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Abstract
Embeddings are growing to be a crucial re-001
source in the field of NLP for any language.002
This work focuses on subword embeddings003
transfer for Indian languages from a relatively004
higher resource language to a genealogically005
related low resource language. We work with006
Hindi-Marathi as our language pair, simulat-007
ing a low-resource scenario for Marathi. We008
demonstrate the consistent benefits of unsuper-009
vised morphemic segmentation on both source010
and target sides over the treatment performed011
by FastText. We show that a trivial “copy-012
and-paste” embeddings transfer based on even013
perfect bilingual lexicons is inadequate in cap-014
turing language-specific relationships. Finally,015
our best-performing approach uses an EM-016
style approach to learning bilingual subword017
embeddings; the resulting embeddings are018
evaluated using the publicly available Marathi019
Word Similarity task as well as Wordnet-Based020
Synonymy Tests. We find that our approach021
significantly outperforms the FastText baseline022
on both tasks; on the former task, its perfor-023
mance is close to that of pretrained FastText024
Marathi embeddings that use two orders of025
magnitude more Marathi data.026

1 Introduction027

Subword-level embeddings are useful for many028

tasks, but require large amounts of monolingual029

data to train. While about 14 Indian languages030

such as Hindi, Bengali, Tamil, and Marathi have the031

required magnitudes of data and resources, most032

Indian languages are highly under-resourced; they033

have very little monolingual data and almost no par-034

allel data, low internet presence and not much digi-035

tization. For example, to the best of our knowledge,036

Marwadi, spoken by 14M people, has no available037

monolingual corpus; Konkani, spoken by about038

3M people, has a monolingual corpus containing039

3M tokens, and no parallel data.1 However, many040

1The Opus Corpus (Tiedemann, 2012) is perhaps one of the
most popular collection of parallel texts and can be checked

of these languages have very close syntactic, mor- 041

phological, and lexical connections to surrounding 042

languages including the mentioned high-resource 043

languages. Our approach aims to leverage these 044

connections in order to build embeddings for these 045

low-resource languages, in the hope that this will 046

aid further development of other NLP tools such as 047

MT or speech tools for them.2 048

In this study, we work with Hindi-Marathi as 049

our language pair, and use asymmetric resources 050

(large data for Hindi, artificially small monolingual 051

data for Marathi) in line with the assumption of a 052

low-resource language that is genealogically and 053

culturally related to a high-resource language. We 054

are constrained, of course, by the necessity of eval- 055

uation datasets for the resulting embeddings. This 056

is intended to be a pilot work to a broader study 057

that applies and perhaps adapts our given approach 058

to a much larger coverage of different typologies of 059

Indian languages and language pairs, in the hope 060

of making it generalizable to truly low-resource 061

languages. In this work, however, we only report 062

its performance with respect to the Marathi bilin- 063

gual embeddings obtained in our simulation of the 064

low-resource setting. 065

Several Indian languages are morphologically 066

rich, including Hindi and Marathi. This means that 067

while related language pairs may have a high num- 068

ber of cognates, these may be “disguised” by sur- 069

rounding inflectional or derivational morphemes. 070

In this situation, even with an identical underly- 071

ing syntactic structure, lexical correspondences be- 072

tween languages may be obscured or rendered in- 073

congruent. Further, when working with small data, 074

the corpus frequencies of fully inflected surface 075

forms would be much less reliable than those of 076

stem and affix morphemes, intuitively resulting in 077

for estimation of parallel data.
2While some languages may have a little parallel data,

we assume none, so as to cater to languages that are just
undergoing digitization, such as Mundari (has a monolingual
corpus of 0.5M tokens and no parallel data).

1



a less robust embeddings transfer. These factors,078

along with the intuition that many Indian languages079

share morpheme-level correspondences with each080

other, motivated us to train and apply unsupservised081

morphemic segmentation on both the source and082

target language data; we demonstrate the benefits083

of doing so in our evaluations. The idea of the trans-084

fer is to project the low-resource language (LRL)085

subwords into a shared bilingual space with the086

high-resource language (HRL). We first attempt a087

trivial transfer that simply finds the “closest” HRL088

subword for each LRL subword, and copies its em-089

bedding. We demonstrate that this approach, while090

tempting, is not enough to capture the relationships091

between even identical words in both languages;092

embeddings spaces appear to encode more com-093

plex information that this approach would suggest.094

For our best performing approach, we use the EM-095

style algorithm described in Artetxe et al. (2017),096

which alternately optimizes the distance between097

pairs belonging to a bilingual mapping, and gener-098

ates a bilingual mapping between words from the099

resulting bilingual embeddings. We compare the100

resulting Marathi bilingual embeddings to a Fast-101

Text model trained on the available data as well102

as pretrained models, on the Word Similarity tasks103

and the Wordnet-Based Synonymy Tests.104

Section 2 describes previous relevant literature,105

Section 3 describes some key properties of Hindi106

and Marathi, Section 4 records the datasets and107

tools we have used. Sections 5 and 6 describe our108

segmentation efforts and experiments respectively,109

and Sections 7 and 8 describe our results. We dis-110

cuss our findings in Section 9, and conclude with111

potential directions of future research in Section 10.112

2 Previous Work113

2.1 Subwords in Embedding Spaces114

In a seminal work, Bojanowski et al. (2017) present115

FastText, an algorithm to train embeddings that116

treats morphology by representing words as bags117

of chargrams. This idea has since been taken for-118

wards by many studies that recognize its useful-119

ness for morphologically rich languages as well120

as in data scarcity situations; Zhu et al. (2019b)121

look at the segmentation of a word, such as us-122

ing chargrams, Byte Pair Encoding (BPE) (Gage,123

1994; Sennrich et al., 2016), Morfessor, as well as124

the composition of the subword embeddings (ad-125

dition, averaging, etc.) to construct the final word126

vector, and conclude that the best performing con-127

figuration is highly language and task dependent. 128

A subsequent work (Zhu et al., 2019a) focuses on 129

LRLs and finds the combination of BPE and addi- 130

tion largely robust, although they once again note 131

language-dependent variability. They also find that 132

encoding “affix” information with positional em- 133

beddings is beneficial, hinting that the embedding 134

space may distinguish the importance of different 135

kinds of subwords. 136

2.2 Cross lingual embeddings 137

The problem of learning bilingual embeddings has 138

usually been studied in a symmetric resources sce- 139

nario. Xu et al. (2018) propose a method of map- 140

ping two sets of monolingual embeddings into a 141

shared space using gold bilingual lexicons; they 142

present results for English paired with Spanish, 143

Chinese, and French, evaluated on the bilingual 144

lexicon induction as well as Word Similarity tasks. 145

Chaudhary et al. (2018) work with training bilin- 146

gual subword embeddings for pairs of Indian LRLs 147

from scratch; they project different scripts into the 148

International Phonetic Alphabet (IPA) and find that 149

a joint learning objective performs better than trans- 150

fer learning. Kayi et al. (2020) present an extension 151

of the BiSkip cross lingual learning objective that 152

leverages subword information to train English- 153

paired bilingual embeddings for LRLs; however, 154

they assume the presence of around 30K parallel 155

sentences. We describe Artetxe et al. (2017) in 156

some detail below, since we use this algorithm in 157

our approach. 158

2.3 Bilingual Lexicon Induction 159

This task is closely related to that of embeddings 160

transfer, especially when the languages under ques- 161

tion are have many lexical correspondences. We 162

therefore see that these two tasks often leverage 163

each other; Hauer et al. (2017) uses word2vec 164

embeddings (Mikolov et al., 2013) in order to 165

iteratively train a translation matrix. However, 166

older works such as Koehn and Knight (2002) and 167

Haghighi et al. (2008) use monolingual features 168

such as frequency heuristics, orthographic features, 169

tags, and context vectors in order to find bilingual 170

mappings. 171

2.4 Summarizing Artetxe et al. (2017) 172

This work presents an EM-style approach to train- 173

ing bilingual embeddings from monolingual em- 174

beddings without parallel data; however, it assumes 175
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Figure 1: Tokens (with transliterations) in Marathi and
Hindi. The stem for “do” is the same (i.e. “kar”) in
both languages; Marathi uses one token whereas Hindi
uses three.

high quality monolingual embeddings for both lan-176

guages trained on at least 1 billion word corpora177

each. Given the two sets of word embeddings, they178

find a bilingual dictionary D by choosing the clos-179

est target word for each source word with respect to180

the cosine distance between source and target word181

embeddings. In the next step, they use the dictio-182

nary D to calculate a linear transformation matrix183

that minimizes the sum of cosine distances of the184

embeddings of all word pairs in D. They apply185

an orthogonality constraint on the transformation186

matrix in order to preserve monolingual invariance187

i.e. to prevent the degradation of the monolingual188

relationships in the resulting embedding space.189

3 Note on languages190

Hindi is spoken by about 340M people.3 It is191

related to other large Indian languages such as192

Marathi, Punjabi, and Bangla, and has 48 rec-193

ognized “dialects” over India, which makes it a194

good choice for the HRL in this project. Hindi195

is written in the Devanagari script, which is also196

used for over 120 other (often related) languages,197

including Marathi. Both Hindi and Marathi are198

largely free word order; nouns inflect for case and199

number, verbs inflects for tense, number, gender,200

and adjectives inflect for gender, case, and num-201

ber. Some differences are that Marathi exhibits202

more agglutinative tendencies than Hindi; Marathi203

is conventionally written in a manner that allows204

suffix stacking with certain boundary changes. For205

example, a Marathi token may be a sequence206

of verb+nominalizing-morpheme+case-marker or207

noun+postposition+genitive. In Hindi, while the208

morpheme order and inflection would largely be209

the same, these morphemes (such as case-markers,210

postpositions, and genitives) would appear as sepa-211

rate tokens (see Figure 1).212

3See https://en.wikipedia.org/wiki/
List_of_languages_by_number_of_native_
speakers

4 Data and Resources 213

4.1 Training Data 214

For Hindi, we used 1M sentences containing 215

roughly 18M tokens from the HindMonoCorp 0.5 216

(Bojar et al., 2014). For Marathi, we used 50K 217

sentences containing 0.8M tokens from the Indic- 218

Corp Marathi monolingual dataset (Kakwani et al., 219

2020). The latter number was chosen because it 220

seems to be the ballpark of the amount of monolin- 221

gual data collected for newly digitized languages.4 222

4.2 Pretrained Embeddings 223

We use pretrained FastText embeddings for Hindi, 224

presented by Grave et al. (2018), in line with the 225

assumption that we have good quality resources 226

for the HRL. These embeddings are trained on the 227

Wikipedia corpus as well as the Common Crawl, 228

containing a total of about 2G tokens. We also use 229

the pretrained Marathi FastText embeddings pre- 230

sented in the same work, solely for the purpose of 231

comparison and evaluation; these embeddings are 232

trained on 50M tokens and 85K Wikipedia articles. 233

4.3 Evaluation datasets 234

4.3.1 Word Similarity Dataset 235

A Word Similarity dataset is a set of word pairs, 236

each annotated by humans according to the degree 237

of similarity (on a scale of 1-10) between the two 238

words. For evaluation, we find the cosine similarity 239

between the two words, and ultimately calculate 240

the Spearman’s Rank Correlation between the hu- 241

man and model “similarity” judgments for all word 242

pairs. We report this correlation multiplied by 100. 243

We present results on the Marathi Word Similar- 244

ity dataset presented by Akhtar et al. (2017), con- 245

taining 104 word pairs, as our primary evaluation. 246

This dataset is created by translating a subset of 247

the WordSimilarity-353 English evaluation dataset 248

into Marathi by native Marathi speakers fluent in 249

English, and re-evaluating the similarity scores by 250

8 native speaker annotators. 251

4.3.2 Wordnet-Based Synonymy Tests 252

Since the WordSim dataset is rather small, we also 253

perform Wordnet-Based Synonymy Tests (WBST) 254

(Piasecki et al., 2018). A WBST consists of a set 255

of “questions” of the following format: there is a 256

4See https://www.ldcil.org/
resourcesTextCorp.aspx for efforts on collect-
ing data on under-resourced languages such as Bodo, Dogri,
Santhali, etc.
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“query word”, and N options. One of the options257

is a synonym or closely related to the query word,258

while the rest are “detractors”, or randomly selected259

words. The task is to identify the synonym; we do260

this by calculating the distances between the query261

word and each of the options in the embedding262

space and selecting the closest. The reported score263

is the percentage of questions that the embeddings264

answered correctly. We use the Marathi Wordnet,5265

containing 32K words, built by Sinha et al. (2006);266

Debasri et al. (2002), for generating the WBST.267

We also use the Python application interface given268

by Panjwani et al. (2018). Note that we use the269

Wordnet solely for evaluation purposes.270

5 Segmentation271

Due to the fusional/agglutinative nature of the lan-272

guages, as well as the differences in morphology273

and tokenization conventions as discussed in Sec-274

tion 3, we apply morphemic segmentation to both275

source and target side data. This is motivated by276

the need to handle data scarcity on the LRL side,277

since fully inflected tokens are much rarer than278

their constituent subwords; we see that the unseg-279

mented Marathi data has 100K distinct tokens, but280

only 20K distinct “morphemes” post-segmentation.281

In principle, the morphemic segmentation is also282

an attempt to increase the visibility of the morphs283

in the language data since it is easier to find cor-284

respondences between the two languages at this285

level rather than at the token level.6 This is clear in286

the fact that 50% of the “morphs” in the Marathi287

segmented data also occur in the Hindi corpus,288

whereas for the unsegmented data, this is only 20%289

of tokens. We experimented with BPE and Morfes-290

sor and decided to use the latter, since BPE seemed291

unable to preserve longer morphs regardless of pa-292

rameter settings. However, this can only be deci-293

sion may vary according to language type.7294

6 Approach295

Our experiments test different intuitions about the296

cross-lingual interactions between the languages in297

question. As a baseline, we train a FastText model298

5See http://www.cfilt.iitb.ac.in/
wordnet/webmwn/

6According to native bilingual speaker intuition
7Note that we do not lemmatize our data; good-quality

lemmatizers are a scarce resource that we cannot assume for
the LRL. Furthermore, we want to train subword embeddings
for non-root morphemes as well and so we retain them in the
data.

with 300 dimensions on the tokenized Marathi data 299

with 0.8M tokens (Mar-Base-300-0.8M). 300

6.1 Normalized Edit Distance 301

This approach is based on a bilingual mapping at 302

a subword level; it takes advantage of the high 303

number of cognates between related languages as 304

well as the common script. Its primary intuition 305

is that since the languages share not only cognates 306

but also syntactic and morphological properties, 307

embedding vectors can essentially be “copied” over 308

to the LRL from the HRL. 309

For each Marathi morph, we choose the Hindi 310

morph with the minimum normalized edit distance 311

from it. NED is calculated in the following way: 312

NED(l, h) =
edit_distance(l, h)

max(length(l), length(h)

To obtain the embedding of any Marathi word, 313

we first segment it. For each subword, we 314

• Look for the closest Hindi morph by NED 315

• Retrieve the corresponding Hindi subword em- 316

bedding 317

Finally, we compose the subword embeddings in 318

any way we choose (such as addition).8 See Algo- 319

rithm 1 for a depiction.

Algorithm 1: Self/NED Mapping
l_word← LRL word;
H_EMB← HRL embeddings;
l_morphs← segment_lrl(l_word);

l_subwords_emb← empty list
for l_morph in l_morphs do

h_closest← closest_HRL_morph(l_word);
append(l_subwords_emb, H_EMB(h_closest));

end
l_emb← compose_subwords(l_subwords_emb);
return l_emb ;

320

6.2 Self-learning Bilingual Lexicon approach 321

The approach proposed by Artetxe et al. (2017) in 322

intended to generate bilingual word embeddings for 323

equally well-resourced languages (See Section 2.4 324

for details). We hypothesize that it will maintain 325

its quality at the subword level for morphologi- 326

cally rich languages; further, we hypothesize that 327

in our data-asymmetry situation, this approach will 328

serve to “transfer” some of the higher quality of 329

8Of course, this approach is highly limited to related words
in the language. However, testing it out gives us an interesting
insight about cognates and identical words (see Section 9.1)
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the HRL embedding space to the LRL embeddings,330

by leveraging a bilingual mapping to induce the331

relationships already encoded in the HRL embed-332

dings. We use 300-dimensional FastText vectors333

trained on available Marathi segmented data (Mar-334

Seg-300-0.8M) as the initial set of LRL embed-335

dings. For the HRL, we can use any available336

resource. We try using pretrained FastText vectors337

(Hin-Pret-300-2G); we also retrain FastText on the338

segmented Hindi data (Hin-Seg-300-18M). For all339

runs, we set the initial seed dictionary as identical340

words in the source and target corpora.9 We use the341

Mar-Seg-300-0.8M FastText model as a backoff342

for unseen morphs, as shown in Algorithm 2. For

Algorithm 2: Using bilingual embeddings
with backoff

l_word← LRL word;
L_EMB← Bilinual LRL embeddings;
L_EMB_backup←Mar-Seg-300;
l_morphs← segment_lrl(l_word);
l_subwords_emb← empty list;
for l_morph in l_morphs do

l_morph_emb← empty list ;
if l_morph in L_EMB then

l_morph_emb← L_EMB(l_word);
end
else

l_morph_emb←L_EMB_backup(l_morph);
end
append(l_subwords_emb, l_morph_emb);

end
l_emb← compose_subwords(l_subwords_emb);
return l_emb ;

343
composing the subword embeddings of a word, we344

tried addition, averaging, and also simply picking345

the first subword embeddings and discarding the346

rest. The idea behind the last one is that this ap-347

proximates the stem of the word, and also reduces348

the noise created by summing different subword349

embeddings.350

7 Results: Word Similarity Task351

All results are evaluated on the Marathi Word Sim-352

ilarity dataset as explained in Section 4.3.1.353

7.1 Baseline and Comparison Models354

We show the performance of Mar-Base-300-0.8M355

and Mar-Seg-300-0.8M; taking motivation from356

9Note that this approach does not use any parallel data
or bilingual lexicons; this aligns with our assumptions about
parallel data. However, in the case that parallel data does exist,
it can be used to find a good quality bilingual seed lexicon in
lieu of using identical words; this has been shown to improve
the quality of the resulting bilingual embeddings.

Approach Score
Mar-Base-300-0.8M 24.64
Mar-Seg-100-0.8M 39.19
Mar-Seg-300-0.8M 43.23
Joint-Seg-300-0.8M-18M 35.48

Table 1: Marathi Monolingual and Marathi-Hindi Joint
results on WordSim task. In all monolingual models,
the final suffix refers to the number of tokens used for
training; in all bilingual models, the last two suffixes
refer to the Marathi and Hindi tokens, respectively, that
were used in the approach.

Embeddings Score
Mar-Pret-300-60M 54.89
Mar-SG-300-27M 41.12
Hin-Pret-300-2G 39.94

Table 2: Scores of high-resource Marathi and Hindi
models on Marathi WordSim task for comparison.

Chaudhary et al. (2018), we also try a joint ap- 357

proach i.e. we train bilingual embeddings jointly 358

on the segmented Hindi and Marathi data (Joint- 359

Seg-300-0.8M-18M). See Table 1 for these scores. 360

In Table 2, we show the performance of pre- 361

trained FastText Marathi embeddings mentioned in 362

Section 4.2 (Mar-Pret-300-60M), as well as the best 363

performing model score from Akhtar et al. (2017) 364

on this evaluation dataset. Akhtar et al. (2017) test 365

different sets of embeddings including Skip-gram, 366

CBOW (Mikolov et al., 2013) and FastText (Bo- 367

janowski et al., 2017) algorithms, all trained on a 368

corpus with 27M tokens, of which the Skip-Gram 369

(Mar-SG-300-27M) performed best. 370

From Table 1, we observe that simple segmenta- 371

tion of the data causes an improvement of over 20 372

points, outdoing not only Mar-Base-300-0.8M but 373

Mar-SG-300-27M (See Table 2). Surprisingly, the 374

joint model Joint-Seg-300-0.8M-18M dips in per- 375

formance in comparison to the Mar-Seg-300-0.8M. 376

We discuss this effect of the Hindi data on the bilin- 377

gual embeddings in Section 9.1. Finally, Table 3 378

shows the performance of the Mar-Pret-300-60M 379

and Hin-Pret-300-2G on certain word pairs in the 380

Marathi WordSim dataset such that both words are 381

also used identically in Hindi.10 These word pairs 382

were manually identified from the Marathi evalu- 383

ation dataset; we found that there were 64 such 384

10That is, both of the words in the word pair must be both
Hindi and Marathi words with the same spelling, and near-
identical senses.
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Embeddings Identical
Word Score

Hin-Pret-300-2G 41.17
Mar-Pret-300-60M 50.38

Table 3: Hindi and Marathi embeddings scores for
words from the Marathi WordSim dataset that are iden-
tical in both languages

Approach Score
Bi-Self-Seg-300-18M 43.62
Bi-Self-Pret-300-2G 42.72
Bi-NED-Seg-100-18M 39.47
Bi-NED-Pret-300-18M 41.85
Bi-NED-Seg-300-18M 39.37

Table 4: Results on the Marathi WordSim task for self-
mapping and NED strategies, using different Hindi em-
beddings. The approach is named in the following
format: Bi-<mapping_method>-<hin_embs>-<dims>-
<hin_tokens>.

word pairs i.e. 61% of the dataset.11 Surprisingly,385

we see a significant dip in the performance of Hin-386

Pret-300-2G on these word pairs as compared to387

Mar-Pret-300-60M, indicating that while the word388

pairs may appear identical in both languages to a389

native speaker, their usage in the corpora or interac-390

tion with other words from the language is different.391

392

7.2 Normalized Edit Distance (NED)393

Our NED models use only Hindi embeddings, and394

project Marathi morphs onto Hindi morphs in the395

manner mentioned in Algorithm 1. For further sim-396

plicity, we also tried a self-mapping; i.e. we do not397

perform any projection, but calculate the (Hindi)398

embeddings of the Marathi morphs as they are.399

Note that this is only possible because Marathi and400

Hindi share a common script. See Table 4 for the401

results on different combinations of embeddings402

and mappings.403

Firstly, we observe that the self-mapping per-404

forms better than NED in general.12 This is largely405

11Many of these are transliterations of English words. 24 of
the total 135 unique words in the dataset are transliterations,
and they occur 40 times i.e. 19.6% times in the 104 word
pairs.

12Note that there is a difference between the self-mapping
model and directly applying Hin-Pret-300 as in Table 2 In the
former, we segment the Marathi word ourselves and apply
Hindi embeddings to the resulting subwords; in the latter, we
leave it up to FastText. We note that the former does better.

Approach Comp. Score
(Mar-Base-300-0.8M - 24.64)
Bi-Iter-Pret-300-0.8M-2G Sum 44.28
Bi-Iter-Seg-300-0.8M-9M Sum 49.49
Bi-Iter-Seg-300-0.8M-18M Sum 49.21
Bi-Iter-Seg-300-0.8M-18M First morph 50.06
Bi-Iter-Seg-300-0.8M-36M First morph 50.10

Table 5: Iterative approach results on Word Sim
task using different sets of Hindi embeddings for the
crosslingual transfer. Format of the approach name:
Bi-Iter-<hin_embs>-<dims>-<mar_tokens>-
<hin_tokens>. Comp.: Composition function.

unsurprising; NED would only perform better for 406

Marathi words that are cognates with Hindi words 407

and show a slight difference in spelling; it will per- 408

form competitively with self-mapping for identical 409

words in Hindi and Marathi. As we discuss in Sec- 410

tion 7.1, such words form a large part of the evalu- 411

ation dataset. As for the remaining words, it seems 412

that the Hindi embeddings are able to capture the 413

meaning of the unknown Marathi morphs, perhaps 414

due to similarities at a subword level. Applying 415

the NED mapping, however, can result in arbitrary 416

Hindi words with possibly different subwords that 417

may share no semantics with the original Marathi 418

word. 419

Another interesting observation is that the Bi- 420

Self-Seg-300-0.8M-18M performs a little better 421

than Bi-Self-Pret-300-0.8M-2G. This affirms our 422

intuition in Section 5 that segmentation on the 423

Hindi side may indeed “visibilize” the subwords 424

that Hindi and Marathi have in common, leading to 425

better performance of the Hindi embeddings on a 426

Marathi evaluation set. 427

7.3 Iterative Approach 428

This approach trains Marathi bilingual embeddings 429

from Hindi and Marathi monolingual embeddings. 430

The initial Marathi embeddings used are always the 431

monolingual FastText Mar-Seg-300-0.8M, whereas 432

we try with some different Hindi embeddings. See 433

results in Table 5. 434

There are three points of interest in the results: 435

1. We see that the Bi-Iter-Seg-300-0.8M-18M 436

outperforms Bi-Iter-Pret-300-0.8M-2G; i.e. 437

once again, we find that it is better to use 438

embeddings trained on segmented Hindi data 439

for the transfer, even though Hin-Seg-300- 440

18M is trained on two orders of magnitude 441
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fewer data than Hin-Pret-300-2G. Since this442

approach is explicitly bilingual and attempts443

to project the Marathi and Hindi embeddings444

into a shared space, this is a much more direct445

affirmation that the similarities between Hindi446

and Marathi are best exploited at the subword447

level from both sides.448

2. We see that the “first-morph” manner of com-449

position does slightly better than summing or450

averaging13 the subword embeddings.14451

3. Finally, we see that doubling the amount of452

Hindi data used to train the initial Hindi em-453

beddings does not help. This indicates that454

the Hindi data is only useful up to a point; we455

discuss this further in Section 9.1.456

8 Results: Wordnet-Based Synonymy457

Tests458

Due to the small size of the WordSim dataset, we459

also record a set of results on the WBST, which we460

generate ourselves as mentioned in Section 4.3.2,461

to test the consistency of the relative performances462

of some of the above models. See Table 6 for463

the scores;15 scores are calculated as explained in464

Section 4.3.2.465

These results confirm some of the findings from466

the WordSim results; here are some observations467

from Table 6.468

1. Segmentation helps: Mar-Seg-300-0.8M469

consistently outperforms the Mar-Base-300-470

0.8M.471

2. The iterative method is the best among the472

low-resource embeddings.473

3. There is little or no difference between Bi-474

Iter-Seg-300-0.8M-18M and Bi-Iter-Seg-300-475

0.8M-36M: doubling the Hindi data for the476

bilingual approach seems not to have much477

effect on the resulting embeddings.478

4. The Mar-Pret-300-60M still performs the best,479

with a seemingly larger margin than in the480

WordSim task.481

13We do not report averaging scores since they are almost
identical to the summing scores

14This could be for several reasons; for example, if the first
subword approximates the root of the word, then it may cap-
ture most of the meaning, whereas the remaining information
may be irrelevant or add noise.

15Note that since a synonym as well as the detractors are
selected randomly from the Wordnet, the scores show some
variation over different runs; however, these scores are repre-
sentative of the general trend of performance.

5. As MIN increases, the performance of the 482

low-resource methods generally increases. 483

This is natural; the embeddings perform better 484

on words they have seen more frequently in 485

the corpus. 486

9 Discussion 487

Some of the clearer findings of our experiments 488

are as as regards segmentation and the benefits of a 489

non-trivial bilingual embeddings transfer. 490

We see repeatedly that segmentation on both 491

sides of the transfer helps the quality of the LRL 492

embeddings. Segmenting the Marathi data causes a 493

large boost in monolingual performance (Table 1); 494

furthermore, when transferring from Hindi embed- 495

dings, Bi-Iter-Seg-300-0.8M-18M outperforms Bi- 496

Iter-Pret-300-0.8M-2G (Table 5); the Hindi em- 497

beddings used in the latter are trained on 2 orders 498

of magnitude higher (unsegmented) data.16 This 499

suggests that the interaction between the two lan- 500

guages is indeed facilitated at a subword level, val- 501

idating our bilingual native speaker intuition about 502

the same. We also see that the iterative approach 503

consistently outperforms both monolingual mod- 504

els Mar-Base-300-0.8M and Mar-Seg-300-0.8M, 505

indicating that bilingual interaction between the 506

related languages is indeed beneficial. This is a 507

good sign for the project of building NLP tools for 508

truly low-resource languages, although the impact 509

of different typologies on this bilingual effect needs 510

to be explored. 511

Finally, we find that, in agreement with the find- 512

ings of the papers that investigate subword com- 513

position functions (Zhu et al., 2019a,b), the best- 514

performing composition function for subword em- 515

beddings seems to be highly task and data depen- 516

dent; counter-intuitively, even discarding every- 517

thing except the first subword seems to work better 518

in some cases than aggregating the embeddings of 519

all parts of the token. 520

9.1 Using Hindi data 521

To the best of our knowledge, this is the first work 522

that clearly demonstrates that a trivial “copy-and- 523

paste” transfer approach, such as our NED mod- 524

els, is not adequate, even when working with two 525

culturally related languages that share a very high 526

percentage of cognates as well as syntactic and mor- 527

16Of course, we are talking about performance in terms of
the resultant Marathi bilingual embeddings rather than the
direct evaluation of the Hindi embeddings.
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(MIN, N) Test size Mar-Base
-300-0.8M

Mar-Seg
-300-0.8M

Bi-Iter-Seg-
300-0.8M-18M

Bi-Iter-Seg
-300-0.8M-36M

Mar-Pret
-300-60M

(10,6) 1183 51.23 58.92 61.62 57.06 84.70
(10,5) 1183 51.90 54.78 58.66 61.54 84.87
(20,6) 684 48.98 53.65 59.94 58.19 84.50
(20,5) 684 57.89 59.94 64.47 64.33 87.57
(50,5) 293 58.02 63.14 67.24 68.94 81.23

Table 6: WBST Results. MIN refers to the minimum frequency of the question and options in the corpus, N
refers to the number of total options including the answer. Summing was used as the composition function where
applicable. The two best-performing models have been bolded.

phological properties. Our experiments with iden-528

tical words pairs in Table 3 especially show that529

even identical words that are not false friends may530

behave differently depending on the language;17531

using Hindi embeddings directly, even for identical532

words, is problematic.18 We believe that this is533

an important insight into embeddings transfer that534

rejects relying on trivial or simplistic approaches.535

Many of our experiments are intended to indi-536

cate how useful the Hindi data and embeddings are537

to the Marathi tasks; e.g. we evaluate Hin-Pret-300-538

2G directly on the Marathi WordSim task (Table 2),539

we experiment with different amounts of Hindi data540

for both tasks (Tables 5 and 6), and we try a self-541

mapping with the NED model (see Table 4). We see542

that doubling or halving the amount of Hindi data543

does not boost the results for either task and some-544

times even harms performance. Similarly, we see545

that Joint-Seg-300-0.8M-18M performs worse than546

Mar-Seg-300-0.8M (see Table 1). In conjunction,547

these results imply that under the current transfer548

paradigm, adding more Hindi data may sometimes549

hurt rather than benefit; too much Hindi data for550

the purpose of training bilingual embeddings may551

actually “conceal” Marathi word interactions. We552

invite further investigation of this effect.553

10 Future Work554

This work is intended to be the pilot in a series of555

similar studies. We hypothesize that we can ob-556

tain similar results for other genealogically related557

LRL-HRL pairs. We intend to repeat these experi-558

17This is to say even if words a and b occur identically and
with the same senses in both languages, the word pair (a, b)
may have a different relationship depending on the language.

18Note that Hin-Pret-300-2G performs very well on the
Hindi WordSim dataset; its monolingual quality is not the
problem.

ments for language pairs19 such as Punjabi-Hindi, 559

Assamese-Bengali, Konkani-Marathi, and others. 560

Some of the issues we will be working against are 561

different scripts, morphemic segmentation of un- 562

known languages, and the lack of evaluation data. 563

We would also like to experiment with the integra- 564

tion of parallel data into this approach.20 Finally, 565

we also think it would be interesting to extend this 566

problem from a bilingual to a multilingual one, 567

with multiple sources for a target language. This 568

would be highly pertinent in the case of Indian lan- 569

guages, where even major Indian languages may be 570

interconnected, and regional languages may benefit 571

from the resources of more than one HRL. 572

11 Conclusion 573

Embeddings transfer from a high-resource to a 574

low-resource language with the incumbent data 575

asymmetry and nearly no parallel data is an im- 576

portant task in today’s scenario of data inequality 577

across languages. We target a family of geographi- 578

cally and genealogically related languages, includ- 579

ing some high-resource languages and other low- 580

resource languages, possibly undergoing digitiza- 581

tion and data collection. In specific, we look at the 582

Indian languages, and assume that both languages 583

are morphologically rich. We take such a language 584

pair i.e. Hindi-Marathi, and artificially simulate 585

a low-resource scenario for Marathi. We present 586

an approach to embeddings transfer that uses very 587

little monolingual data on the LRL side, and no 588

parallel data, and we demonstrate that it improves 589

significantly over a monolingual FastText baseline 590

for both the WordSim and WBST tasks. Further, 591

its performance on the former task is close to that 592

of high-resource pretrained FastText embeddings. 593

19simulating LRL environments
20We mention one way of doing this in Section 6.2.
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