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Introduction: Language Landscape

e /000+ languages across the globe

e Around only 300 languages have wikipedia
articles

e [anguages data resources availability
follows long-tail distribution

e Majority of research focus on English - Less
Inclusivity and Diversity [1, 2]

The Long Tail of Data
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Source: Graham Neubig Multilingual NLP Lectures



https://www.google.com/url?q=http://demo.clab.cs.cmu.edu/11737fa20/slides/multiling-01-intro.pdf&sa=D&source=editors&ust=1749370183677959&usg=AOvVaw1xWJM9tXUW7Gv-vRdfVPq_

Introduction: Machine Translation (MT)

e Cross lingual transfer among languages - Multilingual NMT [3]
e Reduce reliance of parallel data - Unsupervised NMT [4]
e Monolingual corpus incorporated NMT - Back-translation [5]

e Data augmentation approaches for MT:
o word level perturbation [0]

o overlapping BPE among related languages [8]



Introduction: ELRLs

Languages lack parallel data, have limited monolingual data, no
existing multilingual pre-trained language models - Extremely
Low Resource Languages (ELRLSs)

Limited Efforts has been made for ELRL for MT task



Motivation: Hopeful direction

e Utilize relatedness among languages

o Dialectal variations hin:  FelITeasT & TRATE AsTer &r grerm Rals 7-2 ¥
o Vocabulary sharing

S _ bho:  #eTTer & T&ETH siTsTer & 83-¢ 23 RIS 7-2 F &)
o Similarities due to Geographical

Lexical level similarity between languages

| T

e Many ELRLs are related with some bho wwa ne Kas ey fei noi  sen
High resource Language (HRL)

proximity

cat glg ast oci
(b)

Lexical Similarity heatmap



Motivation: Hopeful direction

Earlier Successful for ELRL:

e Recall: Exploit lexical similarity through injecting random noise [2]

e Studies limited to NLU tasks only e e e e
o Y
N-HIN: &80 & RaasT 71 & Hter Repls 7-2 211

BHO: 18] & fGaw ATSTd & 88-¢-08 Rabls 7-2 & d|

Limitations:

e Random Noise Injection in HRL may be suboptimal for NLG task
especially MT as injections are random

e Noising strategy should be systematic and incorporate linguistic signals



Problem Statement

Machine Translation from ELRL to English in
the zero-shot setting



Proposed Methodology: Overview

Methodology:

o Proposed character noise injection-based modeling approach

o Noise injection is performed in HRL to English parallel data

o Act as proxy parallel training data for ELRL to English translation
task

o The noise injection candidates are extracted with BPE merge
operations and edit operations (called selective noise)

o Noise is injected with sampling algorithm: Greedy, top-k and top-p



Proposed Methodology: Overview

e Intuition:
o Noise injection act as regularizer

o Facilitate better a cross-lingual transfer from HRL to ELRL in
source side

e Hypothesis:

o Selective noise injection model is expected to outperform
random noise injection
o Performance of the selective noise injection should be

comparable to supervised noise injection
10



Proposed Methodology: SeLecTNoIsE

HRL ----Closely Related--- A Target HRL En
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(b) Model Inference
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Proposed Methodology: Candidate Extraction

Hindi corpus Bhojpuri corpus
T §IHAR § Telt WR 1 o e o
Today is Monday Let's go on Monday
7 39 AR & <@ o BTeg TR & o1 a1
I saw him on Monday Tomorrow is Monday
BT BT SR W & EEICEARIER|
The study of scientists is progress. TV has tumned off
AR @ wE AR AT & e Ye a1
1'am watching TV The studies of scientists are beautiful.
Merge operaﬂons Extracted edit operations
(?w mﬂ mﬂ) » 9 :{:0,D:0,S: {91, ..}}

DT, ! W) ‘a smw v‘r <OD1S{»
<?v ) ('5",:, n s

> (‘:0015{ T3
TR {11,D:0,8:.)}

Hindi Bhojpuri

/{ Candidate Pool (S.) Template N
C1:{I" f1.'D" f3,'S"{ E1: f4, Ez: f5, ... }},
Cy: {I" f4,'D" f3,'S" { E3: f6, Ez: fr.... }},
Ci: {1 fa,'D" f4,'S" { Ex: f2, E3: f1, ... }}
Cp:{1: f1,'D": fu.'S" { E1: f4,E3: f5, .. }}

J Y
/{ Few Sample Elements of Candidate Pool (.S.) N
O B TR 62, "D 51561 ;! 8y 1 T W)

U o VTNGEON WY gy E N T oo s m o)
fori(r1v:1552, 'prr15, rs (1T 1397, .. )}
'S': {'I': 0,'D': 33, 'S': {}}

\} %

BPE Merge operation and
edit-operations

Selective Character Candidate
Pooling
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Proposed Methodology: Noise Injection

Greedy

Top-k

Top-p

/{ Candidate Pool (S.) Template )
Cy: {I'" f1,'D" f3,'S"{ E1: f4, Es: f5, ... }},
Ca: {1 f4,'D" f3,'S" { E3: fo. E2: fr.... }},
Ci: {1 fa,'D" f1,'S" { Ex: f2, Es: f1, .. }
Ci: {1 1, "Dt o, SE{ B fas E3: f5e B}
\J J
/{ Few Sample Elements of Candidate Pool (.S.) N
o BTN G62, NDE G561 ST 1 1T e
/T {'1':92,'D':97, 'S ("ol
fSr:(r1v:1552, 'p':15, 'S (T
1§V {Paimed, *o'y 88, ‘8'r [}
7 y

Source HRL H

moaiam<-—0

Source Noisy HRL H
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Experimental Setup

e ~ 1000 monolingual sentence are used for each ELRLs

e Noise injection percentage is b-10% on related HRL
data

e /ero-shot setting: Training only on proxy HRL parallel

data and evaluate with unseen ELRLs

14



Experimental Setup

Indo-Aryan

Romance

2 Language families

-~ Hindi (HRL)

éhojpuri (bho)
Chhattisgarhi (hne)

Sanskrit (san)
Maithili (mai)

Magahi (mag)
Awadhi (awa)
Nepali (npi)

\\%ashmiri (kas)

Al4Bharat [9]
\ Automatic evaluation
BLEU
FLORES 200 chrF
(ELRLs) BLEURT
COMET

/

- ES (HRL)

Human evaluation

Rapp (2021) [10]

Catalan (cat)
Galician (glg)
Asturian (ast)

-1 Occitan (oci)

-

FLORES 200
(ELRLS)

12 ELRLs; 2 HRLs

Datasets Evaluation metrics

/\/anilla NMT [11] [12] \

Word-drop [6]
BPE-drop
SwitchOut [13]
OBPE [14]

BPE-Dropout [15]

Qandom Char Noise [7]/

7 Baselines
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Results: Automatic Evaluation (ChrF Scores)

Indo-Aryan Romance Average

Models 2 < <

bho hne san mai mag awa npi kas cat glg ast oci
Vanilla NMT 403 468 223 400 493 476 296 213 | 330 410 407 33.0 37.08
Word-drop 395 472 218 406 490 476 286 206 | 37.6 436 434 360 37.96
BPE-drop 39.1 468 226 404 487 467 292  21.1 33.8  41.7 415 330 37.05
SwitchOut 36.1 432  20.1 382 456 427 283 18.8 | 290 349 349 29.1 33.41
OBPE 413 475 234 418 504 497 305 211 341 412 413 338 38.00
BPE-Dropout 398 474 225 399 496 477 293 212 | 332 408 414 330 3715
Random Char Noise 409 484 238 408 500 475 312 219 | 409 46.1 464 382 39.68

SELECTNOISE Model

SELECTNOISE + Greedy | 42.1 510 252 434 517 499 334 237 | 420 471 474 385 | 4128
SELECTNOISE + Topk | 424 499 260 430 510 488 334 233 | 415 471 478 385 | 4106
SELECTNOISE + Top-p | 420 496 241 424 506 488 33.6 233 | 416 471 475 388 | 4078

Supervised Noise Injection Model

Selective noise + Greedy 414  49.1 254 422 50.1 487 329 222 | 416 472 477 387 40.60
Selective noise + Top-k 417 493 263 433 508 48.7 342 236 | 419 468 475 387 41.10
Selective noise + Top-p 414 499 273 433 51.6 489 339 234 | 416 477 482 390 41.35

Zero-shot chrF scores for ELRLs — English

e Similar improvements in BLEU, COMET and BLEURT metrics



Results: Human evaluation

Models Languages .
bho san  npi

Annotator set-1
Vanilla NMT 354 242 221
BPE Dropout 329 237 1.83
SELECTNOISE Model | 417 283 2.50
Annotator set-2
Vanilla NMT 342 196 2.17
BPE Dropout 279 183 196
SELECTNOISE Model | 3.54 2.17 2.21

e [Evaluation on 24 examples for each language

e Cross Lingual Semantic Text Similarity (XSTS) [16] metric scores

between 1-5



Analysis: Language similarity vs Performance
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kas npi hne glg ast

Extremely low resource languages

Observation: High lexical similarities with High-resource
language more the translation performance



Analysis: Impact of Monolingual Data Size

Language | Data size | BLEU | chrF
- 997 19.5 49.6
6000 20.3 50.3
mai 997 11.9 42.4
6000 124 43.2
npi 997 6.7 33.6
6000 7.2 33.8

Observation: Extracting edit-operations from larger monolingual corpus
improves the translation performance



Conclusion & Future Work

e SelectNoise outperforms strong baselines across 12 ELRLs for ELRLs
— English MT task
e Unsupervised noise injection gives comparable performance with

Supervised approach

e Cumulative gain of 11.3% chrF over Vanilla-NMT

Future works:
e [Extend to other NLG tasks
e Potential impact for English — ELRLs MT task

20
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