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Speech-to-Speech Machine
Translation



Problem Statement

« Speech-to-Speech Machine Translation : To translate
speech in language A into speech in language B through use
of a computer.
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Motivation

SSMT technologies witnessing rapid growth:
— Globalization, business needs, frequent travel, tourism industry
fueling its demands.

Huge range of applications, examples:

— Movie dubbing

— Movie Subtitling

— Conversing with foreign language speakers



SSMT Market: USD 330 million in 2020 —
USD 600 million in 2026

Study Period: 2018 - 2026
Base Year: 2020
Fastest Growing Market: Asia Pacific
Largest Market: Europe
CAGR: 9.4 %
https://maw mordorintelligence r‘nm/indllery-rpr[ts[spe_ech;tO:sp_e_ech:transhation#:~:text=

The%20speech%20t0%20speech%20translation%20market%20is%20valued%20at%20U
SD,period%20(2021%2D2026).



Benefits

Bridging the language gap in global commerce and cross-cultural

communication

— Aids communication between people speaking different
languages

Education in mother tongue

— Will dramatically reduce time for making Lectures available in
Indian Languages

Skills development amongst youth

Technology could be scaled to school education

— A promising solution for imparting quality school education in
rural India



Challenges

Conversational Spontaneous Speech

— It is a ahh umm beautiful day

— lll-formed and incomplete sentences

Indian English

— Accent varies across the Nation

— A problem for ASR

Word Ordering

— Significantly different for English and Indian languages
— A problem for MT

Code Switching

— 3157 | am busy

Lip Syncing

— Translated sentences to Indian Languages are usually longer.



Cascaded SSMT Approach

ASR : Transcribing speech into text
MT : Translating text from language A to language B

TTS : Synthesizing speech from text

Automatic Machine
Speech : Text to Speech
— Translation = U U
Recognition (MT) (TTS) |
(ASR)
Speech Signal Speech Signal

Text in Text in
In language A language A Language B In language B
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Well known Systems

US: Janus, DIPLOMAT, Tongues, Nespole! Maxtor
Europe: Verbmobil, Nespole! LC-Star, TC-Star
Japan: MATRIX NEC

China: LodeStar, Digital Olympics
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SSMT: a Data Driven S2S problem

e Training data for an end-to-end ST model is very scarce.

e Available currently: only hundreds of hours of speeches,
most of which are for

e Japanese—English translation and European languages
[102,103]

e For Chinese—English translation, Baidu has released an open

dataset containing 70 hours of speeches, including both the

corresponding transcriptions and translations

e Through MEITY funded speeech consortia led by IIT Madras,

speech data in Indian lanaguges is now available

12



Direct Speech to Speech Machine
Translation
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Direct Speech to Speech MT

* Problem Statement

To translate speech input in one language into speech in
another language without relying on the intermediate step of
text generation.

 Motivation

Lower computational costs and inference latency as compared
to the cascaded systems.

To provide a translation support for languages that do not have
a writing system.

14



Previous Approaches

Cascaded S2S MT (20006) [2]
— The Cascaded S2S pipeline consists of three components
« ASR->MT->TTS

End-to-End S2T (Speech to Text) (2019) [3]
— Alleviates the error propagation issue between ASR and MT

— S2T can be combined with TTS to provide both Speech and
Text translation

15



Recent Developments

Translatotron by Google Al (2019)

— An attention-based sequence-to-sequence neural network
which can directly translate speech from one language into
speech in another language

Direct S2ST with Discrete Units by Facebook Al and Johns Hopkins
University (2021) , state-of-the-art in Direct S2ST

16



Direct S2ST with Discrete Units

(1/2)

« Key Contributions:

Self-supervised discrete representations of target speech is
predicted instead of mel spectrogram features.

Model jointly generates speech and text output by combining
S2ST and S2T tasks through the shared encoder and a
partially shared decoder, for the languages where the
transcripts are available at source as well as at target.

17



Direct S2ST with Discrete units

(2/2)

« Key Contributions:

In the scenarios where the transcripts for target language is
unavailable, Direct S2ST model is trained with multitask
learning using discrete representations for the source and

target speech.

The issue of length mismatch between the text and speech
output during decoding is resolved using CTC (connectionist
temporal classification).

18



Model Architecture (1/2)

» Transformer-based seqg-to-seq
model with a speech encoder
and a discrete unit decoder
and incorporates auxiliary
tasks similar to translatotron
during training to facilitate
model learning.

Image source -Discrete Speech to Speech Translation [2]
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Model Architecture (2/2)

For target languages with text transcripts, target text CTC decoding
Is applied conditioned on the intermediate representations from the
discrete unit decoder.

This CTC decoding is used for jointly training text and speech.

A Vocoder is separately trained to convert discrete units into a
waveform.

20



Direct S2ST Pipeline
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Speech to Unit (S2U) Model (1/2)

« Generation of Discrete Units for the target language:
— HuBERT model is trained on an unlabelled speech corpus of
the target language.

— The trained model is used to encode the target speech into
continuous representations at every 20ms frame.

— Ak-means algorithm is applied on the learned representations
to generate K cluster centroids.

— These K cluster centroids are used to encode the target

utterances into sequences of cluster indices at every 20 ms.
22



Speech to Unit (S2U) Model (2/2)

« Atarget utterance y is represented as [z1, Z, - zT], where zZ belongs to {0,
1, 2, .., K-1}, Kis the number of clusters and T is the number of frames.

« S2U model is built by adapting from the transformer model for MT
(Machine Translation).

« Astack of 1-D convolutional layers, each with stride 2 and followed by a
gated linear unit activation function, is prepended to the transformer layers
in the encoder for downsampling the speech input.

» As the target sequence is discrete, S2U model is trained with cross entropy
loss with label smoothing.

 Trained the Hi-Fi GAN neural vocoder for unit-to-waveform conversion. 23



Dataset used (1/2)

Fisher Spanish-English speech translation corpus

— The dataset consists of 139k sentences from telephone
conversations in Spanish, the corresponding Spanish text
transcriptions and their English text translation.

Data Preparation:
— Ahigh-quality TTS engine is used to prepare synthetic target
speech with a single female voice as the training targets.

24



Dataset used (2/2)

« Train, dey, test split:

train dev dev2 test

# samples 126k 4k 4k 3.6k
source duration (hrs) | 162.5 4.6 4.7 4.5
target duration (hrs) | 139.3 4.0 3.8 3.9




Results (1/3)

» Source and Target text transcripts are available:
— For the systems with dual mode output (like cascaded and S2U
+ CTC ), both, the text output directly from the system and the
ASR decoded text from the speech output, are evaluated.

Corpus Models Test (BLEU)

Speech Text
Fisher Translatotron + 31.1
Spanish-English Pretrained encoder
Speech Translation
Corpus Cascaded (S2T + 39.5 41.5
TTS)

S2U reduced + 37.2 39.4

CTC (w/ sc.,tc)

26



Results (2/3)

Source text transcripts available but target text transcripts are

unavailable:

— All models are trained without using any target text transcripts.

Corpus Models Test (BLEU)
Fisher Spanish-English Translatotron (w/ sp) 7.2
Speech Translation
Corpus S2U reduced (w/ sc) 33.8

27



Results (3/3)

Both source and target text transcripts are unavailable:

— All models are trained without using any text transcripts.

Corpus Models Test (BLEU)
Fisher Spanish-English | Translatotron no auxiliary 0.6
Speech Translation task
Corpus
S2U reduced (w/ su) 271

28



Summary

In scenario where text transcripts are available at source as well as
target, S2U reduced model with joint speech and text training and
auxiliary tasks, has bridged 83% of the gap between
transformer-based Translatotron and the S2T+TTS cascaded
baseline.

Also demonstrated the possibility of translating between two
unwritten languages by taking advantage of discrete
representations of both the source and the target speech for model
training.

29



Comparing Direct S2ST with
Cascaded approach

Advantages

Cascaded system have problem of errors
compounding between components e.g.
Recognition  errors leading to larger
translational errors. Direct S2ST model does
not face such issues.

Reduced computational
lower inference latency.

requirements and

Paralinguistic and Non-linguistic information is
retained during translation.

Disadvantages

A large set of Input/Output speech pairs are
required which are more difficult to collect than
parallel text pairs for MT.

Cascaded S2ST is more robust.

Uncertain alignment between two spectrograms
whose underlying spoken content differs also
poses a major training challenge.

30
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Topics to be covered in ASR

A general introduction to ASR: Problem statement to
mathematical description

Discussion regarding the Hidden Markov Model based
approach to ASR

Introduction to Deep Learning based ASR

Techniques for developing good quality speech
recognition systems for Indian languages

Code walkthrough for a SOTA training and evaluation
pipeline for English ASR + Demo for Hindi ASR

33



Automatic Speech Recognition

ASR is the task of using algorithms and methodologies
to enable translation of speech signals to text by
computers.

Research has developed from 1960s to 2020s

Speech recognition technologies have wide scale use in
education, software development, utilities, luxury,
military, etc.

Well known examples: YouTube closed captioning,
Voicemail transcription, Dictation Systems, etc

34



Simplified pipeline of an ASR
System

ol __ B Syt “hello world”
e B ikl ‘helloworld’

; ‘HHAHLOWWERLD"
Speech Signal :::tl::g: Transcription

Image source: Lectures on Automatic Speech Recognition by Prof Preethi Jyothi, Course CS753, IIT Bombay
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Motivation

ASR Research has gained momentum over the years
with the advent of faster computation and better
resources

Extensive data collection across widely spoken
languages

Disparity in Data availability for regional languages
Innovative methods such as Transfer Learning and
Knowledge sharing yet to be explored fully

36



Prior Work (Pre-Deep Learning era)

Audrey by Bell
Labs(1952):
Digit Recognizer

Shoebox by Bell
Labs(1962):
Isolated word Recognizer

Introduction of Deep
Learning in ASR
(2010s)

Y

Harpy by Carnegie
Mellon(1970s):
1000 words recognizer

HMM in
Speech

Y

Recognition

A

Dictate MCA by Dragon
Inc (1980s)
Typing documents
through speech
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Mathematical Description of ASR

We treat the acoustic input signal as X ={x_ , X, , X, , X

127272737 74
, . ..} aseries of observations and define a sequence of
words as the desired output W ={w, ,w,,w,,w,,...}

Essentially, we are interested in obtaining the following -

W = argmax P(W|X)
WeL

38



* \We can use Bayes rule to rewrite this as -

& . PX[W)P(W) I W = aro P(X|W)\P(W
"'V:algnwlgz P(X) alcnu}gﬁ (X|W)P(W)

* P(X|W) : Probability of occurrences X given words W
(Acoustic Models)

 P(W): Probability associated with word sequence
(Language Models)



Acoustic Models:
» Contains statistical representations of each of the distinct
sounds that make up a word
* 44 phonemes in English, each phoneme has its own HMM
Lexicon Models:

* Pronunciation models for speech recognizers; provides
discriminating metric between pronunciations of the same word

in different context
« Eg, consider “ough” as in through, dough, cough, rough, bough,
thorough, enough, etc
Lanquage Models:

* Predicting next word given a sequence of words
« Used to calculate P(W) in previous expressions

40



Architecture of cascaded ASR System

ot IMWWWW”““w% —_—

speech

signal

Acoustic
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Model

Generator
(0] \
word sequence Language
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Image source: Lectures on Automatic Speech Recognition by Prof Preethi Jyothi, Course CS753, IIT Bombay
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Evaluation Metrics for ASR

Characteristics of a good ASR Metric:
— Direct

— Objective

— Interpretable

— Modular

Word Error Rate: Popular metric; measures the percentage of
corrections needed to transform an incorrect word to a correct

word.
S+D+1 B S+D+1

WER = =
N S+ D+4€
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ASR Error rates across the years

Word Error Rate

100%

10%

1%

Read speech (vocabulary: 1K, 5K, 20K) Broadcast speech ~ Conversational speech
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Read Spcﬂ’ Speech
/ Bgoadc?‘st Switchboard Cellular
eec
20k “P°° ‘
Poor Microphone Switchboard
-— .
1K Noisy 2012 System @
20K
e
Clean
| I | | 1 | | 1 1 1 | 1 1 | l I 1 1 1
2223383885828 88zs388
& 3 3 8 3 & & 3 38338 & 8 88 8
) oy ~ ~ ~ ~ ~ i ~ ~ -~ i o o~ o o~ o o~ o~N

Year of Annual Evaluation

Image Source: A Historical Perspective of Speech Recognition, Communications of the ACM, 2014
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Hidden Markov Models

« Each spoken word consists of a sequence of ‘I’
pronunciation segments called phonemes
» To compute over all possible pronunciations Q of the

word, we model the probability as -

P(X|W)=) P(X|Q)P(QW)
Q

44



 Each base phoneme q is modelled as a HMM as

depicted in the figure below -

Markov
Model
d|2

Acoustic i \

reclor by by sys) Pay )
y=0y Oy, By; Uy, My,

Figure 3.2: Example of a HMM phone model
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* For alarge vocabulary, including the dependence on all
previous words in the sentence becomes
computationally difficult task.

* As aresult, N-gram models were constructed such that
the dependence is limited to the last N words of the

sequence -

C(Wrawriwi )
C(wrawi1)

P(W) = H P(wi|wi,wa,...wr_ni1) P(Wiwi—1,wk—2) =
k=1

46



Viterbi Algorithm:

|dentifying the sequence of hidden variables given
observed sequence

Calculates the probability of the various possible outputs
of the current time step keeping into account the
associated probabilities of the previous time step outputs
At each timestep we have a probability associated with all
the possible paths in the decoding.

The path with the highest probability is assigned as the
Viterbi path and is continued forward to the next time step.

47



A short digress: Viterbi decoding for
Part of Speech (POS) tagging
O @—C

A Brown foxes jumped over the fence

Image source: Lectures on Speech and NLP by Prof Pushpak Bhattacharyya, Course CS626, |IT Bombay
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End-to-End Deep Learning Based
ASR Systems

Shortcomings of HMM ASR Systems:

« Local optimization of these models does not imply
global optimization of the entire pipeline

* Modules are difficult to train and often require a lot of
manual and domain specific feature engineering to
achieve good results specific to the domain chosen

 Demand a large amount of annotated and aligned
speech-text corpus.

« Compounding Errors problem

49



Demonstrating the power of E2E Models

dev test dev test
DNN - HMM | 5.0 5.8 DNN -HMM 4.0 4.4
E2E 14.7 14.7 E2E 4.7 4.8
(Attention) (Attention)
Results on Librispeech-100 corpus Results on Librispeech-960 corpus

* Three types of E2E systems - 1) CTC-Based Models, 2) RNN
Transducer and 3) Attention-Based models

Results taken from “RWTH ASR Systems for LibriSpeech: Hybrid vs Attention”, Christoph et al, 2019 50



CTC Based ASR . A.Ioss function but it sqlves the
Models alignment problem while
- computing its loss function.

« CTC attempts to solve the data
alignment problem as alignment
between segments and audio is
no longer needed.

« CTC uses the higher dimensional

Ny O — O E=i
M O — KbRESy
N O O I -«
IO — O
NN — O I -«

- features learnt through DNNs to
EEEHEEENEE directly map audio inputs to
B =5 il i B hypothesis segments.

Image Source: A blog on Sequence Modeling With CTC - https://distill.pub/2017/ctc/



RNN - Transducer Model

RNN encoder, analogous to an acoustic model, maps
input audio features x to hidden representations h®
The prediction network takes as input the previous
output label prediction w" and maps it to to a hidden
representation hP

The joint network takes the encoder representation h®
and the prediction network representation hP

Produces joint logits z which are softmax normalized to
provide an output distribution over over the output label
space and blank symbol

52



Attention Based ASR
Models:

[)([“’I“_l. v .[| \)

|

Softmax

4 dec
)

“u

Decoder
- 1 fe,
Attention
art ] AF:fl-"'-fr
Encoder

T

X = {x,++,%r)

Encoder model maps the input
audio signal to a sequence of
vectors instead of one fixed vector
The decoder then assigns weights
to these sequence of vectors while
concatenating them to decode the
higher dimensional features

Thus at each time step, the
previous as well as the future time
step features are taken into account
while decoding the particular
character and alignment.

Image Source: Deep Context: End-to-End Contextual Speech Recognition, Pundak et al, 2018 53



Understanding Speech Data

Characteristics of a good ASR dataset:

* Noise Robustness: Presence of sufficiently noisy data for model
to learn features with noise
 Diversity: Covering various accents and pronunciations

Bias in ASR:

 ASR unable to recognize and translate the speech impairment
and children speech

* Voice assistants perpetuate a racial divide by misrecognising
the speech of black speakers more often than of white speakers

54



Common Pre-processing Steps

Speech:

« Using denoising libraries to reduce background noise by
Isolating vocals

Text:

 Indian languages Text data must follow ‘utf-8’ encoding
 Removing punctuation marks
 Numbers written in text format

55



Low Resource ASR

Low resource languages lack sufficient data to facilitate research
and development of intelligent models. Most Indian languages
belong to this category

Recent studies have shown that when DNNSs are trained with
speech signals from multiple languages, the features learnt are of
high quality for downstream tasks.

These features produce better results for speech recognition
compared when the DNN is only trained on the data of a low
resource language, which is often extremely less to reach
optimization

56



Citrinetd12: Transfer learning in ASR (Part of
Nvidia’s NeMo Research) (1/1)

« Citrinetd12 is a CTC Based
Model

 Contains 1D Convolutional
layers with various blocks

« Each block consists of
Convolutional layers, Batch
Normalization, ReLU and
Dropout

Image Source: Citrinet: Closing the Gap between Non-Autoregressive and Autoregressive End-to-End Models

for Automatic Speech Recognition, Majumdar et al, 2021 o7



Citrinet512: Transfer learning in ASR (Part of
Nvidia’s NeMo Research) (2/2)

* An additional Squeeze and Excite (SE) layer is also
present which improves the representational power of a

network by modelling the inter-channel dependencies of
convolutional networks.

« Citrinet512 model can be used as a pretrained
checkpoint(training on Eng speech) followed by
finetuning for Hindi or any other Indian Language

« Finetuning is performed by replacing the vocabulary in
the decoder with Devanagiri characters

58



Wav2vec: Learning Speech
representations from Audio

Uses raw audio

tO Iearn SpeeCh /_* ?:ﬁcontrastive loss

features

Masks spans of f t t : '

SpeeCh Masked

representations ‘

Trainin o o ® ° 5
g £ A WA W S

objective is to

recover the v V.V VN

masked audio |
through the - - drbrtolo) o —

context

Image Source:
https://ai.facebook.com/blog/wav2vec-20-learning-the-structure-of-speech-from-raw-audio/
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Results of wav2vec

1
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Noisy student wav2vec wav2vec wav2vec wav2vec 10m
100h 100h Th 10m (53K unannoated)

Image Source: https://ai.facebook.com/blog/wav2vec-20-learning-the-structure-of-speech-from-raw-audio/
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Finetuning Wav2Vec 2.0 model
for multilingual ASR

e The XLSR Wav2Vec2 model is presented by Facebook Al in
“Unsupervised Cross Lingual Representation Learning for
Speech Recognition® - Conneau et al, 2020

e XLSR stands for Cross-Lingual Speech Representations and
refers to XLSR-Wav2Vec?2’s ability to learn speech
representations that are useful across multiple languages

e XLSR-Wav2Vec?2 learns powerful speech representations from
hundreds of thousands of hours of speech in more than 50
languages(including Hindi) of unlabeled speech 61



CLSRIL-23: Pretraining wav2vec 2.0 on
Indian Languages ASR Data, July 2021

» Authors use wav2vec 2.0 to pretrain on 9k+ hours of
unsupervised speech using 23 Indian Languages
followed by finetuning in each of these languages

« Comparison of a monolingual approach and multilingual
approach is performed by analysing a model pretrained
only on Hindi and a model pretrained on multiple
languages
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Comparing both the approaches

« Training time for wav2vec 2.0 is much longer than the
Citrinet512 model. For wav2vec 2.0, each epoch took
about 1.5 hours for training whereas for Citrinet512, it
took about 15 min.

— Possible Reason: wav2vec 2.0 is a transformer
based approach whereas Citrinet512 is a
convolutional model, performing faster with a GPU

 Ability of the Citrinet512 is able to output punctuation

marks much better than wav2vec 2.0
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ASR DEMO
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Summary of ASR

Historical view of the ASR problem statement and the
progress made in the last 70 years

Understanding the traditional HMM models, its strengths
and its weaknesses and how it paved the way for E2E
systems

Appreciating the state-of-the-art E2E system for ASR:
wav2vec and multilingual training for low resource ASR
Demo for English and Hindi ASR using this SOTA
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Disfluency Correction

66



Disfluency

Speakers often use filler words, repeat fluent phrases,
suddenly change the content of speech, and make
corrections in their statement. These are some common
disfluencies. Also, speakers use words like "yeah”, "well”,
"you know”, "alright” etc. which do not contribute to the

semantic content of the text but are only used to fill pauses
or to start a turn, are considered to be disfluent.

Example: Well, this is this is you know a good plan.
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Motivation

Disfluency is a characteristic of spontaneous speech which is not
present in written texts

It reduces the readability of speech transcripts

It also poses a major challenge to downstream tasks e.g. machine
translation

Since MT models are usually trained on fluent clean corpora, the
mismatch between the training data and the actual use case
decreases their performance.

To tackle this challenge, specialized disfluency correction models are
developed and applied as a post-processing step to remove

disfluencies from the output of speech recognition systems -



Disfluency Correction

Well, this is this this is a good
is you know a plan
good plan
Disfluent text H—)p mm) Fluent text
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Types of Disfluencies (1/2)

Type

Description

Example

Filled Pause

Non lexicalized sounds with no
semantic content.

but uh we have to go
through the same thing.

Interjection

A restricted group of non lexicalized
sounds indicating affirmation or
negation.

uh-huh, | can understand
the issue.

Discourse
Marker

Words that are related to the structure
of the discourse in so far that they
help beginning or keeping a turn or
serve as acknowledgment. They do

not contribute to the semantic content

of the discourse.

Well, this is a good plan.
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Types of Disfluencies (2/2)

Type

Description

Example

Repetition or

Exact repetition or correction of words

If if | can’t don’t know the

Correction previously uttered. answer myself, | will find it.
False Start An utterance is aborted and restarted | We’ll never find a day what
with a new idea or train of thought. about next month?
Edit Phrases of words which occur after that We need two tickets, I’'m

part of a disfluency which is repeated or

corrected afterwards or even abandoned

completely, to indicate that the previously
uttered words are not intended.

sorry, three tickets for the
flight to Boston.
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Disfluency: Surface Structure (1/2)

Reparandum

— contains those words, which are originally not intended to be in the
utterance

Interruption point

— marks the end of the reparandum

Interregnum

— consists of an editing term or a filler

Repair

— words from the reparandum are finally corrected or repeated here or a
complete new sentence is started

72



Disfluency: Surface Structure (2/2)

Interruption
Point

\

Let us, okay, let us take a look here.

P

Reparandum Interregnum Repair
Interruption Interruption
Point Point
\ l
How about, , well, next week? So we will, , we can take a look here.
Reparandum  Interregnum Repair Reparandum  Interregnum Repair

Image source: Saini et al. [4] 73



Dataset (1/2)

SwitchBoard English Disfluency Correction corpus.

Split No of Sentence

Train 55482
Validation 11889

Test 11889
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Dataset (2/2)

SwitchBoard English Disfluency Correction corpus.

Disfluent Sentence

Fluent Sentence

welliijustliveinailive in an
apartment now

i live in an apartment now

it's a it's a fairly large community

it's a fairly large community

and so uh you know i'm kind of
spoiled

i'm kind of spoiled
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N~

Data Preprocessing

Lower-case

Normalization

Punctuation removal

Apply Byte-Pair Encoding (BPE)
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Evaluation

 BLEU score
* Precision, Recall, F1 score (for disfluency detection)
« Human evaluation

— Disfluent words are dropped

— Fluent words are retained

. true positive true positive
precision = recall =

true positive + false positive true positive + false negative

2 x precision * recall

F'1 score = —
preciston + recall
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Sequence to Sequence

Model the problem as a Translation task as if
Disfluent Sentence: Sentence in language 1
Fluent Sentence : Sentence in language 2

Performance on SWBD Testset: 95.01 bleu score
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Usage of Joint BPE

« Using different BPE vocabulary at source and target
sides, model achieved 94.70 bleu score on test set

« Use of joint BPE vocabulary (from the concatenated
corpus of disfluent sentences and fluent sentences)
improved the performance to 95.01
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Style Transfer (1/3)

Unsupervised: works without any parallel data (fluent,
disfluent pairs)

For every mini-batch of training, soft translations for a
domain are first generated

Subsequently they are translated back into their original
domains to reconstruct the mini-batch of input sentences.

The sum of token-level cross-entropy losses between the
input and the reconstructed output serves as the
reconstruction loss.

80



Style Transfer (2/3)

) Fluent Domain

** e Pretrained
g/\ Classifier

8
>

— Shared transduction;
parameters
m Dec <—T—> Dec ’ Ea_é

= ]
Conv Layer

'

Fluent

Shared Transduction Parameters

DiSﬂuent Domain Image Source: Saini et al. [3] 81



Style Transfer (3/3)

It consists of a single encoder and a single decoder

Since we are only operating on the English language in the
source (disfluent) and target (fluent), it is important to utilize the
benefit of parameter sharing.

Single encoder and single decoder are used to translate in both
directions, i.e., from disfluent to fluent text and vice-versa.

The decoder is additionally conditioned using a domain
embedding to convey the direction of translation, signifying
whether the input to the encoder is a fluent or disfluent
sentence.
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Domain Embedding

1024 1024 Dimensionality reduced word
Pred1  — _ Pred2 embedding is concatenated
1 f with the domain embedding DE
Dec Dec at every time-step(t) to form the
1) 1 input for the decoder.
Input 1 Input 2
1024 P 1024
BOS' Pred 1'
512 A 512
BOS . DE | —> Pred1 | DE
1024 512 1024 512

Image Source: Sainietal. [3] 83



Disfluency Correction using Unsupervised and

Semi-supervised Learning: Results

#Sentences Percentage(%) | Dev Test
0 | (Unsupervised) 0 | 78.72 | 79.39
554 1 | 83.85 | ‘85:28
2774 5 | 84.67 | 86.03
5548 10 | 8498 | 86.12
13870 25 | 85.88 | 87.04
27741 50 | 86.10 | 87.90
55482 100 | 87.16 | 88.22

Image Source: Saini et al. [3]
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Disfluency Detection

Detect the disfluent words in the sentences

Remove those disfluent words from the disfluent
sentence

We would get the fluent sentence

Interruption
Point

l

Let us, okay, let us take a look here.

Reparandum Interregnum Repair

Image Source: Sainietal. [4] 85



Disfluency Removal

Detect the disfluent words in the sentences

Remove those disfluent words from the disfluent
sentence

We would get the fluent sentence

Disfluent: this is this is you know a big problem
Fluent: this is a big problem
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Sequence Tagging

« We tag each of the words as disfluent or fluent.

» 0 corresponds to fluent and 1 corresponds to disfluent.

« Train model on the sequence tagging task

Fluent: this is a big problem
Tags: 1 10 000 O
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Synthetic Data: Motivation

» Disfluency phenomenon is clearly visible in the Indian
languages.

« But due to the unavailability of disfluency correction
dataset, it is not possible to train models.

« This motivates the work of disfluency correction without
any real parallel data.
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Rule-based Disfluency Generation

Pronoun phrase repetition

o QOriginal fluent sentence: i was saying that we should go
for a movie

o Disfluent sentence: i was i was saying that we should go
for a movie

Insertion of filler words

o QOriginal sentence: the new year is looking grim
o Disfluent sentence: ah ah the new year is looking grim

Example Source: https://aclanthology.org/2020.iwslit-1.22.pdf  gQ



Few Rules for Bengali (1/6)

Randomly insert frequent filler words

% Bn: -9 (o @ "[61fTe Ploxifie Sia-ame
IS ECE IR E R CART S VEEBIBIC]

s Transliteration: vApu-ra netRRitve mAne parichAlita aitihAsika
jana-Andolana 'champAranasatyAgraha'-era prabhAva Chila
sudUra prasArital

% En: The historical mass movement ‘Champaran Satyagraha’,
conducted under the leadership of Bapu, had a
far-reaching effect.
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Few Rules for Bengali (2/6)

Word Repetition

/7
0‘0

Bn: (T&12 ST ATAWH SRS (W07 TP SN Iels 'fa T
IrH IS’ BF] 61 A Ao B FER|

Transliteration: sejanyai AmarA ApanAdera sahayogitAya::
deshera sakala jamira janya 'mRRittikA svAsthya kAr.Da' chAlu
chAlu karAra abhiyAna shuru kareChi|

En: That is why we have started the campaign to
introduce 'Soil Health Card' for all the lands of the country with
your cooperation.
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Few Rules for Bengali (3/6)

Synonym correction

& Bn: IS AN ATEF FHOF RIAWTET FAF- 77 RANE O
FRe] PO o F&Ter IR

% Transliteration: Aja AmarA khavarera kAgajera saMvAdapatrera

kathAya::- sashastra vAhinlke tAdera ichChAmato kAjera
pUrNa svAdhinatA diya::eChi|

s En: Today, in the words of the newspaper, we have
given the armed forces full freedom to do whatever they want.
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Few Rules for Bengali (4/6)

Missing syllables

< Bn: 8f&Td TS AT (F-alT TP dfeFfoner
AferFfoTmeld F JANHe FE TN |

% Transliteration: o.Da::ishAra sArvika unnayas:ne kendrlyas;
sarakArera pratishrutivaddhatAra pratishrutivaddhatAra kathA
punarvyakta karena pradhAnamantrl]

s En: The Prime Minister reiterated the central government's
commitment to the overall development of Orissa.
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Few Rules for Bengali (5/6)

Pronoun Correction

/7
0‘0

Bn: TENAE (% (Fe1E fUe fuel (T 56w, ©FF 1 ©IF
(R TEIRT AT SR RIS T F S SO FEA G2
cRICREl

Transliteration: santrAsavAdera humaki yebhAve dina dina

ve.Da::e chaleChe, tAke nA tAra mokAvilAya:: sambhAvya

padakShepa grahaNera viShaya::guli samparkeo AlochanA
karena dui pradhAnamantrl|

En: The two Prime Ministers also discussed the possible steps
to be taken to counter the growing threat of terrorism.
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Few Rules for Bengali (6/6)

Use part of word before the actual word
< Bn: [ (A0 (NEGITEE BT 0 3@ 4|

s Transliteration: kintu promo promoTArachakrera phA.Nde
pa.Da::e Thake yAna|

s En: But fall into the trap of the promoter cycle.

95



Summary

Disfluency correction is a crucial step in SSMT pipeline
It removes irregularities from speech transcriptions and
make that ready for Machine Translation

We are able to build DC systems with parallel data or
monolingual data (in both domains) along with little
amount parallel data

Model trained on artificially generated data has
limitations

It would be interesting to take help from other languge’s

disfluency correction data o



Disfluency Correction Demo

https://www.cfilt.iitb.ac.in/speech2text/
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What is Machine Translation?

« Automatic conversion of text from one language to

another

— Preserve the meaning

— Fluent output text

L

L

today.

Source
Text

My seminar
presentation is

:{

Machine
Translation
System

¥ e
w2

~, Target
" Text
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History of MT

1954: First public demo of MT by IBM

— Georgetown IBM experiment

1956: First MT conference

1972: Logos MT system

— Translating military manuals into Vietnamese
— Rule based approach

1993: Statistical MT

— |IBM models

2013: Neural Machine Translation



Why MT is hard?
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Why MT is hard?

Language Divergence
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Language divergence

* Languages express meaning in divergent ways

e Syntactic divergence
— Arises because of the difference in structure

 Lexical semantic divergence
— Arises because of semantic properties of languages
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Different kinds of syntactic divergence

« Constituent order divergence (Word order)

English: He is waiting for him.
Hindi: 98 I9& AT oo o @1 81

Subject He CH
Verb waiting | SAVIR R &l 3
Object him TP

« Adjunction divergence
English: Delhi, the capital of India, has many historical buildings.

Hindi: TR &t Irorerrt et & aga < ofra®e sawd &
* Null subject divergence

English: T am going.
Hindi: ST &1 él |
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Different kinds of lexical semantic
divergence

« Conflational divergence

English: He stabbed him.

Hindi: S 39 §R H dRT

« Categorial divergence (Lexical category change)

English: They are competing.

Hindi: 3 gferegyf v @ &

« Head-swapping divergence (Promotion or demotion of

Ioglcal mOdIfler) English: The play is on.

Hindi: W&ol 9ef Y&l &
107



The Vauquois Triangle

Interlingua

Source Target

Image source: http://www.cs.umd.edu/class/fall2017/cmsc723/slides/slides15.pdf 108



MT Paradigms
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Different paradigms of Machine
Translation

 Rule based Machine Translation

« Statistical Machine Translation

« Example based Machine Translation
 Neural Machine Translation
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Rule based Machine Translation

» Linguists create rules
* Three types

— Direct

* Map input to output with basic rules
— Transfer based

» Direct + Morphological and Syntactic analysis

» The level of transfer is dependent on the language pairs
— Interlingua based

« Use an abstract meaning

» Interlingua: Represent meaning of text unambiguously

» |t works at the highest level of transfer

« Performance of system highly dependent on experts who
are creating rules »



Statistical Machine Translation

* Learning from parallel corpora
* Three important things
— Word translation
— Word alignment
— Word fertility management
* Problem to solve for SMT
€ = arg max (P(e|f)) = arg max (P(e).P(fl|e))

e e

e is target language sentence, fis source language sentence, P(e) is
language model in target language and P(fle) is translation model.
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Example based Machine Translation

* Focus is on: Analogy
« Based on textual similarity

* Process
— Analysis
« Phrasal fragments of the input sentence
— Transfer

* Finding the aligned phrases from the database of examples
— Generation

 Recombination (Stitch together the aligned phrases)
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Example based Machine
Translation: Example

He buys a book on Machine Translation.
Phrasal fragments: He buys, a book, on, Machine Translation
Aligned phrases: |dentifies the aligned phrases from the database

He buys: d8 @Riedl g

a book: U& Y&idH

on: I¥

machine translation: Hefi9 3 are
Recombination: Recombine those phrases to construct a sentence (Adjusting
morphology, reordering)

a8 7 IFaTE R U JEad @RieaT 2
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Phrase based Statistical Machine

Translation
 Why?

— Translation of phrases is more intuitive
* Process involved
— Two-way alignment
* Using SMT (eg. IBM model 1)

— Symmetrization
— Expansion of aligned words to phrases (Phrase table construction)
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Phrase based SMT: English to Hindi

alignment
W @ P = #
He v
1S
planning
1o
make o
a
cake
in
the

evening
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Phrase based SMT: Hindi to English
alignment

the

evening

is

planning

Lo

make

a

cake

n

v

SEIEIEIEIE R IEIEIEIE
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Phrase based SMT. Phrase generation

4
|
1
.
i
i
s
1
-
4

He v

is
lanning v
to
make v
a
cake o
in
the
evening v

e Principle of coverage: Every word must be in a phrase

e Principle of non-vacuousness: No empty phrases

e Principle of consistency:The aligned phrases must be consistent in the
sense all words of phrase in source languages 118



MT Evaluation

« Manual evaluation
* Quality of sentence depends on two factors
— Adequacy
» How faithful the meaning of a sentence is transferred
— Fluency
» Acceptability of the native speaker

More fluent: ﬂ? I o7 & gl
Less fluent: H ST T&GH &~ & gl
« Automatic evaluation measures
— Word/phrase matching based
— Edit distance based
— Ranking based
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BLEU score

 Bilingual Evaluation Understudy
 Word/Phrase matching based

N
BLEU = BP.exp() _(wn.log(pn))

n=1
« BP is brevity penalty, to penalize based on the length of
the generated sentence.

1 C>r
BP =
{e(l_r/c) C<=r

¢ = the length of the candidate translation, r = the effective reference
corpus length, p, is modified n-gram precision, w, is weight(uniform in
BLEU) 120



BLEU score: Example

English: He is a painter.
Hindi (Candidate): 98 & fREaR faR fREaR 21
Hindi (Reference): 98 U@ fRE@R &

« Example:
— 1-gram precision is 1.
— Modified 1-gram precision is 4/6.

* The ratio of the number of phrases of length n present in
candidate translation that are also present in reference
translation and total number of phrases of length n in
candidate translation.

* |In modified n-gram precision maximum count from
reference translation 121



Neural Machine Translation
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Why Neural Machine Translation?

In RBMT, EBMT, and SMT, there is no notion of similarity or
relationship between symbolic representation of individual
words.

Ability to translate / go to school does not make these
models capable of translating / went to college.

However, Neural Network techniques work with distributed
representations.

NMT evaluates a single formula that explains all rules of
the translation task. (Generalisation)
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Paradigms of Machine
Translation

Human effort

Data hungry

RBMT  — EBMT — SMT — NMT

(Rule based machine translation) (Example based machine translation) (Statistical machine translation) (Neural machine translation)

Rules handmade by human expert — Rules by learning from data
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What is NMT?

The task of MT is a sequence-to-sequence problem.

It uses an encoder-decoder NN architecture with attention
mechanism.

NMT requires large parallel corpus.

Here, we will discuss RNN-based and Transformer-based
encoder-decoder architectures.
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Encoder-Decoder [9] architecture

Image source -

Simple RNN-based

(1) Encoder
processes one
sequence at a
time

overview

(5)... continue till
end of sequence
tag is generated

(4) Decoder
generates one
element at a
time

(A { )

h1 ] h2 [ h3 h4 ]
I_;ecodinl

(3) This is used
to initialize the
decoder state

o O O o B

(2) A representation
of the sentence is

T I

D = 6O

generated

(Tooor )

http://www.iitp.ac.in/~shad.pcs15/data/nmt-rudra.pd

Encoding

i

s, is the summary
vector
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Summary vector

| OJohn admires Mary

-2r OdJohn is in love with Mary

5t OJohn respects Mary

3t OMary admires John

OMary is in love with John

OMary respects John

Image source- [9]

representation

] O | was given a card by her in the garden
10+ O In the garden , she gave me a card
O She gave me a card in the garden
5 -
o -
-5r O She was given a card by me in the garden
O In the garden , | gave her a card
-10f
=18r O | gave her a card in the garden
_20 1 1 1 L L 1 J
-15 -10 -5 0 5 10 15 20
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Problems with simple
Encode-Decode paradigm (1/2)

What happens in enc-dec architecture-

1. Encoding transforms the entire sentence into a single vector.
2. Decoding process uses this sentence representation for
predicting the output.

Problems-

« Quality of prediction depends upon the quality of sentence
embeddings.
« After few time-step, summary vector may lose information of

initial words of input sentence.
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Problems with simple
Encode-Decode paradigm (2/2)

Possible solutions-

* For prediction at each time step, present the
representation of the relevant part of the source
sentence only.

the girl BN to school
cTSehl Thol Eiligll ©

— Attention-based encoder-decoder
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Annotation vectors and context vectors

Context vector

Attention
weights

— Attention weights are

nnotation

vectors cqlculated from .
alignment scores which

are output of another
feed-forward NN which
is trained jointly.
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Attention-based Encoder-Decoder
[10] architecture
E2
L.
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Attention-based Encoder-Decoder
[10] architecture
ERTES
O
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Attention-based Encoder-Decoder
[10] architecture
(7 {7 ) {rme) @ ) {on)
L - L L
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Transformer [11]

 Motivations to choose Transformer over

| am a student

RNN- o ;

— Faster (e ) oo )

— More efficient. ( s ) ( = )

 Architecture- ([ oo ) [ owoom )

— This is an encoder-decoder oom ) =)
architecture with Transformers oom ) =)
instead of RNNSs. D )

INPUT ﬁwz;r:ré
134

Image source: [jalammar.github.io/illustrated-transformer/]



https://jalammar.github.io/illustrated-transformer/

Transformer: Embedding

 Embedding-

— Input of the encoder =
sum(word_embedding, positional
encoding)

— To set a constant and small
vector_size of positional encoding,
researchers apply a strategy using
sinusoidal function for which model
can translate long sentences of the
training set. o

g #AMT <EOS>
t
|
DECODER
4
DECODER
4
DECODER
4
DECODER
4
DECODER

4
DECODER

ENCODER
7
ENCODER
Z
ENCODER
)

)
)
)
J
)

7

ENCODER
L)

ENCODER

| - - - - .-

G ) ) ) ) )

( mm ) R G Gon G )

Image source: [jalammar.github.io/illustrated-transformer/] 135



https://jalammar.github.io/illustrated-transformer/

Transformer: Encoder

1. Self attention-

a. For each input token X, self attention
mechanism generates an output vector Z
of same size.

b. Multi-head attention-

i. Input vectors are processed for
multiple sets (heads) to get an
output for each set.

ii. Outputs are combined and
processed then to get final encoder
output Z.

2. Add and normalise - LayerNorm(X+Z)
3. Feedforward
4. Add and normalise

Image source: [jalammar.github.io/illustrated-transformer/]

ENCODER #1

f/‘,( Add & Normalize ) \
( Feed Forward ) ( Feed Forward )
T 21_*22_
A : 4

e 4
[ [ S]]
( Self-Attention )
_ A A
...... i R J
POSITIONAL é é
ENCODING
x1 [ x2 1T
Thinking Machines
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Transformer: Multi-head attention

W@
" WTﬁX = W Qo
1 W,V
w;@
or 1w 01;4
. \' K1
previous Wi h@ v,
encoder
output
.\
T 1W 3 Q7
74
B,
1

Q: Query; K: Key; V: Value.

Image source: [jalammar.github.io/illustrated-transformer/]

1.

Multiply the input X (or
output R of last encoder)
with trainable W&, W, WY
to get Q, K, V, for each
head /. (8 number of heads
used).

Prepare Z. of X for i-th head
as ¥ softmax((Q.K")Nd)V~,
where d is size of Q.

Z.to Z conversion —
concatenate then multiply
with trainable W° to
transform into a vector Z
matching size of X.
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Transformer: Enc-Dec attention

Output seq
A

[Encoder—G }
Same as self-attention, except— } —\

It takes the K and V from the ﬁ,,code,_, R
output of the encoder stack
and creates its Q from the layer
below it.

\Vale Key Query J

wl 7 Inputseq
Emb
Input Embedding and Position Output Embedding and Position
Encoding Encoding
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https://towardsdatascience.com/transformers-explained-visually-part-3-multi-head-attention-deep-dive-1c1ff1024853

Transformer:

1. Self-attention: In decoder side
the self-attention layer is only
allowed to attend to earlier
positions in the output
sequence. This is done by
masking future positions.

Add and normalize
Encoder-decoder attention
Add and normalize
Feedforward

Add and normalize

OO0k wWN

Image source: [jalammar.github.io/illustrated-transformer/]

ENCODER #2

ENCODER #1

Decoder

o #AMT <EOS>

: i Softmax )
(,( Add & Normalize 3\ - LY
Linear )
3 ( Feed Fon ward ) ( Feed Forward ) ......... > DECO;ER #2
"""""""""""""" £ 1
:'( il ) ) _ ,"( Add & Normalize
: ( Self-Attention ) mL
\\': ____________________________ T j - ( Feed Forward ) ( Feed Forward )
(=] Iy ey RS e e
(-»( Add & Normaliz: ) E ,*( Add & Normalize )
.. T T
( Feed Forward ) ( Feed Forward ) a»( Encoder-Decoder Attention )
_____________________________________ [ SETTTTTT T ITTTIYY )
Add & Normalize ) ,»( Add & Normalize )
[} 4 : [} [}
\\ Self-Attention 2/ : ( Self-Attention )
T S & TTETTT S
X X
‘ Thinking ) Machines Q:ﬁa H?ﬁa’
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Image source: [11]

Transformer: Entire scenario

Output
Probabilities

Add & Norm

Feed
Forward

| Add & Norm ;

Multi-Head
Attention

(—>| Add & Norm |

Feed

Forward J D) Nx
]
Nix Add & Norm
~—>{_Add & Norm Viaared
Multi-Head Multi-Head
Attention Attention
At At
k_ J —
Positional & @ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)
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Some BLEU scores for Indian
Language NMT

Language Hi Pa Bn Gu Mr
pair

(src\tgt)

Hi ; 60.77 | 2875 @ 5217 | 31.66
Pa 64.67 ; 2532 | 4474 | 27.78
Bn 3179 | 26.96 ] 2482 | 16.61
Gu 55.02 | 4648 | 2533 ] 25 62
Mr 42.97 | 3708 | 2182 | 33.29 )

Source: [Dewangan, Shubham, et al.

"Experience of neural machine translation between Indian languages." Machine Translation 35.1 (2021): 71-99.]

141



Summary

Machine translation is a hard problem because of language
divergence.

BLEU is an automatic evaluation metric to measure the
quality of MT output.

RBMT, EBMT, SMT, and NMT are 4 paradigms of MT.

From RBMT to NMT, need for human effort decreases with
the cost of data availability.

We discussed RNN-based and Transformer-based
encoder-decoder architectures.
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LaBSE Filtering
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Introduction

Techniques to extract good quality parallel data from the
Hindi-Marathi Samanantar Corpus to improve the quality of our
Hindi-Marathi MT models.
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Motivation

Neural Machine Translation (NMT) models are “data hungry”.

The comparable corpora have increased tremendously on the World Wide
Web, making it an important source for MT task.

The mined sentence pairs are high in quantity but their quality varies a lot.
This affects the quality of the MT systems.

Hence, there is a need to come up with a preprocessing step to extract
only the good quality sentence pairs from the comparable and parallel
corpora before passing them to the MT model.
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Literature

« Techniques :

— LaBSE

— Distilled PML
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LaBSE

by Google Al

« Language agnostic BERT sentence embedding model is based on
a multilingual BERT model.

« Supports 109 languages including some Indic-languages.
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LaBSE

* What is Multilingual Embedding Model?

— that maps text from multiple languages to a shared vector space.

— Means similar words will be closer and unrelated words will be
distant in the vector space as shown in fig:

chiot
migng

y o FIEH/ING

n @

cute puppy

® En
Fr

® Zh

3 S
)

nice ® beau temps
weather

Multilingual Embedding Space via Google Al Blog

Image source- Language agnostic Bert Sentence Embedding [1]
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Model Architecture

@SS z
Add Additive Margin

* The model architecture is T MW

based on Bi-Directional T —=-- \
) l ransformer aramete ransformer .
dual encoder with an i Embedding Network = Embedding Network i
additive margin loss. | initaliz nitalize |
) Pre-trained BERT /:

[ Source Text J [ Target Text ]

Bidirectional Dual Encoder with Additive Margin Softmax and Shared Parameters via LaBSE Paper

Image source- Language agnostic Bert Sentence Embedding [1] 149



LaBSE Training PIPELINE

Firstly multilingual BERT model is trained on 109 languages for
MLM (Masked Language Modelling) task.

The obtained BERT encoders is used in parallel at source and
target for fine-tuning the Translation Ranking Task.
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What is Softmax Loss?

Confusion? Softmax activation and Softmax loss are different?
It is a softmax activation followed a Cross-Entropy loss
It is used for multiclass classification.

Also known as Categorical Cross-Entropy loss.

Loss

(J.s‘,

=
f(s)i = — (CFE=-— tilog(f(s);
>C e Z 9(f(s):)
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Additive Margin Softmax loss

* Motivation :
— In a classification task, we face a problem when output lies near
the decision boundary in the vector space.

— AM-Softmax aims to solve this by adding a margin to the decision
boundary in order to increase the separability of the classes and
also making the intra-class distance more compact.

A o A OO
OO @)

A
: A
M
” A & argln(A
@ ¢
oI\

> >
|mage source- LaBSE [1] Original Embedding Space Embedding Space w/ AMS 1 52




Literature

« Techniques :

— LaBSE

— Distilled PML
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Distilled PML

» Distilled Paraphrase Multilingual Model is a Sentence BERT
(SBERT) model extended to multiple languages using multilingual
knowledge distillation.

« Knowledge Distillation : Compressing a model by teaching a
smaller network exactly what to do at each step using an already
bigger trained model.

A Teacher-Student Model Architecture is use to train Distilled PML
model.
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Model Architecture

Teacher EN sentence vector

0.8-0.20.3

'

MSE-Loss

3 Teacher
Hello World — Model
Parallel Data (EN-DE)
Hallo Welt —

» Student

*  Model

Student EN sentence vector
.~ 0.7-0.10.3 -————J

MSE-Loss

il

09-0.20.4

1

Student DE sentence vector

Given parallel data (e.g. English and German), train the student model
such that the produced vectors for the English and German sentences
are close to the teacher English sentence vector.

Image source- Making Monolingual Sentence Embedding Multilingual using Knowledge Distillation [2]

155



Model Training

The English SBERT model is chosen as a teacher model.
XLM-RoBERTa (XLM-R) model is chosen as a student model.

So in short student model is trained using XLM-R and further fined
tuned on English NLI (Natural language Inference) and STS
(Semantic Text Similarity) task using English SBERT model.

156



Dataset Used (1/3)

« Samanantar Corpus
— ltis the biggest parallel corpus publically available for Indic
languages. In our experiments we used Hindi-Marathi
Samantar corpus

Dataset # of Parallel Sentences

Samanantar Corpus 19L
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Dataset Used (2/3)

 Combined Corpus:

Dataset # of Parallel Sentences
PIB 1,08,063
PMI 29,973
Tatoeba 46,277
ILCI 4,62,777
Total Combined Corpus 6,07,832
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Dataset Used (3/3)

 Test Datasets:

Corpus Name

# of Test Sentences

WAT21

2390

ILCI

2000
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Approach

LaBSE model is used to generate the sentence embeddings of the
Hindi-Marathi Samanantar Corpus.

These embeddings are used to compute the cosine similarity
between the Hindi-Marathi sentence pairs.

Based on these similarity scores we extract the good quality
sentence pairs using a threshold similarity score.

Then we use these good quality sentence pairs to train the
Hindi-Marathi MT systems.
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Implementation

* Experiments:

— Baseline
— Without LaBSE Filtering
— LaBSE
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Baseline

We use only the combined corpus to train the Hindi-Marathi
Baseline models.

The combined corpus consists of 6L sentences. The train and tune
split given below

Corpus #Train #Tune
Combined Corpus 6,07,832 14,390
+ Tatoeba

(ILCI + PMI + PIB
+Bible +Tatoeba)
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Without LaBSE Filtering

In this experiment we trained another Hindi-Marathi MT model
using the Combined Corpus and whole Samanantar Corpus

The train and tune split is shown below:

Corpus # Train # Tune
Combined Corpus + 6,07,832 14,390
Tatoeba
(ILCI + PMI + PIB +Bible
+Tatoeba)
Samanantar 19,72,689
Total 25,80,677 14,390
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LaBSE based Filtering

Hindi-Marathi MT model is trained using the Combined Corpus and
LaBSE filtered Samanantar Corpus.

We use the LaBSE model provided by the huggingface to generate the
LaBSE scores for the whole Samanantar Corpus.

We also computed the LaBSE scores on the PMI corpus, which is a
good quality Hindi-Marathi parallel corpus.

We computed the average LaBSE score which turned out to be 0.89.
So we chose 0.9 as the threshold LaBSE score.

LaBSE model provided by the huggingface :
https://huggingface.co/sentence-transformers/LaB$&



Samanantar LaBSE Data Analysis

LaBSE score Range No. of Parallel Sentences
>=0.9 3,54,315
>=0.91 2,89,802
>=0.92 2,32,187
>=0.93 1,80,776
>=0.94 1,36,200
>=0.95 97,860
>=0.96 65,167
>=0.97 38,699
>=0.98 17,796
>=0.99 4,103
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LaBSE based Filtering

« We extracted 3.5L sentences from Samanantar Corpus that had a
LaBSE score of 0.9 and above.
« The train, tune split for this model is given below

Corpus #Train #Tune + Test
Combined Corpus 6,07,832 14,390
+ Tatoeba

(ILCI + PMI + PIB
+Bible +Tatoeba)

Samanantar_labse 3,54,314 -
(labse>=0.9)
Total 9,62,146 14,390
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Implementation (1/2)
* Training
— We have used transformer architecture for all our models.

— We trained the NMT model with the help of OpenNMT-py
library

OpenNMT-py is an open source Toolkit
https://github.com/OpenNMT/OpenNMT-py 167



Implementation (2/2)

Training

— The parameters for the transformer model are shown below

Encoder Type Transformer
Decoder Type Transformer
Number of layers in encoder/decoder 6
Number of attention heads 8
Size of encoder embedding dimensions 512
Dropout 0.1
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Results (1/5)

 Hindi-Marathi MT model

Models BLEU Score
WAT21 ILCI
Baseline 13.8 33.2
Without LaBSE 16.9 33.0
filtering
LaBSE filtering 17.8 33.2

We used sacrebleu python library to calculate the BLEU scores.

https://github.com/mjpost/sacrebleu
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Results (2/5)

« Hindi-Marathi MT Model
— We see an increment of 4 BLEU score points in LaBSE filtered
model as compared to Baseline on WAT?21 test data.

— Increment of 1 BLEU score points as compared to the “without
LaBSE filtered model” on WAT21 test data.

— We also see that the BLEU score on ILCI dataset remains the
same for Baseline and LaBSE filtered model, while it decreases
by 0.2 points for “without LaBSE filtered model”.
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Results (3/5)

Marathi-Hindi MT model

Models BLEU Score
WAT21 ILCI
Baseline 221 37.4
Without LaBSE 21.6 33.6
filtering
LaBSE filtering 25.1 37.9
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Results (4/5)

Marathi-Hindi MT Model

Increment of 3 BLEU score points in LaBSE filtered model as
compared to Baseline on WAT21 test data.

Increment of 4 BLEU score points as compared to “without LaBSE
filtered model” on WAT?21 test data.

We also see that the BLEU score on ILCI dataset, increments by
0.5 for LaBSE filtered model as compared to Baseline, while it
decreases by 4 points for “without LaBSE filtered model”.

This is because the Samanantar corpus doesn’t consist of the
in-domain data of ILCI dataset.
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Results (5/5)

 We also computed the 10 ]
Spearman’s rank correlation
coefficient between LaBSE and
Distilled PML scores.

Distilled PML
14 (=4
o @

o
+
L

 These scores were computed on
a set of 5000 Hindi-Marathi S . —
0.2 03 04 05 0.6 0.7 08 09 10

parallel sentences. LaBSE score

Scatter plot of LaBSE and Distilled
PML scores

 The correlation coefficient turned
out to be 0.38
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Summary

Neural Machine Translation systems are “data-hungry”.
But the quality of the parallel data is as important as the quantity.

We presented an approach to extract good quality parallel data from
the Samanantar Corpus using the LaBSE score to improve the Hi-Mr
MT systems.

This helped us defeat the Baseline Hi-Mr MT systems.
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Phrase Table Injection (1/3)

e In this technique, phrase table is extracted from the
Source-Target parallel corpus.

e Finally the Source-Target NMT model is trained using
the Source-Target Parallel Corpus and Source-Target
Phrases.
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Phrase Table Injection (2/3)

En-Mr [

—
Train )
Extract \ En-Mr
NMT Model
/"—R

v

En-Mr
Phrase ——
Table

—— 178




Phrase Table Injection (3/3)

 Dataset

Train

Test (WAT 2021)

Number of Sentences

250,347

2390

* Results
BLEU Score
Baseline 16.26
Phrase Table Injection 17.15

[12]
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Pivoting

e Pivoting means utilizing the resources of a related
high-resource language for the task of translation between
language pairs involving low resource language.

e Example:
o Utilizing the resources of Hindi for the task of translation
between English-Marathi.
o Utilize the resources of English for the task of translation
between Hindi-Marathi or distant language pairs like

Russian-Marathi.
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Pivoting: Cascade Models

e (Cascade Model

Source Sentence

| Source-Pivot
Model

Pivot Sentence

| Pivot-Target
Model

Target Sentence
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Pivoting: Cascade Models

Advantages

e Translation between language pairs that don’t have sufficient parallel
corpus, but each of those language has sufficient parallel corpus with pivot
language (for example English).
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Pivoting: Cascade Models

Disadvantages

e Double Decoding Time
o As the source sentence is passed through two NMT models the
decoding time is doubled.

e Propagating Errors
o As the source sentence is passed through two NMT models, each
model introduces its own errors in translation.
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Pivoting: Combined Corpus Model

e In this technique, first the Source-Target and
Source-Pivot parallel corpus are combined and a NMT
model is trained on this combined data.

e This model is then used as an initialization and the final
Source-Target NMT model is trained by finetuning on
the Source-Target Parallel corpus.
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Pivoting: Combined Corpus Model

| En-Hi — i)
En-Hi Train

—p
En-Mr NMT Model
En-Mr —  NOR

En-Mr

Finetune R=aEIREY[S
NMT Model
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Pivoting: Combined Corpus Model

e Initially training the model on combined (En-Hi, En-Mr)
the model learned some representation and knowledge

from the pivot language data (En-Hi).
e This representation and knowledge can be useful for the

final task of En-Mr translation.

186



Pivoting: Combined Corpus Model

Dataset

Train

Test (WAT 2021)

Number of Sentences

250,347

2390

Results

BLEU Score
Baseline 16.26
Combined Corpus 18.02

[12]
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Pivoting: Direct Pivoting Model

In Direct Pivoting technique we initially train 2 models:

source-to-pivot and pivot-to-target.

Then we initialize the encoder and decoder of the
source-to-target model using the encoder of
source-to-pivot model and decoder of pivot-to-target
model.

Then we finetune the source-to-target model on
source-target parallel data.
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Plvotlng Direct Plvotlng Model

Pivot
Decoder

Source
Encoder

Initialize

Finetune

[13]

Source-Pivot NMT
(Task 1)

Source
Encoder

Initialize

Source-Target NMT
(Task 3)

Pivot
Encoder

Pivot-Target NMT
(Task 2)
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Pivoting

 Dataset

. Direct Pivoting Model

Train

Test (WAT 2021)

Number of Sentences

250,347

2390

 Results
BLEU Score
Baseline 16.26
Direct Pivoting 16.68

[12]
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Multilingual NMT

e Motivation

o Translation between N languages to N languages will
require O(N”*2) models.

o A single N-to-N multilingual model can translate
between all O(N*2) language directions.

o Multilingual Models share knowledge between all
languages improving performance for low resource
language pairs.
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[<MR> The tree is very tall. ——

Multilingual NMT

| <HI> The tree is very tall. |

Shared Encoder Shared Decoder

<EN>Te@UIE I,

Multilingual NMT System

> 981 Sgd T 8 | |

« Parameter sharing: Shared encoder and decoder
* Need to find the right amount of shared parameters

_ﬁ:the tree is very high

Johnson, Melvin, Mike Schuster, Quoc V. Le, Maxim Krikun, Yonghui Wu, Zhifeng Chen, Nikhil Thorat et al. "Google’s multilingual neural machine
translation system: Enabling zero-shot translation." Transactions of the Association for Computational Linguistics 5 (2017): 339-351.
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Google’s MNMT System (Johnson et al.,
2017)

Table 2: One to Many: BLEU scores for single language
pair and multilingual models. *: no oversampling

Table 1: Many to One: BLEU scores on for single lan-
guage pair and multilingual models. *: no oversampling

Model Single Multi  Diff

WMT De—En 3043 30.59 +0.16
WMT Fr—En 3550 35.73 +0.23
WMT De—En* 3043 3054 +0.11
WMT Fr—En* 35.50 36.77 +1.27
Prod Ja—En 2341 23.87 +0.46
Prod Ko—En 2542 2547 +0.05
Prod Es—En 38.00 38.73 +0.73
Prod Pt—En 4440 45.19 +0.79

Model Single Multi  Diff

WMT En—De 24.67 2497 +0.30
WMT En—Fr 3895 36.84 -2.11
WMT En—De*  24.67 22.61 -2.06
WMT En—Fr* 3895 38.16 -0.79
Prod En—Ja  23.66 23.73  +0.07
Prod En—Ko 19.75 19.58 -0.17
Prod En—Es 3450 35.40 +0.90
Prod En—Pt 3840 38.63 +0.23

A single multilingual model
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Massively Multilingual Neural
Machine Translation

e Trained Multilingual model on 59 languages. (Aharoni et
al., 2019)

En-Az En-Be En-GlI En-Sk | Avg.
# of examples | 5.9k 4.5k 10k 61k 20.3k
baselines 2.16 247 3.26 5.8 342
one-to-many | 5.06 10.72  26.59 24.52 | 16.72
many-to-many | 3.9 724 2378 21.83 | 14.19

En-Ar En-De En-He En-It | Avg.

# of examples | 213k 167k 211k 203k | 198.5k
baselines 12.95 2331 2366 3033 | 22.56
one-to-many | 16.67 30.54 27.62 35.89 | 27.68
many-to-many | 14.25 2795 24.16 33.26 | 249

Table 3: En—X test BLEU on the TED Talks corpus 194



Unsupervised MT
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Unsupervised MT

* No parallel corpus
* Train using only monolingual data
 However, the requirement is:

— Large monolingual corpus

— Cross-lingual Word Embeddings
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Cross-lingual Word Embeddings

The geometric relations that hold
between words are similar across
languages.

— For instance, numbers and
animals in English show a similar
(isomorphic) geometric structure
as their Spanish counterparts.

The vector space of a source

languages can be transformed to the
vector space of the target language t
by learning a linear projection with a

transformation matrix Wsﬁt

Image source- www.mikelartetxe.com
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Input layer

Autoencoder

Output layer

Hidden layer
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Representation learning

Neural network to learn

reconstruction of the data

Optimize Reconstruction

Error

Balance between

— Accurately build a
reconstruction

— Handle inputs such that
the model doesn’t learn
to copy the data
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Denoising auto-encoder
G (=5 () * Leam o generate orgina
version of it
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0 @A NN

OO (0

Corrupted data
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Denoising auto-encoder

Noisy sentence

Encoder

Decoder

Original sentence

Encoder representation is the
representation for noisy sentence
Decoder tries to generate the original
sentence from the encoder representation
of the noisy sentence
A sentence can be corrupted using
different types of noise

o Swapping of words

o Removal of words

o Replacement of words with other

words
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e Utilize monolingual data of target language

Back-Translation

e Generate pseudo parallel data using MT system in opposite direction
(target->source)

Monolingual
data of L2

_

MT system (L2>-L1)

Translated
sentences

Generation of
pseudo parallel
sentences

e Train MT system (L1->L2) using a combination of parallel and generated
synthetic data both

Sennrich, Rico, Barry Haddow, and Alexandra Birch. "Improving Neural Machine Translation Models with Monolingual
Data." In Proceedings of the 54th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long
Papers), pp. 86-96. 2016.
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lterative Back-Translation

D=Parallel corpus
T SD=Synthetic data
Train MT , _, , using D D=DUSD
Generate synthetic data(SD) for MT . _ , using Generate synthetic data(SD) for MT , _, , using
MT .14 MT .10
D=DUSD Train MT, _, , using D

| ]
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lterative Back-Translation

Setting French-English English-French Farsi-English English-Farsi
100K IM 100K IM 100K 100K
NMT baseline 16.7 24.7 18.0 25.6 21.7 16.4
back-translation 7574 27.8 215 27.0 22.1 16.7
back-translation iterative+1  22.5 - 22.7 - 22.7 171
back-translation iterative+2  22.6 - 22.6 - 22.6 172

e Beneficial for Low resource languages

Hoang, Vu Cong Duy, Philipp Koehn, Gholamreza Haffari, and Trevor Cohn. "lterative back-translation for neural machine

translation." In Proceedings of the 2nd Workshop on Neural Machine Translation and Generation, pp. 18-24. 2018.
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Language model pretraining for
Unsupervised NMT
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General Framework

( Language Model

L1

Monolingual Pre-Training
Corpus
I
1
|
\ /
L2 Unsupervised

Monolingual
Corpus

NMT Fine Tuning

— >  Pre-Training

__________ » Fine-Tuning



MBERT (Devlin et al., 2019)

« Unsupervised pre-training

« Transfer learning with language models

 MLM (Masked language modeling objective) + Next
sentence prediction

* Fine-tuned for language understanding and question
answering tasks

Kenton, Jacob Devlin Ming-Wei Chang, and Lee Kristina Toutanova. "Bert: Pre-training of deep bidirectional transformers for language understanding."”
In Proceedings of NAACL-HLT, pp. 4171-4186. 2019.
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MuRIL (Khanuja et al., 2021)

« Multilingual LM for Indic languages (16 indic languages
and english).

« Transliterated data (Native — Latin)

 MLM (Masked language modeling) + TLM (Translation
language modeling) objective

* Fine-tuned for language understanding and question
answering tasks

Khanuja, Simran, Diksha Bansal, Sarvesh Mehtani, Savya Khosla, Atreyee Dey, Balaji Gopalan, Dilip Kumar Margam et al. "Muril: Multilingual
representations for indian languages." arXiv preprint arXiv:2103.10730 (2021).
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XLM Pre-Training (Conneau et
al.,2019)

[ Encoder
e ﬁ****é&
Layer
pw [ [ [z =] a1 5] e
e Lo J Lo | o | [ o | o | [o | [ 0o |
L | L v | [ = | [ | [te | | = | [« |

Conneau, Alexis, and Guillaume Lample. "Cross-lingual language model pretraining." Advances in Neural Information Processing
Systems 32 (2019): 7059-7069.zy
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XLM Fine Tuning

e Perform fine-tuning using
o lIterative back-translation
o Denoising auto-encoding
e Alternate between the two objective
e Denoising auto-encoding helps in better training of the

decoder

209



MASS Pre-Training (Song et al., 2019)

(e ] [merg@]

[ Encoder H Decoder + Attention }
e ‘ A ‘ A ‘ ‘ & *
Layer

foewere [0 ] [0 ] 2] [3][4][5] (2 ] [ ]
tpgese Lo | Lo | o] [o ]| [o] [0 ] [o ] [o]
] T T T 1 T
[ 1 | [went| | o | | = | | = | | ket | | to | | the |

« Perform fine-tuning using : lterative back-translation

Song, Kaitao, Xu Tan, Tao Qin, Jianfeng Lu, and Tie-Yan Liu. "MASS: Masked Sequence to Sequence Pre-training for Language
Generation." In International Conference on Machine Learning, pp. 5926-5936. PMLR, 2019. 210



BART Pretraining

e Trained by
o Corrupting text with
an arbitrary noising
function
o Learning a model to
reconstruct the
original text.
e Denoising full text
e Multi-sentence level

Lewis, Mike, Yinhan Liu, Naman Goyal,
Marjan Ghazvininejad, Abdelrahman
Mohamed, Omer Levy, Ves Stoyanov, and
Luke Zettlemoyer. "BART: Denoising
Sequence-to-Sequence Pre-training for
Natural Language Generation, Translation,
and Comprehension." Proceedings of the
58th Annual Meeting of the Association for
Computational Linguistics, (ACL 2020)

For each
batch

Randomly
select from
{src,tgt}

O

go

Bi-directional Encoder

l

1
<s> - -
D
I = e -
C
go = | 0 g
d
to - e -
;
school =» -
—

go
to

school

daily
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BART pretraining (possible noising
steps) (Lewis et al. 2020)

Token Masking My _is John. | __school daily.

Token deletion My name John. | go to daily.
My name is John. |
go to school daily.

Text infilling My John.lgo .
Original document

Sentence permutation | go to school daily. My name is

John
Document rotation name is John. | go to school
daily. my




MBART (Liu et al 2020)

e A sequence-to-sequence denoising auto-encoder

pre-trained on large-scale monolingual corpora in many
languages using the BART objective
e Unsupervised NMT

- BART pretraining using monolingual corpora of
multiple languages + Iterative Back-Translation

Yinhan Liu, Jiatao Gu, Naman Goyal, Xian Li, Sergey Edunov, Marjan Ghazvininejad, Mike Lewis, and Luke Zettlemoyer.
Multilingual denoising pre-training for neural machine translation. arXiv2020.



mBART (Liu et al 2020)

e Pre-training using BART objective on multiple languages

Similar Pairs

Dissimilar Pairs

Model En-De En-Ro En-Ne En-Si
— — — — — - - =
Random 21.0° 172 194 212 00 :00 00 00
XLM (2019) 343 264 318 333 05 01 01 0.1
MASS (2019) 35.2 283 33.1 35.2 - - - -
mBART 340 298 305 350 100 44 82 39

Results: mBART (only on source and target language) pretraining for

unsupervised NMT

En-De and En-ro are only
trained using specified source
and target languages

En-Ne and En-Si, the
pretraining is performed using
mMBART on 25 languages.
MBART also generalizes well
for the languages not seen in
pretraining.

Yinhan Liu, Jiatao Gu, Naman Goyal, Xian Li, Sergey Edunov, Marjan Ghazvininejad, Mike Lewis, and Luke Zettlemoyer.
Multilingual denoising pre-training for neural machine translation. arXiv preprint arXiv:2001.08210, 2020.



Unsupervised NMT for Indic
Languages
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Motivation

Unsupervised NMT for Indic languages

There is lot of cognate overlap between some of the Indic

language pairs

Baseline UNMT (MASS pretraining + lterative

back-translation)

— low performance for language-pairs with low lexical
overlap.
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Language Number of Sentences

Data

Monolingual data: Al4Bharat’
Test and validation data:

Bengali 7.21 M Combination of ILCI> and WAT 2020
Gujarati 7.89 M indicemi3
s Py multi-indic-mt° task data (only
Malayalam 9.93 M common sentences are fetched to
Marathy 1370 4 create validation and test data for
Tamil 21.00 M . L ] .
Telugu 15.20 M indic-indic language pairs)
Language-pair Size of test data Size of validation data
ILCI WAT ILCI WAT

bn - hi 2000 0 500 382

gu - hi 2000 1403 500 412

ml - hi 2000 869 500 385

mr - hi 2000 1098 500 353

ta - hi 2000 1129 500 371

te - hi 2000 851 500 338

' https://indicnlp.ai4bharat.org/corpora/

2 Jha, Girish Nath. "The TDIL program and the Indian language corpora initiative." In Language Resources and Evaluation Conference. 2012.
3 http://lotus.kuee.kyoto-u.ac.jp/WAT/indic-multilingual/
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Approaches

The lexical divergence between source and target
languages play a big role in the success of UNMT.

We explore following approaches

Baseline unsupervised NMT (MASS pretraining + iterative
back-translation)

Script conversion (Transliteration to a common script)

Unsupervised bilingual embedding based initialization to
bring the vocabulary of the two languages closer

Dictionary word substitution using a bilingual dictionary.

Randomly replace whole words in the sentence with the corresponding word
translation obtained from a ground truth bilingual dictionary as a
preprocessing step
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Results: Language-pairs with High Lexical Overlap

BLEU CHRF2
hi -bn bn—hi hi—-=bn bn— hi
Original Seript 0.9 1.43 0.16 0.17
Bilingual BPE Embeddings 0.62 0.82 0.14 0.15
Anchored Cross-lingual Pre-training 0.38 0.78 0.15 0.16
Code Switching Pre-training 0.35 0.54 0.13 0.14
Dictionary Word Substitution 0.95 1.59 0.17 0.17
Transliteration (T) 5.60 7.53 0.34 0.34
Bilingual BPE Embeddings + T 7.60 10.65 0.37 0.37
Anchored Cross-lingual Pre-training + T 4.78 8.58 0.32 0.34
Code Switching Pre-training + T 2.70 3.46 0.26 0.26
Dictionary Word Substitution + T 8.34 12.16 0.39 0.37
BLEU CHRF2
hi -gu gu—-hi hi—=gu gu-— hi
Original Script 11.36 12.99 0.32 0.31
Bilingual BPE Embeddings 16.5 19.57 0.40 0.40
Anchored Cross-lingual Pre-training 6.92 9.57 0.25 0.28
Code Switching Pre-training 281 231 0.16 018
Dictionary Word Substitution 9.83 11.14 0.29 0.29
Transliteration (T) 21.72 26.01 0.53 0.53
Bilingual BPE Embeddings + T 21.72 26.01 0.56 0.56
Anchored Cross-lingual Pre-training + T 17.77 24.33 0.48 0.51
Code Switching Pre-training + T 12.92 14.54 0.41 0.41
Dictionary Word Substitution + T 26.38 33.02 0.57 0.58
BLEU CHRF2
hi—-mr mr — hi hi - mr mr — hi
Original Seript 9.49 15.89 0.40 041
Bilingual BPE Embeddings 10.85 18.57 0.43 0.4
Anchored Cross-lingual Pre-training 7.86 12.79 0.36 0.39
Code Switching Pre-training 5.91 7.53 0.3 0.31 219

Dictionary Word Substitution 12.11 20.37 0.44 0.45




Results: Language-pairs with Low Lexical Overlap

BLEU CHRF2
hi +ml ml—-hi hi—ml ml-— hi
Original Script 0.00 0.44 0.16 0.15
Bilingual BPE Embeddings 0.15 0.79 0.18 0.15
Anchored Cross-lingual Pre-training 0.00 0.00 0.31 0.15
Code Switching Pre-training 0.00 0.21 0.14 0.14
Dictionary Word Substitution 0.00 0.39 0.17 0.15
Transliteration (T) 0.46 225 0.23 0.22
Bilingual BPE Embeddings + T 0.95 3.66 0.27 0.25
Anchored Cross-lingual Pre-training + T 0.2 1.28 0.17 0.2
Code Switching Pre-training + T 0.17 0.43 0.16 0.17
Dictionary Word Substitution + T 1.04 1.04 0.28 0.25
BLEU CHRF2
hi — ta ta — hi hi — ta ta — hi
Original Script 0.22 0.59 0.21 0.15
Bilingual BPE Embeddings 0.47 0.08 0.14 0.01
Anchored Cross-lingual Pre-training 0.39 0.67 0.15 0.16
Code Switching Pre-training 0 0 0.18 0.13
Dictionary Word Substitution 0 0.39 0.2 0.14
Transliteration (T) 0.43 115 0.23 0.18
Bilingual BPE Embeddings + T 0.92 2.46 0.27 0.21
Anchored Cross-lingual Pre-training + T 1.67 2.34 0.22 0.24
Code Switching Pre-training + T 0.24 0.44 0.19 0.14
Dictionary Word Substitution + T 0.94 2.58 0.27 0.20
BLEU CHRF2
hi - te te — hi hi — te te — hi
Original Script 0.49 1.35 0.17 0.17
Bilingual BPE Embeddings 119 2.59 0.2 0.19
Anchored Cross-lingual Pre-training 0.38 0.7 0.15 0.16
Code Switching Pre-training 0.21 0.48 0.14 0.15
Dictionary Word Substitution 0.38 0.68 0.15 0.15
Transliteration (T) 167 3.45 0.24 0.25
Bilingual BPE Embeddings + T 3.11 6.9 0.30 0.31
Anchored Cross-lingual Pre-training + T L.71 238 0.22 0.24
Code Switching Pre-training + T 0.87 143 0.19 0.21 220

Dictionary Word Substitution + T 3.38 7.8 0.31 0.32




Lexical Similarity versus BLEU score

100 - - . aipee
—— QOriginal Script, r = 0.0472

—— Transliteration, r = 0.4074
Transliteration + Using Bilingual BPE Embeddings, r = 0.4144 -
—— Transliteration + Using Dictionary Word Substitution, r = 0.4049
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Lexical Similarity versus BLEU score

30 - —— Original Script, r = 0.1519

—— Transliteration, r = 0.2491
Transliteration + Using Bilingual BPE Embeddings, r= 0.2712
Transliteration + Using Dictionary Word Substitution, r = 0.2778
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The correlation between
lexical similarity between
source and reference
sentences and BLEU score
for Hindi — Malayalam.

r value with original script is
very low.
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Shared Vocabulary

Original Script Shared Script

Lang-pair % source tokens % target tokens % source tokens % target tokens
(src - tgt) present in target present in source present in target present in source

bn - hi 4.04 121 13.65 4.07
gu - hi 2.86 1.3 19.43 8.88
ml - hi 0.0 0.0 1.1 1.82
mr - hi 14.15 11 14.15 7.11
ta - hi 0.0 0.0 0.62 1.09
te - hi 0.45 0.36 3.65 2.87

Statistics on Lexical overlap between the two languages
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* Fluent but inadequate translations

Qualitative Analysis

Source SYHHQM@ED allgmuony
Malayalam
¥ (Devanagari) Ffeaarge e
(English meaning) Take as much as you can eat
Reference A IFN A A, Fa @ 2
Translation by Original Script UgeaE A dex @ Farer S |
L (Gloss) wrestler has waiter removed
Hindi .
Translation by Transliteration FHAARE i Y fRyar aridht .
(Gloss) to-do go are is these thinking closely
Translation by Bilingual BPE Embeddings + T 9o HE o, A I
(Gloss) food to-do these utensils
Translation by Dictionary Word Substitution + T @ & fo A v

(Gloss)

eating of for these fruits
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Qualitative Analysis

* Meaning drift due to transliteration

Baniai Source & 13 6136 (WA Bejd |
n (Devanagari) gfes o3 Tersa 3 ELG]

(English meaning) Adopt a healthy life-style
Reference ol [SIESIRSEIEG] YA |
Translation by Original Script H\’@iﬁ % R IH |, dgcidl

Hindi (Gloss) lotsburg frame care start, panic
Translation by Transliteration gl g% ¥Clgel P folv ot wE:
(Gloss) healthy life-style for walking are
Translation by Bilingual BPE Embeddings + T gl e ¥eTse Ht Ut WEl '
(Gloss) healthy life-style too walk doing is
Translation by Dictionary Word Substitution 4+ T 2o I8 FeTgel & foll 9 %8 &
(Gloss) healthy life style for walking are

* B9 (Chaluna) — to go, (319 5]« (mene chaluna) —maintain

» The Hindi translation for the verb chaluna is gt (chalo).
[This happens because of transliteration and bilingual
embeddings] 225



Summary

« Current state of the art approaches in unsupervised NMT
* Analysis of Unsupervised NMT for Indic languages

— The lexical divergence between source and target language plays
an important role.

— 3 approaches to bridge lexical divergence between source and

target languages
» Script conversion
 Initialization using bilingual embeddings
« Dictionary word substitution
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Machine Translation
Demonstration
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Automatic Post Editing
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Motivation

Machine Translation (MT) systems : far from perfect

Requirement of post-processing through human intervention

— Generation of parallel data (mt_op <--> post-edited
mt_op)

Can we automate the post-processing phase using this data?

Use cases:

— ldeal: to eliminate the need of human involvement.

— Black-box scenario: To further improve translations by
identifying and correcting recurring MT errors

— Adapt terminologies for a specific domain
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Problem Statement

« Automatic Post Editing (APE) : Given the translations generated

by a machine translation system, generate corrected versions of
them which are publishable.

— The edits should be minimal.

* In a supervised setting, training data contains triplets:

* Source sentence: People can get COVID-19 even after
vaccination.

* MT translation: SfEeUTHIAg! ellehlell &hITds - 19 THey 2rehal .

* Human post-edited version: THTHIOTTARE! AlhlelT SIS - 19 BIF
Qrehdl .

* Input: MT translation, Output: Human post-edited version 231



Categorization of APE systems

« APE Systems can be categorized as follows:
— Accessibility of MT System: Black-box or Glass-box
— Type of Post-editing Data: Real or Synthetic
— Domain of the Data: General or Specific
« We focus on:
— Black-box scenario
— Real as well as Synthetic Data
— Domain Specific APE systems
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Challenges (1/2)

 Data:
— Deep Learning based Methods: data-hungry
— Data Sparsity

— Increased complexity: Same error can be corrected in more
than one way

— Coverage of error-correction patterns
— Requirement of new datasets
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Challenges (2/2)

* Technology :

Neural APE systems: Follow similar trend as MT

Joint modelling of SRC and MT_OP helps, but increases
data sparsity

Poses a risk of unnecessary edits
Issue of overfitting

Requirement: Techniques resilient to problem of
over-correction, and can work in low-resource settings
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APE Paradigms (1/2)

 APE task: a monolingual translation task
— The same MT technology has been used for APE
* Rule-based APE:
— Not much work done
— Uses precise PE rules
— The rules might not be capturing all possible scenarios
— Not portable across domains
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APE Paradigms (2/2)

 Phrase-based APE:
— Dominated the APE field for a few years

— Showed significant improvements when underlying MT
system was rule-based

— Limited improvements when underlying MT system was
SMT

 Neural APE:
— Current-state-of-the-art

— Showed significant improvements when underlying MT
system is SMT
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Terminologies

SRC: source language sentence

MT_OP: translation of SRC generated using a MT system
MT _REF: reference target language sentence for the SRC
PE_ REF: Human post-edited version of MT_OP

PE_OP: Output generated by the APE system

Triplet: (SRC, MT_OP, PE_REF)

Example:

— SRC: People can get COVID-19 even after vaccination.

—  MT_OP: THIh{UTTAE! cilehlell shifds - 19 fAey Ahdl .

— PE_REF: JHISUIdRE! AlehlelT ShITds - 19 g3 erhal .
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WMT APE Shared Tasks
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WMT APE Shared Task

WMT APE Shared Task is hosted every year since 2015

Considers the black-box scenario

APE data is shared across participants

— Train, development data: (SRC, MT_OP, PE_REF)

— Test data: (SRC, MT_OP)

Participants submit PE_OP for the test set

The submitted systems are evaluated over the benchmark datasets

Evaluation metrics used for rankings
— TER and BLEU
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WMT APE Shared Task

« Baseline APE systems:
— “do nothing” APE system
* Does not make any modification to MT_OP,
l.e. PE_OP =MT_OP
» Participants are allowed to use any external data.
* Optional resources - Synthetic corpora:

— Atrtificial Corpus (4 Million triplets) [6]
— eSCAPE corpus (14.4 Million triplet) [7]
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WMT15 APE Shared Task

Pilot round

Language pair: English - Spanish

Domain: News

Data: Train (12,000), Development (1,000), Test(2,000) triplets
PE_REF was collected through crowd-sourcing

Number of submissions: 7

All the submissions were based on phrase-based technology
None of the submissions beat the baseline
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WMT15 APE Shared Task

- Difference between * Results:
— the baseline and top ID Avg. TER
ranked system: -0.315 Baseline 22.913
TER points FBK Primary 23.228
— the phrase based APE LIMSI Primary 23.331
and top ranked system: USAAR-SAPE 23.426
0.926 LIMSI Contrastive 23.573
. It was hypothesized that the Abu-MaTran Primary 23.639
poor results are due to FBK Contrastive 23.649
origin, quantity and domain (Simard et. al) [124] 23.839
of the data. Abu-MaTran Contrastive 24.715

Image Source: [1] 242



WMT16 APE Shared Task

Language pair: English - German

Domain: IT domain

Data: Train (12,000), Development (1,000), Test(2,000) triplets
PE_REF was collected through professional post-editors
Number of submissions: 11

Except two, rest of the submissions were based on phrase-based
technology

/ teams crossed the baseline.
The top ranked system used
— RNN based encoder-decoder model with attention

— Atrtificially generated Data of around 4 million triplets (Using
Back Translation) 243



WMT16 APE Shared Task

 Difference between

— the baseline and top
ranked system: 3.24
TER points

— the phrase based APE
and top ranked system:
3.12

 Have the results improved
due to change of data or
due to technology shift?

Image Source: [1]

Results:

ID Avg. TER () | BLEU (1)
AMU Primary 21.52 67.65
AMU Contrastive 23.06 66.09
FBK Contrastive 23.92 64.75
FBK Primary 23.94 64.75
USAAR Primary 24.14 64.10
USAAR Constrastive 24.14 64.00
CUNI Primary 24.31 63.32
(Simard et al.)[124] 24.64 63.47
Baseline 24.76 62.11
DCU Contrastive 26.79 58.60
JUSAAR Primary 26.92 59.44
JUSAAR Contrastive 26.97 59.18
DCU Primary 28.97 55.19
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WMT17 APE Shared Task

Language pairs and domain:

— English - German (IT)

— German - English (Medical)

Data for English-German: Train (11,000), Test(2,000) triplets

Data for German-English: Train(25,000), Dev(1,000), Test(2,000)
Number of submissions: 15 (English-German), 5(German-English)

Most of the submissions were based on neural approaches, and
beat the baseline except one system.

The top ranked system followed neural APE approach:
— Used multi-source APE System

— Trained the system over synthetic corpus and fine-tuned on the
provided in-domain data 245



WMT17 APE Shared Task

Results (English-German):

 Difference between

— the baseline and top
ranked system: 4.88
TER points

— the phrase based APE

and top ranked system:

5.09 TER points

Image Source: [2]

D Avg. TER (]) | BLEU (1)
FBK Primary 19.6 70.07
AMU Primary 19.77 69.5
AMU Contrastive 19.83 69.38
DCU Primary 20.11 69.19
DCU Contrastive 20.25 69.33
FBK Contrastive 20.3 69.11
FBK_ USAAR Contr. 21.55 67.28
USAAR Primary 23.05 65.01
LIG Primary 23.22 65.12
JXNU Primary 23.31 65.66
LIG Contrastive-Forced 23.51 64.52
LIG Contrastive-Chained 23.66 64.46
CUNI Primary 24.03 64.28
USAAR Contrastive 24.17 63.55
Baseline 24.48 62.49
(Simard et al.)|[124] 24.69 62.97
CUNI Contrastive 25.94 61.65
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WMT17 APE Shared Task

 Difference between

— the baseline and top
ranked system: 0.26
TER points

— the phrase based APE

and top ranked system:

0.45 TER points

» Difference between the
baseline and phrase based
APE can be seen as an
indicator of task difficulty
level.

Image Source: [2]

Results (German-English):
ID Avg. TER () | BLEU (1)
FBK Primary 15.29 79.82
FBK Contrastive 15.31 79.64
LIG Primary 15.53 79.49
Baseline 15.55 79.54
LIG Contrastive-Forced 15.62 79.48
LIG Contrastive-Chained 15.68 79.35
(Simard et al.)[124] 15.74 79.28
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WMT18 APE Shared Task

Language pairs and domain: English - German (IT)

Two different MT systems: PBMT, NMT

Data for PBMT: datasets released in earlier rounds

Data for NMT: Train (13,442), Dev (1,000), Test (1,023)

Number of submissions: 11 (PBMT), 10 (NMT)

All the submissions were based on neural approaches

This allowed to compare the effectiveness of neural APE systems
The top ranked system:

— Used multi-source APE System and transformer architecture

— Trained the system over large synthetic corpus and fine-tuned
on the provided in-domain data

248



WMT18 APE Shared Task

» Difference between the
baseline and top ranked
system: 6.24 TER points

Image Source: [3]

* Results (PBMT):

TER BLEU
ID (pe) | (pe)
MS _UEdin Primary 18.0 T2.52
FBK Contrastive (MRT+MLE) 18.62 | 71.04
FBK Primary (MRT) 1894 | 71.22
POSTECH Contrastive (fix5) 19.63 | 69.87
POSTECH Primary 19.72 | 69.8
POSTECH Contrastive (var5) 19.74 | 69.7
USAAR_DFKI Primary 22.69 | 66.16
USAAR_DFKI* 22.88 | 66.05
DFKI-MLT Primary (Transf.large) 24.191 | 634
Baseline 2424 | 62.99
DFKI-MLT Contrastive (Transf.base) | 24.51 | 62.78%
DFKI-MLT Contrastive (LSTM) 25.3 62.1
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WMT18 APE Shared Task

. Difference between the * Results (NMT):

TER BLEU
baseline and top ranked ID (pe) | (pe)
system: 0.38 TER points FBK Primary (MRT) 1646 | 75.53

MS_UEdin Primary 16.5 75.44
FBK Contrastive (MRT+MLE) 16.55 | 75.38
POSTECH Contrastive (topl) 16.71 75.14
POSTECH Primary (fix5) 16.717 | 75.13
POSTECH Contrastive (var5) 16.717 | 75.2

Baseline 16.84 | 74.73
USAAR_DFKI Primary 17.23 | 74.22
DFKI-MLT Contrastive (Transf.base) | 18.84 | 70.87
DFKI-MLT Primary (Transf.large) 18.86 | 70.98
DFKI-MLT Contrastive (LSTM) 19.88 | 69.35

Image Source: [3] 250



WMT18 APE Shared Task

* Findings:
— The difficulty of the APE task: proportional to quality of
machine translation system.
— ltis easier to improve translations generated from a PBMT

system, using neural APE. But, this is not the case when
underlying MT is the NMT system.

— Systems used the eSCAPE and Artificial corpora. The good
improvements in results can be attributed to use of huge
amount of synthetic data, along with the technology
developments.
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WMT19 APE Shared Task

Language pairs and domain: English-German, English-Russian (IT)
Underlying MT system: Neural

Data for English-German: datasets released in earlier rounds

Data for English-Russian: Train (15,089), Dev (1,000), Test (1,023)
Number of submissions: 18 (English-German), 4 (English-Russian)

The quality of English-Russian MT system was much higher: 76.20
BLEU score. None of the systems beat the baseline.

The top ranked system in the English-german task:

— Explored transfer learning: Adapted BERT-based
encoder-decoder model to APE

— Used the shared encoder 252



WMT19 APE Shared Task

TER points

Image Source: [4]

Difference between

— the baseline and top
ranked system: 0.78

Results (English-German):

TER BLEU

ID (pe) | (pe)

UNBABEL Primary 16.06* | 75.96
POSTECH Primary 16.11* | 76.22
POSTECH Contrastive (var2Ens8) | 16.13* | 76.21
USAAR_DFKI Primary 16.15* | 75.75
POSTECH Contrastive (toplEns4) | 16.17* | 76.15
UNBABEL Contrastive (2) 16.21* | 75.7

UNBABEL Contrastive (1) 16.24* | 75.7

FBK Primary 16.37* | 75.71
FBK Contrastive 16.617 | 75.28
UDS Primary 16.771 | 75.03
IC_USFD Contrastive 16.787 | 74.88
UDS Contrastive (Gaus) 16.791 | 75.03
UDS Contrastive (Uni) 16.807 | 75.03
IC_USFD Primary 16.841 | 74.87
Baseline 1684 7473
ADAPT_DCU Contrastive (SMT) | 17.07 | 74.3

ADAPT_DCU Primary 17.29 | 74.29
USAAR_DFKI Contrastive 17.31 73.97
ADAPT_DCU Contrastive (LEN) 17.41 74.01
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WMT19 APE Shared Task

« Results (English-Russian):

TER
(pe)

* Difference between

— the baseline and top
ranked system: -0.43
TER points

Image Source: [4]

ID
Baseline
ADAPT _DCU Contrastive
ADAPT _DCU Primary
FBK Primary

FBK Contrastive

16.16
16.59
18.31
19.34
19.48

BLEU
(pe)
76.2
75.27
72.9
72.42
72.91
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WMT19 APE Shared Task

* Findings:
— The same test as previous year was used for the

English-German subtask. Four systems were able to beat the
top system of the last year.

— The quality of translations provided for the English-Russian
task was very high. Also, around 60% of the sentences
required no edit. This made the problem more challenging.

— This highlights the problem of over-corrections.
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WMT20 APE Shared Task

Language pairs and domain: English-German, English-Chinese
(Wikipedia)

Data sizes: Train (7,000), Dev (1,000), Test (1,000)

Number of submissions: 11 (English-German), 4 (English-Chinese)
Tradeoff: general domain vs lower quality translations

The top ranked system:

— Followed the architecture of the last year’s winning team

— Instead of using models like BERT, pretrained a NMT model

— Used bottleneck adapter layers to prevent overfitting

— Used external MT candidates. So, the input to APE looked like
(SRC, MT_OP, EXT_MT_OP)
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WMTZ20 APE Shared Task

Results (English-German):

* Difference between

— the baseline and top
ranked system: 11.35
TER points

Image Source: [5]

TER BLEU

en-de  HW-TSC_DIRECT_CONTRASTIVE.pe 20.21  66.89
HW-TSC_CONCAT_PRIMARY.pe 20.52  66.16
MinD-mem_enc_dec_post-CONTRASTIVE 2699  55.77
POSTECH-ETRI_XLM-Top4Ens_.CONTRASTIVE 27.02 5637
MinD-mem_enc_dec-PRIMARY 27.03 5558
POSTECH-ETRI_XLM-Top3Ens_PRIMARY 27.37 5583
BeringLab_modell PRIMARY 27.61 5471
BeringLab_model2_CONTRASTIVE 2796  54.60
POSTECH_TERNoise-nFold-Ens§ _CONTRASTIVE = 28.22 5451
POSTECH.TERNoise-Ops-Ens8_PRIMARY 2841  54.22
Baseline 31.56 50.21
KAISTxPAPAGO_EMT_PRIMARY 3200 49.21
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WMTZ20 APE Shared Task

* Difference between

— the baseline and top
ranked system: 12.13
TER points

Image Source: [5]

« Results (English-Chinese):

TER BLEU
HW-TSC_CONCAT_PRIMARY.pe 4736 37.69
HW-TSC_DIRECT_.CONTRASTIVE.pe 48.01 37.32
POSTECH-ETRI_XLM-Top3Ens_PRIMARY 5492 28.90
POSTECH-ETRI_XLM-Top4Ens CONTRASTIVE 55.08  28.97
Baseline 59.49 23.12
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WMT21 APE Shared Task

Language pairs and domain: English-German, English-Chinese
(Wikipedia)

Data sizes: Train (7,000), Dev (1,000), Test (1,000)

The data is re-translated and so re-post-edited to improve the quality.
Number of submissions: 4 (English-German)

Results:
ID TER BLEU
Netmarble _Contrastive 17.28 71.55
PVIE_Contrastive 17.74 70.54
PVIE_Primary 17.85 70.50
Netmarble_Primary 17.97 70.53

Baseline 18.05 71.07 259



WMT APE Shared Tasks: Summary

Year 2015 | 2016 | 2017 | 2017 | 2018 | 2018 | 2019 | 2019 | 2020 | 2020 | 2021 | 2021
Language En-Es| En-De| En-De| De-En| En-De| En-De| En-De| En-Ru| En-De| En-Zh| En-De| En-Zh
Domain News IT IT| Medical IT IT IT IT IT IT Wiki Wiki
MT Type | PBSMT|PBSMT| PBSMT| PBSMT| PBSMT| NMT| NMT| NMT| NMT| NMT| NMT| NMT

Baseline TER| 22.91| 24.76| 24.48| 15.55| 24.24| 16.84| 16.84| 16.16] 31.56| 59.49| 18.05

ATER -0.32 3.24 4.88 0.26 6.24 0.38 0.78 -0.43 11.35 12.13 0.77

e ATER = Baseline TER - TER of the top-ranked system

* Requirement of post-edits from professional post-editors
« Domain of the data
* Type of underlying MT system and Quality of translations

« Technology Development: Utilization of more and more data

» Uncertainty about effectiveness of current neural approaches
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HW-TSC's APE System

Winner of WMT20 APE Shared Task [8].

Used transfer learning: Fine-tuned a
pre-trained NMT model on the in-domain APE
data

Used data augmentation: translated the

source sentences in the APE data using
Google’s MT system in order to increase
diversity of features.

To control the issue of over-fitting, ‘Bottleneck
Adapter Layers’ are used.

— It is a low-dimensional FNN layer.

Image Source: [8]

e
BAL |

Add &Norm =

[Feed Forward |
V= = :
~ Add &Norm Add &INOfm -
it et
( BAL ) Muhi—Hgad
Feed Forward filoton
\Td&IN Add &Norm =
~ orm 1
BAL .
; ) Masked
Multi-Head Multi-Head
Attention Attention
L O emzni
[ ~ input ] . Somt
L g dding
<=>, SIC, <5>, Mt, <=> mt ' <s5>, pe

on August 23 , 1968 , the
Bills suffered a blowout
preseason loss to the
Houston Oilers . <s>

am 23. August 1968 eriitt die
Bills einen Blowout
Vorsaison Verlust an den
Houston Oilers . <s>

am 23. August 1968 erlitten
Idie Bills einen Verlust vor der]

Saison fUr die Houston
Oilers .

<s>am 23. August 1968
verloren die Bills einen
Blowout-haushoch in der
Vorsaison gegen die
Houston Oilers . </s>
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Data used for training NMT model: WMT19
news translation dataset for English-German,
and WMT20 news translation dataset

APE Data: 7000 triplets (wikipedia domain)

Results on the development set (1000
triplets):

HW-TSC's APE System

| pe, <Is>

qutn_zax_]

Linear

[Feed Forward |
Add &Norm -
‘ Multi—Head ‘
Feed Forward Attention
Add &Norm -
~ Add &Norm [ BAL ]
[ BAL ] “Masked
Multi- Head Multi-Head ‘
Attention Attention
_L—_) Nx ) Nx ==
(o Lo )
¢ m— ‘ o
<S>, SrC, <s>, mt, <s>, mt ' | <>, pe

on August 23 , 1968 , the
Bills suffered a blowout
preseason loss to the
Houston Oilers . <s>

En-De En-Zh
System TER BLEU TER
baseline 31.374 22.62 60417
+ Fine-tuning 25941 31.74 49.257
+ External MT 20959 37.37 47.830
+ Ensemble 20.222 37.83 46918
Submission 20.21 37.69 47.36

am 23. August 1968 eriitt die|
Bills einen Blowout

Image Source: [8]

am 23. August 1968 erlitten

Idie Bills einen Verlust vor der]

Saison fUr die Houston
Oilers .

<s>am 23. August 1968
verloren die Bills einen
Blowout-haushoch in der
Vorsaison gegen die
Houston Oilers . </s>
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Experiments and Results



Experiment 1

* Goal: To compare different Neural APE approaches.

* We have a English-Marathi parallel corpora but do not have corresponding human
post-edits. So we generate an artificial data which can be used to train and evaluate the

APE models.

» APE Data Generation : We used two different methods to generate the artificial triplets
(SRC, MT_OP, PE_REF) using the Legal domain data from the Anuvaad corpora.

— Using MT_REF as PE_REF
» Triplet: (SRC, MT_OP, MT_REF)
— Using round-trip translation
» Used Marathi-English MT system to translate MT_REF to SRC’
» Used English-Marathi MT system to translate SRC’ to MT_OP’
* New triplet is formed as (SRC’, MT_OP’, MT_REF)
* Found that the translations generated using this method are noisy.
« Data size: Training: 1.5 lac, Validation: 15k, Testing: 15k



Experiment 1

APE Systems:
— Single-source:
» Treats the APE task as a monolingual translation task.

» Ignores the SRC. Input to the APE system is MT_OP, and produces
PE_REF.

— Multi-Source:

» Exploits dependency of errors in translation on the source sentence and
the corresponding translation.

* Input to the system is a (SRC, MT_OP) pair, and outputs the PE_REF.

 The method uses two separate encoders: one encodes the SRC and the
other encodes the MT_OP. And then, a single decoder produces the
PE_REF.



Experiment 1

APE Systems:
— Multi-source (with shared encoder)
« This setting uses a single encoder to encode both the SRC and MT_OP.
» |t is beneficial when both languages share the vocabulary.

« SRC and MT_OP are concatenated and passed to the encoder as a
single sequence.

— Neural Programmer Interpreter

» Instead of following an end-to-end approach that directly generates a
edited sentence from the translation, the method follows a two step
approach.

— In the first phase, the translation is mapped to a sequence of edit
operations (insert, keep, delete), and then this sequence along with
the translation is used to generate a post-edited sentence.



Experiment 1

Note:

Training data: 1.5L APE System
triplets Baseline (No APE)
No human .

post-edited data Single Source
Underlying NMT Multi-source
system is trained on Multi-source (Shared
multi-domain data Encoder)

Used 1000 PE-REF
segments to get
‘N-modified’

Neural
Programmer-Interpreter

BLEU

38.54

34.86

37.25

34.50

27.22

TER

41.90

45.55

42.37

46.23

53.57

N-modified

50

42

53

67



Experiment 1

* Analysis:
— Not able to find any APE system-specific patterns
— General observation: Unnecessary edits are performed by the APE systems.
— Example (Using the Multi-source APE model)
« SRC: Special powers in case of urgency.
« MT_REF (and PE_REF): s STadid faav 31f8r.
« MT_OP: drdsr<ar drddid fa2y ererdr.
« PE_OP: drdsrear IRTEUdId {92y ererdr.



Experiment 2

« Language Pair: English - German
« Data (IT Domain):

Combined Training datasets from WMT16, 17, 18 APE shared task
Training Data: 36442 Triplets (SRC, MT_OP, PE_REF)

Test Data: 1023 Triplets (WMT18 APE Shared Task - NMT)
Synthetic Data: 1M Triplets from eSCAPE corpus

e Models:

Single Source APE: trained using the synthetic data
Multi Source APE: trained using the synthetic data

Multi Source APE: trained using the synthetic data + fine-tuned on the
Combined Training data



Experiment 2

Model TER BLEU
Baseline (No APE) 16.84 74.73
Single-source
(Synthetic) 20.02 69.38
Multi-source (Synthetic) 18.89 71.39
Multi-source
(Fine-tuned) 16.83 74.73
Neural
Program-Interpreter 19.07 71.10

(NPI) (Synthetic)
NPI (Fine-tuned) 18.45 72.82



Summary

From the review of WMT APE Shared, it is clear that the APE can be
used in the black-box scenario to further improve quality of
translations.

Recent advancements show a paradigm shift in the field of APE from
statistical based APE approaches to neural approaches. This has also
given a push to novel ways of synthetic data generation.

New APE techniques: utilize more and more knowledge.

— Single-source -- Multi-source -- Pretrained Models -- Data
Augmentation

Whether APE can be used to further improve quality of translations
obtained using a high quality NMT system is still unclear.

The problem of over-correction is prominent when the underlying MT
system is of high quality. 971
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Problem Statement

" —~_ and natural
sounding

[My name is Shyam J > * - -8 inteliigible

 In this presentation, we focus on Indian languages,
specifically the Marathi language.

» Also we allow the system to be non-causal, if required.
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Motivation (1/2)

Speech synthesis has the potential to improve the daily lives of
many people around the world.

[t can give voice to people with speaking disabillities.
E.g. People with damaged vocal tract

The speech synthesiser housing of
famous physicist Stephen Hawking

Img source: https://en.wikipedia.org/wiki/Speech_synthesis
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Motivation (2/2)

Machines reading text would enable people with visual
Impairments or reading disabilities to comprehend any book
they wish to read.

E.g. Audiobooks

People who are able to understand spoken language, but
cannot read text, will get a chance to gain knowledge from
the books by listening them.

E.g. Regions in India with high illiteracy rate.
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Challenges

 Availability of Data:
The best English TTS systems are trained on 24 hours of data.
The currently available data for Marathi and Hindi is 4.8 hours.

» Text processing:
Marathi and Hindi are almost phonemic languages. However,
currently there do not exist many tools for accurate
grapheme-to-phoneme conversion.

« Handling words from different languages:
Word sounds from other language do not have much

representation in the data, making it difficult to predict.
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Basics of Signal Processing (1/5)

« Sampling and Quantization
— Storing analog signal in bits m/ W , \
would require infinite memory
— We discretize the signal along LH:T'I‘HH
i :

two dimensions - time and value
— The discretization along the time \% /m
axis is called as sampling. This B5if ‘
requires a sampling rate to specified
— The discretization along the value axis is called as
quantization. This requires deciding on how many bits we
want to use to store one sample of the signal.
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Basics of Signal Processing (2/5)

* Digital system
— Impulse Response:
o The impulse response of a system is the output that is
generated when a delta signal is given as the input
o It is characteristic of any digital system and provides
information about how the system reacts to change in input

— Qutput of system:
o Consider a digital signal x[n], a digital system with impulse
response h[n], and the output signal y[n]
o Then we have,
y[n] = x[n] * h[n] = > x[k] h[n-Kk] , for all k in ( -0, =)

where, * is the convolution operator
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Basics of Signal Processing (3/5)

« Fourier Transform ot el ]
. "M\N'W\,\ WJ\N\N
— Provides the frequency s My

domain representation of 21[t] = by sin2mant

. Fourier transform |Z(w)|
any signal
— Captures the relative szma bz\sa?zwszt “
strength of different M\, \A/ f v\/ A \
frequencies in the signal ralt] = bysin et A
— Itis an invertible .rw.wwmw'.'.'»:wm'.wwwmx'J~rwwm;xmwmm.mw+ — u
. —
transformation #t) = za[f] + walt]

Image source:

https://www.researchgate.net/figure/Fourier-transform-of-a-sum-of-sinusoids-and-filtering-the-highest-frequency_fig3 237061998
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Basics of Signal Processing (4/5)

Discrete Fourier Transform (DFT)

Converts a digital signal input of finite length into same-length
sequence which represents the samples of fourier transform of the

input signal

Short-time Fourier Transform

DFT is applied to small segments
of input signal

Spectrograms

The STFT of each segment of the
input signal are vertically placed
next to each other to form a matrix

LLLLLLLLLLLL

FFFFFFFFFFFFFFFFFFFFFFFFFFFFFF
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Basics of Signal Processing (5/5)

Normalized Spectrogram

-10

8192

4096

N
o
=
oo

Frequency

1024

Image source:
https://towardsdatascie
nce.com/understandin
g-audio-data-fourier-tra
nsform-fft-spectrogram

5 gy, . — e e -and-speech-recognitio
0 50 100 150 200 250 300 n-a4072d228520

Time Frame Windows

512
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Source-Filter Model (1/3)

* One way to model human speech is via the source-filter
approach. Here, the speech is considered to formed by passing
a source signal through a filter
— Source: Periodic vibrations from the glottis (vocal cord)
— Filter: Vocal tract, including the tongue to change its shape

« Underlying Hypothesis:

All sounds of any language can be produced by passing a
periodic signal through some specific Linear Time-Invariant filter.
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Source-Filter Model (2/3)

* Linear Time-Invariant System
— Linearity: A linear combination of any two signals as input
would result in the same linear combination of
corresponding outputs.
— Time-invariant: Shifting the input signal along the time axis,
will correspondingly shift the output signal.

Excitation Source
X[n]

.| Vocal Tract

"' Filter (LTI)

Impulse response
h[n]

Output Speech
y[n]
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Source-Filter Model (3/3)

Power — Source — Filter

FILTER
SOURCE
POWER

Image source:

https://www.vocalsonstage
com/vocals-on-stage-blog/r



Human Speech (1/2)

* Voiced and Unvoiced
— When the generation of a sound requires vibration of glottis,
then we say that it is a voiced sound.
Note: All vowels are voiced sounds.
— When the vibration of vocal cords are not used for articulation,
the generated sound is said to be unvoiced.

* Plosives and Fricatives
— Plosives are consonants which require a burst of air source.
This is achieved via closure of mouth followed by sudden
compression and burst of air (E.g. &, T)
— Fricatives are consonants which involve a constriction in the
vocal tract to create aspiration (E.g. /s/ in sick, /z/ in zebra) 292



Human Speech (2/2)

Ay
Air from _ Impulse Vocal
—> Glottis >
lungs Train Tract
White noise - /l\ > .
(aspiration/frication) ’Q(/ > X » Speech

>

Impulse
(plosion)
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Perceiving Sound

 Human Hearing (What makes speech sound natural?)

Loudness: Proportional to the intensity of the sound
Pitch: Human sensation of various frequencies in sound
Prosody: Refers to rhythm, stress, and intonation in sound

* Absolute threshold of hearing

Minimum sound intensity of a pure tone that can be heard with
no other sound in the environment

It is frequency dependent (Best range: 2kHz - 5kHz)

Measure in dB SPL, which is the pressure relative to 20
micropascal (quietest audible sound pressure level for normal
hearing)
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Logarithmic Scale and Hearing

 \Weber—Fechner law:
— Above a minimum threshold of perception S, the perceived

intensity P is logarithmic to the stimulus intensity S
P =Klog(S/S,)

« Empirical evidences support the concept that logarithmic mapping in
brain minimizes relative error in perception

* S0, a change in intensity at a low intensity is more clearly audible
compared to a change in intensity at a high intensity

Source: Varshney, Lav & Sun, John. (2013). Why do we perceive logarithmically?. Significance. 10.

10.1111/j.1740-9713.2013.00636..x.
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Mel Frequency Cepstral Coefficient

Taking the logarithmic hearing into consideration, we can extract
MFCC features from any speech signal. The components are:
— Sampling and Windowing
— Discrete Fourier Transform
— Mel Filter Bank
o Mel frequency scale: m = 2395 log, (1 + f/ 700)
— Discrete Cosine Transform

Mel Filter Bank:

Pre-decided number of triangular bandpass filters separated
according to the mel frequency scale within specified minimum and
maximum frequencies
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MFCC Extraction

Image source: https://www.researchgate.net/figure/Mel-frequency-cepstrum-coefficient-MFCC-calculation_figd 277553387

| | I I
| | | Foreach frame:
1T M | /\ W
I I I
—ep-|  Frame Signal | Window Frame  |re—— FFT
( log(ps(1)) ,
]) ( l ) .I Il ¢ ( 1)
pr(2) log(ps(2)) (2)
EW,........ S 1)](3‘) I".’l(l’l(:;)) c(3)
QLEEOL) T ) ) () : : i
_UHIT VRV AATATATATAY I,j(.‘z(,) log(ps(26)) c(12)
»| Mel Filterbank - Log() > DCT()
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History

1779 — Mechanical model was built that modelled the human
vocal tract, and produced the five vowel sounds in English

1791 — Models of tongue and lips were added which allowed
production of consonants along with vowels

1939 — Keyboard operated voice-synthesizer (Bell Labs)

Late 1950s — First computer-based speech-synthesis systems
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Diphone-based Synthesis (1/3)

What is a phoneme?
— The simplest, perceptually distinct units of sound in any
language that clearly distinguish one word from another.

What is a diphone?
— A combination of two half-phones is called as a diphone.

The core idea of diphone-based approaches is to decompose
speech at the level of diphones and then combine these units
based on the characters of input text.
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Diphone-based Synthesis (2/3)

» Pitch Synchronous Overlap and Add:
— Speech is divided into pitch-synchronous waveforms
— These are then varied in time or spectral domain to obtain
synthetic versions of same speech unit

— Next, the newly formed T
speech units are overlapped kel oot
and added to generate the W
new speech : s Hw%%wﬁw—, H
— Ideally, there would be no bbb
information loss Wbt T YOOOR WO SO Wi B
Image Source: 0% 200 2070 2080 2000 2100 2110 2120 2130 2140 2150
https://wiki.aalto.fi/pages/viewpage.action?pageld=155477136 Limeims)
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Diphone-based Synthesis (3/3)

« TD-PSOLA (Time Domain - PSOLA):
— The speed and pitch of a sound is manipulated in time domain
— Pitch periods are extracted from the sound signal
I. Pitch change: Segments are brought closer or separated
ii. Speed change: Segments are repeated or deleted

 FD-PSOLA (Frequency Domain - PSOLA):
— Spectral envelope is computed using linear predictive analysis
— Pitch is modified via linear interpolation to obtain synthetic
versions of same sound unit
— Unnatural discontinuities at concatenation boundaries

303



Unit-Selection Synthesis (1/3)

Selects & concatenates units
(phonemes) from large database
Text can have additional
annotations containing prosodic
and phonetic context information
Database is transformed into a
state transition network, with
phonemes as states

The network is fully connected,
since any sequence of
phonemes is possible

Image source: A. J. Hunt and A. W. Black, "Unit selection in a
concatenative speech synthesis system using a large speech
database," 1996 IEEE International Conference on

Acoustics, Speech, and Signal Processing Conference

Proceedings, 1996, pp. 373-376 vol. 1, doi:
10.1109/ICASSP.1996.541110. 304



Unit-Selection Synthesis (2/3)

» Cost Functions
— Weighted sum of difference between target and unit feature
vectors — weights for each feature need to be learned
— Target cost:
o Measures the difference in selected unit and target
o Feature vectors: pitch, power, duration, voicing,
vowel/consonant, consonant type, point of articulation
— Concatenation cost:
o Measures the quality of a join between selected units
o Feature vectors: cepstral distance, difference in log power,
pitch
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Unit-Selection Synthesis (3/3)

« Learning weights for cost functions
— Weight Space Search
— Regression Training

« Generating final speech
— Using the fully connected graph and the cost functions we can
use viterbi decoding for selecting final units
— The search space for viterbi decoding is pruned based on
o Phonetic context
o Target cost
o Concatenation cost
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\VWaveNet

Wavenet (Google Deepmind) e
- Dataset: North American English
dataset (24.6 hours)

* First deep neural architecture

trained to generate raw audio
waveforms that surpassed many e L ©
approaches of the time.

- Autoregressive generative model

* Model consisted of dilated causal
ConVOIUtlonaI Iayers to Increase Image sour:em:nOord,Aaron van den, Dieleman, Sander, Zen, Heiga,
the receptive field of CNN Senior, Androw and Keutkcuogls, Koray WaveNet A Ganoraie.

Model for Raw Audio. (2016). , arxiv:1609.03499 .
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Framework of TTS Systems

TTS Model Vocoder
Mel
STeeX;t:g ’\fae:n - > Spectrogram " >I Output
P 9 to Speech

HIS! A9 H 3T

All models described ahead follow this pattern for speech synthesis
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Text to Mel — Tacotron 2
Waveform

Tacotron2 (Google)  Mel Spectrogram Samples
— MOS 3 86 S(Iizr;\tl-llx_lae)t’er : WaveNet

MoL
« Dataset: North American I
English (internal dataset) |
- Autoregressive model -
 Pre-Net module to bottleneck
information flow

Linear
Projection

Linear
Projection ]_' StopToken

Location
Sensitive

A

« Post-Net module for minor Attention
corrections in generated mel i o _.[ Eﬂ*g;zztii; ]_.[ e ]_’[BidiLrgc_:rt;;I)nal]
spectrogram

Image source: Jonathan Shen, Ruoming Pang, Ron J Weiss, Mike Schuster, Navdeep Jaitly, Zongheng Yang,
Zhifeng Chen, Yu Zhang, Yuxuan Wang, Rj Skerrv-Ryan, et al. Natural tts synthesis by conditioning wavenet on mel spectrogram predictions. In
2018 IEEE International Conference on Acoustics, Speech and Signal Processing (ICASSP), pages 4779-4783. IEEE, 2018. 310



Perfect attention alignments

Model output
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Text to Mel —

FastSpeech (Microsoft)
— MOS: 3.84

Dataset: LJSpeech (24 hours)

Non-autoregressive model
Feed-Forward Transformer
architecture

(memory intensive)

Length regulator to control the
length of generated
phonemes.

FastSpeech

Positional
Encoding

Positional
Encoding

Phoneme Embedding

Phoneme

(a) Feed-Forward Transformer (b) FFT Block (c) Length Regulator (d) Duration Predictor

Image source: Yi Ren, Yangjun Ruan, Xu Tan, Tao Qin, Sheng Zhao,
Zhou Zhao, and Tie-Yan Liu. Fastspeech: Fast, robust and controllable text
to speech. In H. Wallach, H. Larochelle, A. Beygelzimer,F. d'Alch’e-Buc,

E. Fox, and R. Garnett, editors, Advances in Neural Information
Processing Systems, volume 32. Curran Associates, Inc., 2019.
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Text to Mel — Forward Tacotron

ForwardTacotron (NVIDIA)
« Dataset: LISpeech (24 hours)

« Non-autoregressive model (Lonan Rogutr J«~{ " oo ]}
 Tweaked FastSpeech to remove — IHTH
quadratic bottleneck due to ‘ Han —Cew)
self-attention o 1‘
« Tacotron2 purely used for e

11,,,,[

TN
T I);'_’._’.’.—i._l_‘ _______

p h O n e m e d u rati O n eXt ra Cti O n Forward Tacotron Length Regulator with Duration Predictor
« Trained to predict energy and Image source:
. . . https://developer.nvidia.com/blog/creating-robust-neural-speech-synthes
pitch information from is-with-forwardtacotron/
g rou nd-trUth - Note: There is no paper for ForwardTacotron yet. Above details are

taken from a blog released by NVIDIA
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Vocoder — WaveGlow

WaveGlow (NVIDIA) :
—~MOS:400 i g~

| coupling layer i affine
- Dataset: LISpeech (24 hours) gl | . S— e
. | | Invertible 1X |

* Flow-based, non-autoregressive | comvolution |, b

generative model Squjze = = =
* |n flow-based networks, the function vector

approximated by the neural network x upsampled

. rtble mel-spectrogram

IS IF?VG | _ Fig. 1: WaveGlow network
 Soif z & x are the input & output

] Image source: Ryan Prenger, Rafael Valle,
reSpeCt|Ve|y, then and Bryan Catanzaro. Waveglow: A

flow-based generative network for speech

_ — £ -1 -1 i )
X = foo f1 0...0 fk (Z) & z= fk O0...0 fO (X) synthesis. In ICASSP 2019-2019 |EEE

International Conference on Acoustics,

where, f, , £, ..., f_are the layers of the model speech and signal Processing (IcASSP),
1 2 k pages 3617-3621. IEEE, 2019 314



Generative Adversarial Networks

« GAN architectures et
consist of two different | =
models - generator . | rake
and discriminator - el [

Latent

i Data

« Generator:
Generates the desired Loss Function:
data from a noise vector

« Discriminator:

Performs the binary classification task of discriminating between
the real data and the data generated by generator

Ex[log(D(x))] + E;[log(1 — D(G(z)))]
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Vocoder — MelGAN

MelGAN
— MQOS: 3.72

Dataset: LJSpeech (24 hours)
First GAN model to produce
high quality speech waveforms
Non-autoregressive and
fully-convolutional model
Multiple discriminators are
used to evaluate the input at
various resolutions

Number of parameters 20
times less than Waveglow

Conv Layer l
Discriminator Feal map:
s Rodli—| Block |- + output
Upsampling [8x] :
Layer 2 = .
2x Vg iscriminator eat! D
ilate gveiRocl Block + output
Residual stack 3x conv bloc e
Upsampling [2x] E
Raw Waveform
Layer (downskinpled) i Conv Layer —— Feature map
2x l
Residual stack e R | e maps
Layer
Conv Layer Conv Layer —— Feature map
l Conv Layer L Output
Raw Waveform \ 1)
(a) Generator (b) Discriminator

Image source: Kundan Kumar, Rithesh Kumar, Thibault de Boissiere,
Lucas Gestin, Wei Zhen Teoh, Jose Sotelo, Alexandre de Brebisson,
Yoshua Bengio, Aaron Courville (2019). MelGAN: Generative Adversarial
Networks for Conditional Waveform Synthesis.
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GAN-based VVocoders

Recent vocoders have focused on 2 major components
— GAN architectures
— Multi-resolution Loss

Many GAN architectures were introduced in 2020-2021 period
— ParallelWaveGAN, HiFi-GAN, VocGAN

All the architectures produced high-quality speech outputs
A recent paper!' (Aug 2021) hypothesizes that the performance

can be majorly attributed to the multi-resolution discriminative
framework, rather than the details of the actual architecture
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Data Description

« Marathi data from IndicTTS Database (developed by IIT
Madras) of a female speaker.
« Sampling rate of speech: 22050 Hz

Speech Text
Total duration 4.8 hours Total length 24756 words
Mean duration 7 sec Mean length 10 words
Standard deviation 2.3 sec Standard deviation 2.7 words
Minimum duration 2 secC Minimum length 4 words
Maximum duration 21 sec Maximum length 22 words

319



Data Preparation (1/2)

» Text Cleaners (TC):
— Simple transliteration cleaner:
Converts to ASCII using unidecode library
E.g. #ATST 719 2ITH 3Tg — maajhe naav shyaam aahe

— Indic transliteration cleaner:
Uses indic transliteration library (for Indian languages)
E.g. #TST ATd 9I1H 31Tg — mAjhe nAva shyAma Ahe

 Phonemizer:
Converts graphemes to phonemes (IPA). Can be used with TC.
E.g. AT ATd 9ITH 3¢ — maije: na.v fja:m a:he:
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Data Preparation (2/2)

« Mel Spectrogram Generation:

Number of mel filters 80
Minimum mel frequency 0 Hz
Maximum mel frequency 8000 Hz

Filter length 1024

Hop length 256

Window length 1024
Window type Hanning
Sampling rate 22050 Hz
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Experiments and Analysis (1/3)

Less amount of data motivates the use of transfer learning.

« Tacotron2 + WaveGlow (pretrained vocoder):
— Fine-tuned on Marathi data.

— Experimented with both text cleaners and phonemizer.

FAATHR, FATST AT ATH SR 37TE, STTAICT SreaT

Introduction o) ot 3mme, 3o ST argew &1a7d T Fgret 1for
IAEAT JATfoleh S=T0ATdT ATST STHT 37TE.
AHERR, AT ATd LTTH Sla 3TE, 37ToT ofel
Hindi and Marathi —_— o) AT AT ST o Teoll Sdet aTel o3l of ATE oA6T TgalT

g3,

Y HISIT SYTEUTIRI Hell & erell Terehad STAT
Pronunciation Problem  ——— ) FLUYTATS! Fabhd ITell glell, I iedT Fifdrcrer S e
;%amaﬁmﬁﬁﬁaﬁ?rmmﬁrwmﬁ
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Experiments and Analysis (2/3)

« Tacotron2 fails on some text inputs — 2 major issues

Hazy Alignment and
Garbage Output
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Experiments and Analysis (3/3)

« ForwardTacotron + WaveGlow (pretrained vocoder):
— Trained from scratch on Marathi data
— Experimented with phonemizer

Introduction

Hindi and Marathi

Pronunciation Problem

Challenging Pronunciation

D

0

TAATHR, AT ATT LTTH SieX 378, ATITIET Sresar
Tagmdf 311g, 311701 SeT Ay &1 Teh HgTel 3107
FARAT qATTeTh ST0gTdT AT STHT TR,

FAFATHR, AT AT ITH SR 37T, 37T oI &
T AT & foh Heoll St aTel Sl of AR el Tgell 31
a1

m:ﬂ'IE-TSITGQd{-HIH%Io:I FT fEerell TR STAT HITATHTST
Slehd 3Tel Bl T el ATl & 3redT 5 fEadrd
Aererer 38 caRd ST Fvam=h Rareft g,

Egémm o1 Al AgeHITC! RIATETe e
T $TITAIC CaTHgH FRARYCAT 9! ITSeTd Aded HT o
SATcl AYeTHT Fadead STl MAN TN A=

RN AHTT L 3menrelt @12l Fadead seTadT aieufr
THIH-TG oA,
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Introduction

Bank statement

Aspirated consonants

Summer in Himalaya

Hindi Outputs

— W

THTH, P ATH 2ITH § 3R F 3mS3ms e
SiFs T O g oIl SCT ATSH o 41T H I eT
G el

SIS H3T 3H ALl Sl dde [Aelm at H S 7 dar
STHT et IAT, olfheT 3egiet ohal foh TSl 5
et 7 7T I 4T A &, 39 H AT 8T
HehdT|

31TST A H GIUET &l HIoTel arEdd H TaTiese
T, SHTAT 3 T 3T T & 917 WA & folT
TS STITE GGeT Shl AT 6T ¢ |

AT H, HRIAT HGTHART HATCH gled o a1, H
3R # TgATE, Gfian & Fad Hglel I W
SAT=AT AT |
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Summary (1/2)

Text-to-Speech synthesis attempts to generate intelligible and
natural sounding speech for any given text

Many intricacies are involved during human speech production
and source-filter model provides great insights into it

Human hearing which is more sensitive to logarithmic frequency
scale

MFCC features align with the nature of human hearing and are
great at capturing the characteristics of human speech
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Summary (2/2)

Earlier approaches created database and smartly concatenated
iIndividual phoneme-based units to generate the output speech

Deep Neural architectures first generate the mel spectrograms
from the text which is then converted into waveforms by
vocoders

Recently, GAN approaches have dominated as vocoders, and
the adversarial training with multi-resolution training have
ensured very high-quality output speech
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SSMT Demonstration
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Conclusions (1/2)

SSMT is the task to translate speech in language A into speech in
language B through use of a computer.

Applications- movie dubbing, movie Subtitling, conversing with
foreign-language speakers, etc.

Accent, hesitation, disfluency, and grammatically-flexible nature of
spoken languages make SSMT more challenging than text-to-text
MT.

The task can either be trained -
— as Direct Speech to Speech conversion, or
— Cascaded SSMT. It can be divided into 3 subtasks:
« Automatic Speech Recognition (ASR)
« Machine Translation (MT)
« Text-to-Speech synthesis (TTS) 333



Conclusions (2/2)

We illustrated Direct SSMT approaches which work on signal level
avoiding intermediate text generation.

We discussed different ASR and TTS techniques and showed
demonstrations.

We also discussed Disfluency correction, Automatic post-editing
techniques which are used to remove irregularities from speech
transcriptions to make that ready for MT and vice versa.

We discussed different paradigms of MT along with recent
advancements (i.e. LaBSE filtering, Phrase table injection, Pivoting,
Multilingual MT, Unsupervised MT). We also demonstrated the MT
system.

We demonstrated the entire SSMT pipeline.
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Future directions

Improving ASR results in Indian languages in a conversational setting
and speaker diarization

Checking usability of current neural APE approaches on improving
translations obtained from a high-quality NMT system

Restricting APE systems from performing unnecessary edits
Improving disfluency correction with the help of other language data.

Improving the naturalness of output speech through text processing for
Indian languages TTS synthesis
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Resources

All the resources will be made available here:

https://github.com/sourabhd13/ssmt tutorial icon2021
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https://github.com/sourabhd13/ssmt_tutorial_icon2021

Thank Youl!
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