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Abstract

In this work, we focus on intrasentential code-001
mixing and propose several different Synthetic002
Code-Mixing (SCM) data augmentation meth-003
ods that outperform the baseline on down-004
stream sentiment analysis tasks across various005
amounts of labeled gold data. Most importantly,006
our proposed methods demonstrate that strategi-007
cally replacing parts of sentences in the matrix008
language with a constant mask significantly im-009
proves classification accuracy, motivating fur-010
ther linguistic insights into the phenomenon011
of code-mixing. We test our data augmenta-012
tion method in a variety of low-resource and013
cross-lingual settings, reaching up to a relative014
improvement of 7.73% on the extremely scarce015
English-Malayalam dataset. We conclude that016
the code-switch pattern in code-mixing sen-017
tences is also important for the model to learn.018
Finally, we propose a language-agnostic SCM019
algorithm that is cheap yet extremely helpful020
for low-resource languages.021

1 Introduction022

Code-mixing sentences have complex syntactic023

structures and a large vocabulary across languages.024

It is difficult for someone not fluent in both lan-025

guages to understand a code-mixed conversion.026

Due to its spontaneous nature, code-mixing text027

data is hard to collect and therefore extremely low-028

resource. Most text-based code-mixing happens in029

casual settings such as blogs, chats, product ratings,030

and comments, and most predominantly on social031

media. A model for natural language processing032

(NLP) tasks for code-mixed languages is necessary,033

but current NLP studies on social media texts focus034

mostly on English (Farzindar and Inkpen, 2015;035

Coppersmith et al., 2018; Hodorog et al., 2022;036

Oyebode et al., 2022). However, the fact that En-037

glish has become the lingua franca in most social038

media apps can be helpful in cross-lingual general-039

ization of code-mixing languages with one of the040

Figure 1: SCM Data Generation Model Pipeline.
Large amounts of synthetic data are combined with lim-
ited natural data to finetune a multilingual PLM (Devlin
et al., 2018) with a transformer classifier layer for senti-
ment analysis.

languages being English (Choudhury, 2018). A re- 041

cent survey on code-mixing datasets for any down- 042

stream tasks found that 84% of the code-mixing 043

pairs contain English (Jose et al., 2020). Therefore, 044

having a model for English-X (any other language) 045

code-mixing languages is crucial for future NLP 046

research on code-mixing. 047

Sentiment analysis (SA) is an important research 048

area in social media NLP, which learns to predict 049

the sentiment of a piece of informal text, often 050

in the form of a few sentences or a paragraph. 051

SA models are widely used in social media for 052

public emotion detection (Ortigosa et al., 2014), 053

video/post suggestions, and commercially for ana- 054

lyzing customer feedback, business trend, etc (Drus 055

and Khalid, 2019). In the code-mixing setting, 056

there is also a need for SA tools as the switching 057

and choice of language for a multilingual speaker 058

contains higher-level implications that are valuable 059

for downstream needs (Kim et al., 2014). Code- 060

mixing sentences are composed of multiple lan- 061

guages, making multilingual Pre-trained Language 062
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Models (PLM) (Devlin et al., 2018) the natural063

choice for the starting point to explore NLP tasks064

in this new domain. However, as we will discuss065

in Section 2.3, there are limitations on the ability066

of multilingual PLMs to be directly adopted for067

code-mixing languages.068

As shown in Figure 1, we attempt to solve the069

domain mismatch between multilingual PLM and070

extremely low-resource, unseen code-mixing data071

by introducing a Synthetic Code-Mixing (SCM)072

data augmentation pipeline for code-mixing social073

media sentiment analysis. In our proposed data aug-074

mentation pipeline, large SCM data is combined075

with limited Natural Code-Mixing (NCM) data to076

fine-tune a pre-trained language mode with a clas-077

sification layer.078

We introduce a low-cost, language-agnostic, and079

label-preserving algorithm to mass-produce syn-080

thetic code-mixing sentences. In this work, our081

contributions include:082

• Our synthetic English-Hindi code-mixing data083

augmentation technique is shown to be extremely084

helpful for SA across a variety of model com-085

plexity and low-resource levels.086

• We investigate the linguistic nature of code-087

mixing from a computational perspective, con-088

cluding that the models learn from the form of089

code-mixing more so than from the semantics of090

individual constituents.091

• We introduce a low-cost, language-agnostic, and092

label-preserving algorithm that allows for the093

rapid production of a universal corpus for code-094

mixing sentences. We demonstrated improve-095

ment over all the language pairs and a 7.73 per-096

cent improvement in the weighted F1-score on097

extremely low-resource languages.098

2 Related Work099

2.1 Code-Mixing100

The earliest studies on code-mixing mostly focus101

on linguistics (Bokamba, 1988). This branch of102

work inspires a lot of computational efforts to103

model code-mixing based on syntactic constraints104

Pratapa et al. (2018) However, code-mixing is also105

a social phenomenon, where the choice of language106

and the switching encode implicit meanings that107

only people within the same community would un-108

derstand, and it often reflects intimacy and group109

identity (Ho et al., 2007; Kim et al., 2014). In or-110

der to model code-mixing sentences, one would111

need knowledge of the degree of multilinguality112

in the community, the speaker-audience relation- 113

ship, the occasion, and the intended effect of the 114

communication (Bokamba, 1989). 115

Code-mixing can be considered a different lan- 116

guage from either of the parent languages and 117

it is extremely low-resource. The dominant lan- 118

guage that controls the syntax is called a matrix 119

language (M) and the language that supplies the 120

phrase meaning is called the embedded language 121

(E) (Auer and Muhamedova, 2005; Myers-Scotton, 122

1992). In our work, we will focus on intrasentential 123

code-mixing where words or phrases in the same 124

sentence are from different languages. 125

2.2 Code Mixing NLP 126

Code-mixing has gained growing interest in the 127

NLP community in recent years. Since it hap- 128

pens spontaneously during casual conversations, 129

code-mixing is relatively more well-studied in the 130

speech domain, such as automatic speech recog- 131

nition (Chan et al., 2009). In the text format, 132

spelling errors and script inconsistency in code- 133

mixing languages make code-mixing NLP a harder 134

challenge on top of its low-resource nature (Thara 135

and Poornachandran, 2018; Rudra et al., 2016). Ex- 136

isting works have been attempting to improve the 137

quality of code-mixing entity extraction (Rao and 138

Devi, 2016), question answering (Obrocka et al., 139

2019), and fine-tuning multilingual PLMs for intent 140

prediction and slot filling (Krishnan et al., 2021). 141

Currently, available parallel corpora rely on non- 142

scalable manual annotations, adding bias and noise 143

to the data (Chakravarthi et al., 2020b; Dhar et al., 144

2018; Srivastava and Singh, 2020). 145

Code-Mixing Generation Some existing at- 146

tempts to generate synthetic code-mixing data use 147

subjective rule-based systems on parallel corpora, 148

but standardized metrics like BLEU (Papineni et al., 149

2002; Doddington, 2002) have proven them inef- 150

fective (Srivastava and Singh, 2021). Pratapa et al. 151

(2018) used the Equivalence Constraint theory to 152

force align the parse tree of the two languages to 153

replace words in the source sentence. This ap- 154

proach results in natural-sounding English-Hindi 155

code-mixing sentences but relies on the assumption 156

that parallel sentences in English and Hindi - both 157

Indo-European languages - can be parsed with sim- 158

ilar parse trees (Chang et al., 2015), which is not 159

often the case for more distant language pairs. 160

Sentiment Analysis A sentiment analysis model 161

specifically for code-mixing NLP. Such a model 162
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would be able to capture richer and more fine-163

grained sentiments in the switching of the language164

rather than the mere semantics of individual words.165

Some work code-mixing SA follows a translate-166

then-classify paradigm to translate the code-mixing167

sentences in Hinglish into English first, and then168

use a monolingual classifier for the SA task (Gau-169

tam et al., 2021). Others have used carefully crafted170

meta embeddimgs to predict the sentiments (Dowla-171

gar and Mamidi, 2021).172

2.3 Multilingual Pre-trained Models173

Since code-mixing is a mixture of two or multiple174

languages, the use of multilingual language models175

is an important addition to code-mixing NLP. In176

recent years, there have been a lot of transformer-177

based large pre-trained models trained on mono-178

lingual data from multiple languages in an attempt179

to capture multilingual information (Devlin et al.,180

2018; Conneau et al., 2019; Liu et al., 2020b; Xue181

et al., 2020; Ouyang et al., 2020). XLM-T is a182

multilingual language model specifically focusing183

on the domain of social media, significantly outper-184

forming its competitors on sentiment analysis and185

the TweetEval benchmark (Barbieri et al., 2022).186

These models are trained on shared multilingual187

subword embeddings, but the context for training188

is still monolingual due to the nature of the training189

corpus. For example, the sentence embedding (not190

individual token) space of different languages in191

mBERT shows nearly no overlap, which limits its192

ability to understand code-mixing languages (Qin193

et al., 2020). Therefore, directly adopting multi-194

lingual language models trained on monolingual195

corpora from different languages is not enough for196

code-mixing NLP due to its rich linguistic structure197

(Krishnan et al., 2021).198

3 Methods199

In this section, we introduce a language-agnostic200

zero-cost data augmentation method that encodes201

the code-switch pattern with English and a constant202

mask, which provides an efficient universal data203

augmentation for any code-mixing sentences con-204

taining English. Then, we propose three algorithms205

used to generate the SCM.206

3.1 Language Pair Selection207

Language-Specific We generate code-mixing208

sentences that are in the same language pair as209

the test data. We take the higher-resource language210

in the pair as the matrix language (M) leveraging211

the labeled monolingual data. The other language 212

is taken as the embedded language (E1). Labeled 213

data inM can be fully utilized as we assume that 214

code-mixing sentence generation from a monolin- 215

gual sentence is label-preserving. We translate part 216

of the source sentence inM into E1 and put the 217

translation back to the source sentence to get the fi- 218

nal SCM data, which is described more in detail in 219

Section 3.2. The language-specific synthetic data, 220

M-E1,is shown in the dotted red box of Figure 2. 221

Cross-lingual Code-mixing sentences from so- 222

cial media often contain that share the same matrix 223

language,M, and various embedded languages Ei 224

(Choudhury, 2018). Therefore, we investigate the 225

effect of using code-mixing (both NCM and SCM) 226

inM-E2 as a cross-lingual data augmentation tech- 227

nique for SA tasks on code-mixing sentences in 228

M-E1. Similar to the Language-Specific method 229

above, this approach leverages labeled data out- 230

side of the limited M-E1 domain: M-E2 NCM 231

uses labeled, yet still limited, NCM data inM-E2, 232

andM-E2 SCM uses labeled monoligual data in 233

M similar to the language-specific generation pro- 234

cess above. This cross-lingual method can be used 235

in conjunction with the language-specific SCM 236

method described in Section 3.1. 237

Language-Agnostic Finally, we abandon any 238

semantic information in E so the model focuses 239

more on learning the pattern of code-switching 240

rather than the semantics of individual words. To 241

do this, we replace the embedded language to- 242

kens with a constant mask: <GIB>, and create 243

SCM datasets in the embedding-agnostic spaceM- 244

E<GIB>. This data generation method is extremely 245

low-cost, as the labeled SA monolingual dataset in 246

M is abundant. But more importantly, the transla- 247

tion into <GIB> is zero-cost - with no additional 248

runtime or noise added during this trivial transla- 249

tion process. 250

As shown in Figure 2, our method is the first 251

to leverage cross-lingual M-E2 and language- 252

agnosticM-E<GIB> data augmentation for code- 253

mixing (dotted red box) in addition to the language- 254

specific augmentation M-E1 (dotted black box). 255

The synthetic data is mixed with NCM in one-shot 256

or without NCM in zero-shot settings to train dif- 257

ferent SA models in the second stage. We evaluate 258

the SCM datasets on the labeled Hinglish NCM 259

SA test set of 3000 sentences, as well as different 260

language pairs and across different low-resource 261

natural training dataset sizes. 262
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Figure 2: Different Synthetic Data Augmentation Methods. Inside the dotted black rectangular box are current data
augmentation methods from the literature; inside the dotted red rectangular box is our novel data augmentation. The
data (natural and synthetic) is used to fine-tune the SA modelM, which outputs one of the three sentiment labels.

3.2 Code-Mixing Generation - SCM263

For both the language-specific and language-264

agnostic above, the data augmentation relies on265

effective SCM generation methods. In this section,266

we investigate two replacement-based algorithms267

to produce SCM sentences of any given language268

pairM-E . Section 3.2.1 introduces ways to cre-269

ate synthetic code-mixing sentences by replacing270

select tokens from the source sentence; in Section271

3.2.2, we take advantage of additional syntactic272

information to generate SCM by replacing phrases273

with Part-of-speech (POS) tagging.274

3.2.1 Lexical Replacement275

For each monolingual sentence in the matrix lan-276

guageM, a word-level alignment translator trans-277

lates select words into the embedded language E278

and a SCM sentence is generated by replacing279

those words from the matrix language to the em-280

bedded language.281

Code-Mixing Index For a given language pair282

(M, E), we first calculate the Code-Mixing Index283

(CMI) (Gambäck and Das, 2014) as follows:284

CMI = 100(1−max (wi)

n− u
) if n > u, else 0 (1)285

where wi is the number of tokens for language i,286

n is the total number of tokens and u is the number287

of language-independent tokens. The CMI mea-288

sures the degree of code-mixing in a sentence when289

comparing different code-mixed corpora to each290

other. When selecting tokens from the source sen-291

tence, we match the number of tokens to the CMI292

of the NCM data using a hyperparameter Temper-293

ature (τ ) so that the synthetic data has a similar294

distribution to the natural data.295

Token Selection As a strong SCM baseline, we296

randomly select tokens so that the CMI of the SCM297

matches that of the NCM corpus inspired by Kr-298

ishnan et al. (2021), and we name this replace-299

ment method random word replacement. Next, 300

since switching points happens at the phrasal-level 301

(Bokamba, 1989), we select random phrases in the 302

source sentence to be replaced by the embedded 303

language. This random phrase replacement algo- 304

rithm is described in more detail in Appendix B. 305

Word level translation After token selection, we 306

use a word-level translation method to replace the 307

selected tokens inM with tokens in E to generate 308

the final SCM sentence. We investigate a word- 309

level alignment method and fine-tuning mBART 310

(Liu et al., 2020b) to translate the phrases as de- 311

scribed in Appendix D. The translated phrase to- 312

kens are put back to the original position in the 313

sentence of the matrix language to produce the 314

final code-mixing sentence. Figure 3 shows the 315

SCM generated with word and phrase-level lexical 316

replacement of the language pairM-E<GIB>. 317

Figure 3: SCM Generation
The lexical and syntactic algorithms to select parts of
the sentence inM and replace them with tokens in E .

3.2.2 Syntactic Replacement 318

Code-mixing is such a complex linguistic and so- 319

cial phenomenon that it is hard to come up with 320

any universal syntactic constraints to formalize the 321

switching of languages (Bokamba, 1989). Instead 322

of randomly selecting words and phrases as in Sec- 323

tion 3.2.1, we utilize more syntactic information to 324

synthesize code-mixing sentences by tagging the 325

POS of each word in the source sentence. We use 326
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the Flair monolingual English POS tagger (Akbik327

et al., 2018) with an accuracy of 97.85%. Let p328

be the pre-terminals from the Penn Treebank, our329

Syntactic Replacement Algorithm (more details330

in Appendix C) returns a corpus Sp, which is the331

dataset created by replacing all words with POS332

tag p from the source sentences with translation in333

the embedded language. And finally we take334

Scm = Sp1 ∪ Sp2 ∪ . . . ∪ Spk (2)335

as the combined dataset of all the above variations.336

We expect these to be a more effective data aug-337

mentation. The lower half of Figure 3 shows the338

SCM with pi = noun, adj, and verb, respectively.339

4 Experimental Setup340

4.1 Datasets341

SA is the main task of our data augmentation and342

we use both the accuracy and weighted F1-score343

(for 3-way classification) to evaluate the predic-344

tions. The dataset used for training and testing is345

the SemEval-2020 Task 9 on Sentiment Analysis346

of Code-Mixed Tweets (Patwa et al., 2020)1, which347

consists of 14000, 3000, and 3000 Hinglish code-348

mixing sentences for training, we call this dataset349

Natural Code Mixing (NCM). Next, the source of350

the SCM generation is taken from the Stanford Sen-351

timent140 dataset (Go et al., 2009) 2, which con-352

sists of monolingual English tweets labeled with353

positive and negative sentiments. Finally, we use354

the English-Hindi bitext from IITB (Kunchukuttan355

et al., 2018) for the word alignment dictionary and356

for mining neutral SCM source sentences.357

To explore the cross-lingual generalizability of358

our data augmentation, we use the Spanglish data359

in the SemEval dataset (train: 9002, eval: 3000,360

test: 3000) and an English-Malayalam code-mixing361

dataset (train: 3000, eval: 1452, test: 1000) labeled362

for SA (Chakravarthi et al., 2020a) as cross-lingual363

evaluation test sets.364

4.2 Preprocessing365

A coarse filtering (Liu et al., 2020a) is performed366

on both the SemEval NCM data and the Senti-367

ment140 English data.Empty strings, hash sym-368

bols, and URLs are removed from the text. All369

emojis and emoticons are replaced by their English370

descriptions using the emoji library3.371

1https://ritual-uh.github.io/
sentimix2020/

2http://cs.stanford.edu/people/
alecmgo/trainingandtestdata.zip

3https://pypi.org/project/emoji/

Since the Sentiment140 dataset for SCM gen- 372

eration only contains binary sentiments, we use 373

roBERTa-base finetuned on English Twitter SA 374

(Barbieri et al., 2020) to mine neutral sentences in 375

English from the IITB parallel English-Hindi cor- 376

pus. During mining, we collect sentences that are 377

classified as neutral with a confidence score higher 378

than 0.85 into the final source language dataset. 379

4.3 Training 380

To make the data augmentation more effective, we 381

adopt a gradual fine-tuning approach (Xu et al., 382

2021). Treating the SCM data as out-of-domain 383

data, since it does not have the exact distribution 384

as the human-produced NCM sentences, we itera- 385

tively fine-tune on the mixed SCM and NCM with 386

decreasing amounts of out-of-domain data. This 387

gradual fine-tuning approach allows the model to 388

better fit the distribution of the target domain, as 389

the training data gets more and more similar to 390

the domain of the test data, which is NCM in our 391

case. We fine-tune the model in 5 stages with the 392

amount of SCM data size of [30k, 10k, 3k, 1k, 0] 393

with 3 epochs in each stage. An embedding length 394

of 56 is used for the Hinglish corpus and 40 for the 395

Spanglish corpus following the baseline method in 396

Patwa et al. (2020). AdamW optimizer is used with 397

a linear scheduler and a lr of 4e-6, which is deter- 398

mined empirically by preliminary experimentation. 399

All training was done on Google Colab GPU and 400

takes approx. 65 GPU minutes per experiment. 401

4.4 Multilingual PLMs 402

To stay consistent with the baseline accuracy pro- 403

vided in Patwa et al. (2020), we primarily evaluate 404

our synthetic data augmentation on mBERT with 405

a transformer classifier, but we also explore differ- 406

ent models (XLM-R and XLM-T) in our ablation 407

studies. As shown in Figure 2, our method fine- 408

tunes a multilingual PLM with a combination of 409

natural and synthetic data of the same language 410

pair as the previous work has done, then we ex- 411

pand into cross-lingual and language-agnostic data 412

augmentation. Thus, the number of parameters of 413

our model stays consistent with the choice of PLM. 414

In order to directly compare the effectiveness of 415

different SCM datasets, we fix the size of the aug- 416

mented data throughout our experiments at 30000 417

sentences and the size of the natural data at 3000 418

sentences. We evaluate our data augmentation on 419

the labeled Hinglish NCM SA test set of 3000 sen- 420

tences and repeat all experiments for 5 trials. 421
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4.5 Baselines and Hyperparameters422

In order to highlight the effect of our data augmen-423

tation method, we use the same model used in the424

shared task baseline (Patwa et al., 2020) and we425

were able to reproduce the baseline F1-score of426

0.65. The model uses mBERT (Devlin et al., 2018)427

and a transformer classification layer to predict the428

sentiment to be positive, negative, or neutral. To429

demonstrate the effectiveness of our data augmen-430

tation in low-resource settings, we cut down the431

training dataset to 3000 sentences for all future ex-432

periments. A temperature value of τ = 0.4 is used433

to during SCM generation. The hyperparameter434

tuning process is described in Appendix A.435

In our 5-stage gradual fine-tuning procedure, the436

NCM data is passed through the model 5× 3 = 15437

times (3 epochs per stage), so we consider two438

candidates for the baseline model without data aug-439

mentation. We fine-tune the model for 3 epochs440

(1 stage) and 15 epochs (5 stages) with only NCM441

and compare the model performance. As shown in442

exp #1 and #12 in Table 2, the two procedures pro-443

duced results that are not statistically different, and444

a converging loss curve indicates that the 5-stage445

fine-tuning will lead to over-fitting. Therefore, we446

use the one-stage fine-tuning on the NCM as a base-447

line for comparisons. Additionally, we propose a448

strong baseline of using the source monolingual449

sentences inM that we use to generate the SCM450

as a data augmentation to fine-tune the model (exp451

# 13). This allows us to separate the effect of the452

code-switch pattern from the sentence semantics.453

5 Results and Analysis454

We first compare the SCM results with different455

language pair selection schemes in Section 5.1, and456

then discuss multiple strong baselines and compare457

different lexical replacement variants in Section458

5.2. In the ablation studies, we examine different459

syntactic replacement variants, effectiveness across460

low-resource settings, and the generalizability of461

our SCM across different PLMs.462

5.1 Cross-lingual SCM Data Augmentation463

There are two SCM datasets being evaluated in464

this experiment - English-Hindi SCM generated465

using the phrase level lexical replacement algo-466

rithm (hiSCM) and English-XX SCM generated467

using the syntactic replacement algorithm (gib-468

SCM). In addition to the English-Hindi NCM, we469

test on two previously unseen English-Spanish and470

English-Malayalam NCM datasets. Spanish and471

English have a small Levenshtein distance (Serva 472

and Petroni, 2008), while Malayalam and English 473

come from different language families. Addition- 474

ally, it is important to note that although both Hindi 475

and Malayalam are widely spoken in India, Hindi 476

is in the Indo-European language family whereas 477

Malayalam is from the Dravidian language family 478

(Emeneau, 1967). 479

First, the baselines in rows 1, 4, and 7 of Ta- 480

ble 1 are the weighted F1-scores obtained by fine- 481

tuning mBERT on only the NCM dataset. The 482

in-domain language-specific data augmentation is 483

evaluated by fine-tuning on the combined English- 484

Hindi NCM and SCM as shown in exp #2. Then, 485

we have the cross-lingual experiments that uses 486

English-Hindi SCM as a data augmentation for 487

English-Spanish and English-Malayalam tasks as 488

shown in exp #5 and #8, respectively. Finally, our 489

novel language-agnostic augmentation of masked 490

English-XX code-mixing is tested with all lan- 491

guage pairs as shown in exp #3, #6, and #9. 492

# Language Data SCM ↑ (%)
1 Hindi hiNCM 0.5505 0
2 Hindi +hiSCM 0.5860 6.45
3 Hindi +gibSCM 0.5853 6.32
4 Spanish esNCM 0.4956 0
5 Spanish +hiSCM 0.5053 1.96
6 Spanish +gibSCM 0.5061 2.12
7 Malayalam mlNCM 0.6703 0
8 Malayalam +hiSCM 0.7202 7.45
9 Malayalam +gibSCM 0.7221 7.73

Table 1: Cross-Lingual Data Augmentation
Synthetic data generated by translating select tokens into
either Hindi or the <GIB> mask. ‘+’ means combining
synthetic data with NCM for gradual fine-tuning.

As shown in Table 1, the synthetic English-Hindi 493

corpus is extremely helpful for all language pairs. 494

It is important to note that the language-agnostic 495

gibSCM augmentation (exp #6 and #9) achieved 496

better performance compared to the English-Hindi 497

SCM augmentation (exp #5 and #8) on the cross- 498

lingual datasets of English-Spanish and English- 499

Malayalam. This implies that Hindi phrases in the 500

English-Hindi SCM might be biasing the model 501

during training, making the language-agnostic data 502

a more powerful universal data augmentation. 503

5.2 English-Hindi Lexical Replacement 504

In this section, we present a few baselines and eval- 505

uate the English-Hindi language-specific SCM gen- 506

erated using the Lexical Replacement Algorithm 507
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(Algorithm 1). Weighted F1-scores over 5 repeated508

runs are shown in Table 2.509

Baselines When there is no available labeled510

data, fine-tuning on only the synthetic data (exp511

#11) achieved better results than the zero-shot per-512

formance (exp #10) on the un-fine-tuned mBERT.513

This indicates that SCM is an effective zero-514

resource data augmentation for code-mixing SA.515

As described in Section 4.5, exp #1 and #12 re-516

port the one-stage and five-stage fine-tuning on517

the in-domain NCM data, which returns similar518

results. Finally, exp #13 shows the model perfor-519

mance when fine-tuned on the monolingual source520

English data used to generate the SCM.521

SCM performance The more complex phrase-522

level lexical replacement (exp #2) achieves a more523

significant improvement than the naive random524

word lexical replacement (exp #14). This supports525

our intuition that code-mixing is more complex526

than just a random combination of words from dif-527

ferent languages, in which a bilingual speaker picks528

any word that comes to mind. Rather, intrasenten-529

tial code-mixing happens at the phrase level.530

# Experiment Weighted F1
10 Zero-shot mBERT 0.1696 ± 0.0248
11 Zero-shot SCM 0.3144 ± 0.0787
1 Baseline (one-stage) 0.5505 ± 0.0041
12 Baseline (five-stage) 0.5518 ± 0.0075
13 Baseline (NCM + en) 0.5643 ± 0.0124
14 NCM +hiSCM (word) 0.5719 ± 0.0099
2 NCM +hiSCM (phrase) 0.5860 ± 0.0112

Table 2: Hinglish Lexical Replacement
SCM data is made by translating select words/phrases
from English to Hindi. ‘+’ means combining synthetic
data with NCM for gradual fine-tuning.

5.3 Ablation Studies531

5.3.1 English-XX Syntactic Replacement532

After observing the cross-lingual effectiveness of533

our SCM algorithms, we attempt to remove the534

semantic information of the embedded language535

completely by using a constant <GIB> mask in536

place of translated Hindi tokens. This way, the537

model learns the pattern of intrasentential code-538

switching rather than simply gathering the seman-539

tics of the lexicons. Additionally, this reduces the540

cost of SCM generation as no translation process is541

involved. Table 3 shows the classification accuracy542

with English-XX SCM datasets generated with the543

Lexical Replacement Algorithm and the Syntac- 544

tic Replacement Algorithm with different token- 545

selection strategies and their performance. The 546

Syntactic Replacement Algorithm with a mixture 547

of the POS tags “translated" into <GIB> (as de- 548

scribed in Eq 2) outperformed the baselines and all 549

other SCM algorithms, achieving a 6.32% relative 550

improvement over the NCM baseline performance. 551

This provides a language-agnostic data augmenta- 552

tion method for any code-mixing languages with 553

English as the matrix language, which is the most 554

common language in code-mixing sentence pairs 555

in social media (Thara and Poornachandran, 2018). 556

# Experiment F1 ↑ (%)
1 Baseline (only NCM) 0.5505 0
13 Baseline (NCM + en) 0.5643 2.51
15 Lexical (word) 0.5686 3.29
16 Lexical (phrase) 0.5664 2.88
17 Syntactic (Adj) 0.5633 2.33
18 Syntactic (Verb) 0.5723 3.97
19 Syntactic (Noun) 0.5786 5.10
3 Syntactic (mixed) 0.5853 6.32

Table 3: SCM Generation Algorithms
Synthetic English-<GIB> SCM generated by lexical
and syntactic strategies with slightly different token
selection methods: Algorithm(replacement).
The stronger performance of the <GIB> SCM variants
over the baseline of fine-tuning on the English source
sentences (exp #12) shows the effectiveness of only the
code-switch pattern as a data augmentation.

5.3.2 Low Resource Levels 557

The difficulty to collect code-mixing data, espe- 558

cially in the text form, makes this prevalent linguis- 559

tic phenomenon common in real life yet scarce in 560

NLP research. We artificially limit the size of train- 561

ing data to create extremely low-resource scenarios, 562

while keeping the test set constant to evaluate the 563

effect of SCM augmentation across various low- 564

resource settings. Figure 4 shows the weighted 565

F1-scores for SA on the English-Hindi NCM test 566

set of 3000 sentences when gradually fine-tuned on 567

a combination of varying amounts of NCM training 568

data and 30000 SCM augmented data. The SCM 569

data augmentation is helpful for training across all 570

low-resource levels. As the size of natural train- 571

ing data becomes more and more limited, our data 572

augmentation becomes significantly more effective. 573

The F1-scores of this experiment can be found in 574

Appendix F. 575

In the extremely low resource case (100 NCM 576
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sentences), fine-tuning the model with SCM im-577

proves the F1-score from 0.3062 to 0.4743, result-578

ing in a 54.9% relative improvement. As more la-579

beled NCM training data becomes available, both580

the baseline and the data-augmented models be-581

come better at predicting the correct label. Even582

in the highest-resource setting with 14000 labeled583

NCM sentences, the data augmentation still pro-584

duces a 2.08% relative improvement.585

Fine-tuning on only the large NCM corpus of586

14000 sentences achieves a weighted F1-score of587

0.6543, which outperforms the SCM data augmen-588

tation in the extreme low-resource scenario. These589

results show that human-produced gold data is still590

undoubtedly superior to synthetic data, but syn-591

thetic data is still helpful in the absence of natural592

data. We see a smoother loss curve during training593

when the NCM data size is large (i.e. when the594

SCM/NCM ratio is smaller), attributing to the do-595

main consistency of the NCM data. This indicates596

further opportunities to stabilize the synthetic data597

style so that the model’s search path has less noise.598

Figure 4: Effect of SCM Across Low Resource Levels
Weighted F1-scores with SCM English-XX Lexical
Replacement data augmentation across different low-
resource levels. The SCM is more effective with de-
creased natural dataset size.

5.3.3 Generalizability Across Models599

We use our data augmentation method on more600

powerful models to evaluate the generalizability601

of the SCM corpus across different models. Table602

4 shows the baseline of one-shot fine-tuning on603

NCM vs. SCM performance of mBERT (Devlin604

et al., 2018), XLM-R (Conneau et al., 2019), and605

XLM-T (Barbieri et al., 2022) on the Hinglish SA606

task. XLM-R performs extremely well on low-607

resource languages, and XLM-T is an XLM-R-608

based model pre-trained on millions of tweets in609

over thirty languages.610

The data augmentation improves model perfor-611

mance for all pre-trained multilingual language612

models. This indicates that even powerful multi-613

lingual PLMs are not able to completely capture614

the complex structure of code-mixing languages.615

# Model Baseline +gibSCM ↑ (%)
1 mBERT 0.5505 0.5853 6.32
20 RoBERTa-T 0.5982 0.6274 4.88
21 XLM-R 0.6034 0.6564 5.30
22 XLM-T 0.6491 0.6600 1.68

Table 4: Generalizability across Models
gibSCM focuses on teaching code-switch patterns; it
outperform one-shot NCM baselines on all PLMs.

Although the improvement becomes smaller as the 616

model gets more complex, the data augmentation 617

methods consistently outperform the strong base- 618

lines. The smaller improvement of our data aug- 619

mentation technique on XLM-R and XLM-T might 620

also result from the fact that they are trained on 621

Common-Crawl and Twitter data, which contains 622

code-mixing sentences occasionally. And XLM-T 623

has already seen a large amount of Twitter data. 624

Overall, the synthetic data mimics the pattern of 625

code-switching and helps the model adjust to the 626

in-domain code-mixing training data. 627

5.3.4 Other Generation Methods 628

All our methods above rely on replacement-based 629

generation methods. Howver, there are other data 630

augmentation techniques such as switching point 631

prediction, machine translation based approach, 632

and code mixing language modeling. As our work 633

focuses on the cross-lingual and language-agnostic 634

nature of the SCM, other data augmentation algo- 635

rithms were not explored. In preliminary exper- 636

iments, we found that the language-agnostic de- 637

sign also works on other statistical and neural data 638

generation techniques such as n-gram language 639

modeling, demonstrating that the language choice, 640

includingM-E<GIB>, is technique-agnostic. We 641

describe some of these techniques and results in 642

Appendix E. 643

6 Conclusion 644

In this work, we introduce two replacement-based 645

algorithms for synthetic code-mixing for training 646

data augmentation. Most importantly, we prove 647

a low-cost, language-agnostic solution to the data 648

scarcity problem of code-mixing corpus for NLP 649

tasks, specifically sentiment analysis. Analyzing 650

the performance of the SCM as a data augmenta- 651

tion gives insight into code-mixing as a complex 652

linguistic phenomenon. Our algorithm is flexi- 653

ble enough to be easily extended to any other re- 654

placement strategies, making it a universal frame- 655

work for future explorations of the pattern of code- 656

mixing languages. 657
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7 Limitations658

We cannot control the quality of the original mono-659

lingual source data mined from Twitter as we use660

the mined Sentiment140 dataset. Second, we can-661

not empirically verify that no data pollution is662

present (i.e. if the source sentence for generating663

the SCM was involved in the pre-training corpus664

of mBERT). Finally, the parent languages used665

in our experiments are either originally in Roman666

script or can be transliterated into Roman script.667

Our language-agnostic methods are not currently668

tested on languages with various scripts due to the669

absence of labeled data.670
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A Hyperparameter Tuning for CMI904

Figure 5 shows the CMI of the synthetic data gen-905

erated by the phrase level replacement algorithm906

using different temperature values τ . Upon closer907

observation, the natural data contains more Hindi908

tokens than English tokens, so a τ value to the right909

of the peak should be chosen if we use English as910

the source language in the generation algorithm911

because a higher temperature means more tokens912

will be selected to be translated into the embedded913

language. When τ = 0.4, the CMI of the SCM is914

the closest to the CMI of the NCM.915

B Lexical Replacement Algorithm916

Algorithm 1 shows the lexical replacement tech-917

nique in generating SCM.918

C Syntactic Replacement Algorithm919

Algorithm 2 shows the syntactic replacement tech-920

nique in generating SCM.921

Figure 5: Temperature Tuning for CMI

Algorithm 1: Lexical Replacement
Data: S
Result: Scm

1 for s in S do
2 s′ ← ‘’;
3 cr ← 0;
4 while cr < len(s) do
5 if random() < τ then
6 L← rand(1, 2, 3);
7 phrase← ‘’;
8 r ← 0;
9 for cr < len(s) and r < L do

10 phrase += s[curr];
11 curr += 1;
12 r += 1;
13 end
14 s’ += translate(phrase);
15 else
16 s’ += s[cr];
17 cr += 1;
18 end
19 end
20 Scm += s’;
21 end

D Phrase-Level Translation 922

We experiment with two different word-level trans- 923

lation methods in this section. First, we create a 924

simple one-to-many weighted English-Hindi dic- 925

tionary using Awesome-Align (Dou and Neubig, 926

2021)4. Take the Hinglish code-mixing, for exam- 927

ple, we generate word-level alignments using an 928

English-Hindi parallel corpus. For each English 929

4https://pypi.org/project/
awesome-align/
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Algorithm 2: Syntactic Replacement
Data: S
Result: Sp

1 for s in S do
2 s′ ← ‘’;
3 for word in s do
4 if POS(word) == p then
5 word’← translate(word);
6 s’ += word’;
7 else
8 s’ += word;
9 end

10 end
11 Sp += s’;
12 end

token, the aligned Hindi word is collected to create930

a weighted list. For the tokens to be replaced in the931

source sentence, an aligned Hindi word is randomly932

selected from the weighted word-level dictionary.933

The second translation method uses mBART (Liu934

et al., 2020b) to translate the English phrases into935

Hindi.936

E N-gram SCM Generation937

We train n-gram language models on the limited938

NCM data with the assumption that a model trained939

on positively labeled sentences will be a “positive940

model" that generates positive code-mixing sen-941

tences. The generation capability is limited by the942

small training corpus size, and there is a trade-off943

between n in an n-gram language model and the944

diversity of the sentence generated. Therefore, for945

each of the positive, neutral, and negative subsets946

of the training corpus, we train trigram, 4-gram,947

5-gram, and 6-gram language models with back-948

off and add-lambda smoothing. We combine the949

generated sentences to take advantage of both the950

quality and diversity of the generated data.951

# Experiment F1 ↑ (%)
1 Baseline (only NCM) 0.5505 0
23 Ngram (combined) 0.5540 0.63

Table 5: NGram Language Model SCM Generation

F Low Resource Levels952

Table 6 shows the weighted F1-score of the M-953

E<GIB> SCM across situations with different954

amount of available labeled NCM training data 955

and the relative improvement over each perspective 956

baseline without data augmentation. 957

# |NCM| Baseline +gibSCM ↑ (%)
24 14000 0.6543 0.6679 2.08
25 12000 0.6370 0.6613 3.81
26 10000 0.6234 0.6477 3.89
27 8000 0.5929 0.6322 6.63
28 6000 0.5782 0.6152 6.40
29 4000 0.5638 0.6068 7.63
5 3000 0.5505 0.5853 6.32
30 2000 0.5426 0.5662 4.35
31 1000 0.3578 0.5427 33.08
32 500 0.3130 0.5259 48.98
33 100 0.3062 0.4743 54.90

Table 6: Effect of SCM Across Low Resource Levels
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