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Introduction

e Multilingual processing is becoming more common in most practical use cases
in the present day due to the usage of code-mixed languages, and the need to
process multilingual documents in a language-agnostic manner,

e Multilingual embeddings solves this problem by proving embeddings from a
shared embedding space for multiple languages

e We can consider mainly two types of multilingual embeddings
o Multilingual embedding models that supports multiple languages (mBERT, XLM-R, LaBSE, LASER
etc.)[1, 2, 3,4, 5]
o Aligned monolingual embeddings (Word2Vec, GloVE, FastText etc.) that explicitly mapped to a
common embedding space [6, 7, 8]

e Here, we comparatively study how good each of these two embedding types in
the word embeddings paradigm
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Methodology

e The evaluation task we are using is Bilingual Lexicon Induction (BLI) or Word Translation

Precision on FastText vocabularies [11]
o  How accurate the aligned embeddings can extract word translation pairs
o  Used two retrieval criteria: Nearest Neighbour (NN) and Cross-Domain Similarity Local Scaling (CSLS)

e We have used the MUSE datasets [9] for BLI evaluation
o  Aset of bilingual dictionaries for 110 language pairs

e We have experimented with the following Multilingual Models

o mBERT[1]
o XLM-R[Z]
o  LaBSE[3]

o LASER[4, 5]
e And, the following Monolingual Alignment Techniques
o Procrustes Analysis [9]
o RCSLS[10]
o VecMap [8]

e We have selected the languages that covers the following aspects
o  Resourceness of the Languages (high, medium and low)
o  Language Family (Indo-European, Sino-Tibetan, Dravidian, Japonic and Turkik)
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Experimental Setup

e For monolingual embedding alignment we used the first 200k FastText

word embeddings [12]

e For multilingual model evaluation we used the same 200k words and
generated the embeddings from the multilingual models

e The BLI has been done using the reference language as English (i.e. The

language pair is always in the form of En-X)
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Results: Multilingual Model Comparison

e Top 1,5and 10 BLI scores for the selected multilingual models

We have observed that almost all the cases LaBSE has given the best results

e The 3 languages have been selected considering resourceness and language
family

En-Lang Lang-En

Lang | Method NN CSLS NN CSLS
P@l P@5 P@l10| P@l P@5 P@l10| P@l P@5 P@I0| P@l P@5 P@I10
mBERT 36.1 744 82.0 | 257 587 709 |504 725 79.7 | 494 76.2 821
Es XLM-R 314 782 837 |:282 627 713.1 | N9 T4 765 (61.3 781 809
LASER%3 | 379 753 821 |393 753 823 |57.6 789 85.1 [56.2 782 84.6
LaBSE 40.0 83.1 89.6 | 40.5 84.7 90.2 | 65.3 88.9 92.1 | 65.0 87.7 91.5
mBERT 232 49.0 569 | 209 465 540 | 123 295 36.1 | 28.3 43.8 493
Zh XLM-R 309 570 634 | 288 546 609 | 139 319 379 | 325 51.1 559
LASER%3 | 105 19.6 240 | 109 21.2 249 |7.1 165 225 (79 169 22.0
LaBSE 27.1 648 73.7 | 288 66.4 754 | 42.1 634 69.7 | 41.0 64.0 71.1
mBERT 345 526 604 | 246 423 515 | 47.0 581 625 |37.0 569 63.2
Tr XLM-R 359 628 69.0 | 282 509 59.2 | 509 628 66.0 [ 45.8 60.3 64.2
LASER2/3 | 353 57.9 643 | 325 506 578 | 564 678 70.8 [ 454 656 70.2
LaBSE 36.5 71.1 785 | 36.3 740 799 | 64.0 80.9 84.3 | 624 80.3 83.6 4




Results: Alignment Techniques Comparison

e Top-1 BLI scores for RCSLS vs VecMap vs LaBSE
e VecMap wins most of the cases and RCSLS has competitive results
e RCSLS and VecMap exceed LaBSE by a considerable margin in most of the cases
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Results: RCSLS Alignment Top-N Retrieval Comparison

e RCSLS Alignment BLI scores for Top-1, 5and 10

P@1, P@5 and P@10 BLI Scores for RCSLS
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Results: VecMap Alignment Top-N Retrieval Comparison

e VecMap Alignment BLI scores for Top-1, 5and 10

P@1, P@5 and P@10 BLI Scores for VecMap
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Results: LaBSE Alignment Top-N Retrieval Comparison

e LaBSE Alignment BLI scores for Top-1, 5 and 10

P@1, P@5 and P@10 BLI Scores for LaBSE
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Results: RCSLS Alignment Retrieval Criteria Comparison

e Retrieval criteria evaluation for RCSLS alignment
e Almost all the cases CSLS retrieval outperforms NN retrieval

RCSLS @1 for NN and CSLS
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Results: VecMap Alignment Retrieval Criteria Comparison

e Retrieval criteria evaluation for VecMap alignment
e Almost all the cases CSLS retrieval outperforms NN retrieval

VecMap @1 for NN and CSLS
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Results: Effect of Vocabulary Pruning for BLI

e Pruning the vocabularies by removing the entries that do not belong to
that particular language when evaluating BLI

Effect of Vocabulary Pruning for BLI (@1 BLI Scores for RCSLS and LaBSE)
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