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3 Machine Translation from English to Hindi

A suitable machine translation engine will be helpful up to the certain extent. Trans-
late the source content, when the native speaker wants to know the meaning of the
source content written in another foreign language. The suitability of an engine may
be identified by the language pair, and the domain of a source e-content supported by

the engine.

3.1 Scope of English to Hindi MT Engine

As per the VIIIth schedule of Indian Constitution, there is no uniform national lan-
guage of India. However, 23 languages are recognized as official languages. Hindi is
recognized as the first official-language and the English is an associate language, nar-

rated in NPTEL online course of language and society, (NPTEL, 2015).

Hindi is one of the best ranking languages internationally. It is on 4th rank as per the

use of the languages by the native speakers (Wikipedia, 2010).

The quality translations are required by the learners in Hindi, which communicates
the appropriate meaning of the source e-content. When such online translation engines
are freely available for the native users than it is a real achievement of the digital
world for the mankind. This study is targeted for the Indian learner. Those are conver-
sant with Hindi language and want to learn technical contents, especially for computer

science domain, present on the web.
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3.2 Existing English to Hindi Engines

During reviews of resources, some freely available machine translation engines were

found, which satisfy the need of native and global perspective users. The findings are

classified under two categories. Engines those are developed in India and other in for-

eign countries. Further in each category engine are classified as general and domain

specific.

Developed in India:

Mantra: Designed for translation of Government appointment letters. It
uses the Tree Adjoining Grammar' approach. Available in multiple and al-
so in general domain.

Anuvadaksha: This engine provides English to Hindi language translation
for certain domains.

Angla Bharati: This engine provides English to Hindi language transla-
tion for certain domains and also in general domain. An approach devel-
oped by 1IT-Kanpur.

UNL based MT: Developed by I1T-Mumbai.

Shiva: An Example Based Machine Translation (EBMT) Developed by
I11T-Hyderabad and I1Sc-Bangalore.

Shakti: An English-Hindi MT System developed by I11T-Hyderabad.

Developed in Foreign Countries:

MyMemory: Available in multiple domains.
Google-Translate: General domain. Developed by Google.
MS-Bing: General domain. Developed by Microsoft.
Worldlingo: General purpose engine.

BabelFish: General domain. Developed by Yahoo.
ImTranslator: General purpose engine.

Babylon: General purpose engine.
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3.3 Translation Quality expectation

Quality of machine translated test is concerned with the native-ness of the words used
as the output, and the sentence should convey the exactly same meaning as in the
source text. The ultimate assessment is judged by those humans those who are the re-
cipient of the target text. Various automated MT metrics are evolved over past years.
However, the main challenge is how to compare the translated-output with reference
text. In each comparison, we need at least one reference text on that basis; we may

assess the quality of translation.

It is a very tedious task for any automatic evaluation method that how to get the ref-
erence text to judge the translated text. It is also obvious that if the machine translated

texts are perfect, and then every word covers the native-ness.

3.4 Improvements Required in MT Quality

It has been observed by thorough reviews on existing MT engines. Why the transla-

tion quality produced by an individual engine is not appropriate?

e The target translation is lacking by fluency, sometime just because of word
sequence.

e The translation does not have the adequate word lattice, which may be appre-
ciated by the native learners.

e The change of meaning for an entire sentence is merely caused by the pres-
ence of context-less words.

o Domain specific large amount of corpus is required.

51 | Page



3.5 Metrics for MT Quality evaluation

Researchers have been developed many automatic evaluation methods for assessment
of translation quality and discovered metrics to judge the quality of translation in dif-
ferent parameters. Machine translated e-content has to be fluent in reading and convey
the exact meaning in the source content. It should be in same length of words as the
source sentence. When the domain like computer science is the concern, it should not

change the technical term and numerals in the translation and remain its phonetics in

Hindi, for example, boot: §& , CD-ROM: HE1-UH. Out of the list of evaluation met-

rics, few of them have been discussed here to provide the glimpse of metrics and
adopt the most feasible metrics to evaluate our designed framework.

BLEU (BiLingual Evaluation Understudy)

e F&A (Fluency & Adequacy)

e METEOR (Metric for Evaluation of Translation with Explicit Ordering)
e NIST

e F-Measures

e TER (Translate Error Rate)

3.5.1 About BLEU

An automated evaluation metrics proposed by Papineni et al. (2002) is Bi Lingual
Evaluation Understudy (BLEU). This is cost-effective and language independent
method of machine translation evaluation. It is preferred when quick or frequent eval-

uation of translation is required with less support of skilled human evaluators.

The performance of machine translation is generally measured through its proximity

with the translation done by a professional translator (Papineni et al., 2002).

The Bi Lingual Evaluation Understudy (BLEU) is considering the n-gram precisions
of the hypothesis content translated by MT engine versus the reference content trans-
lated by the bilingual human evaluator/user of the system. The multiplication of the
geometric mean (GM) of the cumulative n-gram precisions and the brevity penalty

(BP) finally generates the BLEU score.
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The process has been initiated by computing the geometrical average of the n-gram
precisions p, by using n-grams up to length of sentence N and positive weight w, and
summing to one where assumption as c is the length of the candidate translation and r
is the effective reference length of the participating corpus. It is then followed by
computing the brevity penalty BP (Papineni et al., 2002).

The BLEU score is also considered aspects like avoid unfair credits to the nonsensical
hypothesis text. The counting of any word within the hypothesis text is not occurring
or repeating in the reference text. A brevity penalty (BP) is the check for too short hy-
pothesis text from receiving high-precision scores. The smoothing precision is moni-
toring that any sentence not get a zero score in the calculations. Precision and recall
are computed by an equation-3.5.1.1 & 3.5.1.2.

Precision is the percentage of retrieved documents that are in fact relevant to the que-

ry. (Correct response)

Procision — |{Relevant} N {Retrieved}|
serston = |{Retrieved}| (3.5.1.1)

Recall is the percentage of documents that are relevant to the query and were in fact

retrieved.

Recall — |{Relevant} N {Retrieved]|
seat = |[{Relevant}| (3.5.1.2)

Equation (3.5.1.3) and (3.5.1.4) illustrate that first brevity penalty is calculated, and
after that the BLEU score is derived (Papineni et al., 2002).

~ N
1 ifc>r

BP= < e jfc<r > (35.1.3)
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_"|'r
ELEU = EP.Exp (Z wy, log pﬂ) (3.5.1.4)

n=1

Where

n-gram precisions p, = The number of (uni-grams), candidate translation words,
which occur in any reference translation then divided by

the total number of words of the candidate translation.

Positive weight w,=1/N

An example is illustrated that how to calculate BLEU score and its required compo-

nent in table 3.5.1.1.

Table 3.5.1.1 Illustration of BLEU score
Source E Moses is a statistical machine translation system that allows
content you to automatically train translation models for any language N=19

pair.

Human Transla- | AW U WIfETH HMA 37eqare Yomrelr & S 3raat
tion T O & el off T Y & FC anegare Aset A | oy
(Reference) yfafara wee Ay sregAfa dar gl

Translated by HAT Ueh FeeieeshTer H2MT 3ieTare Jommell & it fahalT off errar
Anuvadaksha Engine | SYST & ToIT 3fefdTe ATSel ¥ad: 9fator & & faw smuat | o5

(Candidate) T ETET
c=25 Candidate Sentence (Translated Sentence)
r=27 Reference Translation (Human translation)

In above example r >c hence brevity penalty:
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BP: e(l- r/c)

Bp= (- 27/25)

Bp= (- 109)

Bp= el 009

BP=0.923

pn=13/25=0.52 (Refer table 3.5.1, candidate content)

log p,=-0.284

wp = 1/N=1/19=0.053

Wi log py= 0.053%(-0.284)=-0.231

This is for uni-gram calculation, and similar calculation has to be done for n=1...... N,

up to n-gram.

The extension of mathematical expression of BLEU is explained as interactive BLEU
(IBLEU) in the following section. Which is resulting, the score for above example is
0.21.

3.5.1.1 AboutiBLEU

An Interactive BLEU (iBLEU) is an Internet browser based mathematical tool, which
performs the qualitative evaluation and comparison of machine translation in the form

of numeric score.

Madnani (2011) developed a novel tool (iBLEU), which is a quick BLEU scoring tool
in GUI environment. This tool is effective where system performance is poor (p. 213).

It has been developed in JavaScript and automates the BLEU metric.
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The best iBLEU score for the perfect translation should be 1.0. The hypothesis trans-
lation should exactly match with the reference text supplied to the iBLEU scorer. In
this study, the threshold value of iBLEU is considered as 0.4, which is an average

value computed during study based on human evaluator acceptability.

The interactive BLEU scorer for one of the randomly picked source e-content is dis-
played in Figure 3.5.1.1.1 (Madnani, 2011) where translation by “MS-Bing” MT en-
gine is compared with the reference content.

The Per Yee Apen Tecrusy Teer cwiz W T T T . T — B
W s et Kt %oy « LB

WKt ererees VEME 30 st 115 HOMIMT e ben T4 1 sobmmrns T8 © 4 e B

Vet veted A Gemtmg Wadmd 0 Weadvmscore By Grege Timalte 4 Corbebrtrtiderm §5 (085 Lo 8 VEATIL A S Bord intmroet Bee . 8 Wimiowie

Interactive Bleu Scorer

Stop o: Pick source file (Optiomnal)
o Sdock ta
Step 1: Pick hypothests fike

ones S ako e

CExgare % anatinr 2org
Step 2: Pick reference file

Rones,. | Sldackoe

Preserve ease Informetion Do oot tokenize

Compare %o Google Transiate Birg Transitar & Nooe

Score

17.80

G170 T L0000

Oh LARgERPe WRERAY

Elal_51 e 1.l s TR

Figure 3.5.1.1.1 A Screen Shot of iBLEU Scorer. Adapted from Madnani, 2011.

Scoring Mechanism of Interactive BLEU (iBLEU)

The following pre-requisites text files in (.txt Format) are required before starting the

evaluation of any e-content from iBLEU interface:

e Source e-content (.txt) file in English language.

e Hypothesis (.txt) file in Hindi language, which is translated by MT Engine for

which testing is being performed.

e Reference (.txt) file in Hindi language, generated by the system.
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Once all input files are ready the iBLEU scorer interface picks files as required by the
interface, and finally it generates the BLEU score. The best iBLEU score for perfect

matching text would be 1.0.

An extended screen shot of an iBLEU scorer shown in Table-3.5.1.1.1, shows BLEU
score of hypothesis content. Source, reference and hypothesis e-contents are also dis-

played. A contributor MT engine “MS-Bing” is demonstrated in this test case.

Table- 3.5.1.1.1 iBLEU results with MS-Bing Engine

ID Segment 1, Document "fakedoc" [0.18 BLEU, 1.143 Length Ratio]

Change the boot sequence setting so that the CD-ROM is first and see
Source the list of Item Specific Help in right side of the window and find keys
which is used to toggle to change the boot sequence.

€ JHeIshH sTaET Seel dlfch HISI-TIH TUH 8 3R " A ey #Heg

okorah Sy a7y FareY e 3R 3 e 3R STt @it o g s ) aeee
& yar i Sreh 21

_ ¢ 31eThA ATET Feel dlfeh cd-rom dgerT & 3 " #Ag fAfdrse #gg

o o et 31 forsY 36 o 3R e ¥ I S 9 o e & R e

FTa & T swher v Sira @ Faht @era |

3.5.2 Fluency and Adequacy (F&A)

Translation quality is often described in terms of fluency and adequacy (F&A). Ac-
cording to (Ma & Cieri, 2006), Fluency reflects the ‘native-ness’ of the translation
while adequacy indicates how well a translation captures the meaning of the original
text. A fluent sentence is one that is grammatically framed, contains correct spellings,
strictly use of common terms, titles and names. Furthermore, intuitively acceptable

and can be sensibly interpreted by a native speaker of Hindi.
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The objective of fluency evaluation is to determine how much like “good fluent” a
translation appears to be, without taking into account the correctness of the infor-
mation. In other ways, fluency refers to the grammatical accuracy of the translated
text. The evaluation has done segment-by segment on a 0-5 scale without referring to
any reference-text. The objective of the adequacy is to determine the extent to which a
text is conveyed its meaning regardless of the quality of the language in the transla-
tion. Simply say the adequacy is defined as the degree to which the reference sentence
is conveyed in the translation. The evaluation has done segment-by-segment on 0-5

point scale.

As mentioned by (Chris Callison-Burch et al., 2001), the translation industries are fol-
lowing the fluency, adequacy and translation-error-classification criteria, to identify
the quality of machine translation. A different aspect is defined by (Papineni et al.
2002), while evaluating the translated text (candidate text) using the same words (1-
grams) as in the reference text tends to satisfy the adequacy. The longer n-gram

matches accounts for fluency of the translated-text.

In statistical machine translation (SMT), the quality of translation is based on availa-
bility of qualified corpora. Snover & Madnani (2009) explained that the translation is
fluent, it meaning it reads well and therefore, meets user expectations. In RBMT dic-
tionary based, customization can improve quality but translation results may lack the
fluency reader’s expectation. An automatic MT metrics measured varying aspects of
MT performance, which cover the different types of human judgments such as Fluen-

cy, Adequacy (Snover et al., 2009).
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Scaling of fluency can be measures in the 5-point as per the following:

Flawless

Good

Non native target language
Disfluent

Incomprehensible

Adequacy refers to the degree to which information present in the original is also

communicated in the translation.

5: All

4 Most
3: Much
2 Little
1 None

The human translators of native language have been preferred to judge the correctness
of translation in Hindi. The selected translators were well versed with English-Hindi
Language pair. The experimental reference for evaluation of multi engine system is
influenced from (Fuji Ren & Hongchi Shi et al., 2001). The best fluent and adequate
translation by human expert has been taken into the consideration as reference text.
Translators, whose mother tongue is Hindi, were used for judgment about the correct-
ness of the machine engine generated translations. The correct translation accounted

in the testing if more than two human translators judged the same correctness.

3.5.3 METEOR (Metric for Evaluation of Translation with Explicit Ordering)

METEOR is an automatic metric for machine translation evaluation as explained by
Banerjee & Lavie (2005). It is based on a generalized concept of unigram matching
between the machine produced translation and human produced reference translations.

It can be matched based on their surface forms, stemmed forms, and meanings. Fur-
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thermore, METEOR can be easily extended to include more advanced matching strat-
egies. Once all generalized unigram matches between the two strings have been
found. METEOR computes a score for this matching using a combination of unigram-
precision and recall. The measure of fragmentation that is designed as how well-
ordered the matched words in the machine translation are in relation to the reference.
METEOR was designed to explicitly address the weaknesses in BLEU. It evaluates a
translation by computing a score based on explicit word-to-word matches between the
translation and a reference translation. If more than one reference translation is avail-
able, the given translation is scored, against each reference independently, and then
best is captured.

(Denkowski & Lavie, 2010), was experimented with a machine translation hypothesis
and a reference translation. The traditional METEOR metric calculates a lexical simi-
larity score based on a word to word alignment between the two strings (Banerjee &
Lavie, 2005). When multiple references are available, the hypothesis is scored against

each, and the highest value reference is used.

The final alignment is defined as the union of all stage of alignments. Once an align-
ment has been constructed, the total number of uni-gram matches (m), the number of
words in the hypothesis (t), and the number of words in the reference (r) are used to
calculate precision (P = m/t) and recall (R = m/r). Then, parameterize harmonic mean
of P and R is calculated. Fmean is calculated by using Equation-3.5.3.1 (C. Van Rijs-

bergen, 1979).

10PR
Fmean = —— (3.5.3.1)
R +9P
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Precision, recall and Fmean are based on unigram matches. To take into account
longer matches, METEOR computes a penalty for a given alignment by Equation-

3.5.3.2 (Banerjee & Lavie, 2005).

(3.5.3.2)

# Chunks
Penalty = 0.5 = ( , )
# Unigrams_matched

The final METEOR score is then calculated by Equation-3.5.3.3.

Score = Fmean * (1 — Penalty) (3.5.3.3)

Metric for Evaluation of Translation with Explicit Ordering (METEOR) as explain by
(Kalyani et al., 2014). It is based on a word-to-word alignment between the machine-
generated translation and the reference translation. Every uni-gram in the test transla-
tion should map to zero or one unigram in the reference sentence. If there are two
alignments with the same number of mapping, the alignment is chosen with a lesser
number of intersections of the two mappings. The score is equal to the harmonic mean

of unigram precision and recall. METEOR consists of:
1) Exact Match mapping words that are exactly same;

2) Stem Match links words that share the same stem;

3) Synonym Match mapping unigrams that are synonyms of each other.

METEOR-Hindi includes following additional modules to make more efficient for
Hindi (Gupta, Venkatapathy & Sangal, 2010):
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1) The Local Word Group (LWG) consisting of a content word and its associated
function words.

2) Clause Match - Clause is defined as a phrase containing at least a verb and a sub-
ject.

3) POS matcher compute the number of matching words with same POS tag.

3.5.4 NIST

Doddington was established NIST in 2002, which is similar to BLEU. However, it
assigns a weight to each uni-gram depending upon its uniqueness or how informative
is the n-gram. It uses Arithmetic mean rather than the geometric mean. The formula

for NIST is presented in equation 3.5.4.1 (Doddington, 2002).

Score = E?:LIEEE Wjwem Wy LRt cO—ooours S } EXp {E {53: [mfﬂ {l”: 1)]}

Py
Lall wy... vy Rsystem suue (1 LrEf

(3.5.4.1)
The information weight is computed by equation 3.5.4.2.
] ( y=1 (the # of occurences of wy ... Wn—1)
nfo W....w,) = log, the # of occurences of w; ... w,
(3.5.4.2)

3.5.5 F-Measure

Turian et al. (2003) were established the GTM (General Text Matcher). It uses the
sharing of matched words between MT output and reference. The evaluation score is
obtained, and it is not only based on precision and recall but also on the harmonic
mean of precision and recall. It is known as F-measure proposed by Turian et al.

(2003) and calculated by an equation-3.5.5.1.

2PR
F measure = —— (3.5.5.1)

P+R
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3.5.6 TER

TER (Translate Error Rate) was proposed by Snover et al. (2006). It represents the
number of edits necessarily required to transform the machine output as compare to
the reference translation. That is normalized to the length of the reference-text

(Snover et al., 2006). The TER is computed by an equation-3.5.6.1.

Number of edits
TER

- Average of reference words
(3.5.6.1)
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3.6 Conclusion

The native learner of India wants to translate the E-contents which is generally avail-
able in foreign language. The Hindi language is widely used as first language by the
Indians. Therefore, the need of translation from English to Hindi is very high. The
accessibility of the freely available engine is the path lighting tool for the learner of
English to Hindi. The quality of translation which is actually expected by the learners
is far away for the general domain. Whereas, in the computer science domain, there is
no specific engine for English to Hindi is available that satisfy the translation need of
native learners. Even though it is tedious to judge the translated contents based on its
technical correctness. Certain evaluation metrics has been selected, that will be useful
for the evaluation of our designed machine translation system. We have earmarked a
combination of human and automated metrics. Fluency & Adequacy (F&A) as human
evaluated and iBLEU as automated-metrics has been selected. Now as a conclusion,
we found few machine translation engines; those were performed better in other lan-
guages have been selected for English to Hindi translation as component engines for

our proposed framework.
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