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as finite subordinate clauses lacked a finite verb. On the 

otherhand in some cases a coordination of finite verbs was not separated by a clause 

boundary, as required on the basis of basic definition of the system. Some errors were 

sification in the learning process.
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achieved the 94.54% accuracy with the single σ value equal to 0.8388 in training and the 

ces. The model achieved the 63.85% success rate by assigning σ to each 

variable, which didn’t show much improvement in cross validation. An improved 
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2.3.6.

The main limitation of their system is that, the system did’t had 
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2.4.

quantum computing. It is supposed that Hebb’s rule is tightly coupled with the biological 

learning.  The Hebb’s rule is implemented in a quantum algorithm is much faster. The 
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3.1.

• Morphology

•

•

represents “

2011

"together" and Taxis "an ordering”. In linguistics Syntax explains how the sentence must 
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3.2.1.1.1. Proper Noun

.
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3.2.1.1.2.

3.2.1.1.3.

.

class 

3.2.1.1.4.

Copper, Gold .

Copper 

Gold.

3.2.1.1.5.

.



49

3.2.1.2.

.

he

.

3.2.1.2.1.

ou , , 

.

3.2.1.2.2.

.

3.2.1.2.3.

.



50

3.2.1.2.4.
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3.2.1.2.5.
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.
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3.2.1.6.

3.2.2.

Tense
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3.2.2.1.

noun) + Verb (1

noun) + Verb (1

noun) + Verb (1

3.2.2.2.
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3.2.2.4.
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3.2.2.6.

noun) + Verb (3

3.2.2.7.

3.2.2.8.

3.2.2.9.
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3.2.2.10.

noun) + Verb (1

3.2.2.11.
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3.2.2.12.

noun) + Verb (1

3.2.2.13.
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3.2.2.14.

Example: Ram will have gone to the market by 7 o’ clock

Example: Ram will not have gone to the market by 7 o’ clock

Example: Will Ram have gone to the market by 7 o’ clock?

Example: Will Ram not have gone to the market by 7 o’ clock?

3.2.2.15.

3.2.2.16.
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3.3.

– –

3.3.1.

,

3.3.1.1.
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3.3.1.1.1.

. 

maamaa maamaI Aunt

Saor SaornaI

gaQaa gaQaI She 

rajaa King ranaI

BatIjaa BatIjaI

pu~ pu~I

Mmaugaa- M maugaI- Murgi

saunaar saunaarna

djaI- dja-na

lauhar lauharna

kumhar kumharna
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jamaadar jamaadarna

laaoTa lauiTyaa

kMGaa kMGaI

Pyaalaa

ptIlaa

DMDa

klaakar

KrgaaoSa
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ihrna

caaor Chor

3.3.1.1.2.

kolaa

ku<ta ku<to

naIlaa naIlao

Table 3.7 Examples of Number

changed to plural forms   .

Table 3.8 Examples of Number

pustk
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3.3.1.2.

nao kao sao maoM (mẽ) ,pr ka

3.3.1.2.1.

nao

maOnao pustk pZI.

]sanao maOca Kolaa.

3.3.1.2.2.

kao

pustk kao pZao.

Gar kao jaaAao.

iktaba kao saaf rKao.

3.3.1.2.3.

sao 
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maO Apnao ima~ ko saaqa  rhta hU.

rama zMD sao kap rha hO.

3.3.1.2.4.

maoM mẽ is used. 

mauJamao ivaSvaasa rKao.

mauJao ]sa pr gava- hO.

.

vah kxaa mao fola nahI haogaa.

3.3.1.2.5.

pr

maO tIsarI maMijala pr rhta hÛ.

maoja pr iktaba rKI hO.

rama skUla sahI samaya pr phucaa.
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3.3.1.2.6.

ka

maoro ima~ ka baoTa knaaDa mao rhta hO.

My friend’s son lives in Canada.

maaba-la ko fSa- sqaayaI haoto hO.

rama AyaaoQyaa ko inavaasaI qao.

yah maindr safod p<qar ka banaa hO.

yah maoja lakDI kI banaI hO.

3.3.1.2.7.

ko kI sao 

zMD sao rama kao bauKar hao gayaa.

maoro ima~ nao ApnaI yaa~a ko baaro mao batayaa.

[na saba baatao ko baavajaUd maO tumho bahut pMsad krta hU.
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vah nadI kI trf gayaa.

]sanao ApnaI laaprvaahI sao Apnaa qaOlaa Kao idyaa.

.

kla tumhara Baa[- maoro saaqa paTI- mao baOza qaa.

maindr mao kao[- nahI rhta hO.

rama Apnao ima~ ko pasa saaoyaa.

dao ima~ao ko baIca JagaDa hao gayaa. 

3.3.1.3.

3.3.1.3.1.

bao 
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jaana baojaana

ksaUr baoksaUr

rhma baorhma

Caadr caadro

Qaanaa qaanaodar

caaOkI caaOkIdar

maM~I maM~alaya

dova dovaalaya

ivaVa ivaValaya

Naama badnaama

[ntjaama bad[ntjaama

riva rivavaar Sunday

Saaoma saaomavaar

Jaayaja naajaayaja 

Laayak naalayak

KuSa naaKuSa

yaSa ApyaSa

Sagauna Shagun ApSagauna

Baavanaa du-Baavanaa

Jana duja-na

maata kumaata

pu~ kupu~

maaga- kumaaga-

AaQaar inaraQaar

Jana inaja-na

Taop taopcaI 

inaSaanaa inaSaanacaI

Paana Paanadana 

fUla fUladana

Dvaa dvaaKanaa
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3.3.1.3.2.

bao 

majabaUt majabaUtI

K+a KTa[-

CaoTa CaoTI

Bahadur bahadurI

Gaulaama gaulaamaI

[-maana [-maanadarI

Aajaad AajaadI

p`sanna p`sannata

naIca naIcata

Vyast vyastta

AcCa AcCapna

maize maIzapna

Kulaa Kulaapna

bauna baunaa[-

Hsa hsaa[-

[Msaana [Msaainayat

3.3.1.3.3.

bao 

jaa jaanaa Going

doK doKnaa

Kola Kolanaa

Saaonaa Sona Saaonaa Sona

ilaKa ilaKavaT
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3.3.1.4.

3.3.1.4.1.

maOM hma tU tuma Aap yah yao 

vah vao 

hmao

hmanao

hmapr

hmasao

hmaara

Aapka

Aapkao

Aapnao

Aappr

Aapsao

tumanao

tumapr

tumasao

tumhara 

[nho 

[nhaonao

]nho

]nhaonao

[napr 

[nasao

]napr
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]naka

]saka

]nasao

3.3.1.4.2.

yah yao vah vao [sa [na ]sa ]na un

3.3.1.4.3.

ijasa ijasanao ijana

3.3.1.4.4.

– –

maO Kud kao Ga`Naa krta hÛ.

vah ]sasao Ga`Naa krtI hO.

3.3.1.4.5.

maO kaOna hÛ.
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tumhara @yaa naama hO.

tuma kha rhto hao.

tumharI kar kaOna saI hO.

3.3.1.4.6.

[sao kao[- nahI kr sakta hO.

3.3.1.4.7.

hr kao[-.

bahut kuC.

3.3.1.5.
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3.3.1.5.1.

kzaor poinsala 

laala gaulaaba  

maaoTa AadmaI

AcCI iktaba

toja caakU

kuC kagaja 

bahut Qana 

pyaa-Pt Baaojana 

yah SaT-

yao SaTo-

vah SaT-

vao SaTo-

iksa ka klama 

@yaa samaya

kaOna saa Gar 

maoro ipta 

]saka BatIjaa

kuC pxaI 

maOnao paMca klama baocao.

paMca maITr lambaI maClaI.
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3.3.1.5.2.

lata sabasao bauiWmaana laDkI hO.

lata ronaU sao lambaI hO.

lata ek AcCI laDkI hO.

Apnao ima~ kI Apoxaa CaoTI.

3.3.1.5.3.

]pyaaoga ]pyaaogaI Upyogi

vafadar vafadarI 

duK duKI Dukhi Sad

lambaa lambaI 

garIba garIbaI

3.3.1.6.

3.3.1.6.1.

‘come,’ jaa ‘go’ ]z ‘get up,’ and baOz ’sit.’ 

rama saaota hO.
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vah idllaI jaayaogaa.

3.3.1.6.2.

pZ ‘read,’ ilaK ‘write,’ laa ‘bring,’ do ‘give,’ 

lao ‘take,’ and kr ‘do,’ 

]sanao mauJao ek khanaI saunaa[-.

rama nao mauJao ek p~ Baojaa.

gaaDI $kI .

SaISaa TUT gayaa.

3.3.1.6.3.

donaa ‘to give,’ saunaa ‘to tell,’ baocanaa ‘to sell’ are known as 

rama nao ima~ kao ]phar idyaa.
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saIta nao Apnao ima~ kao p~ Baojaa.

3.3.1.6.4.

saIta nao saholaI kao imaza[- .

Da@Tr nao marIja kao maa^ sao dvaa .

3.3.1.6.5.

haonaa ‘to be, and’ 

Aanaa .

mauJao yah klama pMsad hO.

mauJao yah klama pMsad AayaI.

maOnao yah klama pMsad kI.

mauJao saarI khanaI yaad AayaI.

maOnao saarI khanaI yaad kI.
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3.3.1.6.6.

krnaa ‘to do’ and haonaa ‘to 

be.’.’

maOnao maora paz yaad kr ilayaa.

maora paz samaaPt huAa.

My les

kama samaaPt krao.

kama samaaPt huAa.

saIta kao hMsaI AayaI.

saIta kao dyaa AayaI.
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3.3.1.6.7.

paTI- samaya pr Sau$ hu[-.

maOnao pustk pZ laI.

maOnao tsvaIr KIMca laI.

vah saaro idna calata rha.

vah Qyaana sao pZta rha.

3.3.1.7.

maaohna tojaI sao calata hO.

gannaa bahUt maIza hO.
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raQaa ibalkula saaf baaolatI hO.

3.3.1.8.

3.3.1.8.1. Mono

saIta skUla gayaI AaOr maInaa dohlaI gayaI.

3.3.1.8.2.

rama maOca jaIt gayaa @yaaoik ]sanao kzaor pirxa`ma ikyaa.

3.3.1.9.

Agar

tao ‘if … then.’

Agar tuma mauJao pustk dao tao maO pZUMgaa.
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3.3.1.10.

3.16 

ho rama 

Aao maa^ 

Joy

ha ha maa^ Aa ga[-.

haya maO babaa-d hao gayaa.

@yaa tuma pasa hao gayao.

CI CI qaU tumanao iktaba caaorI kI.
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3.3.2.

(Present) (Future)

(Tense) 

(Past)

saamaanya 
(Indefinite)

Aasanna 
(Recent)

Interrogative

Interrogative 

Negative

Affirmative

Negative

pUNa- (Past 

Perfect)

ApUNa-
(Continuous)

saMidgQa 
(Doubtful or 

Presumptive 

Perfect)

hotuhotumad 
(Conditional)

AByast 
(Habitual)

Interrogative

Interrogative 

Negative

Affirmative

Negative

Interrogative

Interrogative 

Negative

Affirmative

Negative

Interrogative

Interrogative

Negative

Affirmative

Negative

Interrogative

Interrogative 

Negative

Affirmative

Negative
Interrogative

Interrogative 

Negative

Affirmative

Negative

Interrogative

Interrogative 

Negative

Affirmative

Negative

saMBaavya
(Doubtful)

(Future)

saamaanya 
(Indefinite)

Interrogative

Interrogativ

e Negative

Affirmative

Negative

Interrogative

Interrogativ

e Negative

Affirmative

Negative

(Present)

saamaanya 
(Indefinite)

Interrogative

Interrogative 

Negative

Affirmative

Negative

ApUNa-
(Continuous)

Interrogative

Interrogative 

Negative

Affirmative

Negative

saMidgQa 
(Doubtful or 

Presumptive 

Perfect)

Interrogative

Interrogative 

Negative

Affirmative

Negative
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3.3.2.1.     

maOnao dohlaI gayaa qaa.

maOnao caavala Kayao hO.

maO caavala Kayao qao.

maO caavala Ka rha qaa.

MmaOnao caavala Kayao haogao.

Agar tuma BaUKo haoto tao tumanao caavala Kayao haoto.
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maO caavala Kayaa krta qaa. maO caavala Kata qaa.

3.3.2.2.    

saamaanya vat-maana

maO gaaDI calaata hU^.

ApUNa- vat-maana

maO gaaDI calaa rha hÛ.
saMidgQa vat-maana

maO gaaDI calaa rha haoMgaa.

3.3.2.3.

saamaanya BaivaYyat

maO gaaDI calaa}Mgaa.

saMBaavya BaivaYyat

(Singh, 

2003).

Saayad maO gaaDI calaa}Mgaa.
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3.4.

,

. 

– –

– –

hmao 

(hume) in English “We”, second example is ]sao “He or She”

n Hindi there is no word equivalent to “do”. Therefore to convey a question, intonation is 

English language has. The number “one” is used in place of the 
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4.1.
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4.2.

�

�

�

4.2.1.
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+ θ

- θ

n2

n1

n

k

2

1

k
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ates in itself with the difference of quantum interval θ

4.4. Proposed Quantum Neural Network algorithm

um interval θ

which is a small random value, δk is error rate of output layer and δ

k
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2009

1 1 2 2

n n n n n

.

… (4.3)

… (4

Here the initial value of θ

… (4.5)
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… (4.6)

δ

n … (4.7)

n n

δ

n n …(4.9)

2, 3...., n n …(4.10)

δ

∆θ,

value of ∆θ = 0.25 has been used.

… (

δ
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θ , ∆θ

δk 
δk 
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4.5.





92

Proposed Quantum Neural Network based model for Machine 

translation.

5.1.

5.2. Methodology used to implement proposed Machine Translation system 

a
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5.3. based MT System Model
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5.3.1.

Analysis

n
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5.3.1.1.
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5.3.1.2.

5.3.1.3.

de       

.10 .100

.101

.102

.103

.104

.105

.11 .110

.111

.112

.113
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.12 .120

.121

.122

.123

.13 .130

.131

.132

.14 .140

.141

.15 .150

.16 .160

.17 .170

.18 .180

.19 .190

.20 .200

.21 .210

.22 .220

u ate the POS id of “Article” then, by .

POSBase id of “Article” is .12 and .

.
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5.3.1.4.

5.3.1.5.

�

OUTPUT:

�
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Go to 

the bases of POS, else call the procedure “Ambiguous word handler” for 

OUTPUT:

�

OUTPUT:
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Here, the word “a” may have two different POS Tagg, the correct preposition in respect 

of whole sentence of word “a” should be [Article]

d 

Here, in the outcome of Step 5 the word “a” is now correct POS i.e. preposition selected 

in respect of whole sentence word “a” is Article

5.3.1.6.
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N (.100)

HV (.111)

ADV(.112)

V (.110)

Pre (.140)

A (.123)

Post(.105) 

N (.100)

HV (.111)

NE (.180)

V (.110)

Pre (.140)

A (.123) 

Post(.105) 

Hidden Layer
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5.3.2.

d 

if SENTENCE[LOC] = “Interrogative word” , then: 

if SENTENCE[LOC] = “Negative word” , then: 

if SENTENCE[LOC] = “Conjunction”, then:
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stop (“ | ”).



104

Negative =True and Negative word= “not” and Neg

Conjunction = True and Conjunction= “before” and Conjunction word location =6

“not” removed

jaa^na ko hvaa[- AD\Do phucanao sao phlao hvaa[- jahaja nahI ]Da qaa. 
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5.3.3.

.123    .100         .102    .110   .123     .130    .180      

tRNamaUla   mauiKyaanao   inaiScat   naa     kha.                             

.100      .102        .130     . 180    . 110  .000 .000

/ tRNamaUla

/mauiKyaa nao

/ inaiScat

/ naa

/ kha

Devanagari-HindiEnglish
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5.3.4.

5.3.5.

are given below, in which the word “shoot” is common in sentence 1, 

different meanings. Similarly the word “plant” is also an ambiguous word, which is 

with Gun.

.
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Word

gaaolaI maarnaa

faoTao KIcanaa

Ankur

pOaGaa

lagaanaa

“Ambiguous word handler” in Quantum Neuro tagger algorithm of section 5.3.1.5.

5.4.



 

 

 

 

 

 

 

 

CHAPTER 6 

OPTIMAL LEARNING RULE FOR 

PROPOSED QNN BASED MT 
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Chapter 6  

Optimal learning rule for Proposed QNN based MT. 

 

 

 

In this chapter, the optimal value of Quantum Interval (θ
r
) has been obtained to identify 

the Optimal learning rule for QNN model. The optimum rules are different for English to 

Hindi translation compared to Hindi to English translation. The rule algorithm for parts of 

speech tagging (intermediate step of MT) for Hindi and English have been identified. 

 

The experiments have been carried out to achieve lowest possible Mean Square Error 

(MSE) for training, validation and testing of the model. The random data set has been 

used for training, validation and test with POS tags of 2600 sentences. The dataset is 

divided in 4:3:3 ratios respectively for training, validation and testing from 2600 English 

sentences and their Devanagari-Hindi translations. Separate optimal learning rules for 

QNN have been developed for Hindi to English MT system, English to Hindi MT system, 

Hindi POS tagger and English POS tagger. 

In every experiment, the results between traditional ANN and QNN have been compaired. 

The equvilent architectures of the ANN and QNN have been used to compair the results. 

Both of them have three layers Architecture, which have inputs layer of 10 nodes, one 

hidden layer of 10 nodes, and output layer of 10 nodes. Only the diffierence between 

QNN and ANN is that, in QNN each hidden layer neuron having two excitation states 

which virtually represent two more nodes but any one of the node can be used for 

learning. In ANN and QNN, the simple sigmoid function has been used as the activation 

function of output layer. At Hidden layer for ANN, the simple sigmoid function has been 

used, on the other hand for QNN, the quantum sigmoid function with various graded 

levels has been used. The Levenberg-Marquardt method has been used as training method 

in both ANN and QNN. 

 

6.1. Experiment 1:  Optimisation of QNN model for English  POS Tagger 

 

Experiment-1 has been performed for identifying the optimal learning rule, used in QNN 

based English POS tagger. The optimal learning rule has been achieved by optimizing the 
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value of Quantum Interval (θ
r
) for Equation 4.6.  With the different values of Quantum 

Interval (θ
r
), the same experiment is done several times to identify the optimal value of 

Quantum Interval (θ
r
). This experiment is carried out with the random data sets for 

training, validation and testing from POS tags of 2600 English sentences.  

 

The results shown in Table 6.1 are the average of 500 computed results. In Table 6.1, the 

best performance is shown for value of Quantum Interval   (θ
r
) 2.75 with respect to all the 

parameters i.e. epoch or iterations needed to train the network, the training, validation and 

test performance. The first row of table i.e. at θ = 0  represents the training value of ANN 

model and rest of the rows show the training performances of QNN model with different 

value of θ
r
.  

 

Table 6.1: Results of performance parameter of QNN and ANN for English POS 

tagger 

 

S.No Quantum 

Interval (θ) 

Epoch 

(average 

Iterations) 

Training 

performance 

(MSE) 

Validation 

performance 

(MSE) 

Test 

performance 

(MSE) 

1 θ= 0=> ANN 21.608782 0.002041 0.002036 0.002026 

2 0.25 16.261477 0.000102 0.000104 0.000103 

3 0.5 16.367265 0.000240 0.000241 0.000240 

4 0.75 16.209581 0.000116 0.000114 0.000116 

5 1 16.221557 0.000362 0.000362 0.000367 

6 1.25 15.906188 0.000298 0.000297 0.000298 

7 1.5 16.309381 0.000142 0.000148 0.000140 

8 1.75 16.606786 0.000281 0.000284 0.000284 

9 2 16.822355 0.000239 0.000246 0.000238 

10 2.25 17.013972 0.000169 0.000166 0.000167 

11 2.5 16.828343 0.000135 0.000135 0.000137 

12 2.75 17.389222 0.000038 0.000038 0.000038 

13 3 18.153693 0.000040 0.000042 0.000040 

14 3.25 18.201597 0.000070 0.000070 0.000070 

15 3.5 19.011976 0.000102 0.000104 0.000103 
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16 3.75 19.369261 0.000134 0.000136 0.000135 

17 4 20.241517 0.000037 0.000037 0.000038 

 

6.2. Experiment 2:  Optimisation of QNN model for Hindi POS Tagger  

 

To identify the optimal learning rule for the QNN based Hindi POS tagger the 

experiment-2 has been performed. The value of Quantum Interval (θ
r
) for Equation 4.6 

has been optimised for achieving the optimal learning rule. The same experiment is 

carried out many times for the different values of Quantum Interval (θ
r
), to identify the 

optimal value of Quantum Interval (θ
r
).  This experiment is performed with the random 

data sets for training, validation and testing from POS tags of 2600 Hindi sentences. The 

results shown in Table 6.2 are the average of 500 times calculated results. In Table 6.2, 

the best performance is shown for value of Quantum Interval   (θ
r
) 3.5 with respect of all 

the parameters i.e. Epoch or iterations needed to train the network, the training, validation 

and test performance. The first row of table i.e. at θ = 0  represents the training value of 

ANN model and rest of the rows show the training performances of QNN model with 

different value of θ
r
.  

 

Table 6.2: Training, Testing and Validation of QNN model for Hindi POS 

Tagger 

 

S.No Quantum 

Interval(θ) 

Epoch 

(average 

Iterations) 

Training 

performance(MSE) 

Test 

performance(MSE) 

1 ANN 20.81437 0.001502 0.001495 

2 0.25 15.68663 0.000216 0.000223 

=3 0.5 15.56088 0.000360 0.000370 

4 0.75 16.07784 0.000074 0.000079 

5 1 15.82635 0.000265 0.000273 

6 1.25 15.89421 0.000264 0.000273 

7 1.5 16.09381 0.0004 0.000409 

8 1.75 15.49301 0.000362 0.000369 

9 2 15.61677 0.000272 0.000277 

10 2.25 16.3513 0.000329 0.000338 

11 2.5 16.42715 0.000311 0.000327 
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12 2.75 16.68663 0.000137 0.000149 

13 3 18.05988 0.000201 0.000211 

14 3.25 17.76846 0.000202 0.000207 

15 3.5 19.12176 0.000041 0.000049 

16 3.75 19.21357 0.000073 0.000081 

17 4 20.15968 0.000072 0.000082 

 

6.3. Experiment 3:  Optimisation of QNN model for English  to Hindi MT System 

 

Experiment-3 has been carried out for identifying the optimal learning rule for QNN 

based Hindi to English machine translation system. The optimal learning rule has been 

achieved by optimizing the value of Quantum Interval (θ
r
) for Equation 4.6.  With the 

different values of Quantum Interval (θ
r
), the same experiment is done a number of times 

to identify the optimal value of Quantum Interval (θ
r
).  This experiment is performed with 

the random data sets for training, validation and testing from POS tags of 2600 English 

with its Hindi translated sentences. The results shown in Table 6.3 are the average of 500 

times calculated results. In Table 6.3, the best performance is shown for value of 

Quantum Interval   (θ
r
) 2.25 with respect of all the parameters i.e. Epoch or iterations 

needed to train the network, the training, validation and test performances. The first row 

of table i.e. at θ = 0  represents the training value of ANN model and rest of the rows 

show the training performance of QNN model with different value of θ
r
.  

 

Table 6.3: Results of performance of QNN and ANN for English to Hindi MT system  

 

S.No Quantum 

Inte=rval(θ) 

Epoch 

(average 

Iterations) 

Training 

performance 

(average 

MSE)  

Validation 

performance 

(average 

MSE) 

Test 

performance     

(average 

MSE) 

1 θ=0=> ANN 20.58 0.00162840 0.00163146 0.00167585 

2 0.25 15.81 0.00006845 0.00007465 0.00007460 

3 0.5 16.64 0.00003666 0.00004423 0.00004053 

4 0.75 16.40 0.00010053 0.00010867 0.00010874 

5 1 16.02 0.00006894 0.00007508 0.00007592 

6 1.25 16.24 0.00006850 0.00007437 0.00007431 
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7 1.5 15.89 0.00003667 0.00004250 0.00004195 

8 1.75 16.15 0.00003565 0.00004415 0.00004411 

9 2 16.10 0.00006816 0.00007560 0.00007471 

10 2.25 16.12 0.00003628 0.00004337 0.00004331 

11 2.5 16.63 0.00006861 0.00007665 0.00007528 

12 2.75 16.72 0.00003673 0.00004357 0.00004267 

13 3 16.52 0.00003611 0.00004363 0.00004285 

14 3.25 17.06 0.00003544 0.00004510 0.00004417 

15 3.5 18.02 0.00006807 0.00007557 0.00007731 

16 3.75 18.01 0.00007494 0.00008566 0.00008155 

17 4 18.48 0.00003583 0.00004504 0.00004302 

 

 

6.4. Experiment 4:  Optimisation of QNN model for Hindi to English MT System 

 

To identify the optimal learning rule for the QNN based Hindi to English machine 

translation, the experiment-4 has been carried out. The value of Quantum Interval (θ
r
) for 

Equation 4.6 has been optimised for achieving the optimal learning rule. The same 

experiment is performed out many times for the different values of Quantum Interval (θ
r
), 

to identify the optimal value of Quantum Interval (θ
r
).  This experiment is done with the 

random data sets for training, validation and testing from POS tags of 2600 Hindi with its 

English translated sentences. The results shown in Table 6.4 are the average of 500 times 

calculated results. In Table 6.4, the best performance is shown for value of Quantum 

Interval   (θ
r
) 1 with respect of all the parameters i.e. Epoch or iterations needed to train 

the network, the training, validation and test performances. The first row of table i.e. at θ 

= 0  represents the training value of ANN model and rest of the rows show the training 

performance of QNN model with different value of θ
r
.  

 

Table 6.4: Results of performance parameter of QNN and ANN for Hindi to English 

MT  

 

S.No Quantum 

Interval(θ) 

Epoch 

(average 

Iterations) 

Training 

performance 

(MSE) 

Validation 

performance 

(MSE) 

Test 

performance 

(MSE) 

1 θ= 0=> ANN 20.04391 0.002027 0.002066 0.002075 
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2 0.25 15.36727 0.000185 0.000205 0.000203 

3 0.5 15.47305 0.000248 0.000273 0.000273 

4 0.75 15.28343 0.000231 0.000248 0.000252 

5 1 15.48303 0.00025 0.00027 0.000272 

6 1.25 15.67066 0.000284 0.0003 0.0003 

7 1.5 15.64271 0.000296 0.000318 0.000316 

8 1.75 15.78643 0.000349 0.000374 0.000375 

9 2 15.68663 0.000184 0.000204 0.000209 

10 2.25 15.96607 0.000249 0.000273 0.000273 

11 2.5 16.27345 0.000256 0.000281 0.000276 

12 2.75 16.54092 0.00022 0.000242 0.000242 

13 3 16.49301 0.000348 0.000361 0.00037 

14 3.25 16.93214 0.000192 0.000214 0.000216 

15 3.5 17.76248 0.000294 0.000315 0.000323 

16 3.75 17.85429 0.000185 0.000202 0.000207 

17 4 18.72056 0.000217 0.000237 0.00024 

 

6.5. Conclusion  

 

In this chapter, we have identified the optimal learning rule for proposed QNN based 

machine translation model. Different experiments have been performed with QNN and 

the results are also compared between traditional ANN and quantum neural networks. 

The optimum rules are different for English to Hindi translation compared to Hindi to 

English translation. The learning rule for parts of speech tagging (intermediate step of 

MT) for Hindi and English are also identified.  Optimal learning rules have been achieved 

after 500 independent tests performed with the system for each value of quantum interval 

(θ) with random data sets. The identified optimal learning rules are used in QNN based 

MT System for Hindi to English and English to Hindi and in QNN based POS tagger for 

Hindi and English. 
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Chapter 7 

 Testing and validation of the proposed QNN based MT model. 

 

 

 

In this chapter, the identifying ability of the Quantum Neural Network (QNN) based MT 

model has been analyzed. To test and validate the proposed model with 2600 sentences of 

news items in English and their corresponding human translated Devanagari-Hindi 

sentences are used as input/output as given in Table 7.1. Here, the 2600 English sentences 

contain 11500 words and their equivalent translated Hindi sentences contain 12500 

words, this corpus of words is used for testing and validation of QNN based POS tagger. 

The news papers used as sources are Times of India (www.timesofindia.indiatimes.com), 

Reuters (http://in.reuters.com/), and Hindustan Times (www.hindustantimes.com). Only 

grammatically correct English sentences are collected and their corresponding 

Devanagari-Hindi translations are also performed manually, which is used for validation 

of the model. Each English sentence may consist of words with Question Word, Noun, 

Helping Verb, Negative Word, Verb, Preposition, Article, Adjective, Post Noun and 

Adverb etc. Each Devanagari-Hindi sentence may contain a Question Word, Noun, 

Helping Verb, Negative Word, Verb, Preposition, Article, Adjective, Post Noun and 

Adverb etc. 

 

Table 7.1:  Input/Output sentences used for testing and validation 

 

# English - input 

sentences 

Devanagari-Hindi – output sentences 

1. The court has also issued 

a notice to the state 

government. 

Nyayalaya ne Pradesh sarkar ko bhi soochna jaari ki 

hai 

nyaayaalaya nao p`doSa sarkar kao BaI saUcanaa jaarI kI hO. 

2. All great players retire 

one day. 

Samast mahaan khiladi ek din nivrata hote hai. 

samast mahana iKlaaDI ek idna inavaR%t haoto hOM. 
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3. You need someone to be 

dedicated, be committed 

and disciplined. 

Tumhe uski avashyakta hai jo samarpit, vachanbadh 

avam anushasit ho. 

tumho ]sakI AavaSyakta hO jaao samaip-t, vacanabaw evaM AnauSaaisat hao. 

4. Sachin said Dravid will 

be surely missed in the 

dressing room. 

Sachin ne kaha ki Dravid avashya srangar kaksha me 

yaad kiye jayege. 

saicana nao kha ik d`ivaD AvaSya EM`aRgaar kxa mao yaad ikyao jaayaogao. 

5. The Trinamool supremo 

said a definitive no. 

Trinamool mukhiya ne nishchit naa kaha. 

tRNamaUla mauiKyaa nao inaiScat naa kha. 

6. The Indian government 

has also desired to attract 

investments from 

Venezuela. 

Bahrtiya sarkaar ne Venezuela se nivesh ko aakarshit 

karne ki bhi iccha vyakt ki. 

BaartIya sarkar nao vaonaojauelaa sao inavaoSa ko AakiYa-t krnao kI BaI [cCa 

vya@t kI. 

7. The insurgents have 

vowed to carry their 

fight across Yemen. 

Yudhrat vidrohi Yemen ke virudh apni ladai jaari 

rakhne ki shapath kha chuke hain. 

yauwr%t ivad`aohI yamana ko iva$w ApnaI laDa[- jaarI rKnao kI Sapqa Ka 

cauko hOM. 

8. They are planning big 

strikes in Kashmir 

Ve kashmir mai hamle ki saajish kar rahe hai. 

vao kSmaIr maoM baDo hmalao kI saaijaSa kr rho hOM. 

 

7.1. Methods used for Evaluation and Validation of proposed QNN based MT model 

 

Evaluation and Validation has been performed by translating the same set of input 

sentences by using the proposed system, Google translation and Bing translation. The 

accuracy of proposed quantum neural network based MT system for Devanagari (Hindi) 

to English  and vice versa has been compared on different scores viz. BLEU, NIST, 

ROUGE-L, METEOR and human based. The human based translation has been 

performed because the automatic MT evaluation methods cannot sense the meaning of 

translation, as compaired to the human based.  
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7.1.1. Evaluation by BLEU (Bilingual evaluation understudy)  

 

BLEU score has been used to compute the score of MT System outcome. BLEU is 

developed by IBM. In BLEU, modified n-gram precision is used to evaluate candidate’s 

translations by compairing with reference translations. (Papineni et al., 2002).  

On BLEU scale the accuracy of outcome is always shown on the scale  0 to 1. Here, 1 

represents maximum similarity between machine (candidate) translated sentence and 

human (reference) translated sentence. 

We first compute the n-gram (sentence having n number of words) by maching candidate 

sentence with reference sentence, word by word. Next, we add the clipped n-gram counts 

for every candidate sentences and divide by the number of candidate n-grams in the test 

corpus to compute a modified precision score, pn, for the entire test corpus.  

ntranslatiocandidateinwordofnumberToal

ntranslatioreferenceandsentencecandidtebetweenwordscommonofnumberTotal
Pn 

           …(7.1) 

The Brevity Penalty (BP) is followed by using the Equation 7.2: 
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                                                                                   …(7.2) 

Here c is number of words in candidate translation and r is the number of words in 

reference translation. 

                                                                                       

 

The BLEU score is calculated by using Equation 7.4 
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The above Equation 7.3 can be expressed as: 

  















 



N

n

nn pw
c

r
BLEU

1

log0,1minlog

                                                 …(7.4) 

Here the wn is a positive weight and wn= 1/N, N is number of words in longest candidate 

translation. 
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7.1.2. Evaluation by NIST (National Institute of Standard and Technology). 

 

This is proposed by NIST (national institute of standard and technology). It reduces the 

effect of longer n-grams by using arithmetic mean over n-grams counts instead of 

geometric mean of co-occurrences over N (Doddington, 2002, George, 2002). On NIST 

scale the accuracy of outcome is always shown on the scale 0 to 10. This value 

indicates,how informative a particular n-gram text is, with values closer to 10 

representing more informative the text is: 
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                                                    …(7.5) 

 

Where LenCan is total word count in candidate sentence and LenRef is average word count 

in all reference translation. The brevity penalty factor β must be taken as very small 

number. N is word count in longest candidate translation.  

The precision is calculated by using: 
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Where 
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NIST score is calculated by using: 

 

 

NISTNISTscore PRECISIONBPNIST *
      

…(7.8) 

7.1.3. Evaluation by ROUGE-L (Recall-Oriented Understudy for Gisting 

Evaluation- Longest Common Subsequence) 

 

ROUGE-L (Recall-Oriented Understudy for Gisting Evaluation- Longest Common 

Subsequence) that measures sentence-to-sentence similarity based on the longest common 

subsequence statistics between a candidate translation and a set of reference translations. 
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On ROUGE-L scale the accuracy of outcome is always shown on the scale,  0 to 1. Here, 

1 represents maximum similarity based on the longest common subsequence statistics 

between machine (candidate) translated sentence and human (reference) translated 

sentence.  

To apply Longest Common Subsequence (LCS) in machine translation evaluation, every 

sentence and its translation is the sequence of words. The perception is that, longer is the 

LCS of two translations, more similar the two translations are. (Lin et al., 2004). 

Here X represents reference translation and Y represents candidate translation. m is word 

count in reference translation and n is word count in candidate translation. 

m

)Y,X(LCS
Rlcs 

        …(7.9) 
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                 …(7.10) 
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                 …(7.11) 

 

Where Plcs is Precision and Rlcs is Recall and LCS(X,Y) is the length of a longest common 

subsequence of X and Y, and β = Plcs/Rlcs  
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7.1.4. Evaluation by METEOR (Metric for Evaluation of Translation with Explicit 

Ordering) 

METEOR (Metric for Evaluation of Translation with Explicit Ordering) is an MT 

evaluation metric, which has been developed at Carnegie Mellon University. The Meteor 

metric is based on the weighted harmonic mean of  
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Here m is total number of common words between reference and candidates translations, 

wc is the total number of words in candidate translation (t) and wr is the total number of 

words in reference translation(r).  

Fmean is calculated by combining the recall and precision via a harmonic-mean that places 

equal weight on precision. Again α must be taken as very small number. 
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This measure is for congruity with respect to single words but for considering longer n-

gram matches, a penalty p is calculated for the alignment as: 
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Here c is total number of fragmentation (of one or more words) between reference 

translation and candidate translation, and um is total number of common words between 

reference translation and candidate translation. (Banerjee 2005, Lavie et al. 2009). 

Final Meteor-score (M-score) can be calculated as:  

 

 

 
)p(FMeteor meanscore  1

               
…(7.17) 

On Meteor scale the accuracy of outcome is always shown on the scale 0 to 1. Here, 1 

represents maximum similarity based on the longest common subsequence statistics 

between machine (candidate) translated sentence and human (reference) translated 

sentence. During evaluation if multiple reference translation are available, then the given 

translation is scored against each reference independently, and the best score is reported.  

Meteor word matches between translation and references includes semantic equivalents. 
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7.2. Experiment and Results 

 

In this section experiments are carried out to validate the QNN based model for Hindi to 

English, English to Hindi machine translator, Hindi and English POS tagger. For 

validation purpose same sets of English and Hindi sentences have been tested with 

proposed system, Bing Translation, Google Translator and Anuvadaksh. Their 

comparison charts are also shown in this section.  

 

7.2.1. Validation of QNN based English POS Tagger  

 

The validation of QNN based English POS tagger has been carried by comparing the 

results with rule based POS tagger and proposed QNN based POS tagger. In the 

experiment all words in English sentence are assigned with a unique numeric code as 

POS tag. The three digits numeric codes have been used to encode all the words in 

English sentences. As shown in Figure 5.4, the encoding scheme has produced numeric 

codes in the input layer and output layer of the Quantum Neural Network. All the errors 

in Parts of Speech (POS) tagging of words in English sentences have been evaluated and 

recorded. The parts of speech distribution for English sentences according to their number 

and percentage are shown in Table 7.2.  

 

Table 7.2:  POS Distribution with 2600 English Sentences  

 

Parts of Speech Number wise POS 

Distribution with English 

Percentage wise POS 

Distribution for English (%) 

Question Word 500 4.00 

Noun 2500 20.00 

Helping Verb 2300 18.40 

Negative Word 900 7.20 

Verb 1900 15.20 

Preposition 700 5.60 

Article 900 7.20 

Adjective 700 5.60 

Post Noun 1500 12.00 

Adverb 600 4.80 

Total 12500  
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The QNN memorizes the pattern of POS, based on the Input pair of POS set. Here for 

testing purpose the rule based POS of English sentences has been used as input to QNN 

based POS tagger. During experiments it is identified that the QNN easily learns and 

identifies the POS of preposition due to the grammar structure of English language. On 

other hand, for QNN it is hardest to learn to tag the correct POS tagging between the 

adjective and the second noun. Furthermore, it is also slightly harder to learn to tag the 

correct parts of speech of adverb in English grammar, due to the random change in 

positions of the verb and adverb. Figure 7.1 below, clearly shows that the proposed 

English parts of speech tagger correctly disambiguates and correctly identifies the POS 

with higher accuracy. 

 

 

Figure 7.1: Bar diagram for accuracy comparison between rule based POS tagging 

and QNN based tagging 

 

The accuracy based on the categories of POS is shown in the Figure 7.1. For the 

categories having low accuracy, such Question Word, Negative Word, Verb, Adverb.  It 

is observed that all of them are highly ambiguous and almost invariable. Most of them are 

also hard to disambiguate without any semantic information. 

 

Experiments show that during learning process with QNN based POS Tagger for English, 

there is decrease in indeterminacy of pattern recognition and increase in authenticity of 

pattern recognition of POS. Hence, by using POS tagger with QNN, the proposed system 

has achieved a better POS tagging with higher accuracy in comparison to other existing 

approaches.  
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7.2.2. Validation of QNN based Hindi POS Tagger  

 

The proposed QNN based POS tagger for Hindi has been validated by comparing the 

results with rule based Hindi POS tagger. In the experiment all words of Hindi sentence 

are tagged with POS tag using unique numeric code as discussed in section 5.3.1.3. It is 

possible to use three numeric codes to encode all the words in one language. Figure 5.4 

shows how this encoding scheme produced numeric codes in the input and output layer of 

the QNN. All the errors of words in Hindi and Devanagari-Hindi, sentence and POS are 

evaluated and recorded. The part of speech distribution for Devanagari-Hindi sentences 

according to their number and percentage are shown in Table 7.3 

 

Table 7.3:  POS Distribution of 2600 English sentences 

 

 

Parts of Speech Number wise POS 

Distribution with Hindi 

Percentage wise POS 

Distribution for Hindi (%) 

Question Word 500 4.35 

Noun 2600 22.61 

Helping Verb 2300 20 

Negative Word 900 7.83 

Verb 1900 16.52 

Preposition 300 2.61 

Article 300 2.61 

Adjective 700 6.09 

Post Noun 1500 13.04 

Adverb 500 4.35 

Total 11500  

All the errors of POS for words in Hindi sentence are evaluated and recorded. The Figure 

7.2 clearly shows that the proposed Hindi POS tagger correctly disambiguates and 

correctly identifies the parts of speech with higher accuracy. The accuracy based on the 

categories of parts of speech is shown in the Figure 7.2. Experiments show that during 

learning process with QNN based POS tagger for Hindi, there is decrease in 

indeterminacy of pattern recognition and increase in authenticity of pattern recognition of 

POS. 
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Figure 7.2 Bar diagram for accuracy comparison between rule based Hindi POS 

tagging and QNN based tagging 

Hence, by using POS tagger with QNN, the proposed system has achieved a better POS 

tagging with higher accuracy in comparison to rule based Tagger.  

7.2.3. Sentences tested with Google Translation, Microsoft’s Bing Translation and 

proposed System. 

The performance of proposed system is comparatively analyzed with Google translation 

(http://translate.google.com/) and Microsoft’s Bing translation 

(http://www.bing.com/translator) by using various MT evaluation methods like BLEU, 

NIST, ROUGE-L, and METEOR. For evaluation purpose we translate the same set of 

input sentences by using the proposed system, Google translation and Bing translation, 

and then evaluate the output got from each of the system 

7.2.3.1. Validation of English  to Hindi QNN based MT System on BLEU score 

The Validation of English to Hindi QNN based MT System has been performed using 

BLEU score as above given Equations 7.3 and 7.4. Comparative Bar diagram between 

proposed system, Google, Bing and Anuvadaksh based on BLEU score is shown in 

Figure 7.3. The bar diagram clearly shows that the proposed system has remarkably high 

accuracy of 0.9809 in comparison of Anuvadksh 0.1128, Bing 0.1517 and Google 0.1686 

accuracy on BLEU score.  
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Figure 7.3: Accuracy comparison among proposed system, Google, Bing and 

Anuvadaksh based on BLEU score 

7.2.3.2. Validation of English  to Hindi QNN based MT System on NIST score 

The Validation of English to Hindi QNN based MT System has been performed using 

NIST score as above given Equation 7.8.  

 

Figure 7.4: Accuracy comparison among proposed system, Google, Bing and 

Anuvadaksh based on NIST score 
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Comparative Bar diagram between proposed system, Google, Bing and Anuvadksh on  

NIST score is shown in Figure 7.4.  The bar diagram clearly shows that the proposed 

system has remarkably high accuracy of 7.3066 in comparison of Anuvadksh 2.2125,Bing 

3.3911 and Google 3.6577 accuracy on NIST score. 

7.2.3.3. Validation of English  to Hindi QNN based MT System on ROUGE-L score 

The Validation of English to Hindi QNN based MT System has been performed using 

ROUGE-L score as above given Equation 7.12. Comparative Bar diagram between 

proposed system, Google, Bing and Anuvadksh on NIST score is shown in Figure 7.5.   

 

Figure 7.5: Accuracy comparison among proposed system, Google, Bing and 

Anuvadaksh based on ROUGE-L score 

The bar diagram clearly shows that the proposed system has remarkably high accuracy of 

0.9887 in comparison of Anuvadksh 0.5161, Bing 0.5165 and Google 0.5575 accuracy on 

ROUGE-L score. 

7.2.3.4. Validation of English  to Hindi QNN based MT System on METEOR score 

 

The Validation of English to Hindi QNN based MT System has been performed using 

METEOR score as above given Equation 7.17. Comparative Bar diagram between 

proposed system, Google, Bing and Anuvadksh on NIST score is shown in Figure 7.6.  
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The bar diagram clearly shows that the proposed system has remarkably high accuracy 

0.7367 on METEOR score. Anuvadksh has shown accuracy 0.2289 on METEOR score, 

Bing 0.2399 and Google 0.2523 accuracy on METEOR score. 

 

 

 

Figure 7.6: Accuracy comparison among proposed system, Google, Bing and 

Anuvadaksh based on METEOR score 

 

7.2.3.5. Validation of Hindi to English QNN based MT System on BLEU score 

 

The Validation of Hindi to English QNN based MT System has been performed using 

BLEU score as above given Equations 7.3 and 7.4.  

 

 

  

Figure 7.7: Accuracy comparison among proposed system, Google and Bing based 

on BLEU score 
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Comparative Bar diagram between proposed system, Google and Bing based on BLEU 

score is shown in Figure 7.7.  The bar diagram clearly shows that the proposed system has 

remarkably high accuracy of 0.7502 in comparison of Bing 0.2626, and Google 0.3501 

accuracy on BLEU score. 

 

7.2.3.6. Validation of Hindi to English QNN based MT System on NIST score 

 

The Validation of Hindi to English QNN based MT System has been performed using 

NIST score as above given Equation 7.8. Comparative Bar diagram between proposed 

system, Google, Bing and Anuvadksh on NIST score is shown in Figure 7.8.  The bar 

diagram clearly shows that the proposed system has remarkably high accuracy of 6.5773 

in comparison of Bing 4.1744, and Google 4.955 accuracy on NIST score.   
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Figure 7.8: Accuracy comparison among proposed system, Google and Bing based 

on NIST score 

7.2.3.7. Validation of Hindi to English QNN based MT System on ROUGE-L score 

The Validation of Hindi to English QNN based MT System has been performed using 

ROUGE-L score as above given Equation 7.12. Comparative Bar diagram between 

proposed system, Google, Bing and Anuvadksh on NIST score is shown in Figure 7.9.   

The bar diagram clearly shows that the proposed system has remarkably high accuracy of 

0.9233 in comparison of Bing 0.6475, and Google 0.7189 accuracy on ROUGE-L score.   
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Figure 7.9: Accuracy comparison among proposed system, Google, Bing and 

Anuvadaksh based on ROUGE-L score 

7.2.3.8. Validation of Hindi to English QNN based MT System on METEOR score 

The Validation of Hindi to English QNN based MT System has been performed using 

METEOR score as above given Equation 7.17. Comparative Bar diagram between 

proposed system, Google, Bing and Anuvadksh on NIST score is shown in Figure 7.10.   
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Figure 7.10: Accuracy comparison among proposed system, Google and Bing based 

on METEOR score 
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The bar diagram clearly shows that the proposed system has remarkably high accuracy of 

0.5456 on METEOR score in comparison of Bing 0.1384, and Google 0.2021.   

7.2.4. Human based Evaluation 

On the basis of the tests performed on dataset, the accuracy percentage of ANN and QNN 

based MT systems have been evaluated on Human based Evaluation. Each translated 

sentence has been evelauated by Human manually.  

7.2.4.1. Validation of English to Hindi QNN based MT System 

The Validation of English to Hindi QNN based MT System has been performed using 

Human based Evaluation. Comparative Bar diagram between proposed system and ANN 

based MT System based on Human based Evalution shown in Figure 7.11. 

The overall accuracy with ANN is 86.667% and with QNN is 98.261% which is much 

higher than the equivalent ANN based MT system used by Chandola (Chandola et al, 

1994).  

Experiments confirm that the accuracy 98.261 % of MT based on quantum neural 

network is better than other bilingual translation methods.  
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Figure 7.11: Accuracy comparison among proposed system and ANN based MT 

system on Human based Evaluation 
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7.2.4.2. Validation of Hindi to English QNN based MT System 

 

The Validation of Hindi to English QNN based MT System has been performed using 

Human based Evaluation. Comparative Bar diagram between proposed system and ANN 

based MT System based on Human based Evalution shown in Figure 7.12.  
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Figure 7.12: Accuracy comparison among proposed system and ANN based MT 

system on Human based Evaluation 

 

The overall accuracy with ANN is 85.863% and with QNN is 98.154% which is much 

higher than the equivalent ANN based MT system.Experiments confirm that the accuracy 

achieved is 98.154 % of machine translation based on quantum neural network, which is 

better than other bilingual translation methods.  

 

7.3. Conclusion 

 

In this chapter, we have validated the QNN based MT System for Hindi to English, 

English to Hindi and for QNN based POS tagger for Hindi and English.  

The performance of proposed system has been evaluated together with other existing 

systems like Bing translation, Google translation, neural network based MT and 

Anuvadksh. The proposed system has ben compared with existing system for validation 

on the score of NIST, BLEU, ROUGE-L and METEOR scores.  

The accuracy of proposed quantum neural network based machine translation system for 

Devanagari (Hindi) to English has been compared on different scores viz. BLEU, NIST, 
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ROUGE-L, METEOR and human based evaluation, the accuracy are respectively 0.7502 

on score of 1, 6.5773 on score of 10, 0.9233 on score of 1, 0.5460 on score of 1 and 

98.154 %. In case of English to Hindi MT system, the accuracy achieved on BLEU, 

NIST, ROUGE-L,  METEOR and human based evaluation respectively are 0.9809 on 

score of 1, 7.3066 on score of 10, 0.9887 on score of 1, 0.9655 on score of 1 and 

98.261%. The accuracy of proposed system for both Hindi to English and English to 

Devanagari (Hindi) are found to be significantly higher in comparison with the existing 

English to Devanagari (Hindi) and Devanagari (Hindi) to English MT system like Google 

and Bing, ANN based MT system and Anuvadaksh. 

 

 



 

 

 

 

 

 

 

 

CHAPTER 8 

CONCLUSIONS AND FUTURE SCOPE 



 

132 
 

Chapter 8  

Conclusion and Future Scope 

 

 

 

8.1. Conclusion 

 

In this thesis, quantum neural network approach has been used for the problem of 

machine translation for English to Devanagari (Hindi) and vice versa.  

The architecture of the proposed model has been discussed in detail. The proposed 

algorithm for handling the complex sentences has also been discussed. Moreover, the 

method used to implement the machine translation by using the QNN is also included. 

The coding mechanism is used to decode and encode the sentences into numeric code to 

pass these to QNN. This chapter also covers the QNN based pats of speech tagging in 

detail. The experiments have been performed for identifying the optimal learning rules, 

used in QNN based Hindi, English POS tagger and English to Hindi, Hindi to English 

Machine Translation. The optimal learning rule has been achieved by optimizing the 

value of Quantum Interval (θ
r
) viz. Equation 4.6.  With the different values of Quantum 

Interval (θ
r
), the same experiment is done several times to identify the optimal value of 

Quantum Interval (θ
r
).  

The results of different experiments have been performed with QNN and have also been 

compared between traditional ANN and quantum neural networks.  

We have also validated the QNN based MT System for Hindi to English, English to Hindi 

and for QNN based POS tagger for Hindi and English.  

The performance of proposed system has been evaluated together with other existing 

systems like Bing translation, Google translation, neural network based MT and 

Anuvadksh. The proposed system has been compared with existing system for validation 

on the score of NIST (National Institute of Standard and Technology), BLEU (Bilingual 

Evaluation Understudy), ROUGE-L (Recall-Oriented Understudy for Gisting Evaluation- 

Longest Common Subsequence) and METEOR (Metric for Evaluation of Translation 

with Explicit Ordering) scores.  

The accuracy of proposed quantum neural network based machine translation system for 

Devanagari (Hindi) to English has been compared on different scores viz. BLEU, NIST, 
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ROUGE-L, METEOR and human based evaluation, the accuracy are respectively 0.7502 

on score of 1, 6.5773 on score of 10, 0.9233 on score of 1, 0.5460 on score of 1and 

98.154 %.. In case of English to Hindi MT system, the accuracy achieved on BLEU, 

NIST, ROUGE-L,  METEOR and human based evaluation respectively are 0.9809 on 

score of 1, 7.3066 on score of 10, 0.9887 on score of 1, 0.9655 on score of 1 and 

98.261%. Similarly, accuracy of proposed system for both Hindi to English and English 

to Devanagari (Hindi) are found to be significantly higher in comparison with the existing 

English to Devanagari (Hindi) and Devanagari (Hindi) to English MT system like Google 

and Bing, ANN based MT system and Anuvadaksh. 

The accuracy of this system has been improved significantly by incorporating QNN. Its 

performance is also compared with ANN based MT System. It is also shown that QNN 

based machine translator performs better than the ANN based MT Systems and it requires 

less training time than the neural network based MT systems.  As such, this investigation 

shows that QNN based MT approach may be better than other existing approaches for 

English to Devanagari (Hindi) and vice versa. 

8.2. Future Scope  

Although our system is showing higher accuracy using the Quantum Neural Network 

based MT approach, although there is some possibility for enhancement.  

The future directions are given below:  

Rich Lexicon/ Dictionary:  

The general and most appropriate method for enhancing the data driven approach, similar 

to the proposed work, is to use huge amount of data as knowledge base. The database 

containing bilingual dictionary having the complete set of POS information of any word 

like proper noun, surnames, titles, etc.  

Rich collection of bilingual translated sentences:  

Here hybrid approach of Quantum Neural Network based machine translation has been 

used to improve the accuracy. The proposed approach requires the high quality bilingual 
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translated sentences of Hindi and its English translated Sentences, for accurate machine 

translation.   

Upgraded Models:  

Even though using huge data, enhanced models may perform better translation quality. 

Expansion to the parser for handling more grammatical structures like phrases, idioms 

and proverbs etc. would also be other direction of further work.  

Better Evaluation Metrics:  

Many Automatic evaluation methods are available viz. BLEU, NIST, ROUGE-L, 

METEOR etc, but still there is a lot of possibility to enhance the  Automatic evaluation. 

Throughout the development and tuning phase, the quality of the machine translation 

system is evaluated many times. The parameters of the machine translation system are 

tuned to get the high score using any automatic evaluation metric. All the existing MT 

evaluation methods compare the n-gram MT translated sentence, word by word with the 

reference translation. Here the reference translation generally done by human. The 

outcomes of all the MT evaluation methods are regardless to the context of the sentence, 

so there is a need of enhanced metrics for a rapid development cycle.  

Extending to other Languages:  

As the performance of this proposed Quantum Neural Network based Machine translation 

System for Hindi to English and English to Hindi Translation are significantly more 

accurate than other existing systems.  So it is worth mentioning that QNN based MT may 

very well be extended to other language translation problems.  

 

Extending to Other MT application: 

The outcome/methodology presented in this thesis may be a bench mark foundation for 

various other applications of machine translation. This system may be incorporated with 

other systems to deal with more complex tasks, like voice assisted lingual interpreter etc.  
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