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Abstract

This paper describes NLIP Lab’s multilingual
machine translation system for the WAT24
shared task on multilingual Indic MT task for
22 scheduled languages belonging to 4 lan-
guage families. We explore pre-training for In-
dic languages using alignment agreement objec-
tives. We utilize bi-lingual dictionaries to sub-
stitute words from source sentences. Further-
more, we fine-tuned language direction-specific
multilingual translation models using small and
high-quality seed data. Our primary submis-
sion is a 243M parameters multilingual trans-
lation model covering 22 Indic languages. In
the IN22-Gen benchmark, we achieved an av-
erage chrF++ score of 46.80 and 18.19 BLEU
score for the En-Indic direction. In the Indic-
En direction, we achieved an average chrF++
score of 56.34 and 30.82 BLEU score. In the
In22-Conv benchmark, we achieved an aver-
age chrF++ score of 43.43 and BLEU score of
16.58 in the En-Indic direction, and in the Indic-
En direction, we achieved an average of 52.44
and 29.77 for chrF++ and BLEU respectively.
Our model! is competitive with IndicTransv1
(474M parameter model).

1 Introduction

Multilingual Neural Machine Translation (MNMT)
has shown remarkable success in building transla-
tion systems for world languages in a single model
(Johnson et al., 2017). These successes have led
researchers to increase the model capacity catering
to hundreds of world languages (Fan et al., 2020),
(NLLB Team et al., 2022). It also led to multi-
lingual translation models for particular languages
under particular geographical groups such as Indic
(Ramesh et al., 2022; Gala et al., 2023), African
(Nekoto et al., 2020). Indic languages are interest-
ing, with diverse languages belonging to various
language families and written scripts.

'Our code and models are available at https://github.
com/maharajbrahma/WAT2024-MultiIndicMT

This paper describes our system submission for
the WAT 24 Multilndic22MT task (Dabre and
Kunchukuttan, 2024), which includes 22 sched-
uled Indian languages belonging to 4 language
families across 12 written scripts. We participated
in the constrained translation task. We explore
an alignment agreement-based pre-training objec-
tive. Specifically, we substitute words from source
sentences for equivalent words in a random lan-
guage. The pre-training data consists of a sentence
pair from the original data and code-switched aug-
mented sentences. Our primary submission is a
fine-tuned transformer-based multilingual model
with 243M parameters. Experimental results show
that our system achieves an average chrF++ score
of 46.80 for the En-Indic direction in the IN22-Gen
benchmark. We achieved an average chrF++ score
of 46.80 and 18.19 BLEU score for the En-Indic
direction. In the Indic-En direction, we achieved
an average chrF++ score of 56.34 and 30.82 BLEU
score. Compared with the IndicTransv2 model
for Indic-Indic translation, our system lags most
minor for pan_Guru-snd_Deva with 0.3 chrF++
scores. Due to computational constraints, we train
our model on a reduced corpus.

2 Dataset

2.1 Pre-training data

In this section, we describe the dataset used for
pre-training. We use the official Bharat Parallel
Collection Corpus (BPCC) (Gala et al., 2023) but
reduce the corpus size due to computational limita-
tions. We also exclude sentences from the compa-
rable directory. For languages with over 10 million
parallel sentences, we reduce the no. of sentences
by half. The corpus statistics are shown in Table
1. To handle skew data distribution and have good
representation for low-resource languages, we use
heuristic-based temperature sampling (Arivazha-
gan et al., 2019; Conneau et al., 2020) for data
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sampling with temperature sampling (T = 5) shown
in Figure 1. We utilize small, high-quality data
from BPCC, namely ILCI, Massive, NLLB Seed,
Daily, and Wiki, for direction-specific fine-tuning.

2.2 Alignment Augmentation

For alignment augmentation we English-centric bi-
lingual dictionaries from MUSE? and GATITOS?.
We use top 4000 words in dictionaries, replaced
with a probability of 30% from the bi-lingual dic-
tionary. We consider only replacing words in the
languages that have dictionaries.

3 Methodology

Our pre-training approach is inspired by aligning
embeddings (Lin et al., 2020; Yang et al., 2020)
through substituting words from a bi-lingual dictio-
nary. We pre-trained a universal model that covers
En-Indic and Indic-En. We named this model “Ind-
icRASP”. IndicRASP is fine-tuned into a language
direction-specific model called “IndicRASP-Seed”
using small and high-quality seed data.
IndicRASP (IR): IndicRASP is pre-trained on data
from 22 Indic languages sourced from BPCC. Dur-
ing pre-training, we randomly substitute English
words for corresponding Indic language words, re-
sulting in code-switched augmented sentences. The
alignment augmentation technique helps to bring
semantically similar embeddings closer together.
We get 56M sentences after alignment augmen-
tation. We combined training sentences from the
original En-Indic and Indic-En* and obtained 282M
sentences for pre-training.

IndicRASP-Seed (IR Seed): To further enhance
the performance of IndicRASP, we fine-tuned the
model to be language-direction specific. We con-
sider high-quality seed data from the BPCC corpus:
ILCI, NLLB Seed, Massive, Daily, and Wiki. We
sampled a total of 2.26M sentences and fine-tuned
IndicRASP for both En-Indic and Indic-En direc-
tions.

4 Experiments

Setting: We use the standard sequence-to-
sequence Transformer big model as our architec-
ture for pre-training. It uses 6 encoder and 6 de-
coder layers, with an embedding size of 1024. The

2https://github.com/facebookresearch/MUSE#
ground-truth-bilingual-dictionaries

3https ://github.com/google-research/url-nlp/
tree/main/gatitos

“Reverse sentence pairs of En-Indic corpus

embeddings between the encoder and decoder are
shared, with a feed-forward network size of 4096
and 16 attention heads.

Training: We pre-train the model with the Adam
optimizer (Kingma and Ba, 2014) with 3; set to 0.9
and B3 set to 0.98. We set the warmup initial learn-
ing rate to 1e-07 and the learning rate to Se-4, with
a warmup step of 4000. We train the models with
a dropout rate of 0.1 and a label smoothing rate of
0.1. During fine-tuning, we consider a learning rate
of 3e-5 and a dropout rate of 0.2. All experiments
are conducted on 8 NVIDIA A100 GPUs.
Baseline Models: We consider two baselines:

1. IndicTransvl (Ramesh et al., 2022): Indic-
Transvl (IT1) is a multilingual transformer
(Vaswani et al., 2017) translation model for 11
Indic languages trained. It is a 474M parame-
ter trained on the 49.7M sentence pair on the
Samanantar dataset.

2. IndicTransv2 (Gala et al., 2023): Indic-
Transv2 (IT2) is a 1B parameter model trained
on the BPCC corpus for 22 Scheduled Indian
languages.

Language-Direction Specific Models: For our
primary submission, we fine-tune IndicRASP with
direction-specific small seed data for En-Indic and
Indic-En. For the Indic-Indic model, we fine-tune
the IndicRASP-Seed (En-Indic direction) on the
Indic-Indic corpus extracted from the BPCC cor-
pus.

Evaluation: We use the dev set of BPCC IN-Gen
as our validation and evaluate our model on the test
set of BPCC IN-Gen and IN-Conv. We report our
results on lexical-based automatic metrics BLEU
(Papineni et al., 2002), and chrF++ (Popovic¢, 2017).
We use the sacreBLEU library for evaluation, with
a chrF word order of 2.

5 Results

We list the results of our model on the IN22-Gen in
Table 3, 4 for chrF++ and BLEU, respectively. Sim-
ilarly, Table 5 and 6 results for chrF++ and BLEU
in IN22-Conv. Table 2 shows the performance of
our primary submission on a hidden test set. Our
findings described for IN22-Gen are:

* IndicRASP achieves an average chrF++ score
of 45.50, and IndicRASP-Seed achieves 46.80
with an improvement of (+1.30) for the
En-Indic direction. Similarly, IndicRASP
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Language Script # of sentences (M)  Languag Script # of sentences (M)
Assamese Bengali 1.42 Manipuri Metei 0.04
Bodo Devanagari 0.12 Manipuri Bengali 0.37
Bengali Bengali 16.39 Marathi Devanagari 9.37
Dogri Devanagari 0.02 Nepali Devanagari 1.68
Konkani Devanagari 0.10 Odia Oriya 5.80
Gujarati Gujarati 10.12 Punjabi Gurmuki 9.75
Hindi Devanagari 19.24 Sanskrit Devanagari 0.28
Kannada Kannada 11.60 Santali Olck 0.02
Kashmiri Devanagari 0.20 Sindhi Devanagari 0.01
Kashmiri Arabic 0.15 Tamil Tamil 10.18
Maithili Devanagari 0.09 Telugu Telugu 11.54
Malayalam  Malayalam 11.69 Urdu Arabic 2.99

Table 1: Statistics of the dataset. Total of 113.65 million bi-texts.
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Figure 1: Number of sentences in each language and the sampled distribution with the T=5

Language pair \ BLEU chrF  chrF++
asm_Beng-eng_Latn 19.9 50.4 47.8
ben_Beng-eng_Latn 22.1 50.1 48.0
brx_Deva-eng_Latn 17.8 47.6 453
guj_Gujr-eng_Latn 16.8 45.4 432
hin_Deva-eng_Latn 23.1 50.5 48.5
kas_Arab-eng_Latn 12.4 38.5 36.5
mal_Mlym-eng_Latn 20.3 48.3 46.2
npi_Deva-eng_Latn 18.0 46.7 44.5
san_Deva-eng_Latn 9.3 34.7 32.6
sat_Olck-eng_Latn 11.0 36.3 34.0
snd_Deva-eng_Latn 21.2 47.1 45.5
tel_Telu-eng_Latn 13.8 40.6 38.4
urd_Arab-eng_Latn 20.3 45.6 43.9

Table 2: Indic-En scores results on hidden test set

achieves an average BLEU score of 16.82 and
18.19 for the IndicRASP-Seed. It suggests
that fine-tuning small, high-quality language
directions improves the alignment augmented
IndicRASP model. We can observe similar
results for Indic-En.

By comparing IT1 and IndicRASP-Seed, we
find that IndicRASP-Seed has a chrF++ im-
provement of +1.30 for En-Indic; however,
in the Indic-En direction, IndicRASP-Seed is
lagging behind by 1.63.

IN22-Gen and IN22-Conv datasets.

* By comparing I'T2 and IndicRASP-Seed, we

find that IndicRASP-Seed lags behind by 1.74
chrF++ scores for En-Indic direction. In the
Indic-En direction, the IndicRASP-Seed lags
behind significantly by a 7.13 chrF++ score
from IT2.

For En-Indic languages highlighted in bold in
Table 3, namely Manipuri, Oriya, and Santali,
IndicRASP-Seed performs better than Indic-
Transv2 with chrF++ score difference of 0.5,
2.3, and 6.5 respectively.

* We observe that our setup performs better in

the En-Indic direction than in Indic-En. This
is possibly due to the reduction of the dataset.

In Table 7, we show the performance of
IndicRASP-Seed for Indic-Indic direction in the

We ob-

serve that the IT2 is better than the IndicRASP-
Seed in all language pairs, particularly for
mal_Mlym-hin_Deva, IndicRASP-Seed lags high-

est behind by a 5.6 chrF++
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Language En — Indic Indic — En Language En — Indic Indic — En

I I IR IRSeed | IT1  IT2 IR IRSeed Tl IT2 IR IRSeed | ITI IT2 IR  IRSeed
asm_Beng | 359 471 430 448 561 665 572 58.4 asm Beng | 99 193 150 178 | 325 425 307 316
ben Beng | 486  S18 473 485 584 645 556 56.9 ben_Beng | 181 207 156 172 | 334 409 292 30.3
brx_Deva - 478 463 46.5 - 61.8 535 54.5 brx_Deva - 170 159 16.2 - 390 272 282
doi_Deva - 579 S8l 58.0 - 27 640 64.5 doi_Deva - 38 337 334 - 537 412 417
gom_Deva - 452 421 42.9 - 587 507 516 gom Deva | - 187 147 16.4 - 340 238 24.9
gui_Gujr 472 534 476 488 603 669 577 59.2 guj_Gujr 179 256 182 196 | 363 435 313 326
hin_Deva | 533 566 524 54.8 607 650 576 58.7 hin_Deva | 283 335 270 280 | 361 404 298 30.6
kan_Knda | 467 509 463 47.9 588 651 554 56.5 kan_Knda | 134 177 130 156 | 348 405 290 30.0
kas_Arab - 402 376 39.5 - 60.5 526 53.8 kas_Arab - 144 124 134 - 386 283 295
mai_Deva - 487 467 473 - 664 585 595 mai_Deva - 192 170 17.8 - 432 323 3338
mal Mlym | 457 508 456 474 569 645 542 56.0 mal Mlym | 139 164 120 13.1 314 410 282 30.1
mni_Mitei - 445 445 45.0 - 60.3 519 527 mni_Mitei - 174 175 182 - 390 277 289
mar Deva | 443 509 442 46.7 577 651 558 57.3 mar Deva | 139 214 138 175 | 335 419 298 311
npi_Deva - 490 448 478 - 694 606 62.1 npi_Deva - 168 126 15.6 - 482 357 38.0
ory Orya | 403 438 430 46.1 600 676 576 59.3 oy Orya | 102 144 123 174 - 451 314 326
pan_Guru | 480 507 483 47.9 572 630 545 56.1 pan_Guru | 235 258 237 26 | 335 4L1 295 30.9
san_Deva - 386 346 36.2 - 560 459 46.9 san_Deva - 109 84 9.1 - 319 206 218
sat_Olck - 334 396 39.9 - 477 472 48.2 sat_Olck - 55 8.7 8.8 - 251 231 243
snd_Deva - 365 342 352 - 570 513 526 snd_Deva - 139 101 111 - 334 258 27.0
tam_Taml | 455 496 454 46.4 539 597 513 532 tam_Taml | 119 147 113 117 | 289 361 256 27.1
tel_Telu 465 525 4712 48.8 577 649 557 56.8 tel_Telu 155 197 153 162 | 335 425 305 315
urd_Arab - 680  63.1 624 - 730 635 64.7 urd_Arab - 494 418 434 - 538 40l 416
Avg. | 4564 4854 4550 4680 | 5797 6347 5510 5634 Avg. | 160 2028 1682 1819 | 300 407 2960  30.82

Table 3: chrF++ (1) scores on IN22-Gen Table 4: BLEU (1) scores on IN22-Gen

Language ‘ En — Indic ‘ Indic — En Language ‘ En — Indic ‘ Indic — En

ITI  IT2 IR IRSeed | ITI  IT2 IR  IRSeed ITL  IT2 IR IRSeed | ITI  IT2 IR  IRSeed
asm_Beng | 364 468 409 44.9 525 629 527 57.7 asm_Beng | 116 197 153 18.5 313 438 318 36.7
ben_Beng | 475 497  45.1 47.6 552 584 517 553 ben_Beng | 20.1 213 175 19.1 329 364 290 22
brx_Deva - 453 438 442 - 563 50.1 509 brx_Deva - 154 136 14.7 - 355 268 279
doi_Deva - 539 554 552 - 650  59.1 59.9 doi_Deva - 24 341 344 - 456 368 38.1
gom_Deva - 425 398 39.9 - 517 466 473 gom_Deva - 142 113 1.2 - 209 232 237
gui_Gujr 491 531 469 485 569 620 547 58.1 guj_Gujr 232 272 209 23 347 411 320 354
hin Deva | 486 496 480 482 574 601 548 56.7 hin Deva | 284 301 274 275 355 393 325 34.0
kan_Knda | 326 338 317 323 440 415 404 439 kan_Knda | 6.1 6.7 5.1 538 201 249 178 19.8
kas_Arab - 356 287 343 - 526 459 47.6 kas_Arab - 113 65 9.4 - 318 231 252
mai_Deva - 443 398 43.0 - 578 523 529 mai_Deva - 189 153 18.0 - 366 287 29.3
mal_Mlym | 438 457 417 429 506 543 472 50.7 mal Mlym | 111 113 9.1 9.4 276 316 238 27.4
mni_Mtei - 402 408 411 - 525 485 49.1 mni_Mtei - 142 146 152 - 319 261 26.9
mar_Deva | 437 486 422 447 542 585 509 552 mar Deva | 155 194 147 16.2 322 367 285 326
npi_Deva - 515 444 49.9 - 630 560 59.1 npi_Deva - 202 143 19.4 - 24 335 369
ory Orya | 389 402 391 416 556 603 524 56.6 ory_Orya 13 123 117 13.9 336 388 304 34.1
pan_Guru | 540 578  53.1 54.1 581 627 548 58.5 pan_Guru | 320 357 308 315 368 430 332 37.0
san_Deva - 355 293 335 - 483 402 426 san_Deva - 63 39 55 - 2.1 178 19.5
sat_Olck - 346 417 417 - 435 464 474 sat_Olck - 66 109 10.6 - 231 237 250
snd_Deva - 303 318 332 - 496 495 50.1 snd_Deva - 74 8.3 92 - 275 265 27.2
tam_Taml | 377 391 374 383 441 458 408 43.6 tam_Taml | 7.7 76 72 72 208 227 180 19.7
tel_Telu 25 455 408 424 485 529 458 49.3 tel_Telu 12 141 109 11.2 263 310 236 26.3
urd_Arab - 61.6 546 53.9 - 655 574 61.2 urd_Arab - 437 35 346 - 459 357 40.0
Avg. | 4316 4478  41.66 4343 | 5246 5322 49.92 5244 Avg. | 1627 1814 1531 16.58 | 3025 3336 2739 29.77

Table 5: chrF++ (1) scores on IN22-Conv

pan_Guru-snd_Deva lags behind by a 0.3 chrF++

score.

Language pair | 1IT2 IR Seed
IN22-Gen
ben_Beng-hin_Deva 48.7 44.0 (-4.7)
hin_Deva-ben_Beng 45.7 41.3 (-4.4)
hin_Deva-mal_Mlym 44.4 39.2 (-5.2)
mal_Mlym-hin_Deva 48.0 42.4 (-5.6)
pan_Guru-snd_Deva 30.8 30.5 (-0.3)
snd_Deva-pan_Guru 41.1 37.5(-3.6)
tam_Taml-tel_Telu 43.5 38.3(-5.2)
tel_Telu-tam_Taml 454 41539
IN22-Conv
ben_Beng-hin_Deva 44.3 40.8 (-3.5)
hin_Deva-ben_Beng 44.0 39.2 (-4.8)
hin_Deva-mal_Mlym 40.9 36.8 (-4.1)
mal_Mlym-hin_Deva | 40.8  37.6(-3.2)
pan_Guru-snd_Deva 294 28.5(-0.9)
snd_Deva-pan_Guru 43.8 40.8 (-3.0)
tam_Taml-tel_Telu 374 32.5(-4.9)
tel_Telu-tam_Taml 36.6 33.5(-3.1)

Table 7: Indic-Indic chrF++ (1) scores results on IN22-Gen
and IN22-Conv dataset

6 Conclusion

This paper presents our system for the WAT24
shared task on the Multilndic22MT 2024 Shared
Task. We focus on a universal model using pretrain-

Table 6: BLEU (1) scores on IN22-Conv

ing Indic languages with alignment augmentation
and further obtaining direction-specific models us-
ing finetuning on small and high-quality seed data.
We submit a competitive 243M parameter model
covering 22 Indic languages that achieves a compa-
rable performance with a 474M parameter model
covering 11 languages.

Limitations

The present study particularly focuses on pre-
training objectives on a parallel corpus. However,
techniques such as utilizing monolingual corpus
(Pan et al., 2021) along with alignment objective
remain unexplored. Also, large language models
can be potentially leveraged to generate datasets
for low-resource Indic languages. Further, we
restricted the alignment augmentation of substi-
tute words from source sentences (English words).
However, words from target sentences can also be
substituted can explored.
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