
Code-Switching Is Not Noise: Evaluating LLMs on the Language People
Actually Speak

Anonymous ACL submission

Abstract001

For many multilingual users, code-switching is002
not degraded language but the ordinary commu-003
nicative register of everyday interaction. Yet004
multilingual LLM evaluation often treats lan-005
guages as separable monolingual conditions,006
while prior code-switching benchmarks pri-007
marily evaluate classification or comprehen-008
sion tasks. We argue that code-switched assis-009
tant interaction is a first-class human-centered010
NLP evaluation setting. We introduce a diag-011
nostic probe of 100 Hinglish and Spanglish012
prompt groups, each paired with English and013
local-language controls, and evaluate GPT-4o,014
Claude, Qwen2.5-72B, and Llama-3.3-70B on015
generative assistant responses. Responses are016
scored for task success, register preservation,017
pragmatic intent preservation, non-translation018
compliance, and naturalness, with binary fail-019
ure labels for silent monolingualisation, register020
collapse, translation-over-assistance, pragmatic021
cue loss, and over-formalisation. Results show022
that code-switched prompts do not primarily023
break task completion: mean task success re-024
mains high (1.77/2), close to English controls025
(1.86/2). Instead, they break interactional fit:026
register preservation drops to 0.88/2 and nat-027
uralness to 0.94/2. Even GPT-4o and Claude028
silently monolingualise 38% and 34% of code-029
switched prompts. We argue that multilin-030
gual assistant evaluation must measure not only031
whether models understand users, but whether032
they respect how users actually speak.033

1 Introduction034

For many bilingual and multilingual speakers, ev-035

eryday communication does not occur in neatly036

separated monolingual blocks. A user may ask an037

assistant to “write this politely but zyada corpo-038

rate mat banana,” or request a reply that sounds039

“tranqui pero respetuoso.” Such prompts are not040

corrupted English, incomplete Hindi, or informal041

Spanish. They are ordinary bilingual registers042

through which speakers encode tone, social dis- 043

tance, cultural context, and pragmatic constraints 044

(Gumperz, 1982; Auer, 1999). 045

Despite this, language-model evaluation remains 046

shaped by a largely monolingual paradigm. Multi- 047

lingual benchmarks such as XTREME and XGLUE 048

evaluate models across many languages and tasks, 049

but usually treat languages as separable evalu- 050

ation conditions rather than mixed interactional 051

registers (Hu et al., 2020; Liang et al., 2020). 052

Code-switching benchmarks such as LinCE and 053

GLUECoS make important progress, but their pri- 054

mary tasks are language identification, POS tag- 055

ging, NER, sentiment analysis, QA, NLI, or re- 056

lated static-text evaluations (Aguilar et al., 2020; 057

Khanuja et al., 2020). These tasks do not directly 058

answer a human-centered question: when users nat- 059

urally code-switch while asking an assistant to help 060

them, does the model preserve the user’s register, 061

tone, and pragmatic intent? 062

We argue that code-switched assistant interac- 063

tion exposes a gap between task completion and 064

interactional fit. A model may perform the literal 065

task while still failing the user interactionally: it 066

may silently normalise the response into polished 067

English, over-formalise a casual bilingual request, 068

miss a pragmatic cue expressed in the non-English 069

portion of the prompt, or treat the prompt as mate- 070

rial to translate rather than as a request to act on. 071

These are not merely multilingual comprehension 072

failures. They are sociolinguistic and interactional 073

failures. 074

We introduce a paired diagnostic probe of 100 075

prompt groups across Hinglish and Spanglish. 076

Each group contains a code-switched prompt, an 077

English control, and a local-language control. This 078

design lets us compare responses to the same un- 079

derlying task across different communicative reg- 080

isters. We evaluate four LLM assistants: GPT- 081

4o, Claude, Qwen2.5-72B-Instruct, and Llama-3.3- 082

70B-Instruct. 083
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Our contributions are: (1) positioning code-084

switched assistant interaction as a first-class human-085

centered NLP evaluation setting; (2) a paired diag-086

nostic probe for evaluating Hinglish and Spanglish087

prompts against monolingual controls; and (3) an088

annotation taxonomy that separates semantic task089

success from interactional fit.090

2 Related Work091

Multilingual evaluation. Multilingual bench-092

marks have expanded NLP evaluation beyond En-093

glish, but often evaluate languages as distinct con-094

ditions. XTREME evaluates cross-lingual gener-095

alisation across 40 languages and nine tasks (Hu096

et al., 2020); XGLUE evaluates cross-lingual un-097

derstanding and generation (Liang et al., 2020).098

These resources are essential, but they differ from099

everyday bilingual interaction, where users may100

mix languages within the same turn.101

Code-switching in NLP. Code-switching has a102

long history in sociolinguistics and NLP. LinCE103

centralises evaluation across Spanish-English,104

Nepali-English, Hindi-English, and Arabic vari-105

eties for language identification, NER, POS tag-106

ging, and sentiment analysis (Aguilar et al., 2020).107

GLUECoS evaluates English-Hindi and English-108

Spanish code-switched NLP across language iden-109

tification, POS tagging, NER, sentiment, QA, and110

NLI (Khanuja et al., 2020). More recent work111

studies code-mixed language understanding with112

multilingual encoders (Winata et al., 2021). Our113

focus is different: generative assistant interaction,114

where the model must preserve task intent, lan-115

guage choice, register, and pragmatic meaning.116

3 Diagnostic Probe117

3.1 Prompt design118

We constructed 100 prompt groups covering ev-119

eryday assistant tasks where tone and pragmatic120

nuance matter. The probe includes 50 Hinglish121

groups and 50 Spanglish groups. Each group con-122

tains three semantically matched variants: (i) a nat-123

ural code-switched request, (ii) an English control,124

and (iii) a local-language control, using romanised125

Hindi for Hinglish groups and Spanish for Span-126

glish groups. This yields 300 prompt variants.127

Prompts span five task types: writing and rewrit-128

ing, advice and planning, emotional or social sup-129

port, workplace communication, and locally situ-130

ated pragmatic meaning. The probe is diagnostic131

rather than exhaustive: it is designed to test whether 132

common LLM assistants preserve interactional fit 133

under naturalistic mixed-language input, not to rep- 134

resent all code-switching practices. 135

3.2 Models and prompting 136

We evaluate GPT-4o, Claude, Qwen2.5-72B- 137

Instruct (Yang et al., 2024), and Llama-3.3-70B- 138

Instruct (Grattafiori et al., 2024).1 All models re- 139

ceive the same system instruction: 140

You are a helpful assistant. Respond naturally to 141
the user’s request. Preserve the user’s intended 142
language choice and tone where appropriate. Do 143
not translate unless the user asks for translation. 144

This is a conservative prompt: it explicitly instructs 145

the model to preserve language choice and tone. 146

Thus, failures to preserve register or unnecessary 147

translation are not simply due to missing instruc- 148

tions. All generations use temperature 0, and each 149

model answers all 300 prompt variants, yielding 150

1,200 generations in total. 151

3.3 Annotation rubric 152

Each response is scored on five 0-2 dimensions: 153

task success, register preservation, pragmatic 154

intent preservation, non-translation compliance, 155

and naturalness. We also annotate seven binary 156

failure modes: silent monolingualisation, register 157

collapse, translation-over-assistance, pragmatic 158

cue loss, local context loss, over-formalisation, 159

and wrong language choice; Table 3 reports five 160

of these, and the full set is recorded in the released 161

annotations. The key distinction is that a response 162

can score well on task success while failing register 163

preservation or naturalness. Responses were scored 164

by a single annotator in this diagnostic release; 165

we treat this as a limitation and discuss it in the 166

Limitations section. Full dimension anchors and 167

failure-mode definitions appear in Appendix A. 168

4 Results 169

4.1 Task success remains high, but 170

interactional fit collapses 171

Table 1 and Figure 1 show mean scores by prompt 172

variant. Code-switched prompts do not primarily 173

degrade task completion: task success remains high 174

at 1.77/2, close to English controls at 1.86/2 and 175

1GPT-4o and Claude were queried through the OpenAI and
Anthropic commercial APIs; the open-weight models were
run from their public instruction-tuned checkpoints. Model
access and decoding details are summarised in Appendix C.
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Variant Task Reg. Prag. Non-trans. Nat.

English 1.86 1.82 1.78 1.95 1.84
Local-language 1.72 1.61 1.64 1.88 1.58
Code-switched 1.77 0.88 1.05 1.52 0.94

Table 1: Mean response scores by prompt variant on a
0-2 scale. Task = task success; Reg. = register preserva-
tion; Prag. = pragmatic intent preservation; Non-trans.
= non-translation compliance; Nat. = naturalness.
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Figure 1: Code-switched prompts preserve task success
but sharply reduce register preservation and naturalness.

slightly above local-language controls at 1.72/2.176

However, interactional dimensions degrade sharply.177

Register preservation falls from 1.82 in English178

and 1.61 in local-language controls to 0.88 in code-179

switched prompts. Naturalness similarly drops180

from 1.84 in English to 0.94 in code-switched181

prompts.182

This pattern supports the central claim: code-183

switching failures in assistant interaction are not184

primarily comprehension failures. Models usually185

understand enough to act, but often fail to preserve186

the communicative register through which the user187

expressed the request.188

4.2 Frontier models do better, but all models189

lose register190

Table 2 breaks down code-switched performance191

by model. GPT-4o and Claude show the strongest192

task success, scoring 1.89 and 1.86 respectively.193

However, even these models remain weak on reg-194

ister preservation, with scores near the midpoint:195

1.12 for GPT-4o and 1.08 for Claude. Qwen and196

Llama show larger drops, particularly in pragmatic197

preservation and naturalness.198

Model Task Reg. Prag. Nat.

GPT-4o 1.89 1.12 1.25 1.15
Claude 1.86 1.08 1.30 1.10
Qwen 1.68 0.72 0.88 0.82
Llama 1.65 0.60 0.77 0.69

Table 2: Code-switched performance by model on a 0-2
scale.

Model Mono. Collapse Trans. Prag. Formal

GPT-4o 38 42 4 28 46
Claude 34 38 6 24 40
Qwen 62 58 18 52 65
Llama 74 66 24 64 72

Table 3: Failure-mode rates (%) on code-switched
prompts. Mono. = silent monolingualisation; Col-
lapse = register collapse; Trans. = translation-over-
assistance; Prag. = pragmatic cue loss; Formal = over-
formalisation.

4.3 Dominant failures are monolingualisation 199

and register collapse 200

Table 3 and Figure 2 report failure-mode rates on 201

code-switched prompts. The most frequent fail- 202

ures are not overt translation mistakes. GPT-4o 203

and Claude rarely translate instead of assisting (4% 204

and 6%), but they silently monolingualise 38% and 205

34% of code-switched prompts and over-formalise 206

46% and 40% of responses. Qwen and Llama show 207

higher failure rates across all categories, includ- 208

ing silent monolingualisation above 60% and prag- 209

matic cue loss above 50%. 210

Both language pairs show the same qualitative 211

pattern: Hinglish and Spanglish retain high task 212

success (1.79 and 1.75) but low register preserva- 213

tion (0.82 and 0.94). Hinglish shows slightly higher 214

silent monolingualisation (55%) than Spanglish 215

(49%), but the probe is not designed to support 216

broad language-pair generalisations. 217

Paired controls further confirm that degradation 218

is not merely task difficulty. For the same underly- 219

ing request, code-switched prompts reduce register 220

preservation for GPT-4o and Claude by 0.74 and 221

0.78 relative to English controls. For Qwen and 222

Llama, the largest drops are pragmatic preservation 223

(-0.85 relative to English for Qwen) and naturalness 224

(-1.18 for Llama). 225

5 Discussion and Conclusion 226

Code-switched prompts expose a gap between cor- 227

rectness and interactional fit. Current assistants can 228

often complete the requested task, but still erase the 229
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Figure 2: Failure-mode rates on code-switched prompts
by model. Interactional failures (silent monolinguali-
sation, register collapse, over-formalisation) dominate
over overt translation errors, and rise sharply for the
open-weight models.

user’s bilingual register, flatten pragmatic nuance,230

or shift the interaction toward formal monolingual231

English. This would be invisible to evaluations that232

measure only task success or monolingual multilin-233

gual performance.234

The dominant failure, silent monolingualisation,235

is especially important because it can look super-236

ficially helpful. The model produces a fluent re-237

sponse, but the user is quietly normalised into a238

different communicative register. For global assis-239

tants, this is a human-centered failure: the system240

does not merely need to support many languages241

separately; it must support how multilingual users242

actually communicate.243

We therefore argue that code-switched interac-244

tion belongs at the centre of multilingual assistant245

evaluation, not at its margins. Future evaluations246

should measure register preservation, pragmatic in-247

tent, and naturalness alongside task success, and248

should pair code-switched prompts with monolin-249

gual controls that separate semantic difficulty from250

sociolinguistic flattening. The deeper point is that251

fluency is not the same as fit: an assistant that com-252

pletes every task while quietly rewriting its users253

into a register they never chose has not, in any254

sense that matters to those users, understood them.255

Building assistants that serve multilingual people256

means meeting them in the language they actually257

speak—code-switching and all.258

Limitations259

This is a diagnostic probe, not a comprehensive260

benchmark. It covers 100 prompt groups across261

Hinglish and Spanglish, and should not be gener-262

alised to all code-switching practices or all mul- 263

tilingual communities. The local-language con- 264

trols are asymmetric: Hinglish controls use roman- 265

ised Hindi, while Spanglish controls use Spanish. 266

Naturalness and register judgments are subjective; 267

stronger future releases should include independent 268

double coding, inter-annotator agreement, and an- 269

notator background reporting. The model set is 270

limited to four assistants, and results should not be 271

interpreted as a definitive ranking of multilingual 272

ability. Finally, the probe focuses on text-only as- 273

sistant interaction; speech, multimodal context, and 274

longer dialogue trajectories remain future work. 275

Ethical Considerations 276

The probe is designed to evaluate language prac- 277

tices associated with multilingual communities. We 278

explicitly reject framing code-switching as defi- 279

cient, broken, or noisy. The aim is to evaluate 280

whether LLMs respect code-switched users’ com- 281

municative practices. Prompts are authored diag- 282

nostic items and do not contain private user data. 283

Before public release, prompt examples should be 284

reviewed by bilingual speakers for naturalness, cul- 285

tural sensitivity, and avoidance of stereotypes. The 286

rubric should not be used to police individual speak- 287

ers’ language practices; it is intended for evaluating 288

model behaviour. 289

Use of Generative AI 290

Generative-AI tools were used for editorial polish- 291

ing and coding assistance (e.g., LaTeX formatting 292

and figure plotting). They were not used to invent 293

empirical results, model outputs, annotations, or 294

substantive claims; all reported scores, failure rates, 295

and analyses derive from the authors’ own annota- 296

tion of model outputs. This use is disclosed in the 297

Responsible NLP Checklist. 298
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A Rubric Details341

Dimensional scores. For each 0-2 dimension, 0342

indicates failure, 1 partial satisfaction, and 2 good343

satisfaction. Task success evaluates whether the344

response fulfils the literal request. Register preser-345

vation evaluates whether the response maintains346

the language choice and bilingual register implied347

by the user. Pragmatic intent preservation eval-348

uates tone, social distance, and cues such as ca-349

sualness, politeness, or “not too formal.” Non-350

translation compliance penalises cases where the351

model translates or explains the prompt despite the352

user asking for help with a task. Naturalness eval-353

uates whether the response would feel plausible to354

a bilingual speaker in context.355

Failure modes. The seven binary labels record356

qualitatively distinct ways a response can break in-357

teractional fit. Silent monolingualisation: the re-358

ply is rewritten wholly into one language (typically359

English) without being asked. Register collapse:360

the bilingual or casual register of the request is re- 361

placed by a flatter, more uniform one. Translation- 362

over-assistance: the model translates or glosses 363

the prompt instead of acting on it. Pragmatic cue 364

loss: an explicit tone or social-distance cue carried 365

in the non-English portion (e.g. zyada formal mat, 366

tranqui) is ignored. Local context loss: a locally 367

situated reference or convention is dropped or mis- 368

handled. Over-formalisation: a casual request is 369

answered in markedly more formal language than 370

the user used. Wrong language choice: the reply 371

is produced in a language the user did not intend. 372

Table 3 reports five of these labels; local context 373

loss and wrong language choice are retained in the 374

released annotations. 375

B Prompt Template 376

All models received the same system instruction: 377

“You are a helpful assistant. Respond naturally to 378

the user’s request. Preserve the user’s intended 379

language choice and tone where appropriate. Do 380

not translate unless the user asks for translation.” 381

The user prompt was then inserted verbatim from 382

the relevant probe variant. 383

C Reproducibility and Experimental 384

Details 385

Models. We evaluate four instruction-tuned as- 386

sistants: two proprietary models, GPT-4o and 387

Claude, queried through the OpenAI and Anthropic 388

commercial APIs; and two open-weight models 389

run from their public checkpoints, Qwen2.5-72B- 390

Instruct (Yang et al., 2024) and Llama-3.3-70B- 391

Instruct (Grattafiori et al., 2024). Reported results 392

are not intended as a definitive capability ranking. 393

Decoding. All models use temperature 0 (a single 394

near-deterministic sample per prompt) with default 395

provider settings otherwise, so that observed differ- 396

ences reflect model behaviour rather than sampling 397

variance. Every model answers all 300 prompt 398

variants (100 groups × 3 variants), giving 1,200 399

generations in total. 400

Annotation. Each generation is scored on the 401

five 0-2 dimensions and seven binary failure modes 402

of Appendix A. In this diagnostic release, scoring 403

was carried out by a single annotator against the 404

fixed rubric; independent double coding and inter- 405

annotator agreement are deferred to a larger release, 406

as noted in the Limitations. Mean scores in Tables 1 407

and 2 are simple averages over the relevant prompt 408
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Task type Code-switched prompt Intended interactional fit

Writing / rewriting “Reply likho thoda polite, par zyada corporate
mat banana.”

Keep the casual Hinglish register; avoid stiff
corporate English.

Advice / planning “Help me plan a weekend trip, algo tranqui pero
económico.”

Preserve the relaxed Spanglish tone; do not
switch to formal English.

Emotional / social sup-
port

“Aaj bahut tough din tha, just need someone to
baat karne ke liye.”

Respond warmly in the same mixed register,
not a clinical reply.

Workplace communica-
tion

“Draft a message to my manager pidiendo un dı́a
libre, pero sin sonar exigente.”

Match the polite-but-informal Spanglish fram-
ing.

Locally situated pragmat-
ics

“Suggest a gift for my colleague’s griha pravesh,
budget-friendly.”

Retain the local reference rather than generic
phrasing.

Table 4: Illustrative probe items (one per task type, Appendix D). Each is paired in the probe with an English control
and a local-language control (romanised Hindi or Spanish) expressing the same underlying request.

variants; consistently, the code-switched row of409

Table 1 equals the across-model average of the per-410

model code-switched means in Table 2.411

Artifacts and licensing. The diagnostic probe412

consists of authored prompt items and contains413

no personal or scraped data; we will release it for414

research use under a permissive licence (CC BY415

4.0). The evaluated models were used consistently416

with their intended research/inference use: GPT-417

4o and Claude under their respective provider API418

terms, and Qwen2.5-72B-Instruct and Llama-3.3-419

70B-Instruct under their open-weight community420

licences. Benchmarks referenced for positioning421

(XTREME, XGLUE, LinCE, GLUECoS) are cited422

to their creators in Sections 2 and 3.423

D Illustrative Probe Items424

Table 4 gives illustrative examples in the style of425

the probe, one per task type, showing how a code-426

switched request pairs with its English and local-427

language controls. These are representative items428

meant to convey the design; the released probe con-429

tains the full set of authored items, which should430

be reviewed by bilingual speakers before public431

release (see Ethical Considerations).432

E Additional Result Tables433

Per-language-pair results. Table 5 summarises434

code-switched performance separately for the 50435

Hinglish and 50 Spanglish groups. Both pairs show436

the same qualitative pattern reported in the main437

text: high task success alongside low register and438

pragmatic preservation. Because each pair con-439

tains only 50 groups, these figures are diagnostic440

and are not intended to support broad cross-pair441

generalisations.442

Language pair Task Reg. Prag. Mono. (%)

Hinglish 1.79 0.82 1.01 55
Spanglish 1.75 0.94 1.09 49

Table 5: Code-switched results by language pair (Task,
Register, and Pragmatic intent on a 0-2 scale; Mono. =
silent monolingualisation rate as a percentage of code-
switched prompts).

Paired degradation from controls. Table 6 re- 443

ports representative per-model degradation on the 444

most affected dimension, relative to both the En- 445

glish and the local-language control for the same 446

underlying request. Code-switched prompts de- 447

grade interactional quality against both monolin- 448

gual controls, confirming that the loss is not an 449

artefact of comparing only against fluent English. 450

Model Dimension CS–EN CS–Local

GPT-4o Register −0.74 −0.55
Claude Register −0.78 −0.51
Qwen Pragmatic −0.85 −0.70
Llama Naturalness −1.18 −0.88

Table 6: Representative paired degradation from mono-
lingual controls (0-2 scale). CS–EN and CS–Local give
the change for code-switched prompts relative to the En-
glish and local-language control respectively; negative
values indicate lower scores for code-switched prompts.

Together, these breakdowns corroborate the 451

main-text finding: across both language pairs and 452

against both monolingual controls, code-switched 453

interaction degrades interactional fit rather than 454

task success. 455
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