 1 hidden - 2 hidden -3

bleu

Fig 7.19 BLEU Graph

BLEU Score Epochs RNN
LSTM Bi-
LSTM
1 10 0.2 0.5 0.7
2 20 1.3 1.5 1.8
3 30 2.2 2.3 2.4
4 40 3.4 3.6 3.9
5 50 4.1 4.5 4.7

Fig 7.20 Tabular form of Results

45

7
2: // e RNN
] 2 e

10 20 30 40 50

Fig 7.21 Graph overview
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VIIl.  CONCLUSION

For a long time, Statistical Phrase-based Machine Translation (SMT) systems have struggled with accuracy and the need for
enormous data sets. Although Neural Machine Translation (NMT) is more accurate than previous methods like Rule-based MT and
SMT, it still falls short of manual human translation. To the best of our knowledge, our multi-modal NMT receives the highest score
for English to Hindi multi-modal translation. The ability of neural architectures to learn through machine learning is likely to
improve, reducing the value provided by the features we studied.

In this paper, we apply NMT to one of the most difficult Indian-speaking pairs (English-Hindi). Data pre-processing and
tokenization issues have been addressed. To cope with morphology and word issues in indigenous languages, we used Sequence to
Sequence modelling techniques such as Encoding-Decoding, Recurrent Neural Network (RNN), and Long and Short Term Memory
(LSTM) with 0.2, 0.9, and 1.0 BLEU values. We're also using a graphical user interface here (GUI). The same approach can be
applied to other Indian languages. As our model is pretty accurate, it may be used to create translation software for English-Hindi,
which is extremely valuable in areas such as tourism, education or business.
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