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Abstract

Neural Machine Translation (NMT), together with multilingual formulations have arisen as the de-
facto standard in translating a sentence from a source language to a target language. However, unlike
many western languages, the available resources like training data of parallel sentences or trained models
which can be used to build and demonstrate applications in other domains are limited for the languages
in the Indian subcontinent. This work takes a major step towards closing this gap.

In this work, we describe the development of state-of-the art translation solutions for 10 Indian lan-
guages and English. We do this in four parts described below:

1. Considering the Hindi-English language pair we successfully develop an NMT solution for a

narrow-domain, demonstrating its application in translating cricket commentary.

2. Through heavy data augmentation, we extend the above to the general domain and build a state-
of-the art MT system for Hindi-English language pair. Further, We extend to five more languages

by taking advantage of multiway formulations.

3. We demonstrate the application of the NMT in contributing more resources to the already resource-
scarce field, expanding to 11 langauges and its application in a multimodal task of translating a

talking face to a target language with lip synchronization.

4. Next, we improve both data-situation and performance for machine translation in 11 Indian Lan-
guages iteratively to place our models in a standardized, comparable set of metrics setting up for

future advances in the space to comprehensively evaluate and compare against.

vii
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Chapter /

Introduction

Machine Translation (MT) [11] is the umbrella term used for methods obtaining translation from a
source language to a target language. The past decade has seen massive improvements in the solutions
to this problem, driven by developments in deep-learning [55]. This class of solutions, called Neural
Machine Translation (NMT) has since been applied to enable near-human level translations over several

languages.

NMT has demonstrated effectiveness in the supervised learning setting, where labelled data is avail-
able and in this case is a parallel-corpus. A parallel-corpus is a sentence-level aligned collection of
sentences between the source and target language. The success of NMT methods has been reported on
high-resource languages [6]. However, further improvements have propelled the success of NMT in low-
resource settings. One set of improvements are brought about by data-augmentation through synthetic
parallel-corpora [86, 24]. Transfer Learning approaches [102] have an orthogonal set of improvements

in low-resource languages.

Effective methods of translation between languages which had no data aligned between them were
brought about previously by translating them through a common “pivot” language, which in most cases
is English due to the availability of data. Unlike this explicit pivoting, by being able to implicitly pivot
during training through the English data brought about considerable improvements in the zero-shot set-
ting. Inthe zero-shot setting in the context of NMT, a system can translate between language pairs unseen
during the time of training. These multilingual-formulations proposed by [36] enabled massive boosts
to low resource languages. In addition to this, the sharing of parameters among language-directions

additionally allowed a significant reduction in model sizes.

So far, there have been limited explorations of approaches using NMT in Indian Languages. Further,
the lack of availability of parallel-corpora among languages put many languages in the low-resource
category. The above two also lead to fewer attempts as NMT for general-purpose translation requires a

large volume of training data for supervision.



1.1 Contributions

In this work, we pursue NMT approaches to Indian Languages. The contributions of this work are as
follows:

1. We experiment with English-Hindi and use data-augmentation approaches to build state of the art

systems among the language-pairs.

2. Further, using multilingual formulations, we demonstrate the success of NMT models in low re-

source Indian languages.

3. Using the above systems, we create a multiparallel corpora which is a dataset of parallel sentences

aligned across 11 languages, to further research in this direction.

1.2 Thesis Organization

The thesis is organized as follows: Chapter 2 lays out the description of the components and lit-
erature related to this work. Chapter 3 describes the creation of an NMT system which is currently
state-of-the-art in English-Hindi languages. In Chapter 4, we use multilingual NMT approaches to im-
prove the translation quality in language directions involving English and 7 Indian languages. Further
in Chapter 5, we describe applications of the above NMT model in (1) increase parallel corpus for ma-
chine translation using our NMT systems and contributes a dataset aligned across 11 languages, (2) to
a first-attempt at pipelining end-to-end face-to-face translation. Finally in Chapter 6, we describe our
approach take on improving the data-situation and machine translation model performance alternatively
optimizing for both. We conclude our findings in Chapter 7 and discuss potential future directions.



Chapter 2

Background and Related Work

2.1 Machine Translation

Early solutions took the form of rule-based systems where rules were programmed in by a human,
termed rule-based machine translation (RBMT). With advances in statistical methods, using data to learn
these rules and to resolve ambiguity in rules through context has been attempted by a class of methods
under the umbrella of Statistical Machine Translation (SMT). Another class of solutions proposed trans-

ductive prediction of the target sentence, from several examples, called example-based MT (EBMT).

A statistical MT model uses the following formulation for a source sequence x and a target sequence

Translation Model

. N

y—argmax  Pxly) - P(y) 2.1)
y ~—~—~
Language Model

The probabilities P(x|y) and P(y) is estimated using frequencies of phrase or word-units. The col-
lection of phrases is restricted to a few words to make the computation of these probabilities feasible,
decomposing them into products of factors. The computations of frequency tables etc. were parallelized
over multiple CPU cores and computers providing the earliest usable translation systems for the public
[42]. SMT brought about significant improvements to automatic translations to the point it was deployed

in popular online services like Google Translate.

Parallel to the success of neural networks in image recognition, speech recognition, etc., deep neural
networks (DNNs) have found widespread use to evolve as the de-facto method at the time pursuing this
work. The class of solutions using deep neural networks to learn from data a translation model is widely
known as Neural Machine Translation (NMT) which is used extensively in this work. NMT is a different
paradigm of GPU heavy approaches involving neural networks and learns by backpropagation, unlike
the frequency-based procedures in SMT. We discuss elaborately the components that make up modern
NMT ahead.



2.2 Neural Machine Translation (NMT)

This section introduces and elaborately describes the building blocks for the NMT approaches used
in this thesis. First, machine translation is cast as a sequence-to-sequence learning problem. With such a
formulation, methods to decompose sentences as sequences constituted by meaningful units are required
to make implementation feasible. Open-vocabulary methods used in this work to achieve the same are
discussed. Two variations of neural network architectures used in this work are described in detail.

2.2.1 Open Vocabulary

A fundamental step in training models in deep neural networks with text is the conversion of the
discrete text sequence into a sequence of meaningful vector representations. Early approaches [96, 6]
restricted NMT to the most frequent words in the vocabulary generated from the source-text available
for a language. With this setting, an embedding-matrix £ converts the words represented by the one-hot
vectors corresponding to the word to a smaller dimension real vector.

However, the above approach of limiting words is suboptimal, as (1) it does not take into account
redundancies like inflections, and (2) one cannot cover the whole vocabulary reading to many unknowns
and rare-words rendered unable to translate. Methods to circumvent this try to maximize language cov-
erage with a given vocabulary limit, falling under the class of open-vocabulary methods. Two popular
approaches to achieve open vocabulary for in natural language applications are Byte Pair Encoding
(BPE) [85] and SentencePiece [45]. The objective is to maximize coverage in the corpus given min-
imum “subword” units - where SentencePiece uses an entropy-based formulation while BPE uses a
dictionary-based formulation. A subword here is a statistically motivated unit of language. There are
linguistically motivated units which could be used alternatively. But given the number of languages
covered in this work and the requirement that our system generalizes to the many languages involved,

statistically motivated units are used.

Byte Pair Encoding

The input and output spaces are made up of classes which correspond to the words in source and target
vocabulary, respectively. For the models to work feasibly, a finite number of classes are necessary. Often
in many languages with flexible word boundary, using space-separated words as classes end up with an
exponentially growing vocabulary due to inflections and agglutinations. Byte Pair Encoding (BPE) is
a technique from compression literature, which recursively replaces most frequently occurring pairs of
symbols with a new symbol of constant space. Applying BPE to a monolingual corpus has been shown
to produce improvements in translation [85], especially when treatment as word units leads to a lot of
out of vocabulary words (OOV). In contrast, treatment as subword units helps reduce vocabulary. Our

pipeline employs BPE for its benefits mentioned above.



Algorithm 1 Learn BPE operations: as shown by Sennrich et al. [85]

import re, collections

def get_stats(vocab):
pairs = collections.defaultdict(int)
for word, freq in vocab.items():
symbols = word.split()
for i in range(len(symbols)-1):
pairs[symbols[i], symbols[i+1]] += freq

return pairs

def merge_vocab(pair, v_in):
v_out = {}
bigram = re.escape(' '.join(pair))
p = re.compile(r’'(?<!\S)' + bigram + r'(?!\S)")
for word in v_in:
w_out = p.sub('’'.join(pair), word)
v_out[w_out] = v_in[word]

return v_out

vocab = {'l ow </w>" : 5, 'l ower </w>': 2,
'newest</w>:6, 'widest</w>':3}
num_merges = 10
for i in range(num_merges):
pairs = get_stats(vocab)
best = max(pairs, key=pairs.get)
vocab = merge_vocab(best, vocab)

print (best)




SentencePiece

Kudo [45] presents an alternate formulation, where the objective is to increase the likelihood of the

corpus by varying a set of tokens.

This work uses specifically the segmentation model involving a unigram language-model, where a

unigram language model is trained to minimize the following loss:

1D |D|

L=) logP(X®)=>"log| >  P(x) (2.2)
s=1

s=1 2€S(X()

D is the monolingual corpus in the particular language for which the subword vocabulary is to be
created. Methods prevalent for western languages use a shared vocabulary across several languages, but
however in this work due to the several different scripts involved in Indian languages and imbalance in

training data amongst languages, we use separate unigram models for each language.

Since we do not know the subwords (thus the vocabulary) at the beginning of the process, an expectation-
maximization procedure is used to reach a satisfactory subword vocabulary. This is accompanied by
an initialization, which starts with the initial vocabulary being generated from words separated by the
space delimiter. The unigram model is then fit with the vocabulary (expectation-step). In each update
step of the vocabulary, the likelihood of the corpus by alternate subwords is evaluated, excluding a given
subword. The subwords among those in vocabulary, which lead to the smallest decrease in loss are dis-
carded (maximization-step) and the procedure repeats until it reaches the desired number of subwords

in vocabulary.

2.2.2 Encoder-Decoder Architecture

Sequence to sequence models (seq2seq) with an encoder-decoder architecture are widely prevalent
among NMT approaches [96, 6, 58, 98]. We also employ a similar architecture for translating text in
one language to another. We now proceed to formally describe the parts relevant to this work below.

Consider a source sequence X = (x1, x2, ..., Z,,) and a target sequence y = (y1,¥y2, - - - , Yn ), Where
x;,y; € V. Our problem is to translate the sequence x to y. Our translation model has an encoder
(fo(+)) followed by a decoder. The encoder consumes the source side sequence x to learn representation
¢. The auto-regressive decoder learns to maximize log-likelihood of the target sequence modelled by
the conditional probability distribution given below. For a given time-step in the decoding process ¢, the

generation process for the token at ¢ is conditioned on ¢ and the tokens generated until ¢ — 1.

The formulation now can be described as follows:



c= f(x;0p) (2.3)
t=T

L(0g,0p) = Y logp(ys|yrr<i, ¢; 0p) (2.4)
t=1

2.5)

All (x,y) pairs we have are mini-batched to fit onto resources available. The learnable parameter
0 is optimized through mini-batch gradient descent of the objective. In this work, updates, steps or

mini-batches are used synonymously.

Decoding

A model trained with the objective and training procedure above now predicts the sequence at each
step in an autoregressive manner. The simplest method to generate a target sequence during testing is

called Greedy Decoding and can be described as follows:

g(t) = arg max log p(ye|yr <t, ¢; 0) (2.6)
y eV

The sequences are in practice wrapped in a control-token which indicates a start-of-sequence or end-
of-sequence while training. This allows starting the decoding process with the start-of-sequence token
and autoregressively doing the above generates the target sequence and this process stops only once the
end-of-sequence is generated.

However, the above formulation is plagued by something called the exposure bias at the decoder -
error at an arbitrary ¢-th decoding time-step is propagated and likely amplified until 7', the end of the
prediction sequence. A generalization, beam search helps to reduce the issue to some extent. At each
time-step of prediction, the k-best hypotheses are maintained, where k corresponds to the beam width.
Beam search also enables producing multiple candidate suggestions for translation of a single source -
which are ranked by probabilities from the decoder. In our experiments, we only take the best translation,

while the beam in place helps alleviate error accumulation.

2.2.2.1 Encoder-Decoder with Attention

Sutskever et al. [96] proposed a successful sequence to sequence model which could perform trans-
lation task which was constituted by Long Short Term Memory (LSTMs). Bahdanau et al. [6] improves
upon Sutskever et al. [96] by introducing attention, which boosted performance further. Attention en-
hanced the decoder with the new ability to use more context than a single vector and the ability to attend
to several source sequences. Luong et al. [58]’s methods further study attention-based models. The

modification brings about the following change in the above formulation:



hy.r = f(x;0E) 2.7

a; = attn(y;, hy.7;04) (2.8)
T
¢ = Z aq;h; (2.9)
i=1
t=T
L(0,04,0p) = > log ps(yi|yw <, ¢ 0) (2.10)
t=1

Gehring et al. [27] proposes a better model which involves the use of convolutional neural network
(CNN) components instead of RNN units. The advantage over RNN for the ConvS2S model is that
operations can now be parallelized. Vaswani et al. [98] takes attention from [6, 58] and uses it as a
building block to create a new class of models called Transformer, which improves on performance in the
translation task and incorporates parallelizability in the pipeline. This work uses both the convolutional

and Transformer architectures, which are further explained below.

2.2.3 Implementations of Encoder-Decoder Paradigm

This work uses three implementations of the encoder-decoder paradigm on using Recurrent Neural
Networks (RNNs) with attention [6, 58], convolutional sequence to sequence model (ConvS2S) [27] and
Transformer-networks [98]. Below, we layout the description of these architectures and how they are
realized.

2.2.3.1 Recurrent Neural Networks

One popular choice of architecture for encoder and decoder has been the class of RNNs - usually
Long Short Term Memory (LSTM) or Gated Recurrent Units (GRU) for learning longer dependencies.
The encoder when realized using an RNN, where the hidden state at a given time-step is denoted by h;
and inputs and outputs denoted by z; and z;, produces a context vector ¢ as follows:

2¢, hy = Encoder-RNN (x4, hy 1)
Cc = ET/

The decoder modelled by an RNN now generates the target side representation y of the source se-

quence x as follows:

h() =C
Ut, hy = Decoder-RNN(g¢—1, hy—1)

y¢ = softmax ()



The early models used while pursuing this work use an implementation using stacked LSTMs for

encoder and decoder.

Attention Luong et al. [58] discusses three ways of implementing attention. Our work uses the variant
general attention, which accomplishes attending over input as follows. First, compute a score for each
of the encoder input /4 with respect to hidden state at the current time-step h;.

score(hy, hs) = hl Wah,

a.(s) = score(hy, hs)

These can be converted to probability weights of attending to each of the encoder input, by applying
softmax. Using the weights, a context vector ¢ is derived as the weighted average of the source input

states.

a; = softmax(ay)

Cr = Z at(s)ﬁs

2.2.3.2 Convolutional Sequence to Sequence Models

A Gated Linear Unit (GLU) is the building block in a convolutional sequence to sequence model.
Gehring et al. [27] demonstrates the first use of GLUs in implementing a sequence to sequence model.

With convolutional kernels parameterized by W € R?¢**d_ 3 single layer takes an input X € R*?,
where d is the dimension of the embeddings and k entries present in the sequence, one can obtain Y =
[A, B] € R??. A layer further performs the following operation with [A, B] to obtain gating similar to
RNNE.

v[A,B] = A® o(B)

Stacks of these layers are used in place of the RNNs to create the encoder and decoder. To enable

deeper networks, skip-connections are added.

2.2.3.3 Transformer Networks

Transformer architecture, proposed by Vaswani et al. [98] relies on self-attention alone. The construct
of attention previously described by [6, 58] is generalized into the following. Transformer architectures
powers most neural machine translation state-of-the-art performances. Transformer introduces two vari-
ants of attention - Scaled Dot Product and Multi-Head Attentions.
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Figure 2.1 ConvS2S architecture from [27].
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Scaled Dot Product attention is simpler, but in practice Multi-Head Attentions are used due to their
superior ability to jointly attend to information from different representational subspaces. ), K,V in

the equation represents weight matrices which transform the queries, keys and values respectively.

Scaled dot product attention is described by the equations below:

T
attn(Q, K, V) = softmax (6\2/% ) \% (2.11)

Multi-Head Attention is described by the following equations:

MultiHeadAttention(Q@, K, V') = concat(head;, heads, . . . head,,) (2.12)
where head; = attn(QWS, KWX, VIvY) (2.13)

The encoder uses the embeddings of the source sequences, transformed by the corresponding weight
parameters for queries, keys and values, thus giving it the name “self-attention”. Over several stacks of
such transformations, a refined sequence of encoder representations at each time-step is generated. The
decoder uses the encoder-representations for keys, decoder-embeddings transformed for the queries and
decoder-embeddings again for the values.

2.2.4 Multilingual NMT

In this work, we use the term Multilingual NMT to refer to models with parameters shared across
several languages involved. Alternatively, this has been used in literature as “multiway” neural ma-
chine translation as well. This work uses the control-token based methods introduced by Johnson et al.
[36] to implement multilingual NMT. In addition to the usual-control tokens (start-of-sequence, end-
of-sequence) additional control tokens indicating the language to translate to are passed along with the
input sequence. Now with this added control token in the training data, several language-directions for
which data is available is fed to train a single-large model. This enables sharing of parameters of the
encoder, decoder and attention across all languages.

The multilingual formulations in Johnson et al. [36] come with the added benefit of zero-shot capa-
bility amongst language-directions unseen during training. For example, if the training data were to have
only English-centric parallel data, but several languages aligned with English - the multilingual model is
able to translate amongst the directions involving languages that are not English. However in our case,
while we merit from the zero-shot capability since we have seen data in all-directions the setting can be

considered “few-shot”, rather than “zero-shot”.

2.2.5 Backtranslation

Backtranslation is a widely tried and tested data augmentation method, proposed for aiding NMT in

languages low on parallel resources using available monolingual data by Sennrich et al. [86]. The method

12



works by first training a model in the low to high resource direction followed by using this model on
monolingual data. The process provides more authentic sentences in the resource-scarce language and
close approximation of its translation in the high resource language. It has been empirically shown
that synthetic data alone generated through backtranslation can attain up to 83% of the performance
using proper bitext [24]. This work uses backtranslation to demonstrate improvement in performance in

several low-resource languages.

2.3 Machine Translation in Indian Languages

Machine translation systems could be built for a specific language pair or for multiple pairs simulta-
neously. We take the latter route in this work. This choice is dominated by many practical advantages
in managing the limited available resources. We also hypothesize that the linguistic similarities across
many Indian languages could help each other in this manner, though a systematic study on this is out-
side the scope of this work. Our work is in a multilingual setting wherein one system translates in all

directions. We discuss challenges specific to the context of a few Indian languages.

2.3.1 Text Resources

Most Indian language pairs are resource-scarce in terms of sentence aligned parallel bi-text. More
pairs and experts are likely to be available in pivoting through English to learn a multilingual translation
model. Increasing reach of Internet access in the subcontinent is, however, changing these, as observable
from Figure 2.3, which presents the systematic increase in the Wikipedia pages in Indian languages.

Hindi-English (hi-en) can be labelled a relatively high resource pair, after continued efforts to compile
and increase resources over the past decade. The IIT-Bombay Hindi English Parallel Corpus (II'TB-hi-
en) [52] is the largest general domain dataset available for use in MT. In addition to a 1.5 Million parallel
data, IITB-hi-en also offers nearly 19.2M monolingual Hindi text, which can be used to further enhance
the performance.

The Indian Languages Corpora Initiative (ILCI) Corpus [35] is another major initiative, which offers
corpus aligned in many Indian languages. The ILCI corpus we used here include parallel data specific to
the domains of tourism and health across seven languages and 11 languages respectively in works that
followed one another. Indic Languages Multilingual Parallel Corpus (WAT-ILMPC)' is a compilation
of parallel data of subtitles, from OPUS?, which contains parallel pairs of subtitles between languages
of the subcontinent and English. We also make use of this.

In addition to the above, we attempt to use translations of religious texts like the bible through our

own collection (Telugu) and [71], which includes the same in Oriya.

"http://lotus.kuee.kyoto-u.ac. jp/WAT/indic-multilingual/index.html
Zhttp://opus.nlpl.eu/
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Figure 2.3 Growth of Wikipedia pages in languages

2.3.2 Linguistic Aspects

Khan et al. [38] briefly covers linguistic aspects of several languages in the country. Indian languages
are generally morphologically rich. Free word ordering in many languages lead to multiple ways of
representing the content on the target side for some content in the source side. Dravidian languages face
further challenges with heavy agglutinative and inflective characteristics. Recent developments in the
use of open vocabulary [45, 85] have found success for many languages without large deterioration to
translation quality. The same principles also help us in practically circumventing the challenges due to

word morphology.

Our multilingual setting involves language pairs where translation is an “ill-posed” problem. For
example, a single word “you” in English could translate to “tum”, “me” and “aap” in Hindi, and valid
sentences exist where correct translation can not be identified even with paragraph-level contexts. Ad-

dressing these are left out of the scope of this paper.

2.3.3 Methods

Most of the past attempts look at the problem of machine translation in Indian setting as a pair-wise
translation problem. That is, the scope is restricted to one or two languages to build translation solutions
[26, 38]. The Sampark [97] system looks at translation between different pairs of languages in the
country as multiple different problems, solved separately, with some commonality of the solution across
the pairs in the idea. This pair-wise view of the problem space enables greater incorporation of language
expertise into the solution. In the absence of huge resources to train statistical systems, these provided
reasonable translations. Sata Anuvadak [54], a compilation of 110 independently trained translation

systems which used Statistical Machine Translation (SMT) analyzes a multilingual setup through SMT
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based approaches. One may attempt to solve multilingual translations through several hops through
intermediate pivots. However, error compounds at each step.

Modern-day NMT approaches are capable of handling the sharing of learning between language pairs
for which no data is available, through methods of zero-shot learning [36], transfer learning [102], data-
augmentation approaches [86, 24]. We are motivated by the success of these.

2.3.4 Evaluations and Benchmarks

Workshop on Asian Translation (WAT 2018) [63] tasks on Indian languages had seen models per-
forming lesser on automated evaluation procedures being preferred more by human evaluation. This
may lead to interesting explorations on the need of evaluation protocols and data sets for many Indian
language translation tasks. We report Bilingual Evaluation Understudy (BLEU) [70], Rank-based In-
tuitive Bilingual Evaluation Score (RIBES) [34], Adequacy-fluency metrics (AM-FM) [7] for all our
attempts and scores from WAT human evaluations when available.
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Chapter 3

NMT for English-Hindi

In this chapter, we summarize efforts in studying NMT in a language-pair which is relatively high-
resource compared to the others involving the most spoken language in the country - Hindi. First, we
build NMT systems for the application case in a narrow domain as described in 3.1. Further, we demon-
strate success in building an NMT system which performs well in the general domain, producing state-
of-the-art BLEU scores at the time in a public benchmark hosted by the Workshop on Asian Translation
(WAT).

3.1 Translating a Narrow Domain

3.1.1 Introduction

Neural Machine Translation (NMT) has emerged to be the popular choice for end-to-end translation
between languages. NMT systems today work surprisingly agnostic to the properties of language at both
ends, efficiently capturing linguistic properties through large volume of data.

Indian languages suffer from insufficient digital data, particularly a sentence aligned parallel corpus
which current methods in NMT work on. In the absence of enough representative data, NMT systems
perform poorly. Thus instead of NMT, we observe that classical Phrase based Statistical Machine Trans-
lation (PBSMT) are currently widely prevalent and applied method for Indian languages. NMT based
approaches have tried to mitigate the issue of scarcity of data by supplementing the dataset, while still
attempting to train a generic translation system. In this chapter, we suggest that acceptable accuracies
can be obtained even in the presence of scarcity of data by limiting the NMT system to more specific
domains. This hypothesis is supported by the observation that in a narrow domain, the vocabulary used
is limited. We are specifically interested in the use of NMT for applications such as translating cricket
commentary to Indian languages.

For many practical applications, it suffices to have good translations in a narrow domain. For exam-
ple, multilingual support services for an organization needs to be concerned primarily about the domain

it operates on.
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The field of sports is constituted by several such narrow domains that are popular among a large
section of people. Many sports commentaries are in English, and recently manual efforts have been
initiated to get it into vernacular languages. While English literacy is yet to improve in rural India -
these sports and video providers have reached even the remote corners. Cricket is the most popular
game in the country, and enough content exists online to attempt the above methods.

In this chapter, we present an effective way to learn from a generic translation system to produce

suitable translations for specific domains. Our contributions are:

+ Using a generic translation system as a teacher, we propose a simple method to build a superior

translation system specific to narrow domains.

* We demonstrate the efficacy of our methods in translating cricket news articles.

The rest of the paper is organized as follows. Section 3.1.2 discuss past work we build on top of and
compare against. In section 3.1.3, we motivate the need of the said technique. Section 3.1.4 explains
the components of the architecture we employ in detail. We elaborate our experimental setup in section

3.1.5, present our results and discuss them in detail in 3.1.6.

3.1.2 Related Work

Generic translation systems work well in learning the syntax of the language and are state of the
art at several machine translation tasks. However, when presented with a fresh domain - many out of
vocabulary words (OOV) and possibly new syntactic style deteriorate quality. Google’s Neural Machine
Translation (GNMT) [36] is such a generic system which tries to tackle the problems of low resource
languages with scale, learning shared representations by trying to translate multiple languages through
the same network.

Attempts of supplementing the training system with language models trained in the domain-specific
corpora and using a generic system to generate more synthetic data have also produced promising results
[86]. Even with these in place, there are challenges specific to Indian Languages which hinder translation
task.

Data scarcity has been an issue for Indian languages MT. Dandapat and Lewis [19] reports the
Wikipedia pages for Indian Languages having no more than 125k pages, whereas European languages
are close to 1 million pages. Indian Languages fall in the category of morphologically rich languages,
wherein inflections and agglutinations lead to exponential growth in vocabulary. Combined, both of
the above presents challenges to Indian Languages MT. When a system is trained to translate general
corpus on a low resource setting, it has observed to be prone to overfitting - which Dandapat and Lewis
[19] remedies by means of early stopping while training. Khan et al. [38] individually addresses lan-
guage specific features and caveats of running machine translation on Indian languages. Since this work

pertains to the Ai-en pair, we survey the problems pertaining to the same.
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Dhariya et al. [22] elaborates on several linguistic differences between English and Hindi which
ends up being unfavourable for machine translation systems. When comparing word orderings, English
is of Subject-Verb-Object, while Hindi is of Subject-Object-Verb (SOV). Although labelled as SOV,
Hindi exhibits free word ordering to some extent, which hampers evaluation metrics based on n-grams.
Hindi is morphologically rich and also comprises of several words having largely diverse meanings with
changing context.

Recent developments suggest two promising choices for building translation systems for the 4i-en
pair - PBSMT and NMT. PBSMT has extensively been studied for English-Hindi (en-ki) pair [23, 51].
Khan et al. [38] demonstrates results SMT based Moses on multiple Indian languages to English, which
includes the en-hi pair.

Several additional NMT based approaches have been tried for en-hi pair recently, following the suc-
cess in many other languages, but on a general domain. Singh et al. [92] experiments and benchmarks
two NMT-based approaches - (1) A convolutional sequence to sequence model and (2) a Recurrent Neu-
ral Network (RNN) Encoder-Decoder with attention model. Agarwal et al. [1] applies NMT on training
data supplementing the model with the use of large monolingual corpora available. Dandapat and Lewis
[19], attempting Bangla-English pair uses a bidirectional RNN for an encoder and LSTM for decoder,
with enhancements dealing with tradeoff speed and accuracy for production environments.

Domain adaptation techniques have recently been applied to generate speaker personalized transla-
tions [59], to yield better results at the granularity of speakers. For en-hi pair, domain adaptation has
been explored using PBSMT, using news and tourism domains [33]. Koehn and Knowles [43] discusses
how an NMT system works very poorly for out of domain data, but this also indicates how NMT works
quite well for in-domain data - pointing to the feasibility of building domain specific translation systems.

Pramod Sankar et al. [78] applies alignment to multiple modalities of text based commentary and
match videos to segment full-length cricket matches. Our work is towards giving the possiblity of ap-
plying translations to the commentary aligned with videos realtime, bringing automation into efforts that
are largely manual currently.

Building on top of the above prior work, we motivate the need for specialized translations for narrow

domains in the next section.

3.1.3 Motivation

Vocabulary Saturation in Narrow Domain For a generic translation system, the input and output
space complexity increases as the language gets more morphologically rich. But this may not necessarily
be the case if we attempt to build focused translation systems for a narrow domain. While sentence
structure has to be learned same as the generic translation system - vocabulary and patterns tend to be
finite and saturate quickly with lower resource dataset - while maintaning ability to generalize on data
from the same domain.

To verify the above intuitions, we conduct a study of the diversity in unique tokens in domains in

contrast to how it happens on a typical parallel corpus used to train a generic translation system. For
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this, we use the growth of unique n-grams as a proxy to analyze the phenomenon. Our narrow domain

here is cricket, while general is a news-crawl combined from several domains.
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Figure 3.1 Corpus growth

In figure 3.1, we observe that the complexity of a narrow domain saturates quickly to a value that is

lower compared to the general case. This establishes the feasibility of narrow domain translators.

Ambiguity Reduction in Narrow Domain Ambiguity in natural language processing is a significant
problem. In a general domain, there may be several semantic senses associated with a word. These may
not be suited for a narrow domain. Therefore, the need for a focused narrow domain translator does not
end at the convenience of lesser input and output classes as argued above. There are nuances in language
which enable different meanings of a word in a domain-specific context, compared to a global context of
a generic translation approach. Some cases of failure of a generic translator to translate text in a narrow

domain are presented in Table 3.1.

Sri Lanka enjoyed a productive first morning.
sfietenRT = Uga! IR 3IcdTeeh ol TS ford
Pujara got out on a duck.

TSTRT Ueh 9% TR STeR ek |

Table 3.1 Failure cases of a generic translation system.

In the first example, “morning” is completely missed out. Similarly, the second one brings the im-
pression that a person is riding a duck very distant from a batsman being out on a score zero runs, termed

as duck in cricket.
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Applications for a Narrow Domain Translation System The applications and benefits of specific
translators for narrow domains are many. Owing to the reduced class space, these tend to be faster than
the general-purpose models. Video providers for several sports matches provide content like commen-
tary in multiple languages. Newspapers or magazines today write in their vernacular languages and also
in English. Ideally, one would wish for content to be available in all languages.Focused translators can
cater to these, enabling a write-once - read-many scenario. We demonstrate such an application through
cricket video commentary. A significant figure like a leader of the nation only gives speeches with a
fraction of vocabulary than the entirety available - making those narrow domain as well.

Further, we elaborately describe the components we use to build our narrow domain translation sys-

tem.

3.1.4 Neural Machine Translation

A neural machine translation system comprises of a neural network which learns to maximize the
probability of the target sequence y = {y1,¥y2,¥y3---yr} conditioned on the source sequence x =

{z1,x9, 3, - xp }. This conditional probability can be expressed as:

T

logp(y[x) = > _ log p(yily<i, x) (3.1)
=1

3.1.4.1 Encoder - Decoder

An encoder-decoder architecture has been proposed by Sutskever et al. [96] for neural machine trans-
lation which reduces the above formulation using two components. An encoder learns to predict a context
vector ¢ = f(x). The encoder f is typically realized by an autoregressive neural network. A decoder
learns the probability of the target sequence y conditioned on ¢, the context vector provided by the en-
coder. With the target sequence length denoted using 7', equation 3.1 can be reformulated as:

T
log p(y[x) = _ log p(yily<i, ¢)
i=1
One popular choice of architecture for encoder and decoder has been the class of RNNs - usually
Long Short Term Memory (LSTM) or Gated Recurrent Units (GRU) for learning longer dependencies.
The encoder when realized using an RNN, where the hidden state at a given timestep is denoted by h;

and inputs and outputs denoted by x; and z;, produces a context vector ¢ as follows:

Zt, Et = Encoder—RNN(a:t, Et—l)

C:ET/

The decoder modelled by an RNN, now generates the target side representation y of the source se-

quence x as follows:
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h() =C
Ut, hy = Decoder-RNN(g¢—1, hy—1)

yy = softmax(yy)

In this work, we used stacked LSTMs for encoder and decoder.

3.1.4.2 Attention

Attention introduced by Bahdanau et al. [6] enables a decoder in an NMT model to look back into
the encoder outputs, to find which ones to give more weightage to while generating a word at a given
timestep. Attention can be alternatively viewed as a soft alignment between the current timestep predic-
tion and the encoder outputs. In implementation, this is enabled by using all hidden states of the encoder

in deriving the context vector.

¢t = g(hlah27' o 7hT)

Luong et al. [58] discusses three ways of implementing attention. Our work uses the variant general
attention, which accomplishes attending over input as follows. First compute a score for each of the

encoder input h, with respect to hidden state at the current timestep h;.

score(hy, hs) = hl Wah,
(s) = score(hy, hs)

ay

These can be converted to probability weights of attending to each of the encoder input, by applying
softmax. Using the weights, context vector ¢ is derived as the weighted average of the source input

states.

a; = softmax(ay)

Ct = Z at(s)ﬁs

3.1.5 Experimental Setup

3.1.5.1 Dataset

We start with monolingual data in Hindi comprising of crawled cricket news data, translated through
a generic translation system to obtain samples for Hindi-English pair. Sentence aligned pairs obtained

constitute the parallel corpus which is our dataset. The dataset is described in Table 3.2.
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Pairs # English Tokens | # Hindi Tokens

123685 2299354 2410681

Table 3.2 Details of the corpus used.

3.1.5.2 Architecture and Framework

We use OpenNMT-py [40] framework for our experiments. We preprocess and tokenize the input
preliminarily using Indic NLP library ', followed by applying BPE. The vocabulary is brought down by
32000 merge-operations, for source and target while applying BPE. The parallel corpus obtained is split
into training, development and testing corpus of fractions 0.6, 0.2 and 0.2 respectively.

We use the following configuration for our model : 2 stacked LSTMs of 500 neurons each of encoder
and decoder with general attention from Luong et al. [58] enabled. Embedding layers which maps the
input classes to embeddings of size 500 for both the source and target side are used. Beam search decod-
ing is used with a beam width of 5. Once the development set accuracy begins saturating, a learning rate
decay of 0.5 onsets, to avoid overfitting. We choose the model which performs best on the development

set for testing.

3.1.5.3 Methods

We crawled news articles and used translations from GNMT web service ° to obtain data to conduct
our experiments. The translations from English to Hindi were found to be prone to transliterations at
unnecessary word segments of a sentence. Since Hindi already suffers from a scarcity of enough data,
inorder to avoid further deterioration from noisy data,the choice of using translations from Hindi to
English side was selected, enabling the Hindi text to be more authentic.

The obtained pairs were cleaned to avoid noisy Hindi sources with a large component of English text.
Newspaper data contained code-mixed content, primarily tweets embedded within article content. We
let the newspaper website navigation instructions stay, as they are valid domain specific data and proper
parallel pairs.

3.1.5.4 Evaluations

We take 100 sentences for evaluations and obtain ground truths for the same through 2 human ex-

perts.We evaluate and report the standard BLEU metric using the evaluation tools provided by Moses [42].

"https://github.com/anoopkunchukuttan/indic_nlp_library
http://translate.google.com
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3.1.6 Results and Discussions

3.1.6.1 Quantitative Results

In Table 3.3, we observe that while GNMT still maintains its advantage in translating to English, our

methods have significantly gained in translating from English to Hindi.

Metric hi —en en — hi
ours  google | al-ours al-google | a2-ours a2-google

BLEU 39.25 56.28 | 29.38  26.07 33.71 30.06
METEOR | 3534 4291 | 38.86 41.86 41.08 41.69
ROUGE L | 64.09 71.69 | 56.39 55.32 60.97 57.28
WER 61.57 55.90 | 59.62 63.93 54.19 57.36
CIDEr 289  3.77 3.04 2.82 3.31 2.99
NIST 538  6.24 5.51 5.45 6.18 5.82

Table 3.3 Comparison our results with the one provided by generic translation system. BLEU, ME-
TEOR, ROUGE L, WER are reported in percentages.

3.1.6.2 Qualitative Results

In our experiments, we find the free word ordering in Hindi seriously hampering BLEU based eval-
uations with limited references. In several locations, the model has come close to the semantic notions
in the source sentence - while the output style turns out to be different than the teacher’s predictions.

Qualitative results for both Hindi to English and English to Hindi sides are presented in figures 3.4
and 3.5 respectively. We demonstrate where our models have gained success compared to the teacher
and where they have failed.

English — Hindi We observe the context of cricket helping out in translating correctly in several
samples. In the first sample, we see the general model confusing “test” with an examination instead of
the test matches from cricket. Similarly, in the second example - we find that the model predicts getting
out as “getting out of a place”, missing out that it is “getting out” from an innings in the cricket context.
Series is mistaken to be the literal series, not the named entity cricket series - providing an unnatural feel
to the translation. In the final sample, we see that the general model has failed to capture the content of

the sentence - while our fine-tuned model has come very close.
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tag success

source | Yuvraj and Raina scored less than 19.5 in this test.
g-pred | 28 W& H asT R AT 1 9 .5 F it vH TR ST
pred | RN ARFTA ST L H 19 T 5 F HH 3 G417 |

source | Both openers Jason Roy (00) and Alex Hales (14) got out quickly.

g-pred | T T FeetaTst oA 3 (00) 3R Telad 2o (14) Siedl a1 fHapat|

pred AT SeiaTst o9 g (00 ) 37R Teied g (14 ) STea) 3113e g1 1T |

source | He said that the series should continue.

g-pred Eﬁwﬁsmaﬁmaﬁm

pred I8 el b dRiST 3Tt de-l T |

source | Kerala’s Sanju Samson came to the headlines playing at Rajasthan Royals in IPL.
g-pred | e & o] YHE ASUITA H IASRYH Aded H Wer dreit el o 3|

pred | HTEUUA H AT Ve I T & WA AT el oh ol GHAT Gl § AT |

tag failure

source | Rohit would like to keep records

g-pred Afed Reple w1 Imed &

pred RATed bl T AT

source | The player runs between two lines in a row and when the beep rings it must turn .
g-pred @a@waa@%aﬁa?ﬁw%aﬁ?waﬁqm%aﬁaﬁwﬁm%

pred | T folers & 30 RISt o & I o il RIATST 11T af ol 3R el & el 1R |

source | Only a few captains get to that place .

g-pred | IH T W Tgd & HH Hw Uga UId & |
pred | T% T Fa &l T SHTE AT € |
source | Economy of the best

g-pred | T o< @I HTE Fr

pred eI TeetaTait dl

Table 3.4 Qualitative Results and Comparisons: English to Hindi. g-pred is the prediction of a generic

system, while pred is our prediction.
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tag success

source | o3 YaRTST o 1Y T [Tt Ikl G & |

g-pred | The children were very happy to spend time with the Prince .

pred The children were very happy with respect with Yuvraj Singh .

source | 39 fayehy & ol 97 16 HEHI FI &l qHRI ST & |

g-pred | Now the time for the World Cup is only 16 months left .

pred Now only 16 months has left for the World Cup .

source | 39 dR WIgAd H Heg bl AT YOI F T |

g-pred | This time Mumbai was in the finals from Pune .

pred This time Mumbai faced Pune in the final .

source ?ﬁﬁﬁ@?&ﬁgﬁmﬁﬂzﬁ%WWI

g-pred | He catches the ball to Pujara * s hand .

pred He got Bolt caught by Pujara .

tag failure

source | AU FdT ¢ foh garret &g il 2011 3¢ U & F1G FHER Bl ol UdT el o7 |
g-pred | Tell you that Yuvraj Singh was diagnosed with cancer after the 2011 World Cup .
pred Let me tell you that Yuvraj Singh was found to be married after the 2011 World Cup .
source | FaRIST 42 o el TN W EC {U |

g-pred | Nowrose was out on 42 .

pred The total of 42 was dismissed .

source | YRTE o d1G G ! ShiAH! U TaaTol Tdg T8l hl Tl |

g-pred | After Bumrah , the best economy spin bowler was Yajuwendra Chahal .
pred The best economy bowlers after Bumrah was the master of spin bowlers .
source | Jgl T TRSTHI TR IY 264 <& H 98 H Sfid 3R 52 HgR fAcl € |

g-pred | On the domestic front , he won 98 of the 264 Tests and won 52 .

pred At the same time , he has lost in a lot of Tests and lost in 52 Tests .

Table 3.5 Qualitative Results and Comparisons
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Hindi — English Consider the first example of success in 3.5, where the generic model has taken
“Yuvraj” to be “Prince”, while our model being domain-specific figured it is required to map to “Yuvraj
Singh”, the player. In the third example, our model is able to distinguish “Pune” as the team, unlike the
generic model which takes it to be a place. In the final example, we see cricket specific language coming
in at the target, due to the influence of the domain-specific training. The other prediction turns out to be
close enough, provided one takes cricket out of the context.

Among the failure tagged samples, we observe that the model struggles when the vocabulary is out-
side of what it has learnt. In the first sample, it confuses “marriage” with “cancer”, while getting the
remaining parts - which are relevant to cricket domain correct. In the second sample, it misses out
“Nowrose” - not having seen it in the training corpus, which applies again “Yajwendra Chahal” in the

third sample.

3.1.7 Cricket Commentary

w%

j""?mur
“HTreat yyyy

Ambati Ra v sl hene are ity APASTAE il Slow ball, Williamson goes leg side
forfour.

Figure 3.2 Scenes from a cricket match overlayed with subtitles. Possible application of this work.

English overlays are shown in the first row, and the corresponding translated Hindi commentary below.

We now further explain the application in the specific case of cricket commentary. Much of the
cricket content is not available in regional Indian languages such as Malayalam or Punjabi. However,
there is significant following for the sport in these places. Making available the cricket commentary in
regional languages will enable accessibility for a widely enjoyed sport.

Towards this end, we are using the proposed narrow domain translation system. The method works
by first using a service to access cricket commentary information from widely followed websites (such
as ESPNcricinfo.com). These provide live commentary feed for content. One implementation of this
system can be obtained by translating this content using the proposed narrow domain NMT system in
real-time. This content can be then overlaid over the ongoing television feed.

This kind of system would enable detailed match analysis and expert commentary to be made avail-

able to an Indian viewer in their corresponding regional language.
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We illustrate results from a preliminary prototype for such a system in the figure 3.2. We have specif-
ically considered adding a black overlay area in which we render the text. As can be seen from the figure,
we show examples of the English and corresponding Hindi text being rendered for the specific frame.
As most of the rendering and machine translation as well as fetching of information from website can
be performed in real-time or near real-timE, WE believe that such a system can therefore be feasible.
Further, the quality of translation obtained from the proposed narrow domain NMT system is observed

to be satisfactory to enhance the viewer experience for this use case.

3.1.8 Conclusions and Future Work

In this work, we propose a method for narrow domain neural machine translation. Our method is
trained for a narrow domain corpus using data obtained from a generic NMT system. This improves
performance in the narrow domain over the source generic NMT system. This method can be further
improved by using some amount of ground truth translation corpus, which is feasible for the narrow
domain. We also provide a set of human-annotated examples that are used for evaluating quality for the
narrow domain.

Our method is motivated by the use case of translating cricket commentary data. Thus the proposed
system is specifically trained on a corpus of cricket data. For this application, we show that the proposed
system performs satisfactorily through qualitative and quantitative evaluation. This system would also
be practically useful as cricket is a widely followed sport, and through the proposed system one can

automatically obtain narrow domain NMT systems for the various regional Indian languages.
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3.2 Translating General Domain

In this section, we describe expanding the datasets from the previous cricket-based experiments and
make use of massive data augmentation approaches in modern machine learning, to build a general-
purpose machine translation system for English-Hindi language pair. We describe ahead the details
associated with the tokenization, architecture and data augmentation methods used. These are the three
components that helped in obtaining superior results on the corpus provided by the organizers of WAT-
2018.

3.2.1 Components

3.2.1.1 Tokenization

A popular method of addressing rare-words without compromising coverage of the entire corpus was
Byte Pair Encoding (BPE) [87], which used a deterministic greedy compression based algorithm to bring
the vocabulary down to a finite feasible value.

SentencePiece [46] builds on top of byte pair encoding. Unlike BPE, which is agnostic to language,
SentencePiece gives the most likely derivation of a sentence composed of subword units. This setting
reduces to character level in case a completely unknown sentence/word is provided, and the translation

model also learns to transliterate. We use SentencePiece for its merits mentioned above.

3.2.1.2 Convolutional Sequence to Sequence Learning

In our submission, we employ the Convolutional Sequence to Sequence architecture (ConvS2S) [27].
ConvS2S follows an encoder-decoder architecture. This has the advantage of being faster than the popu-
lar Recurrent Neural Network (RNN) based encoder decoder architectures with attention. This is because
the context is built through multiple inputs stacking k convolution blocks (O (%)) with the ability to build
in parallel representations for multiple parts of the sentence, unlike through time in the RNN (O(n)).

A 1-D convolutional filter of width w with two channels at the output sliding over the embeddings
of the text inputs constitute a basic convolutional block. Output of one channel builds up context repre-
sentation and the other is used to enable gating through Gated Linear Units (GLUs) [20]. The encoder
is constructed by stacking k of the above setup, creating a receptive field controlled by w and k. The
decoder is similar to the encoder in architecture, with a fully connected layer projecting output to vocab-
ulary size.

In the next section, we describe how the components explained above are implemented and used in
training - including generating dataset, preprocessing and filtering the training samples, hyperparameters

of the architectures in place and evaluations.
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3.2.2 Experimental Setup

3.2.2.1 Dataset

In our experiments, we use the training data provided by organizers. In addition, we also use data
obtained from translated Hindi content available on Internet. Top level statistics of the data used are
provided in Table 3.6.

Dataset Pairs Tokens

hi en
IITB train 1,492,827 | 22.2M | 20.6M
IITB trainf 923,377 | 20.3M | 18.9M

National News | 2,495,129 | 41.2M | 39.0M
Backtranslated | 5,653,644 | 77.5M | 91.9M

IITB dev 505 | 10,656 | 10,174
IITB test 2,507 | 49,394 | 57,037

Table 3.6 Descriptions of the corpora used, IITB train' is a filtered version of the IITB train corpus.

The training corpus provided by the organizers, hereafter denoted by IITB-corpus consists of data
from mixed domains. There are roughly 1.5M samples in training data from diverse sources, while the
development and test sets are from newspaper crawls. In addition to this, monolingual data collected by
the organizers from several sources are used in our backtranslation enabled attempts at training an NMT
system. There are 45M samples in the monolingual corpus provided.

We enhanced the training data with additional pairs, but automatically translated. Note that no manual
translation was used to create additional data. We obtain 2.5M Hindi sentences automatically translated
to English from newspapers and similar resources, obtained from Internet. This data is some what do-
main specific. They are primarily, from news articles related to national news. This is mentioned as
National News in Table 3.6.

We also create a parallel corpus through backtranslation using the organizers monolingual Hindi data
hereafter denoted by Backtranslated, the details of which are also included in Table 3.6 and the methods
of creation elaborated in Section 3.2.2.3.

3.2.2.2 Data Processing

We train separate SentencePiece models using official implementation available online * with vocab-
ulary restricted to 8000 units to function as a learned tokenizer for both English and Hindi. We use the

unigram model, which gives language aware tokenization.

*https: //github.com/google/sentencepiece
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Dataset en-hi hi-en

BLEU | RIBES AM-FM | Human | BLEU | RIBES AM-FM | Human

IITB train' 13.25 | 0.695113 | 0.647220 - 11.83 | 0.675462 | 0.572900 -
National News | 18.77 | 0.748008 | 0.697630 - 19.53 | 0.745764 | 0.614260 -
+IITB train' 19.69 | 0.758365 | 0.699810 | 69.50 | 20.63 | 0.751883 | 0.623240 | 72.25
Backtranslated | 16.77 | 0.714197 | 0.664330 | 50.50 - - - -

2017 Best 21.39 | 0.749660 | 0.688770 | 64.50 | 22.44 | 0.750921 | 0.629530 | 68.25
2018 Best 20.28 | 0.761582 | 0.704220 | 77.00 | 17.80 | 0.731727 | 0.611090 | 67.25

Table 3.7 Quantitative results of translating English to Hindi and vice versa.

To filter any noisy content from IITB corpus, langdetect* and removed every pair which had proba-
bility of being in the respective language less than 0.95. This gave us roughly 0.92M pairs for training,
from IITB corpus and is indicated as IITB train' in Table 3.6. English data is kept true-cased, which we
found to have better results consistently with our NMT model.

3.2.2.3 Training

In our experiments we use the fairseq ° toolkit. For the tasks in this submission we use the ConvS2S
model. The encoder and decoder embeddings have a dimension of 512. The hidden units in the encoder
and decoder are also 512 dimensional, following [27]. We use convolutional filters of width 3 and 20
layers stacked for both the encoder and decoder. A dropout with probability 0.1 is put in-place right after
the embeddings layer for better generalization. The training is run in batches of maximum 4000 tokens
at a time, which is on an average 140 sample sentences per batch. The model is trained to minimize the
categorical cross-entropy loss at the token level using Nestorov accelerated gradient descent. Decoding

is performed through beam search with a beam width of 10.

We run training using four NVIDIA 1080Ti-s until validation loss hasn’t improved for 3 epochs
straight. The training time was roughly 2 days and stopping around 30-40 epochs. We keep our model
hyperparameters constant as specified across experiments and work with different combinations of cor-
pora created from augmenting the National News dataset and official parallel corpora. For creating the
Backtranslated corpus, we use a model trained to translate from Hindi to English using both National
News and IITB corpus. We filter the obtained pairs using confidence of translation obtained from the

beam-score and further to pairs with a length between 10 and 30 tokens.

*https://github.com/Mimino666/langdetect
Shttp://github.com/pytorch/fairseq (formerly fairseq-py)
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3.2.2.4 Evaluations

We report Bilingual Evaluation Understudy (BLEU) [70], Rank-based Intuitive Bilingual Evaluation
Score (RIBES) [34], Adequacy-fluency metrics (AM-FM) [7] for all our attempts and scores from WAT-
2018 human evaluations(Human in Table 3.7) when available.

BLEU is computed as the geometric mean of unigram, bigram, trigram and 4-gram precision multi-
plied by a brevity penalty (BP). BLEU ranges from 0 to 1, but the values reported in Tables 3.7 and 3.8
are in percentages. RIBES, also giving a value in [0, 1] was proposed to tackle shortcomings of BLEU

in distant language pairs, where changes in word ordering deteriorates BLEU.

3.2.2.5 Discussions

The results using our systems for WAT-2018 are presented in Table 3.7 (see some additional results in
Table 3.8). The first part of the table consists of results on combinations of datasets and augmentations.
All values are for models trained from scratch. In the second part, the current leader board is indicated
for comparison. Note that entries in this part don’t correspond to a single submission, but the values
corresponding to the best in the respective metric.

Our submission based on the combination National News and IITB corpus tops human evaluation
in Hindi to English, and ranks second in English to Hindi. We demonstrate the possibility of distilling
knowledge of online available sources into a usable translation model. We successfully use the ConvS2S
architecture along with SentencePiece to obtain results comparable to the top submissions. Our exper-
iments also indicates data augmentation using backtranslation positively works for the Hindi-English

pair.

3.2.3 Transformer Experiments

In this section, we present a set of experiments and results post WAT-2018 involving the Trans-
former Architecture [98]. Two variants of the architecture - Transformer Base and Transformer Big
outperformed then state of the art ConvS2S models in the WMT German-English and French-English
translation tasks.

We used the Transformer-Base architecture in further experiments with the National News + IITB
corpus where ConvS2S performed the best, with the rest of the pipeline being kept same as described
before. We went with the default hyperparameters provided by fairseq framework - which did not give
us impressive results.

Following Popel and Bojar [75], we modified the hyperparameters for initial warm-up steps of 16000
without any learning rate decay, starting from a learning rate of 0.25, followed by an exponential decay
of learning rate. We also had to enable delayed gradient updates [68] to simulate a larger batch on smaller
GPU before the model demonstrated any learning. During inference time, we averaged checkpoints of
the model at different epochs once the loss on the development set had plateaued to obtain better results

than a single checkpoint.
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Architecture | BLEU | RIBES AM-FM
ConvS2S 19.69 | 0.758365 | 0.699810
Transformer | 21.10 | 0.771549 | 0.712200
+Averaging | 21.57 | 0.773923 | 0.712110

Table 3.8 Transformer-Base vs ConvS2S on National News + II'TB corpus, for English to Hindi direction.

In Table 3.8, we compare the performance of the transformer with that ConvS2S. Consistent with
observations in languages like German-English and French-English, the transformer network produces
better results than ConvS2S on all metrics. The averaged model performs the best in all metrics in

English to Hindi translation task, at the time of writing this paper.

3.3 Conclusion

In this chapter, we demonstrated the success of NMT systems in both general-domain and a narrow-
domain for the English-Hindi language-pair. Further enhancements in Neural MT could provide high-
performing translation functionality in other Indian languages, many of which are low-resource in terms
of available digital content. In the next chapter, we study extending the advancements to more languages

spoken in the subcontinent.
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Chapter 4

Multilingual Approaches for Low Resource languages

In this chapter, we extend the previous model incorporating multilingual formulations following [36]
and demonstrate the efficacy in many low-resource Indian languages. We introduce the Mann Ki Baat
corpora, aligned between 7 languages and demonstrate success of the multilingual model in the corpora.

4.1 Datasets

In this work, we compile data available from several sources, each of which we describe below. The
languages we use in our experiments include English (en), Hindi (hi), Bengali (bn), Malayalam (ml),
Tamil (ta), Telugu (te) and Urdu (ur). Summary of the corpora used is provided in Table 4.1.

bn hi ml ta te ur
wat-train 337K 84K 359K 26K 22K 26K
1itb-train - 1.5\M - - - -
ilci-train 50K 50K 50K 50K 50K 50K
wat-dev 0.5K 0.5K 0.5K 0.5K 0.5K 0.5K
1itb-dev - 0.5K - - - -
1itb-test - 2.5K - - - -
wat-test 1K 1K 1K 1K 1K 1K
wat-mono 453K 105K 402K 30K 24K 29K
wiki-mono 371K - 1M 1.6M 2.66M -
1itb-mono - 192M - - - -

Table 4.1 WAT Corpus Details
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Parallel Data We primarily rely on the IITB-hi-en as parallel data for our training. We also use an
extended version of our system from WAT-2018 [72] to backtranslate the available monolingual data in
Hindi to English, and to augment the training. To take full advantage in the multilingual setting, we use
the ILCI corpus to include training pairs in all directions. In addition to the above, we use WAT-ILMPC,
which gives ability to the multilingual model to implicitly pivot through English. The designated splits
for testing and validation (development) for IITB-hi-en and WAT-ILMPC are set aside for evaluations,
while the remaining pool of data is used in training.

Mann Ki Baat test set We extract a new multilingual test set for Indian languages, using data available

online!

. These are transcriptions of Prime Minister’s address to the nation manually translated into
multiple languages of the country. Our objective in creating this test-set is to find how well the models

evaluated on WAT-ILMPC is able to generalize to a new data/situation.

Monolingual Data We use Wikipedia text to create samples to enhance model through backtranslation.
The IITB-hi-en and WAT-ILMPC come with their share of monolingual data as well, which we make

good use of.

4.2 Multilingual Neural Machine Translation

In a multilingual setting, we have several languages to translate to and from. Hereafter we use xx, yy
and zz as placeholders to denote arbitrary languages. The languages and the respective notations (shown
in the bracket) as English (en), Hindi (hn), Telugu (te), Tamil (ta), Malayalam (ml), Urdu (ur), Bangla
(bn).

Our multilingual setup closely follows Johnson et al. [36]. We share the encoder and decoder pa-
rameters across all languages, following the fact that the vocabulary is common on both sides and the
representations being the same relaxes the computation. A control token is prepended to the input se-
quence to indicate which direction to translate to (__t2xx__). The decoder learns to generate the target
given this input.

One advantage of using multilingual setups is that it enables zero shot learning. Few shot learning
(such as zero-shot and one-shot) has emerged as an effective tool for addressing the lack of training
data in many practical problems in computer vision [94, 101], language processing [36] and speech
processing [95]. Pairs in language directions that did not exist in the training set can still be translated.
They can also aid low resource settings of Indian languages. Rapid adaptations to new languages can
also be done through multilingual setups [65]. Aharoni et al. [2] perform experiments at an even larger

scale to find that massive-multilingual setups leading to large improvements in low resource setting.

lhttps: //www.narendramodi.in/mann-ki-baat

Thanks to Bahubhashak initiative for bringing the attention to this, as a language resource.
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source  The Fiihrer isn’t recruiting you as soldiers, he’s looking for a secretary.

target I8 ATGISH Tl 8. TR A 1 A o & F Wl T o V@1 2, I8 Uk AT @i 28T 2.
mm TR AT G & 0 H 9ell TEl O T 8, T U Afad bl aesl e W@ b

mm+t TR 3T A % T F wielf 7L o W@ B, 98 U afda i aens 7 2

source  No man in the sky intervened when I was a boy to deliver me from Daddy’s fist and abominations.
target TR H I off ITTEH! Bxa&y fomam S1a § Uep wrgent o R fuarsit 1 gt ik i &m & faaRka & & fag

mm A H R et ¥ a9 easy T o 5 & fUarst i gat i e § 2 ugan aren age ol
mm+ft 3R A wIE ot et geaaT forar S & Ueh wrgent o TSt i gei 3R sumE & g2 2 & fAm.

source  Tonight, we offer you the one illusion that we dreamed about as kids but never dared perform until now.
target TSI X[, §H qH &H dedl o ¥U A & TR 7 GUAT ST o foh b Y UL ... WAl 3 Teh Uael el bl fgmrd apoft
Bt
mm 37 A &H 3Tkl Ueh Y hl U hd & foh 61 seall o €U B gU= oedT Aifehd 31d deh et ferma gl <t weef
mm+t 3T I, B JFe o YH oh UMY &7 Sd1 o €U § o a1 H FUT ST foh Wifeh 319 qh UG ohedl ol [eetd svefl el
.

source ~ What if I tell you it’s got a Foot Locker on one side and a Claire’s Accessories on the other.

target  RIT BNTT 3R H e o 5l 7T & Ueh Toe Ueh tR® WAl 3R gAY T Teh iR Haridh IUFUL.
mm T IR F G T § o T8 T a0 U G AT AR Teh FerdR TareiadsT (Hed T 2.

mm+ft T H TE T WRE Teh G AR e 7 & AR Teh Ferd o Taraerisl IR,

source I could take up Jon’s duties while he’s gone, My Lord.

target  STdich 98, I AT B T & S o el ol THT THT FehdT &
mm  H S % HAA! Pl AT FehdT o T I8 T &, TR T,

mm+ft  F S % FeicH Sl FHA Fehdl T ST I8 I T &, TR U]

Table 4.2 Five example sentences in English and their translations in Hindi. Readers may note the (i)

length (ii) complexity and (iii) diversity among models of the sentences
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4.2.1 Evaluation Protocol

We report Bilingual Evaluation Understudy (BLEU) [70] on all the test sets discussed previously.
BLEU is a precision based metric for automatic evaluation of machine translation test sets.

4.2.2 Results

In this section, we present our results on WAT-ILMPC, IITB-hi-en and our newly explored Mann Ki
Baat test-sets. In the process, we attempt to comprehensively study the performance.

4.2.2.1 On IITB-en-hi and WAT-ILMPC

We have now one-model yielding all-round performance on two tasks — one domain specific and one
generic test set being trained on a combination of both datasets. We report the results on the automated
evaluation procedures for the same here. A summary of our numbers on the BLEU evaluation metric

for each task is presented in Table 4.3, across two variants of the same model we have.

direction model wat-bn  wat-hi wat-ml wat-ta wat-te wat-ur 1iitb-hi

ILMULTI 10.21  20.72 8.17 12.55 19.10 16.56  20.17
+ fine-tune on WAT  12.26  26.25 9.22 16.06 23.63 19.51 18.31

from-en

ILMULTI 1735 29774 1245 17.63 2556 21.03 22.62
+ fine-tune on WAT  19.58  31.55 14.77 2194 3091 24.60 20.66

to-en

Table 4.3 BLEU scores on WAT-ILMPC (wat-xx) and IITB-hi-en (iitb-xx) test sets. Directions are indi-
cated in the first column. Our model is the best in English-to-Hindi, in the top 3 in Hindi to English in

IITB-hi-en. In addition to this, it performs well on WAT-ILMPC evaluation metrics.

Our base model i.e., IL-MULTI obtains the best results till date for the English to Hindi direction
task for IITB-en-hi. The results for Hindi to English is also quite comparable.

For WAT-ILMPC tasks, our system gives comparable numbers while translating to English from other
available languages. However, in the other direction, we observe that the results are lower. Attempts to
fine-tune and adapt /L-MULTI to the domain specific subtitles dataset gives us IL-MULTI+ft , which
demonstrates a boost in the evaluation scores on test sets specific to WAT-ILMPC. However, we observe
performance degrades in the IITB-hi-en test set, which is general domain.

The overall ordering in the evaluation metrics show some patterns and consistency. While xx-en
is giving comparable performances in many languages to the best values, en-xx fails to show similar
performance. This could be due to imbalances in training samples among language-directions. The
WAT-ILMPC dataset heavily pivots through English, the training data being strictly with English on
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one side and other languages on the other. This leaves training with a situation where there is a lot of
data for the decoder to learn to generate English targets, while proportionately very less in languages of
smaller resources. We try to solve this scenario by augmenting training with heavy monolingual data
on the decoder, trying to translate from noisy backtranslated sources in English or Hindi. The model
thus warm-started from IL-MULTI , IL-MULTI+bt gives us increase in BLEU for the less resource
directions.

Our results on WAT-ILMPC and IITB-hi-en puts us in a comparable setting for many language pairs.
However, our multilingual training enables us to study how many non xx-yy directions work, where xx
or yy need not necessarily be English. For this, we use the Mann Ki Baat dataset to obtain a proper

multilingual dataset, using which we report our numbers in these directions below.

4.2.2.2 Multilingual Results

For our multilingual results, we present BLEU scores after using our SentencePiece models for tok-
enization. Though non-standard, this compensates for agglutinative languages with free word orderings
ending up with low BLEU scores albeit translations being of reasonably good quality. Since the tok-
enization setup is uniform across languages, this lets us compare the several directions possible fairly.

Srcs bn en hi ml ta te ur

bn 99.87 1520 14.43 8.15 3.85 7.35 0.0
en 9.50 100.00 15.37 8.71 4.60 8.20 0.0
hi 11.97 2179  99.20 9.09 5.83 9.49 0.0
ml 6.85 12.00 9.84  99.90 3.37 7.32 0.0

ta 3.51 6.92 5.86 4.06 9991 3.63 0.0
te 6.99  11.06 9.54 8.00 3.59  99.74 0.0
ur 0.00 0.00 19.55 0.00 0.00 0.00  100.0

Table 4.4 BLEU scores over translation pairs in Mann Ki Baat multilingual test-set. The complexity of

sentences are high, with long and rich sentences of the kind included in ministerial speeches.

In Table 4.4, we present results from Mann Ki Baat, using our model /L-MULTI+bt , which resulted
the best numbers overall. The results indicate improvements especially in generating translations the
resource scarce languages for a rich source. Our English-Hindi models give strongest performance, as
in the setting above. The rows indicate source language and the columns target language.

From the grid, we see performance in (near) zero shot learning for language pairs which were not
represented well enough in the dataset. The results in ml-te and bn-te show comparable performance

with hi-te and en-te. The same phenomenon exists while translating to Tamil and Malayalam. Almost
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all the models have learned to copy well, i.e, when the source and target languages are same. It gets the

target accurate ~ 100% of the time.

In our experiments we find that /L-MULTI+{ft which performed in the WAT-ILMPC test sets better
failed to show good results here, indicating that the model is clearly adapting to WAT-ILMPC data.

4.2.3 Qualitative Examples and Discussions

In Tables 4.5 and 4.6, we illustrate the success and failure cases among a few languages. Our model
has managed to capture meaning most of the time. When the ground-truth is incorrect due to the subtitle
corpus being noisy, our model yet manages to give the correct translation (WG -3 for example). There
are samples like music tracks which are not translated and stay the same. While these are acceptable in
a subtitle setting it is not so for pure translation attempts.

Sometimes the ground truth, being subtitles seem to have sentences for which word-meanings can
not be inferred from the given context. Take WB-4 in Table 4.6 for example. The ground truth has a lot
of context, assuming the person has a disease and is recovering while translating. It can be noticed that
our models confuse it to be improvement or betterment, with the context being absent in the source.

Our model is not able to keep up to the mark while translating poetic sentences. It seems to be missing
out on colloquial sentences as well, translating almost literally, missing intent although capturing enough

meaning, as in WB-5.

4.3 Discussions

It is important to isolate errors or noise and improve the evaluation standards over time to enable
more authentic evaluations. In the previous section, we illustrated several qualitative examples where
our model was working fine, but the ground truth itself is incorrect, incomplete or has extra information.
In this section, we take one iteration at improving the state of things of the test set. down a few errors

and discuss our take on the evaluation metrics.

Shortcomings in the Evaluation Set In our experiments, we found our multilingual models trained on
large data to be robust and well performing for translations, but the BLEU scores obtained during evalu-
ation indicates otherwise. Our best results are obtained after fine-tuning a general-purpose model on the
training set of the WAT-ILMPC. Further inspections indicate the ground truth samples to be incomplete,

at either sides or both. In Table 4.7, we illustrate a few of these.

4.3.1 More on WAT-ILMPC

In the main paper, the content was focused on building a general-purpose machine translation system

among 7 languages. We argued in favour of keeping IL-MULTI for future experiments against /L-
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wat.ml

@RAIG B CEINHIATNWV aISBADM@IV] AHIMB HGB@AN, ERAUGH BRYBGAIWHORIW BE CaOITY’

GalsMo.
WG -1
wat.en [ think they’re spreading a pathogen, and they need a healthy host.
mm.en [ think they’re spreading a sick person, they need a healthy host.
mm+ft.en I think they’re spreading a patient, they need a healthy host.
wat.en  One, two, three, four, five, six, seven... eight, nine, ten, eleven.
watml  &mad, eene; gan’, moel; @rell, GRQ, aRY-.. af)S; BMUD, A IO, al®IOMIMMI.
WG -2 mm.ml  &a, one, QaN, Moei, @rel, @R, aR¥... 8, 9, 10, al@lOmoan’
mm+ftml 8o, eme, AN, ML, @R, @YD, aBY... af)3, BMUDY, Al al®IOHMIAT.
wat.en  Come on listen to this corporal for a moment sir if he’s not dead already
wat.ml  Come on. ARG, DWIUB alOQYM® BN EHWBLS. MABHRFO,, DSOS VNIV alBEHNY
We-3 BB al508EHI0OMW0 HHIENE AUI®O.
mm.ml 8@ mlalaHo D €30B 0@ aloQIMM® BHUdLs M@, @AM A0]afIS1oees1@3
mm+ftml  ©v e508ej0ms 8@ MAlato EHWLS AVAB... ... @RI 0@)afISloei®s1c8
wathi TR WA 7 4?
wat.en  Then why do I hurt so bad right now?
WG -4
mm.en  Why did you come to my house
mm+ft.en  Why did you come to my house
wathi 73! @A & foh I8 areqd # fohelt ae I Uk IS aTd ot
wat.en [ think it was actually a flying thing of some kind.
WG mm.en [ think it was actually a kind of flying thing.
mm-+ft.en I think it was actually a kind of flying thing.
wathi 16 R & §ARI & FO-FS FSTaR 1 rell GhTl, 3Hah?
wat.en  Now, our role on the 16th of December is to be a bit like the cavalry, OK?
W66 mm.en  On December 16, our work will be like some horsemen army, OK
mm+ft.en  On December 16th, our job will be like some riding army, okay
wat.en [ don’t know how you find the time to raise kids and teach.
watta (GOWHMSSS SFHQAETHSST FIHS eTllg 2 BSHEHSG Crrw Qs gag?
we mm.ta  BRISET GLBOSSHET QUETT &G LHOILD LigdhGd CBIL 6Tl QgMwmg.
mmtftta  BrRGET GLB®SHET QUETHSGLO LOHDILD Ligss CHIL setr(Hiiqds eTLiLly TaTdE

Qaflwr g

Table 4.5 Success Cases from WAT test-set.
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wat.ml

@@ M1 MIMWHO a)BREMITI af)(@ 00IQq o G3auy0Jo 06BN aloemmILjo VOAl. &Ieil alefl-

GHOMBS MVAVAISHEMIIUI.. 2d6 BRYUBHNIBARo BRGIM” d¢lufley..

Wi wat.en  No matter how much hate and anger you may have in your heart, when it comes time to pull the
trigger most people can’t do it.
google.en  No matter how much hatred and anger it is in your heart .. most people can not do it ..
mm+ft.en If you say it’s hate and angry in your heart, right... when you smoke the trigger, most people
can’t do it.
mm.en Ifit’s a hate and anger in your heart, then it’s okay... when it’s time to smoke the treasure, most
people can’t do it.
watml  anglecnenoud 9B @D aleila {lB8MMAIMO0 2laHWILIEM” DMNBICHMEO).
wat.en  Sometimes a sharp mind is enough.
WB-2
google.en It should be in the mind of the one who moves it over the sword and moves it.
mm+ft.en  It’s more important than the sword that’s in the mind of a moving man.
mm.en It’s supposed to be in the mind of the sword that drives.
wat.en  ”Most likely they have died of cold and hunger - far away there in the middle of the forest.”
wat.ml  "Most likely they have died of cold and hunger - far away there in the middle of the forest."
WE=3 mm.ml  "@pades” @M o 0fldgjo AOEMo MogONGG0... ...AROMNOS AIMOEMIMBHO ARLIEIG FOE."
mm+ftml  "EraIdes” Memom®o Qﬂua%do Qelo ME6Mo MoBAIlBNJo... ... @Ralles 0510860 Mol Goa."
wat.en  “Most likely they have died of cold and hunger - far away there in the middle of the forest.”
wat.en  He told me you would get better. And you did.
WB-4 watml @RI aloso @REAQT GOINo BEBRAIS:HRIN” BRD® MIQHWQo HaIQELI0.
mm.ml  @eaInd ageanos” aloamm Mmes” Melm” BIgOaamT
mm+ft.ml  @GRAIM ag)aMoSs” aloam MMES” AYAINIOIPAAT.
wat.en  Old age should burn and rave at close of day
wat.ta  Old age should burn and rave at close of day
WB mmta  GUWSTETCUF 6T BT6T (PPeUGID 6TH&s Gauesr(Hid...
mm+ftta  Uepw e eTf&s Geuasr(Hid LHDILD BreT QBHESESELTS GLTul Geuer(Hid

Table 4.6 Failure Cases from WAT test-set
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source  Or you could leave and return to your families as men instead of murderers.

target  @REEI1T3 MIEBUINS” HHHILIVWIS]HUWBHH ald0o MIMOO B:GoMINI @ ASEBE1GE|IH0M &h¥l1Wo.

source I always wanted to build a talkies in our village in your father’s name.

target M9} @R21OG EaI@1G MM B@ SIHHINY’ aleMIQB M@ aleNE” ADELI DBB BOWaORIE; CAIOM.
source At the funfair, near the ghost train, the marshmallow twister is twisting.

target ol H, AT train & U, marshmallow AT 5T %6 &

source  See how lovingly he still stares at his master?

target 3 foh 98 3T T W 19 off Y WIR R 82

source  And that’s for Vortex

target &R TOT TRl SRGH'T W 21FF JAT ACZ (OMNF FNZ AAE A1 IE |

Table 4.7 Qualitative sample from WAT test-dataset. Missing tokens are colored in red. Few samples

which are treated as gold aren’t as good.
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MULTI+ft . In this section, we present supplementary content assessing [L-MULTI+ft , specific to the
merits in particular to translation tasks WAT-ILMPC.

Tables 4.5 and 4.6, we contains success and failure cases of our models on WAT-ILMPC test-sets,
already discussed before.

4.3.2 Mann Ki Baat

In the previous section, we examined the results qualitatively to understand the performance metrics
that come along with it. However, due to problems with the test-corpus and the nature of the test-corpus
being English-centric, leads to the necessity of other sources for a multiway test-set. In this direction,
we present our multilingual translation BLEU scores on Mann Ki Baat test-set.

We find the performance of the model is what is expected in agreement with existing NMT literature.
Our baseline model gives us good results on the Mann Ki Baat test set. However, contrary to the case in
WAT-ILMPC, we find that /L-MULT] outperforms IL-MULTI+ft . This is expected as we fine-tuned
to a subtitles corpus, and got better off results. As widely demonstrated in literature, augmentation with
backtranslated data gives improvements of few BLEU points to models. Overall IL-MULTI+bt performs
the best, as visible from the grids given below (Tables 4.9, 4.8, 4.10).”

2We are following indicnlp’s BLEU computation, which should match the WAT website’s BLEU computation, but did not.

We are in touch with the organizers to make the values consistent.
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Srcs bn en hi ml ta te ur
bn 99.49 9.53 3.07 1.07 0.59 1.46 0.00
en 4.19 99.99 10.10 1.93 1.18 1.63 0.00
hi 4.54 13.28 99.42 1.50 0.91 1.36 18.44
ml 1.33 7.51 4.79 99.42 0.88 1.89 0.00
ta 0.98 4.24 3.21 0.92 99.53 0.93 0.00
te 2.06 5.79 3.15 1.41 0.47 99.10 0.00
ur 0.00 0.00 0.00 0.00 0.00 0.00 100.00
Table 4.8 BLEU scores of IL-MULTI+{t
srcs bn en hi ml ta te ur
bn 99.85 11.56 12.42 2.01 1.20 2.30 0.00
en 498 100.00 13.75 1.87 1.28 1.81 18.52
hi 6.93 17.87 99.49 2.77 1.71 3.09 12.55
ml 3.19 8.93 8.79 99.77 0.95 243 0.00
ta 1.68 5.15 5.33 1.16 99.74 1.57 0.00
te 2.78 7.51 7.67 2.24 1.06 99.48 0.00
ur 0.00 0.00 32.64 0.00 0.00 0.00 100.00
Table 4.9 BLEU scores of IL-MULTI
Srcs bn en hi ml ta te ur
bn 99.85 11.28 12.46 2.49 1.30 2.72 0.00
en 5.18 100.00 13.66 2.78 1.46 2.81 0.00
hi 7.01 17.95 99.50 3.03 2.07 3.78 0.00
ml 3.45 8.86 8.98 99.77 1.04 3.08 0.00
ta 1.78 5.28 5.46 1.22 99.85 1.71 0.00
te 3.01 7.64 7.84 2.61 1.21 99.68 0.00
ur 0.00 0.00 32.64 0.00 0.00 0.00 100.00

Table 4.10 BLEU scores of IL-MULTI+bt
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en

Mann Ki Baat, February 2019 My dear countrymen, Namaskar.

cn

hi
bn

ta

Mann Ki Baat, February 2019 My dear countrymen, Na-

maskar.

T T a1, ®ead 2019 B O Qerardt, TR
<5 15, (T K05s N (&7 Tra=TaAl, AT
et & urL, ireufl 2019 ererr ywii Cr& BTl (H

BLOG&I.

Mann Ki Baat, February 2019 My dear countrymen, Na-

maskar.

T & 91, Head 2019 W TR i, TR
T 5 0, (TR K0ss SN 2T WA, ANE !
e St G ev, [Lireuf] 2019 erer g Henio BrL(h-

&5 B6rT, 6UeTT &SLD!

cn

In order to ensure that their fellow countrymen could sleep peacefully, these brave sons toiled relentlessly, day or

night.

cn

ml

hi

te

ta

bn

In order to ensure that their fellow countrymen could
sleep peacefully, these brave sons toiled relentlessly, day
or night.

GBUAIINVIGHUBAHH MVAIWIMEBDNINS DOBBIM HY1QON-
an’ QOHO.I(UB(GTG)O(T%, DY WaJ@MBROBHH MIMYGAI, @I-
@1ewo pemadamley.

e I8 AT fora ST &k fob 37k el Seraret erifagdes
Tt T, T FeIgE 9l = ey, ot @ v faar

3%&@)@0 erodorr JESDared B Q% 000B0HD &
P Hdrthen Harodorre, Hien Boe @8 S
BEUTLIf &6T S SUTSE SIS PlabS Gl 6TeTL-
g o nid QFuiu @bs 3Ll LDSETS6T DS
wIrs, BreT Sieeg Qreld gimbsery.

SR RIS =30 JACS NS =60 F919 ey, @3
ST (R (g, Tl 1 A0S <% = A

In order to ensure that their fellow countrymen could
sleep peacefully, these brave sons toiled relentlessly, day
or night.

LRMEBBU3 MVAIWIMBOMINS DOGBIRIME, MRS O AflQa]-

@M@IB RID®NOW aldhLIIES] &HIAIGE M.

Serareh 31 1 e @, iy, o g e A 3, -
T3 U ez &

Bédezen Hacosore A Do 80 & HEen S
QEEsFTren SR $59) 80T,

BT (w&ser Howdurs o prisCeussr(Hid
TETUSHETS, BLOWOLW @QBs 655 b
Fi&eT, @re USE GTETLILTTTON SHIGEET
LS SGHSTS Saf.

TTRTA ACS 8T TS SATE IS TR ({09 929
9 PTET MA-ATS OF I ST JTS ({03 5o |

Table 4.11 Qualitative samples from Mann Ki Baat Dataset. Source is one large row. Translations to

different languages are shown in two columns - first one is our prediction and second one the respective

aligned ground truth.
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cn

Jamuna Tudu, famous nicknamed *Lady Tarzan’ in Jharkhand, most valiantly took on the Timber Mafia and Nax-

alites, and not only saved the 50 hectares of forest but also inspired ten thousand women to unite and protect the

trees and wildlife.

en

te

ta

ml

bn

hi

Jamuna Tudu, famous nicknamed ’Lady Tarzan’ in
Jharkhand, most valiantly took on the Timber Mafia and
Naxalites, and not only saved the 50 hectares of forest
but also inspired ten thousand women to unite and pro-
tect the trees and wildlife.

PPOES® (5RO Db "erd erepS" Doife "estore b~
&', odspBorr Boab $rdoe HBakn SHBmhed &-
Loy, Bdeo 50 S OEHOD S5 PSS,
5 DB 508 Hen Beakn FHBAD SFB SoBois -
Q8 Erte e Dok,

Frissamige) LsH@UDD  "erg  SF e
("Jamuna Tudu", "Timber Mafia" woHmd “"Naki")
Bag Bseyd Grueors ergsmy, Gogid 50
QansGLy arhEamer wLHGW SriurHdlug-
L6bT, UgGl <4, urLd QLIGHT SemeT DTS emeTLD,
cuaT eI GUEIG S ETULD @HEWLLILHSSeLD
ST 60T Lq GOTITIf

200@atamwleel ‘el SoBaVad' af)aM @JUaYMIW RAM
S, a@3Q0jo afl2eInW] SloId MLl GRUDISM-
BHIGBo MV af" 50 HaOGHE QMo (Z)csﬂﬂgﬂ 20@0E}, oo’

@100 qY16:03 ARz aIm je210fd:08We 3aM] 4] ddH]-

990Mo GaJTlofla).

MGG RIS 1T BTere, ARG GRS HA WT%-
M@ TR 72T FE | XY@ ¢o (25 I T P,
QAT T FOTS WA 9 @ o) ATE G F1E GePe
(299 T |.

FREE H AYFE IUATH AL ot ST g A T TG TH-
R feae Afthan 3k Feraferdl &l 7 Fae 50 BaaR STe
T TA ok T EOIR Afasl ol Ug-uteli 3R a=gsiial &t
R o Torg Uik fomam

Jamuna Tudu, famous nicknamed ’Lady Tarzan’ in
Jharkhand, most valiantly took on the Timber Matfia and
Naxalites, and not only saved the 50 hectares of forest
but also inspired ten thousand women to unite and pro-
tect the trees and wildlife.

(7808 & B8 erpS HHE° Sarsd Boss exsnTe -
&, Boab Srpase 8%Kr, 88k &%r Dol -
H0EHI H DI, P TSP w6d Frosey SHAFHOT
SPPEE o, EOREep By, Sdgare 85 850
DPorier HOBO HPFOD DB BTD.

BIm pearhser per Curdland gl o ev-
SO (PUUFHVID ESEHEG CUTSESHmeamL
e LppelsSHory, Qaieuey 1500 Cuifs-
ever GursL LD MIBT SeTTs oy, &Eul®SSmTry.

20@6UemMWI@3 Gelwl SOBAVAD ag)aM Galdl@d AaIOEWIW
@AM S @S] MOaNlWEWIFo M TVLJMHESIG0 GaldDI-
SHOWM VIOV @mé(mﬂgd. 50 9a0HA@ Mo MuBl-
GNIO® HOTWHOUND AI@DE], al®IMIVID0 ngloe,og Moo-
2e1Sla o] YoHEBBEHSQo AUMIRIABHSHSVY OHHNHIWV]
JIBOD 195008 GRAINO GaJTlafls).

AMATS f[RATS OLady Tarzanl ROTR 0TS AT GG, M-
RATTRRATA NTFEN & SRR (N TG TS A
JS FE T %Y ¢o (2B A TGTE W ASTF T
A BT, ToIFg 7 ZETF MREANE QI FF ML €
JPATNHS ST S AT |

FrEus # 000 00000 & 9 & faed S ¢g A forer
iR 3 Terfordt & wieT A @ e i fRr 3
T Facl 50 BFTR ST ol IoTeA & SUr dfesh T EAR
TTEATH! ol Yol e UST HIR F=ISial el et o forg ofed
foma

Table 4.12 Longer sentences from Mann Ki Baat set.
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4.4 Revisiting translation in narrow domain

Transfer learning has been widely used by the computer vision community in the past. These works
typically achieve excellent performance on a specific narrow domain task by fine-tuning a generic model
trained on a larger dataset like ImageNet [21]. Similarly in the language space, past works attempt at
fine tuning embeddings for sentiment classification to a new language or domain where data is scarce,
effectively transferring learning from the general case the embeddings are originally trained on. In this
section, we experiment similar fine-tuning methods and show that we can improve our translation system
for a particular domain — cricket related content.

Newspaper reports and commentary archives on cricket are crawled and corrected, and a noisy par-
allel pair is obtained using online services. 279K parallel pairs are thus obtained between Hindi and
English. We set aside 100 samples as test-set and collect human provided translations for the same.

Model en—hi hi—en

cold-start 30.80 33.84
warm-start 25.57 29.27
+ fine-tuning ~ 35.72 39.97

Table 4.13 BLEU scores of different takes on building a domain specific translation system, for cricket.
Cold-start denotes model trained on cricket data alone. Warm start begin with /L-MULTI - trained on

the general dataset. This model is further fine-tuned to cricket data.

We use three types of models while testing - (1) IL-MULTI , (2) IL-MULTI fine-tuned on cricket
data and (3) a model with same parameters as /L-MULTI trained from scratch. Table 4.13 compares
the performance of the three models on the test set. Among the three models, the warm-started model
fine-tuned on cricket specific corpus achieves the best performance, outperforming the model trained
from scratch on this narrow domain.

Cricket domain include many terms which resolve to imply meanings different from their normal
ones, when restricted to the domain. For instance a “boundary” or “four” would mean the event of “four
runs” being scored in a match. Terms like “sixers”, “square drive”, “form” etc pose different meanings
compared to the meanings associated with the same when placed in a general context. In Table ?? are
some examples corrected by the fine-tuning method, which would otherwise be mistranslations due to

the lack of contextual knowledge.

4.5 Conclusions

In this chapter, we have demonstrated improvements in NMT performance in directions involving 7

Indian Languages and English. We take the first step towards a multilingual test-set across several Indian
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languages, enabling study and comparisons of multilingual models which operate in these languages. In
addition we revisit the narrow domain work to demonstrate improvements through domain adaptation
by fine-tuning a general-purpose model.

Our investigations with NMT involving more languages pointed to the need of better-datasets. En-
hancing the available data across language pairs is further supported by the increase in digital content
online, with more of the countries population gaining access to the online content. In the next chapter,
we discuss such an effort involving the Press Information Bureau, which we identified as a source which
continuously improves with more news articles added. In addition, we update and refine the Mann Ki
Baat test-set to make it better for future translation benchmarks in the language-directions.
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Chapter 5

Applications

In this chapter, we describe methods using the Multilingual NMT systems developed in the past
chapters to mitigate the data scarcity in Indian languages. We identify multilingual models and parallel

pairs aligned across multiple languages as a promising frontier.

5.1 Enhancing translation resources for Indian Languages

5.1.1 Motivation

Modern day neural network based approaches for Machine Translation (MT) are data hungry and
sentence-level aligned parallel pairs are the currency. Neural MT (NMT) is currently the de-facto ap-
proach for for training translation systems and shares the same traits [43].

Koehn [41] uses European parliament proceedings available on the web to create an evolving parallel
corpora. The resource has been a major driving factor in attempts to build MT systems. We provide a
similar effort through this work in providing a multilingual parallel corpora for Indian languages.

Many languages spoken in the Indian subcontinent are categorized as low-resource [77] considering
the amount of parallel corpora available for training with deep neural network based models. There
have been a few efforts towards addressing this lacunae. Among this, the IIT-Bombay Hindi English
Parallel Corpus (IITB-hi-en) [51] is the largest English-Hindi corpus available for training. Other sig-
nificant efforts in constructing parallel corpus for Indian languages include Indian Language Corpora
Initiative (ILCI) [35] across 10 Indian languages, restricted to health and tourism domains and Indic
Multilingual Parallel Corpus (WAT-ILMPC) [62], with possible shared content among multiple lan-
guages collected through automated efforts are limited and noisy [74]. WAT-ILMPC is comprised of
user contributed translations of subtitles, which are inadequate and often code-mixed. A specific ef-
fort is that of the Oriya-English Corpus (OdEnCorp) that provides a compilation in Oriya-English [71].
Lack of resources reflects in the availability of automated translation systems of satisfactory quality in
these languages. While some systems are reported [99, 74] to perform well for English-Hindi, there are
not many that generalize well for other languages. Based on these resources, in order to enable further
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progress in Indian languages, additional multi-lingual general purpose corpora that could be used for
training over multiple Indian languages can be considered as a required resource. Further, in order to
gauge the progress made in solving this task, it is also necessary to consider an independent general
purpose test corpus that is not used for training. In this work, we address both these challenges.

Low resource languages have drawn an increased interest towards self-supervised extraction of sentence-
aligned bitext [83, 84, 5] to augment training data for MT. Attempts at using pre-training with mono-
lingual corpora and transferring the learning to machine translation have found moderate success [31].
Another class of augmentation approaches [24, 86] turns to using noisy synthetic corpus obtained through
back-translation to improve translation results in the low resource setting. However, the more relaxed
the formulations are, larger are the computational requirements for some improvement. Moreover, these
formulations can be viewed as expectation maximization (EM) algorithms [16, 30] and often benefit
from a good initialization - which in the case of MT is a collection of aligned sentences in two languages
- a parallel corpus.

Another benefit of obtaining a parallel corpus is that it enables other resources such as cross-lingual
word embeddings [81] and sentence embeddings [15] to also be developed. These resources would also
enable downstream tasks such as paraphrase generation and question answering in multiple Indian lan-
guages that are currently less considered due to lack of sufficient machine translation or word embedding
capabilities.

All the above points to a strong need of usable parallel corpora for many languages to catch up.
Recent literature suggests multilingual corpora with shared content among languages can provide sig-
nificant boost to learning [2, 65, 36], enabling a single model to do zero shot translation and acting as
regularization. Other neural approaches, which has further relaxed formulations include Schwenk et al.
[84]. With many vernacular web sources publishing bilingual content and more speakers gaining access
to the internet [74] - the resources available are growing. Combined with recent developments in natural
language understanding with advent of deep neural networks - it is possible today to construct corpora
with lesser human efforts.

This work relies on two sources — the Press Information Bureau (PIB) and Mann Ki Baat, the Indian
Prime Minister’s speeches to compile sentence aligned parallel corpora with shared content across 10

languages. Our contributions are as follows:

* We revisit MT based alignment methods, to obtain the aligned parallel corpus with minimum

human supervision.

* We release a corpus of size 407K compiled across 10 language pairs from PIB, intended as training

data for multilingual models.

* We release an independent test corpus compiled from Mann Ki Baat. This is a useful resource to
validate machine translation accuracy and generalization performance. The test-sets are between

9 languages with 2-3K example sentences on an average.
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This chapter is structured as follows: §5.1.2 briefs the method involving NMT based alignment used
to obtain sentence pairs. In §5.1.3, we summarize and describe the multilingual parallel corpora, the
quality is validated by the evaluations elaborated in §5.1.4 We demonstrate state of the art performance
in many tasks using the datasets in §5.1.4

5.1.2 Aligned Parallel Corpora from Web

We take advantage of the structured information - links, dates etc. in the above sources of the same
while crawling and pre-processing. Once we have alignments between documents, we use several strate-
gies to obtain sentence level alignments across languages. On obtaining sentence level alignments, we
use heuristics — length ratios, language identification through writing script etc, based filtering to remove

noisy pairs.

Crawling and Preprocessing We crawl PIB and Mann Ki Baat websites for the articles. We extract
only the text from html. Following the text extraction, we index and store the articles on the basis of a
unique identification number that is assigned to each article. We additionally store metadata attributes of
posted date and language the article was written in. This dataset of documents is subsequently processed
to obtain delimited sentences in each document.

For sentence segmentation, we use a rule-based tool created using commonly used sentence delimiters
across Indian languages. For Urdu, we use UrduHack'. These sentences extracted are used as units
for translation for both document and sentence alignments. The sentences are tokenized for the tasks
discussed ahead by using SentencePiece [47] models trained by restricting each language to a vocabulary
size of 4000 units. The result of this processing leads to a set of documents with delimited sentences
in 11 languages for PIB and 10 languages for Mann Ki Baat websites. These are then aligned using a

document alignment procedure.

Document Alignments For obtaining document level alignments in Mann Ki Baat, posted date of the
article suffices as a retrieval criteria. The articles are posted in periodic manner with the multilingual
content being uploaded with negligible time delay. Unlike Mann Ki Baat, PIB articles are posted with
different timestamps making it harder to retrieve multilingual content.

Given an MT system, we can translate all non-English articles to English. This makes it possible to
check similarity between two documents in English - one the original and the other a translation. We use
cosine similarity on term frequency-inverse term frequency (TF-IDF), a measure commonly used to rank
candidates in retrieval literature to obtain candidate articles within the neighbourhood of 2 days of the
posted date of source and choose the nearest neighbour to align documents. Using these procedures we
obtain a document level alignment between articles in the various languages. From these set of aligned

documents, we process and obtain sentence level alignments.

"https://github.com/urduhack
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Sentence Alignments Weuse BLEUAlign approach [88] where we have a reasonable working transla-
tion model between the language pairs. Sennrich and Volk [88] proposed MT based sentence alignment
algorithm denoted hereafter by BLEUAlign which uses translation of either source or target text. It
uses BLEU score [70] as a similarity metric to obtain sentence level alignments. They demonstrate
better alignments than conventional length based alignment methods [25]. The MT systems used in
BLEUAlign are discussed next.

en hi ta ur ml bn te or gu pa mr

PIB Articles 28K 145K 75K 135K 4K 45K 1K 6K 22K 47K 64K
(train) Sentences 1.3M 440K 227K 360K 97K 112K 22K 89K 60K 88K 165K
Aligned-en - 260K 96K 122K 31K 35K 10K 43K 46K 61K 123K

Filtered - 156K 61K 453K 17K 21.6K 6K 9.1K 25.5K 26.3K 40K

Vocabulary 159K 112K 119K 67.6K 67K 442K 27K 35K 51.7K 53.7K 73K

Mann Articles 58 57 47 8 45 48 48 39 45 f 47

KiBaat Sentences  12.2K 12.6K 11.6K 1.7K 123K 14.7K 152K 9K 11.2K - 119K

(test) Aligned-en - 54K 6.0K IK 52K 58K 55K 0.8K 6.8K - 6.2K
Filtered - 53K 57K 1K 5K 56K 52K 08K 6.6K - 59K
Vocabulary 21K 11K 23K 4K 22K 175K 21K 4K 19K - 20K
OOV rate - 13.3% 26.4% 14.1% 36.9% 39.7% 74.1% 28.3% 30.4% - 16.8%

Table 5.1 Detailed statistics of PIB and Mann Ki Baat. Number of sentences are reported after segmen-
tation of articles. Aligned-en indicates number of sentences aligned to English across each language.
Filtered indicates size after filtering aligned sentences through our pipeline. We also report vocabulary
compiled from filtered sentences across languages. Details on nature of PIB and Mann Ki Baat corpus

in sections 5.1.3.1 and 5.1.3.2 respectively. TPunjabi(pa) is unavailable in Mann Ki Baat.

NMT for Alignment We use a single NMT model which is an implementation of the Transformer
architecture [98] for a sequence-to-sequence learning task. This architecture consists of an encoder and
a decoder. An encoder consumes source sequence represented by one-hot vectors corresponding to the
tokens. The decoder uses the encoded representations of the source sequence, attends to it and autore-
gressively predicts the next token left to right. This constitutes the Transformer architecture. Parameters
are shared among all languages for both the encoder and decoder [36]. The embeddings are also shared
given the vocabulary at input and output are same through the multilingual formulation and for the bene-
fits reported in Press and Wolf[79]. SentencePiece models help making training multiway models across

11 languages feasible without compromising coverage of all sentences in the language.
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Source #pairs  type

IITB-en-hi 1.5M  en-hi
UFAL EnTam 170K en-ta
Backtranslated-Hindi 2.5M en-hi

WAT-ILMPC 800K  xx-en
ILCI 500K xx-yy
OdiEnCorp 27K en-or
Telugu Bible 30K  en-te

Backtranslated-Telugu 500K  en-te

Table 5.2 Training dataset used for multilingual model. xx-yy indicates parallel sentences aligned across

multiple languages.

The dataset used to train our multilingual model is compiled from multiple sources: IIT Bombay
English-Hindi corpus [51], UFAL EnTam v2.0 [80], OdiEnCorp [71], ILCI [35] and WAT-ILMPC [62]
multilingual corpora. Additionally we compile English-Telugu parallel text from Bible corpus [14]. We
also augment training set with synthetic data obtained from Backtranslation [86] for Hindi and Telugu.

Filtering aligned sentences for noise Based on the two alignment techniques, we obtain a set of
aligned candidate sentence pairs. Among the extracted sentence pairs through the methods in the section
above, we observe noisy sentences. These are in the form of URLs, numbers corresponding to dates,
segments left untranslated in the news etc. We do not filter these early on as these can help in aligning
sentences. However, to ensure that these do not affect training the machine translation model, we filter
the data using langid” to remove foreign language tokens. We also filter based on the ratio of source-to-
target length to filter imbalanced sentences amongst the pairs. BLEUAlign also has a filtering effect on
sentence pairs as it can merge and discard sentences based on the BLEU score between target sentence

and translation of source.

Compiling Multilingual Content Finally, to obtain aligned corpora across languages, we group sen-
tence pairs extracted from many languages keyed by a single language. In this work, we use English
as the common language. The choice is helped by the fact that many parallel corpora available for In-
dian languages have English as one of the two languages. Due to this all languages translate to English

fluently. Through this procedure we obtain a multi-lingual parallel corpus.

https: //github.com/saffsd/langid.py
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5.1.3 Dataset Description and Statistics

In this section we describe the datasets produced with this work. Two datasets are compiled - the
PIB corpora for training and Mann Ki Baat corpora for a standard test-set. Both corpora have shared

sentences across multiple languages. We elaborate on the nature of the compiled corpora and the quality.

5.1.3.1 Press Information Bureau Corpus

Press Information Bureau (PIB) is an Indian government agency responsible for communications
to media. These communications are released in the form of articles on a website® across 12 Indian
Languages: Hindi (hi), Telugu (te), Tamil (ta), Malayalam (ml), Gujarati (gu), Kannada (kn), Urdu (ur),
Bengali (bn), Oriya (or), Marathi (mr), Punjabi (pa), Assamese (as) and English (en). Out of these 12
Indian languages parallel corpora of variable sizes are available for 10 of them, excluding Assamese
and Kannada. Articles are manually translated by PIB officials and can be deemed expert translations,
which makes this a source for authentic parallel data. Articles are posted for about two years now
since 2017. With progress of time more multilingual content will be added by the organization, which
warrants improvements in size of corpus across all languages. These translations are adequate and fluent
by nature, provided good alignment accuracy is obtainable. We observe that an article on an average
provides 10 sentences.

Corpus Statistics We propose PIB corpora as a multilingual training set. The corpus compiled out
of PIB contains 407K sentences aligned with shared content across multiple languages. More on the
corpus statistics are described in Table 5.1. The articles in the corpus are aligned with English as a pivot
language. Hindi and Urdu articles are being published since the start. Articles in the other languages
are being brought up to speed recently leading to an imbalance between number of articles across lan-
guages (14.5K hi to 1K te). We also observe disproportion between number of articles and en-aligned
sentences as not all articles posted have correspondence for English article in PIB. This leads to lesser
number of aligned documents for extracting sentence pairs. The number of sentence pairs further de-
creases as BLEUAlign chooses to merge and discard source sentences based on BLEU score between
translated source and target pairs. One such example is demonstrated in Table 5.3. Presence of large
number of English tokens, numbers and duplicates among the aligned pairs results further reduction in
size after filtering across languages. We observe variations in proportion of filtered sentences among
languages. The variance in filtered sizes of the corpora is caused by erroneous matches by BLEUAlign
which are pruned out by sentence-ratio based thresholding and example of which is present in Table 5.4.

A lot many English words are also interspersed in Indian language articles.

Multilingual shared content Due to the presence of shared multilingual content among the languages

in PIB we were able to extract aligned sentence pairs across multiple languages (xx-yy). The resulting

*https://pib.gov.in
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corpora is described in Table 5.6 in format of a multilingual grid where we report sizes of sentence pairs
aligned across languages. As PIB and Mann Ki Baat share all of the languages except one, we merge the
obtained multilingual grid with upper triangle color coded Blue representing PIB corpora. en-hi have
the highest number of parallel sentences constituting 38% of the corpora followed by en-ta and en-ur
at 14% and 11% respectively. Because of these high proportions of en-aligned data we were able to
obtain 22.3K hi-mr (related language pair), 26K hi-ta (distant language pair) sentence pairs by pivoting
through english (refer Table 5.6). Such alignments among diverse set of languages can significantly
boost the performance of multilingual NMT systems.

5.1.3.2 Mann Ki Baat

Mann Ki Baat* is a transcribed source for Indian Prime Minister’s speeches across 12 Indian lan-
guages: Hindi, Telugu, Tamil, Malayalam, Gujarati, Kannada, Urdu, Bengali, Oriya, Marathi, Assamese,
Manipuri (mp) and English. As the volume of this transcriptions is much less compared to PIB we com-
pile a multilingual test. As these articles are relatively sparse’, posted date serves as primary criterion for
retrieving the multilingual content. These translations can be considered as expert translations and are
fluent by nature as the speeches are addressed to people across India speaking many languages. These
transcribed speeches usually tend to be longer, unlike PIB articles. Mann Ki Baat is also a promising

source for multilingual corpora as more content is being added over time.

Corpus Statistics We release Mann Ki Baat as a multilingual test set upon which our models are evalu-
ated. We extract sentences aligned with English as the pivot language compiling a bi-directional (xx-en)
test set, described in Table 5.1. Volume of Urdu articles posted in Mann Ki Baat is relatively less result-
ing in fewer aligned sentences. Noise in the form of untranslated tokens and repetitions is also present in
sentence aligned pairs of Mann Ki Baat although not as prevalent as in PIB resulting in removal of only a
fraction of sentences after filtering. As Mann Ki Baat is released as a test set we compute OOV (Out-of-
Vocabulary) rate for word types between PIB and Mann Ki Baat corpora (refer Table 5.1). We observe
higher OOV rate among te (74.1%), bn (39.7%) as the size of English aligned corpus is less for these

languages compared to others in PIB.

Multilingual shared content Mann Ki Baat, similar to PIB has shared multilingual content across
languages. We extract sentence pairs (xx-yy). The resulting corpora is described in Table 5.6 in the
format of a multilingual grid. Bottom triangle of the grid color coded in Red represents Mann Ki Baat.
Presence of less number of en-aligned pairs among Urdu (ur) and Oriya (or) consequently led to less
number of pairs across the grid for these two languages. For other languages we obtain test sets with

sentences greater than 5K leading to significant number of aligned pairs (3K on an average) across all the

*https://www.narendramodi.in/mann-ki-baat/
>Prime Minister’s speeches happen in a periodic manner, usually with frequency of 1 per month.
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languages in the grid. Test corpora of this size aligned across multiple language is previously unavailable,

and can benefit standardization of multilingual models built for Indian languages.

5.1.3.3 Characterizations and Comparisons

Multilingual corpora available currently for Indian languages are ILCI [35] and WAT-ILMPC [62].
In this section we compare PIB and Mann Ki Baat with these multilingual corpus.

ILClI is a multilingual corpora with 50K sentence aligned pairs across 11 Indian languages and English
and has marked a huge contribution in developing Translation systems for Indian languages since its
release in 2010. However, ILCI is restricted to only health and tourism domain. In our past experiments,
we observe that training on ILCI alone does not generalize well to real-world queries. ILCI dataset is
only available for Indian nationals®. WAT-ILMPC is a multilingual corpora of subtitles collected from
OPUS’. This corpus contains lot of short and untranslated segments. As the PIB corpus is translated by
experts, we observe a rich vocabulary of words. In Table 5.5, we summarize the characteristics of these
alongside PIB for comparison.

Test sets of multilingual nature available for Indian languages currently are aligned only to En-
glish [62]. We observe the similar problem of short and untranslated tokens in test set which implies that
good performance on this test set does not generalize good performance overall. Mann Ki Baat contains
sentence alignments across 10 language pairs and English resulting in better understanding of translation
phenomena across diverse set of Indian languages, some of them which are related (hi-mr, hi-gu) and
some distant (hi-ta). Mann Ki Baat are also expert translation, containing a rich vocabulary. This test
can be viewed as general domain as these are compiled from transcribed speeches addressing national

crowd.

5.1.4 Discussions

To demonstrate efficacy of the parallel corpus, we propose two methods of evaluation. First, we
report the alignment quality across a small sample reported by humans. Second, we take two cases to
check if the parallel corpora created are useful in Machine Translation - we train models one on the PIB
corpus alone and also use the same to augment training with existing data and demonstrate improvements

in translation quality in the augmented case over the other.

5.1.4.1 Alignment Quality

We randomly sample 100 sentence pairs across all the languages of PIB and Mann Ki Baat after
aligning to English. We manually evaluate the quality of alignments for these sentence pairs and report

the number of sentences that have been verified as correct alignments in Table 5.7. In PIB, we observe

®http://www.statmt.org/wmt19/translation-task.html - Gujarati
"http://opus.nlpl.eu/
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Index Corpus

Source

Target

1 PIB g7 4 3,18,931.22 s IUY &M Out of this Rs.3,18,931.22 crore has
Tole (8T UM & 31fafeh) F $TH Gl been earmarked for Defence (ex-
cluding Defence Pension).
2 PIB 3 AT W 9 HAT@E, qeahrl fd-  Senior officials of the ministry of
W & 9IS SfeeRrl, 38 UTURE 31fd-  External Affairs and other govern-
FHI 3R FaT USTaT AU & AR ment departments beside 38 Pass-
IURYA &| FAYS T ohed ATl IAAE  port officers and officials of service
ATgRIRAT 3R gferd ARl 1 9 provider TCS attended the function
BR UTHUIE 3R I o folw 3ch¥dl  where awards of excellence were
ERWR%E”TE{I presented to the best performing
Passport Officers and Police Offi-
cers for best passport and verifica-
tion services.
3 Mann Ki Baat g ygel =f a7a7 TTed seed 4 YRa  Years ago, Dr. Baba Saheb Ambed-
F AR Fl 91 Far o kar spoke of Indias industrialization.
4 Mann Ki Baat  #3 foreft ot @rdiemd s== & e =g [ had not asked anyone to be Kha-
HET AT | Ak eI WIdl HUSR Jret & didhari, But the feedback I got from
SR e foh T gag H el e Khadi stores was that in a weeks
a1 Il WA= £38 S del g Wawe  time the sales had jumped up by 125.
R A g T |

Table 5.3 Success cases of Alignment for sentence pairs from PIB and Mann Ki Baat. 1 and 3 are shorter
sentences but relatively hard to align to English due to presence of sentence delimiters on the English
side. 2 and 4 have longer Hindi sentence containing two segments delimited by Purnavirama (Hindi
end of sentence marker) symbol. We observe that BLEUAlign merges these segments to obtain a higher
BLEU score, aligning to a longer Hindi (1&3) and English (2&4) sentence which conveys same meaning

as the source.
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Index Corpus Source Target

1 PIB g1 diel & UTel dar gid ST &t &7dT  They will be prepared about every
& 1y, qrEed & qTY IR gl generation.

2 PIB TUAT 17 30, 2017 &t 64.41 93 2017. Rupee closed at Rs. 64.
Ul AR SleR o TR W &E gatl|

3 Mann Ki Baat g1 & yreifyes femerg & fieres @&, V. Chinnathampi who runs a small
TRATERA AR BIC A I g Tl tea shop, have between them worked
el Wt R=memdt, 37 341 7, 39 - tirelessly for this library.
ol o ToT a7eres Ui fomar &

Table 5.4 Failure cases of Alignment for sentence pairs from PIB and Mann Ki Baat. 1 represents a
hard case to align, where the content is written elaborately in source and poorly in target language. 2
contains English sentence with punctuation, misaligned due to segmentation. 3 represents a case of

partial alignment due to segmentation of the English sentence.

Source #sents Vocab #langs Languages (xx)
ILCI 550K 640K 11  bnenhimltate
mr gu ur ka pa
WAT-ILMPC 800K 780K 8 bnenhimlsi
ta te ur
PIB 407K 780K 11 bnenhimlta
te mr gu ur pa or
Mann Ki Baat 41K 154K 10  bnen himltate

mr gu ur or

Table 5.5 Multilingual datasets available for Indian languages.
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en hi ta te ml ur bn gu mr or pa
en 156344 60836 6035 17187 45355 21615 25598 40200 9101 26338
hi =~ 5272 25848 1845 7865 9635 10476 13243 22378 2307 7751
ta = 5744 2761 2275 5327 3416 6704 8575 12180 974 4778
te 5177 2289 3100 1196 564 917 1909 829 183 1086
ml = 5017 2305 3124 2898 1220 3243 4309 3628 376 1921
ur 1019 742 637 599 624 1631 2100 1500 741 5214
bn = 5634 2706 3460 2939 2938 559 4718 4618 490 1906
gu | 6615 3213 3998 3528 3469 749 3810 5580 620 3702
mr 5867 2491 3175 2839 2803 490 3054 3658 867 3080
or 768 389 470 440 427 98 447 541 432 889
pa 0 0 0 0 0 0 0 0 0 0

Table 5.6 Multilingual shared content across language pairs for PIB (Blue) and Mann Ki Baat (Red).

Rows and columns indicate language pairs. Upper triangle (Blue) indicates PIB across Languages.

Lower triangle (Red) indicates Mann Ki Baat. The intensity of the cell color is proportional to size

of the sentences aligned pairs. T Mann Ki Baat does not contain Punjabi.
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high percentages for Urdu and Telugu indicating a good quality of alignment. Mann Ki Baat exhibits
higher alignments accuracies due to a very strict one-to-one mapping between sentences in the speeches.
On the other hand, PIB articles have relaxed writing, often merging or splitting sentences written in one

language going to to the other.

Language Pairs PIB  Mann Ki Baat

en-hi 94% 99%
en-ta 94% 98%
en-te 97% 100%
en-ml 93% 100%
en-ur 96% 100%
en-bn 87% 99%
en-mr 87% 99%
en-or 2% 95%
en-gu 91% 100%
en-pa 90% N/A

Table 5.7 Assessment of sentence alignment quality.

In Oriya, our translation models do not perform as well, evident from NMT performance reported in
Table 5.8 which consequently leads to poor retrieval based alignments. We could not observe many arti-
cles we could align with pure date based matches either. Mismatch in document alignments further cause
noisy sentence alignments for the case of PIB. With the progress of time more data will be made avail-
able on the PIB website leading to better mapping of Oriya articles and subsequently better alignments.
This will improve the performance of NMT models. In current state, we provide the corpus except for
Oriya where the alignment accuracy is observed to be reasonably good. However, for Mann Ki Baat,
we observe that despite the same model, sentences are aligned well. The articles matching correctly and
the existence of a strict one to one mapping in the sentences significantly helps in this case.

Qualitative examples in English-Hindi of success and failure of alignment pipeline are presented in
Tables 5.3 and 5.4. We are able to align and extract even significantly long and complex sentences from
PIB and Mann Ki Baat. Among the failure cases in Table 5.4, where a fragment matches to a larger
sentence due to and alignment error, the possiblity to bring down errors by heuristics like length ratio

can be observed.

5.1.4.2 Translation Quality

In order to evaluate translation quality, we train a standard NMT system [74] across all language pairs

in a multilingual NMT. These are trained for various cases such as benchmarking training with ILCI or
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ILCI

en hi ta te ml ur bn gu mr pa

en 0.0 30.0 5.17 9.18 5.59 23.5 14.3 21.8 13.6 22.7

hi 29.0 0.0 | 8.12 16.1 878 | 58.6 | 213 | 483 | 26.7 | 54.0

ta 13.6 19.2 0.0 7.43 5.36 16.5 9.72 15.0 9.23 16.3

te 19.8 | 28.7 5.62 0.0 6.61 24.0 13.6 | 22.8 13.8 22.0

ml 17.0 | 233 | 5.78 10.0 0.0 19.4 13.0 18.9 11.3 18.9

ur 26.0 | 589 6.65 13.6 8.04 0.0 17.3 39.0 | 20.2 | 415

bn 208 | 313 | 5.83 11.5 | 721 24.5 00| 242 14.7 | 228

gu 278 | 573 | 7.35 15.1 8.67 | 454 | 203 0.0 | 238 | 409

mr 24.0 | 43.8 6.7 13.2 8.09 33.9 17.8 33.0 0.0 32.1

pa 292 | 70.8 | 7.1 15.0 | 9.13 553 | 20.0 | 454 | 245 0.0

Table 5.8 BLEU scores of model trained on unaugmented data on multilingual test sets - test-split sam-
pled from ILCI from the unaugmented model. Rows correspond to source languages and columns target

languages.

with PIB. We use Bilingual Evaluation Under Study (BLEU) [70] a modified precision based score used
in sequence-to-sequence tasks to compare the models trained by different variations of data. We report
the BLEU scores obtained using Indic NLP Library®. We first consider the multilingual model across
languages that we use. We next consider the utility of the proposed PIB corpora. In all our evaluations

we also consider evaluating the model with the proposed new Mann Ki Baat test set.

Multilingual scores Multilingual models enable zero-shot translation [36]. They can translate among
unseen pairs of languages during inference which are unseen at training time by implicitly pivoting
through shared content. This enables reporting BLEU scores across languages in multilingual grid format
in Table 5.8, given the presence of a test set - Mann Ki Baat with samples in all directions. Similarly,
we report the scores on ILCI with a random subset held out from the training set. Training of all the

languages is done on the specified corpora and test is done on the ILCI and Mann Ki Baat test set.

5.1.4.3 PIB for NMT

In order to check the usefulness of PIB corpora, we compute the BLEU scores on data trained with
all the data we have available and the same data augmented with PIB corpora our NMT model. We

8https://anoopkunchukuttan. github.io/indic_nlp_library/
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Mann Ki Baat

en hi ta te ml ur bn gu mr or

en 0.0 13.8 244 | 294 2.51 8.08 4.63 7.23 4.8 0.76

hi 17.8 0.0 | 2.8l 482 | 4.02 [ 4122 | 7.62 | 243 10.4 0.7

ta 9.7 11.1 0.0 341 295 | 10.14 3.23 5.61 3.68 0.49

te 7.19 114 | 2.18 0.0 3.22 | 10.65 3.58 6.13 4.14 0.3

ml 11.2 145 | 243 | 425 0.0 | 12.31 424 | 736 | 472 | 0.3l

ur 15.1 39.6 1.95 3.89 3.27 0.0 6.06 18.4 7.7 | 041

bn 10.8 16.2 1.82 | 3.51 2.76 14.1 00| 892 | 513 | 041

gu 146 | 373 | 226 | 455| 3.61 | 2952 | 7.02 00| 973 0.5

mr 11.5 19.5 2.11 3.59 333 | 17.94 | 5.08 12.7 0.0 | 0.53

or 3.12 | 841 1.38 1.46 1.15 889 | 3.19 | 489 | 3.11 0.0

Table 5.9 BLEU scores of model trained on unaugmented data on multilingual test sets - test-split sam-
pled from Mann-Ki Baat obtained from the unaugmented model. Rows correspond to source languages

and columns target languages.

further consider the cross-domain generalization ability of models by training individual multilingual
models and assess it on existing WAT-ILMPC, ILCI and the proposed new Mann Ki Baat corpora. Due to
unavailability of separate evaluation set in ILCI we randomly sample a test set containing 500 sentences.

As can be observed from Table 5.8, training on unaugmented corpora alone results in a reasonable
performance on ILCI test but a deficient performance on the new Mann Ki Baat test set. This indi-
cates that the Mann Ki Baat test set is more challenging as compared to the ILCI test set. Further, the
performance of this model on these test are not as good as they are being evaluated in a cross-domain
setting.

When we consider the performance of using PIB corpora as an additional corpora used along with
unaugmented model, the results are significantly improved. The results for the same are provided in
Table 5.11. As can be observed, the results in this case show significant improvement in BLEU scores
in most cases. The only language in which we see a small decrease in this setting is in Oriya for Mann
Ki Baat corpora. This we believe is due to the relatively few sentences obtained for Oriya and the fact
that the baseline NMT system for Oriya language is noisy.

Table 5.8 additionally provides insights into the effectiveness of multilingual model trained on com-
parable languages. Translation across strongly related languages are higher, as the mapping is easier to

learn. An example we observe is Hindi, Gujarati and Marathi that belong to Indo-Aryan family’. Pairs

‘https://en.wikipedia. org/wiki/Indo-Aryan_languages
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ILCI WAT-ILMPC Mann Ki Baat

ILCI 21.7 6.15 6.52
WAT-ILMPC  5.98 254 5.1
All data 30.0 20.6 13.8
All data+PIB  31.8 21.2 15.9

Table 5.10 Cross domain inference. Rows indicate the corpus on which model is trained and columns

the test-corpus. BLEU scores are reported for en-hi. All data is listed in Table 5.2

among these languages have high BLEU scores. We also observe high BLEU scores among Hindi, Urdu
as it is generally regarded that Urdu and Hindi are quite similar phonetically only differing in writing
script'’. This shared linguistic aspects are very helpful as improving translation numbers in one language

in the family helps improving across the family due to multilingual models.

We finally consider a general cross-domain generalization performance of the training across the
various corpora. The results for the same are provided in Table 5.10. Among these, the ILCI corpora
that has a balanced distribution of sentences across languages performs better. However, the case when
we add the proposed new PIB corpora results in a increase in performance across different test sets —
ILCI, WAT-ILMPC and Mann Ki Baat. A signifant +2 BLEU point increase can be observed in Mann
Ki Baat, without compromising on other test-sets.

5.1.5 Conclusion and Future Work

In this chapter we have presented parallel corpora for 10 Indian languages and English and demon-
strated its effectiveness in multilingual machine translation. Our systems are set to collect more sentence
pairs as the more articles are published, similar to Europarl [41]. The nature of the corpora opens avenues

to explore on how to efficiently use weakly aligned formulations to improve the corpora iteratively.

Many languages that are related have better translation performance between them compared to En-
glish, examples being Hindi-Punjabi, Hindi-Marathi, Hindi-Urdu. MT based alignments between these
can be used to create larger mappings amongst the sentences in both. Iterative application of such meth-

ods can lead to a very refined corpus, through minimum human annotation.

Finally, we also provide a general test corpora that can be used to independently evaluate M T perfor-

mance for Indian Languages in a generic setting.

Ohttps://www.britannica.com/topic/Urdu-language
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Mann Ki Baat

en hi ta te ml ur bn gu mr or
en 0.00 210 160 0.8 210 942 276 377 320 -0.53
hi 240 0.00 274 061 249  -3.12 348 580 440 -042
ta 390 340 000 -042 156 2.76 3.08 324 292 -0.37
te 301 280 157 000 148 1.8 256 271 272 -0.30
ml 390 240 206 -0.06 0.00 3.69 3.00 3.14 3.19 -0.31
ur 600 280 1.81 045 227 0.00 392 470 430 -0.41
bn 410 240 1.88 0.05 2.06 3.60 0.00 358 314 -0.33
gu 520 280 254 017 247 378 388 0.00 4.07 -0.50
mr 460 330 223 042 176 276 394 350 000 -0.33
or 848 6.09 207 013 233 -066 395 468 247 0.00

en 0.00 140 -042 039 -0.12 1.30  0.60 1.30 1.20 220
hi 0.70 000 053 -0.10 037 040 030 0.20 1.30 1.80
ta 020 040 0.00 052 034 -020 0.57 1.40  0.96 1.50
te 1.30 1.70 -0.03 0.00 055 0.30 1.40  2.40 1.70 1.50
ml 0.10 1.00 -0.17 002 0.00 -030 -0.10 0.70 0.50 0.60
ur 0.70  0.40 133 070 0.06 0.00 0.20 1.40  0.80 1.50
bn 090 050 022 -020 -0.16 0.80 0.00 0.70 1.00 1.80
gu 1.00 000 020 020 -0.12 ' -040 0.60 0.00 0.40 1.50
mr 1.10 1.10 053 0.10 -025 030 040 1.30  0.00 1.70
pa -0.10 030 0.04 030 -0.02 020 0.50 1.00 050 0.00

en hi ta te ml ur bn gu mr pa

ILCI

Table 5.11 Improvements (differences in BLEU) in directions by augmenting with PIB vs un-augmented
with all remaining data. Reds indicate drop in BLEU scores and blues indicate improvements. We see

improvements overall by using PIB as augmented data for training.
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5.1.6 Release Information

Through this work we will be releasing a multilingual parallel corpora that is obtained from online
publicly available documents. The release comprises 407K sentences across 11 languages for the PIB
corpus for training and 41K sentences across 10 languages for Mann Ki Baat corpus for test. This is the
first release of the corpus. This will be made available through the project online website on acceptance
of the work. As these online resources would be increasing particularly in low resource Indian languages
such as Kannada and Punjabi, this work in corpus construction can be further extended for future releases.

Acknowledgements

We gratefully acknowledge the online corpora provided by ILCI, WAT-ILMPC, the online publicly
available data that we have used in this work and the online open source tools that have facilitated this

work.

5.2 Automatic Face to Face Translation

Converting video content for consumption for audiences who speak a different language is a space of
piqued interest today. This has many applications from naturalizing otherwise unpleasant dubbed movies
into other languages, providing access to internationally acclaimed content for courses in English to the
non-native speakers who understand their mother-tongue better. In this section, we demonstrate the
application of these NMT systems as part of a larger face-to-face translation pipeline involving the text,
speech and visual modalities. Figure 5.1 illustrates the pipeline involved starting from video and speech

in language L 4 to video and lip synchronized speech in language L.

Person (ID) talking in L, L,(audio) to L,(text) L,(text) to L(text)
) Extract ‘From darkness
e audio ‘ I ' ' ' ASR fo light’ NMT _
2 FUFRH
Sequence of frames ) T i AT
l (Andhkar se
. kash ki oor)
Generated ™ . Voice pra
video Lresh] transfer 'h l'q‘ =

(5) - @ @)

Person (ID) talking in L Ly(audio,,) to L(videoy) L (audio ) to Ly(audioy) Ly(text) to Ly(audio )
Figure 5.1 The Face-to-Face translation pipeline. NMT is a critical component where the language-
crossing happens.

Concisely, the process can be described as follows: From a video segment, the frames as images
and the speech as audio are separated. The audio is then converted to text by an Automatic Speech

Recognition (ASR) module, followed by translating it to the required target language Lp using our
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NMT system. A Text-to-Speech (TTS) system converts this text to speech. A conditional generative
adversarial network (c-GAN), called LipGAN is then trained to synthesis the audio to required lip images
which during inference are overlayed on the frame to provide lip-synchronized speech of in the target
language. The non LipGAN components are trained independently and requires data for supervised
learning. The LipGAN is learned in a self supervised manner from the audio and face frames present
aligned in normal video captures. The reader is advised to look at [44] for more details and the non-NMT
components of this pipeline. We discuss the the model involved in this work and its standing compared
to one other major provider evaluated during the work, demonstrating our model’s superior performance

below.

5.2.1 Translating to target language Lz

The transformer architecture [98] enables the state of the art results in several tasks at the time
of writing this paper, including machine translation. To bring down vocabulary, while covering the
language space minimizing unknowns, we use SentencePiece[45]'!. re-implementation of Transformer-
Base available in fairseq-py'?.

The language pairs we attempt our problem on contains a low resource language, Hindi. To create
a nmt system which works well for these along with English, we resort to training a multiway model
to maximize learning[65, 2]. We closely follow Johnson et al. [36] in training a multi-way model. The
model parameters are shared across all languages and a control token in the input sequence is used to
switch language directions while translating. We use only one control token which switches the target
language, and let the network infer the source language, as suggested in Johnson et al. [36]. This
additionally makes the network robust to code mixed content.

direction our-BLEU  Online-G
Hindi to English 22.62 19.58
English to Hindi 20.17 17.87

Table 5.12 NMT Evaluation Scores.

The multiway model is trained across 7 languages - Hindi, English, Telugu, Malayalam, Tamil, Tel-
ugu, Urdu and used in our pipeline to provide translations. In Table 5.12, we report evaluation metrics
for language directions which are within the scope of this paper. We indicate the size of training data
used and the evaluated scores using Bilingual Evaluation Under Study (BLEU) obtained on a standard
test set in each direction available. BLEU is an automated evaluation metric widely used in evaluating
machine translation results. The numbers are reported on the test split of IIT-Bombay Hindi-English
Parallel Corpus [52]. The test data consist of newscrawled articles, which aren’t domain specific. We

1'ht’cps ://github.com/google/sentencepiece
Phttps://github.com/pytorch/fairseq
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compare against Google Translate in this test set, which is indicated in Table 5.12 as Online-G. We
achieve an increase of 3 BLEU points on the test set compared to Google Translate'?. Translations

provided by which are acceptable to concerned demographic at the time of writing this paper.

13 At the time of the work. Google Translate has improved since, and the values might not reflect the ones reported here.
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Chapter 6

Revisiting Low Resource Status of Indian Languages in Machine

Translation

Indian language machine translation performance still stay hampered due to the lack of large scale
multi-lingual sentence aligned corpora and robust benchmarks. Having established the efficacy of mod-
ern day neural and multilingual approaches to machine translation for Indian langauges, in a next step
we use these models to enhance both the datasets and the model in an iterative pipeline.

In this chapter, we provide and analyse an automated framework to obtain such a corpus for Indian
language neural machine translation (NMT) systems. Our pipeline consists of a baseline NMT system, a
retrieval module, and an alignment module that is used to work with publicly available websites such as
press releases by the government. The main contribution towards this effort is to obtain an incremental
method that uses the above pipeline to iteratively improve the size of the corpus as well as improve each
of the components of our system.

Through our work, we also evaluate the design choices such as the choice of pivoting language and
the effect of iterative incremental increase in corpus size. Our work in addition to providing an automated
framework also results in generating a relatively larger corpus as compared to existing corpora that are
available for Indian languages. This corpus helps us obtain substantially improved results on the publicly

available WAT evaluation benchmark and other standard evaluation benchmarks.

6.1 Introduction

Advances in machine translation, language-modelling, and other natural language-processing has
led to a steep increase performance on tasks for many high-resource languages [69, 24]. One major
driving factor is many western languages which become test-beds for the methods are already high-
resource, which works in favour of methods which are data hungry [43]. The high resource European
counterparts have supporting projects like Europarl [41], Paracrawl [8]. These have enabled large scale
sentence aligned corpora to be developed. Similar efforts have not been realized for languages in the

Indian subcontinent [37]. Evidently, attempts need to be undertaken to improve this situation. Our work
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directly addresses this lacuna in the Indian machine translation setting. Specifically, through this work,

we aim to achieve the following objectives:

* Provide a large scale sentence aligned corpus in 11 Indian languages, viz. CVIT-PIB corpus that

is the largest multilingual corpus available for Indian languages as can be seen from Table 6.1.

» Demonstrate that such a corpus can be obtained automatically with no human effort using iterative

alignment method.

* Provide robust standardized evaluation methodology and strong baselines that can be adopted and

improved upon to ensure systematic progress in machine translation in Indian languages.

We briefly examine the alternatives to our approach and argue the need for adopting the proposed

approach.

Working at Scale There have been impressive works for low-resource languages at scale [2, 56, 84],
for instance working with 1620 language pairs [84] . However, not all these advances are feasible with
regard to the compute resources available to standard academic research groups. Specifically, large
models that converge faster, transfer more, and improve performance even for low-resource languages
[2, 56] are not trainable on hardware available to many research groups. Hence, we argue that this

approach is not viable for Indian machine translation research, at this moment.

Presently available corpora and baselines Unfortunately, research in Indian language machine trans-
lation suffers from the lack of suitable publicly available models and baselines. Those that are available
are rather limited in scope or evaluation. For instance, a widely used corpus that is available is the ILCI
Corpus [35]. This corpus has 50K sentences aligned across many languages in the country. However,
this corpus is limited to specific domains. The evaluation strategies on this corpora in literature also lacks
comparability with no standard test-split. Despite these limitations, the corpus has been used by several
reported sources as training data in literature to develop and study Machine Translation [3, 53, 28]. How-
ever, this corpus is not useful for applications like KR et al. [44], due to the limitations. The Workshop
on Asian Translation (WAT) [64, 62, 61] on the other hand provides a standardized platform for a few
languages. Similarly the Workshop on Machine Translation (WMT) [10] from time to time hosts tasks
with directions involving Indian Languages. Unfortunately, though several iterations of these tasks have
concluded, to the best of our knowledge, there are no trained models that are publicly available at the
moment. We summarize and list the presently available corpora in Table 6.1. It is evident that large scale
multi-lingual corpora are lacking presently. There are multiple attempts in the past for developing ML
solutions for Indian languages, including [12] and other attempts such as [91, 60, 28, 48]. Unfortunately,
most of these methods do not evaluate on a standard benchmarks/dataset for reliable comparison of the
performance. They also have inferior performance to our approach and do not provide publicly available

models. This thereby inhibiting research in the community.
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Proposed approach We believe, that most methods applicable to the high-resource languages should
work just as well in Indian languages in presence of the same amount of data. A simple solution which
maintains Occam’s razor is to change the low-resource situation, as more content is created online in
many Indian Languages which is not pursued as much as it should be. A step taken towards improving
the situation in the monolingual corpus space is Kunchukuttan et al. [50].

Acquire data ~
Articles € pp
Articles
€ pp Y

Translate to pp <---
\4/

Retrieval in pp: Match articles

1

|

1

|

|

¥ :

BLEUAlign: Align sentences -1-

¥ !

Filtering: length ratio, language \

|

Clean parallel \

L data to augment )

|

|

Train MNMT model —_—————a :

——=— 1

) 4 R
Other available MNMT
parallel data ¥ | Model 7

— J

Figure 6.1 Iterative alignment pipeline used for expanding the corpus for Indian languages. We observe
that (i) A better MNMT model leads to better alignment and larger corpus (ii) Larger corpus leads to
better MNMT model. We iterate until no further improvement is observed. The dashed lines indicate

application of the trained MNMT model. pp stands for an arbitrary pivot language.

In this work we demonstrate how, using recent advances in Multilingual Neural Machine Translation
(MNMT) [98, 36, 17] in an Expectation Maximization (EM) setup in the face of incomplete data, it
is possible to change the status-quo of low resource to produce larger corpus and strong baselines in
machine-translation for several Indian languages. A first-step towards this was taken in Siripragada
et al. [93] where we presented the CVIT-PIBv0.0 and CVIT Mann Ki Baat corpora. We substantially
extend and refine this work through an iterative pipeline illustrated in Figure 6.1. We also co-opt some
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ideas proposed in low-resource adaptation for NMT proposed by [90]. In the process, we attain stronger

baselines in translating the involved language-directions. Our contributions summarized are as follows:

1. Low Resource—High Resource: We extensively study the iterative-alignment methods provided
by Sennrich and Volk [89] in the context of CVIT-PIBv0.0 dataset created for Siripragada et al.
[93]. Through successful execution of these methods, we increase the corpora size aggregated
over all language-pairs from our previous 613K' to 1.17M (~ 93% increase) that we term the
CVIT-PIB corpus v0.2.

2. Comparable and Strong Baselines: We report consequent stronger baselines for MNMT in In-
dian languages from the improvement in data, validating the utility of the corpora we provide.
The final MNMT model covers 11 languages and 110 language-directions with competitive or

state-of-the-art performance in 9 tasks on public leaderboards.

3. Trained models and code: We release the source-code, trained models and the datasets” to further
research in this area and to aide applications that could be enabled by a functional MT. To the best
of our knowledge, these are the only trained models available for translation in Indian languages
at the time of writing this document.

The rest of this document is organized as follows: In Section 6.2, we describe using traditional meth-
ods in MT based alignment to improve the parallel corpus across 11 Indian Languages. In Section 6.3

we report stronger baselines for MNMT in Indian languages across many available public tasks.

6.2 Iterative Alignment for PIB

We apply the methods in Sennrich and Volk [89] to iteratively improve parallel data. The procedure
is analogous to expectation-maximization (EM) algorithm. In the expectation step, we use noisy align-
ments of parallel sentences from news articles to get a meaningful signal to obtain a better Maximum
Likelihood Estimate (MLE) function for the MT model. In the maximization-step the improved MT
model is used to obtain stronger alignments. Unlike Sennrich and Volk [89], we use an MNMT model
in place of the Statistical Machine Translation (SMT) model. In this section, we provide details about

the corpus, the methods used to obtain the same and analysis of its characteristics.

6.2.1 Data Sources

To obtain an initial Multilingual NMT (MNMT) system, we rely on the datasets compiled from sev-

eral sources listed in Table 6.1. We use backtranslation [86] to improve data in Hindi and Telugu.

'In Siripragada et al. [93], we report this as 408K considering only English alignments, in this work we consider all-

directions.
Zhttp://preon.iiit.ac.in/~jerin/bhasha/
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The Press Information Bureau (PIB) is used in this work as a source for articles published in several
Indian Languages to extract a multiparallel corpus. The PIB is very similar to a newspaper publishing in
several languages except with strong one-to-one matches between documents and monotonic sentences
which provide more parallel sentences through automatic sentence alignment algorithms. This work uses
the same crawled content as Siripragada et al. [93] and focuses on improving the quality of alignments,

in an attempt to consequently improve corpus size and performance of the MNMT model.

Source #pairs  #lang type
IITB-en-hi [51] 1.5M 2 en-hi
UFAL EnTam [80] 170K 2  en-ta
WAT-ILMPC [64] 800K 7 xx-en
ILCI [35] 550K 11 xx-yy
OdiEnCorp [71] 27K 2  en-or
Backtranslated-Hindi 2.5M 2 en-hi
Backtranslated-Telugu 500K 2  en-te

CVIT Mann Ki Baat[93] 41K 10 xx-yy

PMIndia-Corpus[32] 728K 13 xx-yy
CVIT-PIBv0.0[93] 613K 11 xx-yy
CVIT-PIBv0.2 1.17M 11 xx-yy

Table 6.1 Publicly available corpuses for Indian languages. The last group of rows were not used for
training. CVIT Mann Ki Baat is used for evaluation purposes only and has overlap with PMIndia Corpus.
All other sources are used for training the multilingual model. xx-yy indicates parallel sentences aligned

across multiple languages. Last row is the proposed corpus.

We are aware of the existence of PMIndia [32], a source of similar nature and motivation as PIB, but
make a conscious choice not to use it in this work to prevent data-leakage issues of possible overlap with
one of our test-sets CVIT Mann Ki Baat [93].

6.2.2 Iterative Alignment
Our iterative alignment procedure requires document and sentence alignment algorithms, an MNMT

formulation which is trained again with refreshed data in each iteration. We describe the constituent

components illustrated in Figure 6.1 and describe the iterative procedure ahead.
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6.2.2.1 Text Processing

Text Cleaning and Standardization We allow for noise on the web in the pipeline and avoid any
linguistic features. There is noise present in documents generated in the past with Indian languages
content. A desideratum for retrieval and matching is that the model is capable of handling such noise.
This could be unicode issues, non-standard or normalized text which is present all-across sources on the
web. Some amount of noise is mitigated by past works [12] by standardising unicode, scripts etc®.

Tokenization We use SentencePiece [47] which can be used as a tokenizer which tokenizes into
subword-units. The subwords which cover a corpus are decided optimizing likelihood of a unigram
language-model over a large corpus and candidate subwords in EM steps. Recent works [24, 66] ad-
dressing high-resource western-languages follow a joint vocabulary of some 32K-64K subwords as a
subword model creation hyperparameter. We observed in our early experiments that in the presence
of huge imbalance of data among languages and the huge difference in scripts unlike major European
languages, for example, this approach leads to subwords which reduce to characters for the less rep-
resented languages. In order to avoid the artifacts from such a subword learning strategy, we instead
choose 4K subwords for each of the languages involved and take a union of these to generate the final
vocabulary*. The process results in a vocabulary of 40K subword-units tokens for 11 languages which
we maintain fixed across all iterations. We note that the artifacts can also be mitigated by a temperature

based sampling for sentences among languages as Aharoni et al. [2].

Filtering parallel pairs To obtain a filtered corpora at every iteration, we allow only sentence-pairs
into to the training pipeline where source length to target length ratio is in [0.5, 2.0]. We also use langid®,

a language identifier through writing script to filter sentences with foreign language tokens.

6.2.2.2 Alignment Algorithms

To perform document alignment we translate the articles to a common pivot language. We use the
translations to rank candidate-matches in the pivot language. SentencePiece tokenization of each sen-
tence eliminates requirement of a curated stop-words list, enabling us to compute similarity in the search
space of any desired pivot language. Cosine similarity on the term frequency - inverse document fre-
quency (tf-idf) [13] is put to use to rank retrieved articles in the space of pivot language. Search space to
find and rank candidate articles matching a translation is restricted to only in a vicinity of dates (2 days)
of posted news articles.

Upon obtaining aligned document pairs, we use Bleualign [88], an MT based sentence alignment

algorithm. Other conventional sentence length based alignment algorithms such as Gale-Church [25]

3https://github.com/anoopkunchukuttan/indic_nlp_library
“This design choice is partially inspired by the reasoning and supporting experiments in Sennrich and Zhang [90].
Shttps: //github.com/saffsd/langid.py
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also exist, but we rely on MT based alignment as the performance of the NMT model increases with

every iteration resulting in better sentence alignment. Bleualign also aggressively filters reducing false

matches [8].

Model Languages
hi ta ml mr gu te or bn pa
M2M-0 76.77 5412 4563 34.05 52.52 24.06 - - -
Retrieval Accuracy M2EN-1 8691 7136 69.77 4757 63.67 623 - - -
M2EN-2 92.39 80.84 80.4 5189 7586 70.05 - - -
M2M-0 17.6 9.5 11.1 11.4 14.5 7.1 3.1 8.9 -
M2EN-1 214 14.4 15.6 16.8 20.1 9.4 6.4 15.1 -
xx—en BLEU
M2EN-2 22.4 15.3 16.8 17.7 21.4 9.9 17.1 16.4 -
M2EN-3 22.0 15.6 16.9 18.2 214 102 19.5 16.6 -
M2M-0 156.3K 61.0K 17.0K 40.0K 255K 6.0K 9.1K 21.6K 26.3K
Corpus Size M2EN-1 189.2K 737K 287K 71.6K 263K 53K 203K 424K 24.6K
M2EN-2  1952K 87.1K 32K 81.0K 294K 57K 58.5K 483K 27.1K
Increment 389K 26.1K 15.0K 40.8K 39K 0 494K 268K 0.8K

Table 6.2 Incremental improvements in Accuracy, xx—en BLEU scores on CVIT Mann Ki Baat and

Corpus size. We observe increments in retrieval accuracies consistent with increase in BLEU scores.

We increment the initial version of the PIB corpus with an additional 207K sentences aligned to English.

(CVIT Mann Ki Baat does not contain Punjabi.)

6.2.2.3 Multilingual Neural Machine Translation (MNMT) Model

We use fairseq [67] for training a Transformer-Base [98] based MNMT system. The model we begin

with is same as our first multilingual model in Siripragada et al. [93]. However, unlike Siripragada
et al. [93], to refine the CVIT-PIBv(0.0 dataset further, we choose a many-to-English model formulation

trained to translate only from non-English languages to English. This is advantageous because (1) it

enables faster training and retraining time, (2) the setting provides more capacity to English decoding

which improves translation performance and consequently — retrieval in English. The model parameters -

encoder, decoder and embeddings are shared among all languages. We additionally use tied embeddings

[79] at the encoder and decoder. In this work, we denote our first many to many model with no CVIT-

PIBv0.0 dataset augmentation as M2M-0, the following many to English models with incremental dataset
variations as M2EN-1, M2EN-2, M2EN-3. We additionally consider the best model from Siripragada
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et al. [93] after training with CVIT-PIBv0.0 dataset augmentation, denoted in this work as M2M-1, to
attempt another translation to a non English and possibly related-language as an alternative for retrieval.
In the next section, we also consider M2M-3, a model capable of translating all directions with the
CVIT-PIBvO0.2 dataset after iterative refinement.

6.2.2.4 Iterations

In each iteration, we initialize training with the model from previous iteration (warm-start). This helps
to reduce training time when compared to a model training from scratch (cold-start) as we benefit from
learning in the previous iterations. To maintain a constant increment in articles, we set a threshold on
keeping a retrieved candidate at a constant value for each language. We observe that the scores improve
with successive iterations, consequently obtaining more matching documents. We stop the iteration
process at a stage of diminishing returns, i.e there is no prospect of a justifiable increase in corpus size
(See Figure 6.2). Note that in future, further expansion through an increasing number of documents is

always possible.

6.2.3 Discussions

The many-languages involved and the disparity in sizes in training lead to a setting where we can
dissect and study several aspects. First we study the iterative alignment process, comparing retrieval
accuracy, BLEU scores and increase in corpora side by side.

We track BLEU [70] for the MT model, a pseudo retrieval accuracy for the retrieval pipeline and
count of successful sentence alignments for increase in corpora over iterations. We employ the following
technique to arrive at our pseudo retrieval accuracy. The articles which match in dates and ministry
information from meta-information are collected. In many languages, there are enough true-positive
matches to report the consequent evaluations as a proxy to retrieval accuracy.

These numbers reported in Table 6.2 indicate mostly consistent trends reflecting improvement in
BLEU scores in translating to English for the CVIT Mann Ki Baat test set, retrieval accuracies and
consequently the resulting acquired data-sizes. The BLEU scores improve with the addition of more data,
while the retrieval accuracy and data sizes improve with updating the parallel-corpus generated from PIB
using the higher-performing MNMT model. Through successive iterations, the corpora increases in size
and gets refined. We observe in Table 6.2, most increase for the languages with already good data (Hindi).
In two iterations, we add a net 201K sentences aligned to English on top of the 408K (49% increase)
sentences in the previous release, CVIT-PIBv0.0. But however, it is worth noting that some languages
which are aided by the transfer and the new data have almost increased an order in sizes in iterations later
(Marathi, Oriya and Bengali). We describe the details of the new parallel corpora in Table 6.3. Once the
parallel corpus extraction from PIB is saturated, we obtain the multiparallel corpus by getting sentence

alignments amongst other languages by bridging through the English part of the existing English centric

74



—— M2M-0
--------- M2EN-1
N —— M2EN-2

(o))
~
1

ul
~
1

)@T
~

W
~
I

T Ty SE—

#(Article-pairs
N
~

=
A
I

o
~
1

0.0 02 04 0.6 08 1.0
Retrieval Threshold(T)

Figure 6.2 Figure illustrating number of articles on the Y-axis obtained at a given threshold on X-axis.
We maintain a constant threshold (dotted line) of 0.5/ across model iterations M2M-0, M2EN-1 and
M2EN-2. In case of Marathi, when compared to M2M-0 we acquire an additional 2.5K article pairs
using M2EN-1 and 0.8K more using M2EN-2. From the graph, we observe saturation in articles pairs

after iteration 2 indicating a point of diminishing returns.

data. The process ends ups providing an additional 564K (93% increase) sentences to the previous 609K
sentences aligned across languages, resulting in a corpora size of 1.17M.

In the case of Oriya, we observe no date-based matches. This leads to depending entirely on accurate
document pair retrieval for extracting a corpus of reasonable alignment accuracy. The preliminary efforts
used to retrieve and align data in Siripragada et al. [93] comprises of Bible [71] which has been observed
to transfer poorly to other domains consequently to poor sentence level alignment accuracies for Oriya
in our earlier models Siripragada et al. [93]. However, with every iteration in Tables 6.2 and 6.4 we
observe increase in BLEU scores when translating to English. This leads to better retrieval and sentence
level accuracies.

The languages Marathi (mr), Gujarati (gu), Punjabi (pa) are similar to Hindi and exhibit high BLEU
scores (Table 6.6) when translated to Hindi. They are also known to be similar[49], so we experiment
with hi as a pivot language. However, we found poor retrieval performance when compared to pivoting
through English. We observed that Hindi articles are much more elaborate in content while the mr, gu,
pa versions are often summarized. This is evident when considering examples of Gujarati articles, as
PIB offices of Gujarat are responsible for posting the articles in Gujarati and their respective English
translations. We illustrate this phenomenon through an example in Figure 6.3, where we observe higher
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retrieval scores overall when compared to Hindi-based retrieval. The above analysis points to the success

and a potential use-case of our model in being able to deliver consistent content across all languages for
websites like PIB.

Pivot: Hindi, Model: M2M-1 Pivot: English, Model: M2EN-1
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Figure 6.3 Retrieval scores of Gujarati. Left bar chart indicates retrieval scores in case of model M2M-1

and pivot language 4i. Right chart indicates scores in case of M2EN-1 and pivot en.

In our experiments, we had left Urdu out from the iterative alignment procedures due to unresolved
bugs in the text processing in the pipeline. This lead to no improvement in Urdu to English corpus
sizes. However, this paves the way for a case study to evaluate the effect of the improvements in other
multilingual language-pairs in translating to and from Urdu as we include Urdu in the performance
evaluations. We notice that as the remaining resources improve and better alignments are put in place,
and with no further Urdu data enhancements, there are improvements in the BLEU scores of language

pairs involving Urdu, observed in Table 6.4.

To summarize, we provide a new corpus and a method to expand the corpus from publicly available

sources.

* We make a new large sentence aligned corpus (CVIT-PIBv0.2) available for researchers, as a
result of the iterative alignment described above. The detailed analysis of the iterative alignment
procedure is provided in Table 2.

* This new corpus is possibly the largest sentence aligned multi-lingual corpus for Indian languages
as can be observed through Table 1. [93]) in number.
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en hi ta te ml ur bn gu mr or pa

en 195208 87113 5752 31974 45344 48354 29421 80760 58461 27117
hi 44031 3083 17819 11695 24849 19730 45950 36317 11442
ta 3218 15029 4964 19175 16934 33636 27668 9150
te 2543 415 1883 2625 2627 1834 1220
ml 2378 9940 10132 14474 9843 4961
ur 3795 2397 4941 3209 5584
bn 10554 19914 14606 5332
gu 17169 13682 5581
mr 31377 9601
or 6813

Table 6.3 Multilingual shared content across language pairs for CVIT-PIBv(.2. Rows and columns indi-
cate language pairs. The highlights are proportional to the change after the iterative alignment process,
reds indicating decrease and blues indicating increases in corpora sizes compared to the previous release
v0.0. Evident from the table, we notice major increments in Marathi, Oriya and other languages. Tamil
and Hindi which we had enough to be considered mid-to-high resource gain significant number as well.
The maximum decrease is -283 for Telugu, which is negligible compared to the improvements of the

order of ten-thousands in many language-pairs.

+ Table 3 shows the corresponding increase in size and percentage increase from our previous effort
using the same document set as in [93] with the increment obtained only through the proposed

procedure. We further provide strong baselines that are presented in the next section.

* We also hint at a method that can allow continuous expansion of this corpus and eventually en-

abling a class of recent language processing methods on Indian languages.

Having described the process of iterative refining and enriching parallel-corpus resources for Indian
Languages, we use the resulting refined corpora in training two models for obtaining baselines - one
many-to-many (M2M) and the other many-to-English (M2EN). Since these are the next iterations, we
label these M2M-3 and M2EN-3. The two models are used to establish strong baselines for the 11
languages and consequent 110 directions involved which we describe in the next section.
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6.3 Stronger and Repeatable Baselines

It is important to further research to first take stock of where we are, and often simple baselines which
compete in comparison to sophisticated methods serve this exact purpose [100, 4]. We consider the pos-
sibility using standard approaches which work for high-resource languages to provide such baselines for
translation among Indian languages. Our previous work Philip et al. [74] reports baselines for multilin-
gual translation models for 5 Indian Languages and English. Further improvements are brought about in
Siripragada et al. [93] in several tasks adding more languages. It is also important to take care that these
are “simple baselines” which are comparable [77], leaving plenty of room for improvements ahead.

Addressing simplicity, through the aforementioned works and this one, the model architecture and
hence the learner’s “capacity” is kept constant (Transformer-Base). Without increasing capacity, the ex-
periments continue taking on all available translation tasks in Indian languages. A task here corresponds
to language-directions or domains of datasets. The model we use is expected to be as general purpose
as possible, after improving the data situation. There are no linguistics based priors in our methods or
explicit handling of noise. This provides room for linguistics based improvements to build on simulta-
neously raising a call to revisit some older propositions. Addressing comparability, we comprehensively
cover and compare with test-sets in prior-art and the shared tasks.

6.3.1 On Repeatability of Objective Evaluations

We address two important aspects (1) standard test-sets available and (2) reproducible evaluations.

6.3.1.1 Test Sets

We identify two class of test-sets among Indian languages, (1) which corresponds to ILCI which
many early works evaluated translation quality on and (2) associated with the WAT or WMT tasks, which
provide a leaderboard and standardized evaluations for comparison. To cover limitations of these test-
sets, we propose a new test-set CVIT Mann Ki Baat in Siripragada et al. [93]. We proceed to summarize
how we compare to past work reporting numbers on these test-sets.

6.3.1.2 Comparable reports of BLEU Scores

Post [76] addresses several issues of reproducibility and fair comparisons in reporting BLEU scores.
In this work, we make our evaluations consistent with WAT leaderboard and provide a package to re-
produce the procedure locally®. For WMT tasks, we report the values from the portal’(gu-en) and the

®https://github.com/jerinphilip/wateval
"http://matrix statmt.org/matrix
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direction Model IITB UFAL OEC WAT-ILMPC W19 W20
hi ta or hi ta te  ml ur  bn gu tal  ta?
M2M-0 19.83 6.78 429 199 10.8 16.1 72 132 9.7 64 35 4.8
en—xx  M2M-1 20.52 7.31 526 203 11.6 16.6 79 16.5 9.6 9.5 4.2 6.0
M2M-3 21.20 7.22 478 209 119 17.1 7.7 158 10.1 113 4.9 7.1
M2M-0 2194 18.64 11.0 279 178 21.6 119 205 16.6 17.9 129 127
M2M-1 2248 19.76 10.84 283 18.6 225 127 21.1 167 23.6 143 139
M2M-3 23.07 19.87 12.07 290 192 240 128 21.1 174 256 159 153
xx—ren
M2EN-1 23.83 2338 13.07 31.3 212 257 142 234 188 228 155 15.0
M2EN-2 24,65 2532 1562 329 232 281 157 245 200 245 166 163
M2EN-3 2526 26.08 17.76 34.1 23.8 295 164 259 206 253 167 164

Table 6.4 We report BLEU scores on available publicly available benchmark tasks for Indian Languages.
The results on these benchmarks often have models that are specially tuned for various language pairs.
We do observe that we obtain state of the art results on 3 of the language pairs and are competitive to
other works that are more specific in most cases. This is despite not being specially tuned for these
settings. OEC stands for OdiEnCorp, W19, W20 stands for WMT19 and WMT20. ! stands for test-split

and 2 stands for dev-split respectively.

SacreBLEU® signature (ta-en). We make the hypotheses generated among all test-sets available” in case

of a requirement to re-evaluate and compare with non-BLEU metric.

6.3.2 Results and Discussions

We begin by discussing the general merits of the model especially coming out of the multilingual
formulations, and proceeding to elaborate on where we stand with regard to existing literature. For
translating in to English, our best M2EN model (M2EN-3) provide a cumulative improvement of +21
BLEU and an average improvement of +2.6 BLEU, compared to the previous best known multilingual
model M2EN-1 [93] with a similar coverage of languages, with the same model capacities on CVIT
Mann Ki Baat test set. This clearly points to the improvement consequent of change in data situation in
the involved Indian languages. In Table 6.6, we report BLEU scores of the M2M-3 in a grid indicating the
performance in the language-directions the model applies. We also highlight the improvement magnitude

in color. An average improvement of +4 BLEU points in translating to Urdu and +2 when translating

$BLEU+case.mixed+numrefs. 1+smooth.exp+tok. 1 3a+version.1.4.12
“https://github.com/shashanksiripragada/generation-results
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from Urdu can be observed in 6.6, despite the minimal change in parallel-sentences improvement in
Urdu, which is gain solely from multilingual formulations.

The M2EN model being stronger in the tasks it is trained towards compared to the corresponding
M2M model, and is consistent with what is established in literature[2]. A reasoning for this disparity
is not enabling temperature based sampling as in Aharoni et al. [2] to balance out all language-pairs
and correct for the imbalance in huge number of English aligned sentences existing in the training data.
In Bapna and Firat [9], corrections for the imbalance are observed to have led to degradation in high-
resource languages. Note that both models are trained with the same capacity, and gain in BLEU scores
and capability in translating more languages is a major advantage of the M2M model.

To study generalization, we take the models from the iterative procedure described in Section 6.2 and
evaluate their performance on all available test-sets. The results can be observed in Tables 6.2 and 6.4.
From Table 6.4, it is evident that the augmentation with CVIT-PIB data does not degrade the model in
another task, but only improves.

Over the span of a few incremental works, we have significantly improved Hindi to English transla-
tion by a margin of +3 BLEU since Philip et al. [74], obtaining higher numbers by using simple methods.
This is unlike many rounds of distillation, hyperparameter optimization done by other groups to reach
similar range of values[64]. The other languages also have similar improvements in all directions.

Despite being not trained with the provided Gujarati data and using the data from ILCI and CVIT-
PIBv0.2 corpus, we are able to achieve a BLEU score of 25.3 and 25.6 with our models M2EN-3 and
M2M-3 respectively, competitive to the best BLEU score of 26.9 [57] in WMT 2019 gu-en task. The
best performing model did several rounds of backtranslation, distillation and multilingual formulation
leveraging Hindi. Among these, we have only taken advantage of Multilingual formulation and on top,
pure data augmentation at the moment. A caveat here is that we have not put in efforts into filtering the
test-data from the training data. But our corpus collection is independent of the news-sources WMT 19
used and the Gujarati-English directions are as good as the claim, also supported by the results on CVIT
Mann Ki Baat and ILCI test sets.

The BLEU scores on CVIT Mann Ki Baat test-set are provided in Table 6.6. We notice the most
improvements in Oriya involved directions. Our overall multilingual model seems to have improved at
M2M-3 in comparison to M2M-1. Despite not enforcing any linguistic priors, we get strong performance

in many related languages.

6.3.3 Comparison with Previous Works

Non-standard comparisons Comparison is not standardized since previous methods evaluate on their
own test set or on non-standard splits of the ILCI corpus that are not publicly available. This could be
common in the initial stages of research for any community. Our work addresses it by evaluating it on
more standard benchmarks with clear publicly available test splits. Kunchukuttan et al. [53] attempts
to build a collection of SMT models covering 11 Indian languages, similar to this work, except training

and testing on splits from ILCI corpus (2K test-sentences, 500 for validation and remaining for training).

80



Work [ITB-hi-en WAT-ILMPC

en—hi hi—en en—hi hi—en

SMT [51] 11.75 1449 - -
NMT [51] 1223 12.83 - -
Saini and Sahula [82] 18.22 - - -
Philip et al. [73] 21.57  20.63 - -
Dabre et al. [18] 29.65 31.51
Goyal and Sharma [29] - 18.64 - -
Philip et al. [74] 20.17  22.62 2625 31.55

Siripragada et al. [93] 20.52 2248 20.3 28.3

Proposed Methods 2120 25.26 2092  34.09

Table 6.5 Comparison with publicly available baselines for English to Hindi and vice versa.

However, the split is not available. Goyal et al. [28] once again report numbers on ILCI, using a similar
split strategy as Kunchukuttan et al. [S3]. Murthy et al. [60] compares with a similar test-set of 2K
ILCI sentences. Similarly, [28] uses the ILCI test-set with a similar strategy to apply a formulation
taking advantage of “related-languages”. In our experiments we have found ILCI to be domain-specific
(health, tourism) and providing false perception of high-scores by models which fail to generalize [93].
Due to the lack of reproducibility and comparability and the known demerits, we do not recommend

future comparisons on any arbitrary ILCI test-set for benchmarking general purpose translation systems.

Comparison on Hindi and English Hindi is the Indian language that has received highest attention
with multiple attempts for translatiion to and from English. The results for comparison for Hindi-English
on publicly available standard benchmarks that can be accessed are provided in Table 6.5. We obtain the
highest scores for two of the tasks, i.e. [ITB and WAT-ILMPC Hindi-English evaluations. Note that the
highest BLEU score for IITB English to Hindi was obtained by our previous approach [73].

Comparison on Public Leader Boards We provide detailed results for our method on publicly avail-
able leaderboards in Table 6.4 and Table 6.6. These can be used for comparisons and evaluations by
various methods. As mentioned previously, these are on WAT tasks, WMT Tasks and CVIT Mann Ki
Baat evaluation set. In all these tasks our models perform well obtaining state of the art results for several
tasks. For instance, we obtain state of the art BLEU score of 17.76 on OdiEnCorp that is much higher
than the previous state of the art of 8.6 and 23.8 BLEU score on WAT-ILMPC for Tamil to English that
is competitive with the state of the BLEU score of 24.31.
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bn en gu hi ml mr or ta te ur A
bn 16.27 | 13.75 | 20.35 | 5.18 | 10.19 | 11.97 | 4.44 | 429 | 20.65 | 22.96
en | 7.93 11.80 | 16.21 | 5.14 | 9.46 | 8.75 | 456 | 445 | 18.44 | 14.28
gu | 12.03 | 21.00 42.55 | 6.55 | 16.21 | 14.62 | 5.59 | 5.54 | 39.29 | 29.88
hi | 12.79 | 21.01 | 33.53 7.16 | 17.15 | 15.21 | 5.78 | 6.30 | 45.50 | 32.36
ml | 8.17 | 1588 | 11.71 | 18.13 9.74 | 10.27 | 4.87 | 4.88 | 18.63 | 19.95
mr | 10.04 | 17.50 | 18.34 | 25.06 | 6.09 11.83 | 498 | 4.82 | 25.57 | 25.77
or | 12.88 | 17.53 | 17.29 | 25.28 | 4.77 | 12.42 457 | 4.54 | 22.00 | 56.14
ta| 6.78 | 14.59 | 10.06 | 15.78 | 5.16 | 839 | 9.10 3.87 | 16.43 | 19.78
te | 7.20 | 10.71 | 10.18 | 15.55 | 5.63 | 8.24 | 8.36 | 4.43 12.00 | 15.11
ur | 10.05 | 21.53 | 25.57 | 44.92 | 6.43 | 13.99 | 10.31 | 4.66 | 5.60 20.84
A | 12.65 | 13.42 | 21.57 | 2393 | 6.77 | 21.97 | 99.51 | 6.00 | 9.67 | 41.58

Table 6.6 BLEU scores of M2M-3 model on multilingual test set Mann-Ki Baat. Rows correspond to
source languages and columns target languages. The colors indicate improvement (blue) or degrada-
tion (red) in comparison to M2M-1 [93]. We observe cumulative increment of +257 BLEU across all
language pairs and a median increment of +1.25. The cumulative changes in translating to or from a
given language in comparison to M2M-1 are provided under A header. It can be observed that related
languages end up with higher BLEU scores without having to add the prior in the model formulation -
e.g (hi, gu), (ur, gu), (ur, hi). Closely behind, there is (mr, hi) ahead of other language pairs. While there
seems to be a decrease in en—xx between M2M-1 and M2M-3 on Table 6.4, the overall improvements

here indicate that it is not the general case.

6.3.4 Summary: Stronger Baselines and Public Benchmarks

Through this work:

* We establish strong baselines for machine translation for Indian languages.

* Our multilingual model outperforms the previous works and even the carefully handcrafted MT

for specific language pairs.

* This work also possibly acts as the first NMT model that is publicly available for research. We

hope this will spur more research within the research groups, specially in India.

* Our code, models and data splits are publicly available for reproducibility in the future.
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* Our corpus is now getting used in the WMT and WAT (international and Asian premier machine

translation forums), demonstrating the utility.

6.4 Discussions and Future Directions

In this work, we have made contributions to change the low-resource status of several Indian Lan-
guages for Machine Translation. Specifically (i) We introduced a large corpus that can enable Deep
Machine Translation and associated research for these languages. (ii) Domain of these sentences allow
to cover wider topics and practically more useful. More importantly, we established the utility of an
algorithm that can help to grow the size starting from this state. More data will lead to better models,
that in turn better alignment and more data.

A challenging question will be the applicability of this method for online resources that are not really
created by explicit translation. We believe, that a solution to this problem may not be too far from
here. The methods used for search and alignment in this paper can be extended to use newspapers and
news specific to a time-window in a weakly supervised setting with minimal human effort to enhance
the parallel-corpus further. Using embeddings trained to mine parallel sentences have shown promise
for High Resource Languages, which we will incorporate into this pipeline in the future. The meta-
information on the stored PIB articles opens up possibilities to study document translation and active
learning problems, left for future work.

Our M2EN models have high BLEU scores which allows for an application of backtranslation [86,
24] to improve the numbers further in the opposite direction. Kim et al. [39] reports scenarios where
unsupervised NMT methods fail for the low-resource Gujarati-English pair due to limitations, and the
enhancement of resources here implores a revisit.

With high-performing NMT systems to English from Indian languages, it is possible to create datasets
and corpus for use in downstream tasks and by using the models provided by this work to further the

research in Indian Languages.
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Chapter 7

Conclusion

In this work, we have demonstrated building a machine translation system with neural and multi-
lingual methods, and its success in both high-resource and low-resource Indian Languages. First, we
describe and demonstate the use-case of neural approaches in a single-language pair involving Indian
languages in a data-scarce but narrow domain setting. Further, we show success in the general domain
English-Hindi language pair to achieve state-of-the art in several Indian languages tasks on public leader-
boards. The state-of-the art Hindi-English models have been further used in [44] to enable automatic
face-to-face translation. For low-resource languages and language-directions spoken in the subcontinent,
we have demonstrated the success of NMT and parameter sharing in bringing about high performances.

Using the above systems, to mitigate the lack of parallel datasets and further progress in this field with
regards to Indian languages we have created and released parallel corpora for 10 Indian languages and
demonstrated its effectiveness in multilingual machine translation. Our systems are set to collect more
sentence pairs as the more articles are published, similar to Europarl [41]. The nature of the corpora
opens avenues to explore on how to efficiently use weakly aligned formulations to improve the corpora
iteratively. Many languages that are related have better translation performance between them compared
to English, examples being Hindi-Punjabi, Hindi-Marathi, Hindi-Urdu. MT based alignments between
these can be used to create larger mappings amongst the sentences in both. In addition to the above
application, the NMT model demonstrates its utility as a critical component in a Face-to-Face translation
pipeline.

Iterative application of such methods can lead to a refined corpus, through minimum human anno-
tation. As we close this thesis, we perform iterative application to extract maximum parallel-sentences
from the existing databases and in the process set-up our implentation to provide more parallel pairs
as our source publishes in perpetuity. Finally, we comprehensively benchmark the multilingual mod-
els on 12 known public tasks across language-directions, to lay strong foundations for future machine

translation research in Indian languages to build on.
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