Chapter 6

Incorporating Reinforcement

Learning in Adversarial Network

6.1 Introduction

As we have seen in the previous chapter, RL works as a good approach in selecting
pseudo-in-domain sentences from out-of-domain corpora by optimising the weights of
sentences. However, for improving MTs, there is a need to focus on phonetic features
in addition to textual data, which mitigates large corpus requirements and improves
context. So, in order to mitigate corpus requirements and improve context learning on
extremely LRLs, this chapter introduces a novel improvement by retrofitting a deep
reinforcement-based optimized attention network and joint embedding of textual and
phonetic information of languages in the GAN-NMT. In GAN-NMT, one pretrained
NMT model is used as generator which generates translations based on source sen-
tences and another neural network is used as discriminator that distinguishes whether
a generated translation sentences is real or fake, i.e., machine-generated translation
sentences is close to human translated sentences or not.

Since, Reinforcement Learning (RL) acts as an effective approach in various Natural

Language Processing (NLP) tasks [117], thus, we use it as a deep RL for obtaining
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better attention weights by designing a novel GAN model that consist of the Deep RL
Guided Attention (DRGA) [57] as generator model and Convolution Neural Network
(CNN) [118] as discriminator model. We train the GAN model on a novel Joint Em-
bedding (JE) instead of traditional word embedding representations. Our proposed JE
is created by the concatenation of orthographic subword embedding and phonetic sub-
word embedding of input vectors. We use International Phonetic Alphabet (IPA)! for
converting the textual information into phonetic information. Some examples of TPA
conversion are listed in Fig. 6.1. We also design the novel hypothesis selection method

to select the best sentences generated by GAN model between textual and phonological

representations.
Language Sentences TPA

English Ram is reading a book. reem 1z 'ri:din o buk.

SIS, A IR H ST AR | a:dzo, mué%“e: Jiksa: ke: 150 m3diro mé&:
Hindi H ST T JH U g3l dza:ne: ka: somma:ne

gl pra:pto Aua: har.
2{[["8, ERA [-‘él&l@lﬂl a:dze:, mone: a: fiksonona: mddrroni:
Gujarati Y (g0l Hdlsld 'a.q.l."l mulaka:to lerva:nd
U ol UIH &Y 2] sonma:no pra:pto thojil tfhe:.

Nepali IH fohdd Ugea | ra:mo 1kata:ba padidartfta.

]:cc'_'ﬂ AT mﬁurﬂgi 2l |1s0 na:lo pracilo pafirld: vi: moudsu:do for ate:
Puniabi HgE I3 3T e B tufiapi:

J Sua foy et nifgarg adt pha:ilo de: uppara lik"a lai: adika:co nohi:
dal fiano.
o ST THer siear ¥ o:de:sa: e:kata: baghja: khe:la atfMr.o:de:sa:
Maithili 3ifs | ’ etkota: bag"ja:
khe:lo otfM1.
AL AS slenan s eyl | qiser sime: se: andzha; 00 ShCS [ae:2 0rgaans o
Urdu . ;" = = x b .
P EN R P FEOW Y le: ja: J3dza:_je:

Figure 6.1: Some examples of TPA.

Thttps: //www.internationalphoneticassociation.org /content /full-ipa-chart
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Our proposed architecture improves the GAN model by modifying the original at-
tention in the generator with deep RL-guided attention, increasing the likelihood of
fooling the discriminator model. The use of joint information from textual and phono-
logical representations to train the optimized GAN model aids in learning additional
phonetic context.

The contributions of this chapter are summarized as:

1. To best of our knowledge, we are the first to use the JE of orthographic sub-
word and phonetic sub-word information instead of traditional word and sub-
word embedding and optimize the GAN-NMT using the deep RL guided attention
network for LRLs.

2. Our model generates the hypothesis that contains phonological and textual in-
formation and selects the best of them for final predicted sequences.

3. We also retrofit our proposed model in multilingual and unsupervised settings
and achieve improvement of >2 BLEU points over existing multilingual and un-

supervised baselines.

6.2 System Model and Problem Discussion

Data scarcity in LRLs restricts the NMT models to perform better by loosing context
due to insufficient information about sentences. One of the solutions to handle such
missing context problem is to optimize the original attention generated by model as

discuss in the following sections.

6.2.1 System model

In order to optimize the attention, we retrofit the DRGA in GAN-NMT. DRGA is made
up of three modules: Transformer network, policy network, and adjusting module as

discuss below.
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6.2.1.1 Transformer network

In transformer network, NMT grabs an input sequence Z = {z1,2s,...,2,} (where z; is a
word) in the form of orthographic subword embeddings sw; (1 < i < n) and generates

attention attn; (1 < i < n) for each sw; using following [119]:

K.T
attn; = softmax (Q\]/d_; ) Vi, (6.1)

where Q;, K;, V; and d, are query, key, value and the dimension of key, respectively.
Attention attn; is passed through layer-normalization steps to feed-forward layer. The
output of the top encoder is then transformed into a set of attention vectors. Finally,
this set of attention vectors is given as input to the encoder-decoder attention layer for

loss calculation and sequence prediction.

6.2.1.2 Policy network

We design the RL agent as policy network my(s,a) = P(als; ), where s represents the
state, a stands for action and 6 denotes the model’s parameters. Policy network is
trained based on the policy gradient algorithm [117]. We define the state s; at each
time step t € {1,....,n} as:

st = [swi; Qu; Ki; Vi), (6.2)

where sw; € R”s» is an orthographic subword vector, Q; € RP@ is query vector, K;
c RPx is key vector and V; € RPV is value vector at time step ¢. The orthographic
subword vector swy is retrieved from a lookup table, and Q;, K; and V; are computed
from transformer network. As a result, for every sequence Z = {swy,..., SWy,..., SWy },
there is an associated state sequence S = {si,..., S,..., S5+ which is pumped into the

agent and the agent generates the appropriate action a;.
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6.2.1.3 Adjusting module

It consists of three parts— Action, Reward, Transition and Observation, as described

below:

« Action: In this part, we sample the corresponding action sequence A = {ay,...,
ai,..., 8, from a given state sequence S using Gaussian distribution as given in

the following (see Fig. 6.3) [57]:

T(s1;0) = N(u(s1,0),0(s,0)),
(6.3)

a, ~ 7(s;0),

where y and ¢ are the mean and standard deviation, respectively.

e Transition: When the actions for all the input sequences are sampled, the ad-
justing module raises or lowers the corresponding attention score based on the
action values. Given an original attention vector attn = {attn,,...,attn,...,attn, }
and the actions A = {ay,...,a,...,a, }, adjustment for new weight score attn] at

each time step ¢ € {1,....n} is computed as:

attn{ = attn, + a;[3, (6.4)

where [ is trainable parameter lies between 0 and 1.
Once we obtain the attention values, we normalize them by putting in the softmax

function to ensure their sum is equal to one.

attn; = softmax(attn]). (6.5)

Finally, the modified attention scores attn’ = {attn],...,attn) } are passed to the
feed-forward layer.

e Observation: Once the transformer generates the prediction based on attn’,
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the posterior output probability P(y|Z) is calculated. Policy network updates its
parameters only after actions of all the states in a sequence are generated.

Reward: In order to optimize the policy, we compute the reward using posterior
output probability obtained from revised attention in transformer network. Based
on [57], we add an additional term to regulate the number of highly weighted ele-
ments to encourage the agent to make proper adjustments. We add the unimodal
function (f(z) = x + T,/x) in the reward to give more weights to salient words
in the sentence rather than stop or unsalient words. Mathematically, reward Ry

is computed as follows:

Ry =log P(y|Z) —~(T/M + MTy/T), (6.6)

where T represents the length of the sequence, M states the highly weighted
elements, ~v is a harmonic factor to regulate the reward and the unimodal func-
tion [120] f(z) = x + T,/x have a minimum value at x, = /T, (7T, should be

decided according to the development data set) and encourages M to be /T,T.

6.2.2 Problem statement

In GAN-NMT, the pretrained NMT model is used as a generator that generates transla-

tion from source sentences to fool the discriminator. For LRLs, using traditional NMT

systems as generator degrades the translation quality due to a shortage of training data

and increases the data sparseness that leads to missing the context of sentences. To

overcome this problem, there is a need of optimized generator that can enrich the sen-

tences with context. To achieve the above stated objective, we use JE that contains

textual and phonetic information of data in the NMT model and train the model based

on the DRGA framework as discussed in the following section.
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6.3 Proposed Approach

In this section, we discuss our proposed model in order to handle the resource problem
faced by LRL-NMT. First, our model generates JE as shown in Fig. 6.2. Then model
takes this JE as input vector to train the generator and outputs the two types of
sentences: textual and phonetic as shown in Fig. 6.3. Finally, the model jointly trains

the generator and discriminator based on architecture as shown in Fig. 6.4.

6.3.1 Joint embedding

Projecting embedding with orthographic subword units is one of the promising ap-
proaches to represent document vocabulary. However, orthographic subword encod-
ing technique leverages linguistic and textual features of words, ignoring the phonetic
knowledge that degrades model performance. Therefore, we introduce a phonological-
based embedding that favours the model in learning the phonetic features and improves
the context vector. To give phonetic representation to words, we use the IPA notation.
IPA is an alphabetic system of phonetic notation based on Latin script. We use the
Byte Pair Encoding (BPE) technique [121] to segment the phonetic representation of
words and called these segmented token as phonetic sub-word tokens. Then we com-
pute JE as shown in Fig. 6.2. For JE, w;, (1 < i < n), we represent a word as z and its

phonetic form as o and compute as follows:

w; = concat(swy, so;), (6.7)

where sw; is orthographic subword vector of word z, and so; is the phonetic sub-word

vector of token o.
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B

swi|so1| [swp|s0 |
3 Joint Embedding

_______________________ R

z IPA transliterator

Figure 6.2: Joint embedding.

6.3.2 Generator

Fig. 6.3 contains the optimized architecture of our generator model. The generator
model (GEN) is modified form of transformer-NMT. Firstly, we give bilingual corpus of
language pairs as input to the model. Bilingual corpus contains sentence-wise parallel
corpus of source and target language pairs. Model takes the JE as input and trains
the GEN based on DRGA framework explained in Section 6.2.1. Then, for decoding
the target words from the generated vectors, model uses Egs. (6.8) and (6.9) after the
final linear layer of decoder. After decoding the generated vector, we get two types
of hypothesis vectors, textual (sw) and phonetic (so). Then diverse beam search is
applied on them to get the best predicted sentences for both vectors. Finally both
types of predicted sentences have to go through the best hypothesis selection method

for better prediction.

6.3.2.1 NMT decoding

JE computed for the target-side inputs given to decoder for loss calculation between
target-side input (u;) and the generated logits vector (1;) at time step ¢. This logits
vector contain the joint information of each orthographic subword and phonetic sub-

word vector. To decode each orthographic subword and phonetic sub-word vector,
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Figure 6.3: Optimized generator model in GAN-NMT.
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we split the 1; into two vectors (sw; and so;). Model uses Egs. (6.8) and (6.9) for
orthographic subword and phonetic sub-word probabilities. Then diverse beam search is
applied to get the best possible hypothesis for both orthographic subword and phonetic

sub-word vectors.

emp(swﬁl)
p(swy) = , (6.8)
1 E;V[:Siu exp(swéj)
exp(soy,)
p(so;l) = =r. b (6.9)

Zj:l exp(sogj)
where M, and M, are the number of generated orthographic subword and phonetic

sub-word vectors, respectively.

6.3.2.2 Best hypothesis selection

As shown in Fig. 6.3, we get two types of hypothesis: predicted target sequences contain
textual knowledge (Z') and predicted target sequences contain phonetic knowledge
(O"). Then model performs sentence-wise BLEU comparison between the two predicted
hypotheses for each predicted sequence pairs. Predicted sequences with better BLEU

is selected by the model for final sequence generation (Y”).
Y'=(1-\NZ"+ O, (6.10)

where \ is parameter. When A = 0, model gives more weightage to Z’ and when \ =

1, O’ gains more weightage.

6.3.3 Generator training procedure

We train the GEN following the Algorithm 6.1. First, pretrain the modified transformer
network until the model achieves its optimal performance. Next, pretrain the policy
network by keeping the parameters of the attention model fixed. Finally, jointly train

the whole network until its convergences. In joint training, first model calls each source
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and target sequences (Z and Y') and computes the original attention weights for both
Z and Y. Then, model generates the actions a; corresponding to each state s; for
both sequences. Further, model modifies the original attention weights via Eqgs. (6.4)
and (6.5) and performs its training using loss function in decoder via Eq. (6.11) and
make predictions. Finally, model computes reward for each sequences via Eq. (6.6) and
updates the parameters of network and RL agent. A cross-entropy loss function is used

to train the generator as given in the following:

L==>"> plylZ)log P(y|Z), (6.11)
Z 1

where p(y|Z) is the gold distribution of Z and C' is number of class labels.

Algorithm 6.1: Generator training procedure

Input: Bilingual(Z,Y),YZ €Source language, VY €Target language
Output: Optimized encoder-decoder attention model

1 Pretrain the encoder-decoder attention network

2 Fix the parameters of the attention network and pretrain the policy network
3 for VZ;, VY; € Bilingual(Z,Y) do

4 Feed Z; and Y; into Encoder and Decoder respectively;

5

6

7

Compute original attention weights for both Z; and Y; via Eq. (6.1);
for Vt € Z; do
I_ Sample the action a; for states s; via Egs. (6.2) and (6.3);
8 Adjust original attention values by adjusting module for Z; via Egs. (6.4) and (6.5);
for VteY; do

10 |_ Sample the action a; for states s; via Egs. (6.2) and (6.3);

11 Adjust original attention values by adjusting module for Y; via Egs. (6.4) and (6.5);
12 Make prediction in decoder, and minimize loss via Eq. (6.11);

13 Compute reward for RL agent via Eq. (6.6);

14 Update parameters for attention network and RL agent;

6.3.4 Discriminator

Discriminator (DIS) is classification model based on CNN to discriminate between real
sentences and GEN-translated sentences (see Fig. 6.4). It is a CNN architecture starting
with two convolution layers, where each one has 20 filters of size 3 x 3 and each one

is followed by a max-pooling layer with filter size 2 x 2. After the convolution and
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pooling layers, one multi-layer perceptron layer is added with 20 hidden nodes, and
eventually sigmoid activation is used to give the probability. The dimension of word

embedding used in DIS is the same as that for the corresponding GEN.

""""""""""""""""""""""""""""" CNN-based
Discriminator DIS :

Reward | |
Prediction | !

Hypothesis
Y': y'lay'ZJ-"ayvn
Reference Optimized generator
Source Z : 21,23,...,Z
Y I Y1,Y2,-¥n 1,22 2 GEN

Figure 6.4: Overall architecture of GAN NMT.

6.3.5 Model training

In this section, we explain the training procedure of our proposed model. Firstly,
we train the generator based on DRGA framework to achieve the best translation
performance. Secondly, we generate the translated sentence using pretrained generator
on greedy sample training set. Then, we train the CNN-discriminator on the combined
dataset of training and machine translated sentences F. Finally, we jointly train the
generator and discriminator until convergence. The elaborated procedure of training

the model is shown in Fig. 6.5.

6.4 Performance Study

In this section, we discuss the corpus statistics, experimental setup and result analysis

on various parameters to execute the experiments.
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Figure 6.5: Flow chart of proposed training procedure.

6.4.1 Datasets

We conduct the experiments on GU<«»HI, NE«+HI, PA<+HI, MAI+HI, and UR<«HI
language translation pairs. In GU<HI translation task, we extract the bilingual
datasets from CVIT-PIB which consists of 15K training, 1973 test and 1973 valida-
tion sentence pairs [84]. For NE<«HI translation task, training, test, and validation
data of about 0.133M, 3K, 3K respectively collected from WMT19 task [81], Opus [86],
and TDIL repositories [122]. For PA«<>HI, MAI+HI, and UR<HI, we use the bilin-
gual data from Opus [86]. For unsupervised experiments, test set of BHO<«HI and
MAG+HI are obtained from the zero-shot translation task at LoResMT2020 [101]. In
PA+HI and MAI«HI translation task, Opus contains lot of noise in data. For better
performance of model, we manually filter the data and remove the unwanted noise.
After filtering, we use 0.2M and 93K training sentences for PA<>HI and MAI«HI,
respectively. Testing and validation are done on 7K sentences for PA<HI and 3K
sentences for MAI«<HI translation tasks. For UR<«HI, we train the model on 0.1M

sentences. Testing and validation are done on 3K sentences.
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6.4.2 Settings

This section covers the different framework and hyper-parameter used to train the NMT

models.

6.4.2.1 Proposed approach

We implement GAN model based on the DRGA, transformer-NMT and CNN architec-
ture. We execute the experiments on Paramshivay supercomputer? having configuration
Nvidia V100 GPU. The decoder and encoder layers have been set to 5. The encoder
and decoder embedding dimensions in the feed-forward network are set to 2048. The
embedding dimensions of the encoder and decoder are 512. The attention heads for
the decoder and encoder are set to 2. The models are regularized with dropout, label
smoothing and weight decay, with the corresponding hyper-parameters being set to
0.4, 0.2 and 0.0001, respectively. Models are optimized with Adam using learning rate
of 0.0004 and have patience value 10. The beam size for decoding is 5. Each NMT
model is trained for 100 epochs. For the attention regulating factor 8 and harmonic
factor ~y, we used the values between 0 and 1, out of which we get better performance
when f = 0.4 and v = 0.3. We terminate the training of GEN and GAN when the
performance is not improved for continuous 10 iterations on the validation set. We also
stop training the GAN model when the discriminator fails to discriminate between real

and fake sentences.

6.4.2.2 Baseline approaches

To demonstrate the effectiveness of our approach, we compare it with the following
baseline models:
» Transformer-NMT: We apply the same settings given in [58] for Transformer-
NMT.

2https: //www.iitbhu.ac.in/cf/scc
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Transformer-NMT-+Phonetic Embedding (PE): We apply the same set-
tings as used in Transformer-NMT. However, difference is that the model takes
PE as input rather than a word embedding.

Transformer-NMT 4+ GAN: We use the Transformer-NMT as the genera-
tor and CNN as the discriminator to train the model on orthographic subword
embedding.

Transformer-NMT+DRGA: We also compare our proposed approach with
the framework used in [57] for the transformer-NMT. We follow the same settings
of the model used in [57] and train it on our language pairs.

Unsupervised NMT: We use the [66] to compare our approach under zero-shot

condition on language pairs: BHO<HI and MAG+<HI.

Table 6.1: Results on different methods (“—”: X—HI and “<": HI—X)

X=GU X=NE X=PA X=MAI X=UR
Model

- |« ] =]« | =]« =]« |—-]«
Transformer-NMT 58] 22.8 | 15.7 | 30.5 | 32.8 | 78.5 | 80.0 | 79.4 | 86.5 | 28.7 | 22.7
Transformer-NMT + PE 23.1 | 159 | 31.8 | 32.6 | 79.1 | 80.1 | 79.5 | 86.8 | 28.9 | 22.5
Transformer-NMT + GAN 24.2 | 16.1 | 31.1 | 33.6 | 79.8 | 81.4 | 80.4 | 86.5 | 29.1 | 23.4
Transformer-NMT + DRGA 57 24.5 1172 | 31.6 | 33.4 | 78.8 | 81.6 | 80.1 | 88.1 | 30.1 | 23.9
Transformer-NMT + JE (Proposed) 27.6 | 20.7 | 35.3 | 35.7 | 79.7 | 81.6 | 80.1 | 88.2 | 30.1 | 24.6
Transformer-NMT 4+ GAN 4+ DRGA +JE (Proposed) | 29.5 | 22.6 | 36.5 | 36.9 | 80.9 | 82.5 | 81.5 | 89.6 | 32.3 | 26.7

Table 6.2: Results on different methods under multilingual settings (“—”: X—HI and

“”: HI=»X)

X=GU X=NE X=PA X=MAI X=UR

Model
S« | o [« | =]« | =]« =T+«
Transformer-NMT (58] 20.8 1 21.8 285 |30.1|57.1|59.3]|643 662|134 |12.5
Transformer-NMT + PE 21.1120.9|28.6 | 304|574 |57.1]641]656 | 135 |12.7
Transformer-NMT + GAN 21.3 ] 223|284 |30.6 |574|539.7]652]669|13.8|13.1
Transformer-NMT + DRGA 57 2261229291 |31.8|583|61.2]659]68.1|142|14.5
Transformer-NMT + JE (Proposed) 26.0 | 23.9 | 30.8 | 32.1 | 59.5 | 60.1 | 67.9 | 69.4 | 15.3 | 13.6
Transformer-NMT + GAN + DRGA +JE (Proposed) | 27.8 | 24.8 | 32.1 | 34.2 | 61.5 | 62.5 | 69.6 | 71.8 | 17.1 | 15.8

6.4.3 Results and analysis

In the following section, we describe the results and analyze the proposed approach on

bilingual NMT, multilingual settings, and unsupervised settings.
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6.4.3.1 Effects on bilingual NMT

Table 6.1 presents the translation results on bilingual NMT. Our model outperforms all
the baseline approaches. Our model gains an improvement of > 6, > 6, > 2, > 2 and
> 2 BLEU points on GU«HI, NE<>HI, PA<>HI, MAI<+HI and UR<HI, respectively,
compared to Transformer-NMT and also surpasses the DRGA result with > 2 BLEU
points. The reason behind improvement is the baseline models have not considered any
phonetic-related features. Our model incorporates both phonetic sub-word and ortho-
graphic subword embedding in GAN-NMT and achieves the best performance among
all the baselines. Another reason for improvement is the use of optimized attention in

GAN-NMT that leads to learning of better context vectors.

6.4.3.2 Effects of JE

We demonstrate the experiments on JE with optimized GAN and without optimized
GAN as shown in Tables 6.1 and 6.2. On transformer-NMT, JE without GAN also gives
good results and outperforms many baseline approaches. This shows that use of extra
phonetic context helps improving the models performance. So, we notice that phonetic

information along with textual knowledge contributes largely in models’ performance.

6.4.3.3 Effects on multilingual settings

We also conduct the translation experiments under multilingual settings to measure the
performance of our model. Table 6.2 contains the results under multilingual settings.
We conduct the multilingual experiments on GU<«+HI, NE<-HI, PA<HI, MAI+HI
and UR<>HI language pairs. We get an improvement of (> 2 BLEU) points over the
all baseline approaches. Reason for improvement is the context learnt by our model
consider both phonetic sub-word and orthographic subword level of information. Gen-
erating the final hypothesis based on sentence-wise BLEU comparison of both textual

and phonetic hypothesis leads to further improvement.
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6.4.3.4 Effect on unsupervised settings

Table 6.3 lists the result of experiments performed under unsupervised settings. For
evaluating the model on unsupervised condition, we demonstrate the experiments on
BHO+HI and MAG<HI zero-shot language pairs. We use the NE<+HI pretrained
models to evaluate the results on zero-shot language pairs. Reason for opting these
models is closely relatedness between NE, BHO, MAG and HI languages. Under un-
supervised conditions, proposed models also achieve an improvement of (> 2 BLEU)

points.

Table 6.3: Unsupervised results on X—HI and HI—+X

Model X=BHO | X=MAG

= |« | = | «

a [66] 195 25 [13.7 | 31

a+b 19.71 1.8 [ 134 ] 29

a+c 19.7 | 2.7 | 141 ] 3.1

a—+d 205 29 |149 | 3.7

a + e (Proposed) 204 | 3.1 | 15.6 | 4.7
a+c+d+e (Proposed) | 22.3 | 4.5 | 17.1 | 5.9

Note— a: Unsupervised NMT, b: PE, ¢: GAN, d:
DRGA, e: JE, “—=7: X—HI, “«<”: HI=X.

6.4.3.5 Morphological analysis

For morphological analysis, we measure our model on chrF2 metric as shown in Fig.
6.6. Since chrF2 is relied on character-based evaluation of F-measure and this character-
based measure help in analysing whether the model preserve the morphological and syn-
tactic characteristics of languages. More chrF2 corresponds to preserving better mor-
phological and syntactic features of languages. Our experimental results demonstrate
that our approach accomplishes good improvement of (> 4% chrF2) on all language

pairs.
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6.4.3.6 Error analysis

We also performed error analysis with the help of TER score shown in Fig. 6.7. TER
is an error metric for machine translation that measures the number of edits required
to change a system output into one of the references. Going through the Fig. 6.7,
we observe that our model is effective in reducing the error compared to the existing
approaches. Results show that our model required less number of edits operation on
system output to match with reference sentences for every language pair. Reason
behind this is that optimized GAN model better captures the attention compared to

the baseline models.

6.4.3.7 Examples of systems output

We translate some sentences of different languages using different methods and present
them in Fig. 6.8. On going through examples, we see that predicted sentence pairs
in our model gives more semantic representation of sentences than existing baseline
methods. Reason for improvement is the optimized attention used in generator model

better captures the context of sentences.

6.5 Summary

In this chapter, we have proposed a novel optimized GAN-NMT model for low resource
languages which use phonetic writing systems that works on the principle of DRGA
framework. Our model extends the existing methods by exploiting the phonetic features
along with orthographic subword features of languages. Proposed model generates the
phonetic information along with textual data and selects the best one from them for
final hypothesis prediction. The experiments performed on GU<+HI, NE<+HI, PA<>HI,
MAI+HI and UR<HI translation tasks clearly demonstrate the effectiveness of our

method.
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0.5.

Summary

Language Pair-1

Gujarati->Hindi

Source

AHEl GUY &q 3, otdl MRd HI2 [AHiBL

Sl 1AL A 1Y (A5 FeblRe sl

Al ralotel3] SR uR gell
UdMHd slami 8.

Transformer-NMT A et Wg anéqmﬂ%ggm @
Transformer-NMT+GAN A el g\}%ﬁﬁ?ﬁ
Transformer-NMT+DRGA ?%% Sﬂ'? e
351 $gl 1 9T HRd & 01U 18 1Y %Ijum
Transformer-NMT+JE (Proposed) e R&T Ed| W?I’\Pf ?—ﬁaﬂéww
‘I'ransformer-NM'I'+ JE + DRGA + GAN Wm%wgﬁqﬁ%
(Proposed) AT B GRAEA ST H B
3511 Pal i Fdi9 HIRA & forg AT ey
Reference AT B JR&T Bt fonerdt Wemsuaum
P RIEA A AR
Language Pair-2 Nepali->Hindi

Source

DY BUMT FRTR IFSHTY TRBRT AT
Bl YTYUIRRGD! B , o) FHdD! quTef &R

EX
Transformer-NMT wﬂ%UT ﬁ%ﬁ . qlgﬁ P EIETE R %Bla el
Transformer-NMT+GAN u.qqu_%%w bl 9 i th frar m_:,[[ q;?'—pu % |
Transformer-NMT+DRGA PIYIUR A Tl TN IPR YT R T,

TP TS Rid pA A R |

Transformer-NMT+JE (Proposed)

T JglaRt uis WwiE,

Transformer-NMT+ JE + DRGA + GAN

Aggiad! dis
wﬁmﬁﬁmaﬁ?w

(Proposed)
PN B T TMAR Jhat TR IRPR 0T UG
Reference YUYTT ! § , AP STD! ghihd d5g
FereTorTep ¢ |

Language Pair-3

Punjabi->Hindi

Source

oA 578 3g Yg< § il 7 91 i1+
e, ﬂ%?ﬂ?ﬂf&ﬁ?&;ﬂ?@@»ﬁéﬂﬁm

Transtormer-NMT

HTH&‘IHHQW%I

Transformer-NMT+GAN

g B DI Y&H Db TG § Pl ST Ul T
G BT SaTd Wl Bl TN PR IR S |

Transformer-NMT+DRGA

g ] DI Y&H DD TG Bl & DI SIPH
mﬂéwm%agwﬂaﬁﬁmw
[

Transformer-NMT+JE (Proposed)

g GARIGII 1 bl HISpa/He™ b I8
HRAT S DI SIP GRT Aol T Y3 BT ofaTd
oM B T PR B | |

(Proposed)

Transformer-NMT+ JE + DRGA + GAN

R HaTg Bl (fSra/Aem b JaraHi
A1 3 BT ST ST Y gRT W 7T JoasT
fAIoh STaTe Wom B IR PR T8 |

Reference

TdTe &1 [HiSha/TeH B Idial|
ﬁ‘cﬂ% quﬁtmﬂ@rwmaﬂ
Froit SraTe W BT BRI RS |

Figure 6.8: Translation examples by different systems.



