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Abstract001

Code-switching, alternating between languages002
within a conversation, is natural for multilin-003
gual users, yet poses fundamental challenges004
for large language models (LLMs). When a005
user code-switches in their prompt to an LLM,006
they typically do not specify the expected lan-007
guage of the LLM response, and thus LLMs008
must infer the output language from contex-009
tual and pragmatic cues. We find that cur-010
rent LLMs systematically fail to align with011
this expectation, responding in undesired lan-012
guages even when cues are clear to humans.013
We introduce OLA, a benchmark to evaluate014
LLMs’ Output Language Alignment in code-015
switched interactions. OLA focuses on Korean–016
English code-switching and spans simple intra-017
sentential mixing to instruction–content mis-018
matches. Even frontier models frequently mis-019
interpret implicit language expectation, exhibit-020
ing a bias toward non-English responses. We021
further show this bias generalizes beyond Ko-022
rean to Chinese and Indonesian pairs. Mod-023
els also show instability through mid-response024
switching and language intrusions. Chain-of-025
Thought prompting fails to resolve these errors,026
indicating weak pragmatic reasoning about027
output language. However, Code-Switching028
Aware DPO with minimal data (∼1K examples)029
substantially reduces misalignment, suggesting030
these failures stem from insufficient alignment031
rather than fundamental limitations. Our results032
highlight the need to align multilingual LLMs033
with users’ implicit expectations in real-world034
code-switched interactions.1035

1 Introduction036

For a large population of multilingual users, in-037

teracting with large language models (LLMs) nat-038

urally involves code-switching—the interleaving039

1An anonymized repository containing the dataset
is available at: https://anonymous.4open.science/r/
cslm-F4D2

replies to be in the language of 
the original message 

→ Response language: English

안녕하세요. 본 운동(Main Workout) 
전에 워밍업 세트(Warm-up Sets)를 
수행하는 것은 부상을 방지하고 운동 
효과를 [...] 
Translation: Hello. Performing 
warm-up sets before the main 
workout is very important for 
preventing injuries and 
maximizing [...] )

분위기별 로맨틱한 답장 옵션들을 
준비했습니다. [...] 
그 말을 들으니 가슴이 벅차올라요. 
[...]
Translation: I have prepared 
romantic reply options based on 
different moods. [...] Hearing 
those words makes my heart 
swell. [...])

Every moment with you 
feels like a dream I never 
want to wake up from.  [...]
로맨틱한 답장을 작성해주세요:
Translation: Please write a 
romantic reply)

Hello. What is the reason 
for doing a 워밍업 세트 
before the main 운동?
Translation: warm-up set, 
workout)

explanations to be in the 
speakerʼs primary language

→ Response language: English

LLMs fail to respond in expected language 
in code-switching contexts

Intra-sentential Simple Inter-sentential Complex)

     Humans typically expect…      Humans typically expect…

Figure 1: Illustrative failures under intra- and inter-
sentential code-switching. The model understands the
task content but misses the user’s implicit expectation
about the output language, causing avoidable friction
(intra) and mis-execution of the request with obvious
language expectations (inter).

of multiple languages within a single conversa- 040

tional context (Auer, 1998). A common scenario 041

is to provide content in one language (e.g., an En- 042

glish draft) while issuing an instruction in another 043

(e.g., requesting edits in Korean). In such cases, 044

the expected output language is typically left im- 045

plicit, governed by pragmatic and contextual cues. 046

While humans readily infer this expectation, cur- 047

rent LLMs often fail to do so, producing responses 048

in unexpected languages and forcing users to over- 049

specify what would otherwise be obvious. Figure 1 050

illustrates representative misalignment cases. 051

Prior work has examined the problem of models 052

responding in undesired languages mainly through 053

monolingual benchmarks (Marchisio et al., 2024; 054

Nie et al., 2025). However, these settings overlook 055

a more challenging and practical scenario: code- 056

switched inputs, where multiple languages coexist 057

and the output language must be inferred from con- 058
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text. Existing studies on code-switching have fo-059

cused on generating linguistically plausible mixed060

text (Xie et al., 2025; Kuwanto et al., 2024) or061

task performance degradation (Zhang et al., 2023),062

leaving open whether models can respond in the063

language users implicitly expect.064

In this work, we address this gap by systemat-065

ically studying output language misalignment in066

code-switched interactions: a model’s failure to067

infer and follow the user’s expected output lan-068

guage, despite clear contextual cues. We intro-069

duce OLA(Output Language Alignment) bench-070

mark that evaluates this ability across two common071

patterns of code-switching: intra-sentential mixing072

and instruction–content mismatches.073

Our analysis reveals three key findings. First,074

output language misalignment in code-switched075

prompts is systematic: models exhibit strong076

asymmetries, disproportionately defaulting to non-077

English responses even when English is the pri-078

mary language, a pattern that generalizes to079

other language pairs (English–Chinese, English–080

Indonesian). Second, failures extend beyond bi-081

nary language choice, manifesting as mid-response082

language intrusions. Third, these failures cannot be083

resolved through inference-time reasoning alone:084

Chain-of-Thought prompting often degrades perfor-085

mance, indicating models’ lack of internal criteria086

to infer implicit language expectation.087

We show that these failures can be substan-088

tially mitigated through targeted alignment. Code-089

Switching Aware DPO (CS-DPO), trained on only090

∼1K simple intra-sentential examples, significantly091

improves output language alignment and general-092

izes to more complex settings and unseen language093

pairs. This indicates that misalignment primarily094

stems from insufficient alignment rather than fun-095

damental modeling limits.096

In summary, we make three contributions: (1)097

we identify output language misalignment in code-098

switched interactions as a critical blind spot in mul-099

tilingual LLMs and introduce a systematic bench-100

mark; (2) we show that models rely on surface101

heuristics, leading to systematic misalignment un-102

der implicit language constraints; (3) we demon-103

strate that targeted preference alignment with mini-104

mal data substantially improves performance and105

generalizes across language pairs and complexity106

levels. More broadly, our work highlights the need107

for multilingual LLMs to move beyond isolated108

monolingual competence and align with implicit109

user expectations in code-switched interactions.110

2 Background and Related Work 111

Language Confusion and Output Language Mis- 112

alignment. Prior work has shown that multilin- 113

gual LMs may generate output in undesired lan- 114

guages, broadly referred to as language confusion. 115

In machine translation, this phenomenon is stud- 116

ied as off-target translation, where a model fails 117

to translate into the explicitly specified target lan- 118

guage (Zhang et al., 2020; Wu et al., 2021; Chen 119

et al., 2023). More recently, Marchisio et al. (2024) 120

show that LLMs may violate both explicit lan- 121

guage instructions (e.g., “Respond in Hindi”) and 122

implicit monolingual expectations (i.e., output to 123

Hindi input should be Hindi), producing undesired 124

languages at the response, sentence, or word level. 125

While these studies establish that language con- 126

trol remains imperfect in multilingual LLMs, they 127

primarily examine failures of instruction following 128

or language consistency. In contrast, our work fo- 129

cuses on a distinct and practically important source 130

of error: output language misalignment that arises 131

when the response language is not explicitly speci- 132

fied and must instead be inferred from contextual 133

and pragmatic cues. We focus in particular on such 134

misalignment in code-switched interactions, where 135

multiple languages coexist in the input. 136

Code-switching in Human–LLM Interactions. 137

Code-switching, the use of multiple languages 138

within a single conversational context, is a nat- 139

ural and pervasive behavior among multilingual 140

speakers (Winata et al., 2023). Linguistically, 141

code-switching can occur at multiple levels, in- 142

cluding intra-word switching, tag-switching, intra- 143

sentential switching, and inter-sentential switching. 144

In human–AI interaction, multilingual users fre- 145

quently mix languages and expect models to handle 146

such inputs appropriately (Bawa et al., 2020; Choi 147

et al., 2023). 148

Empirical evidence suggests that such interac- 149

tions overwhelmingly rely on implicit language 150

expectation. Our analysis of 335 Korean–English 151

code-switched conversations from WildChat- 152

4.8M (Zhao et al., 2024b) shows that only 45 153

(∼13%) explicitly specify the desired output lan- 154

guage, many of which correspond to translation re- 155

quests. In the remaining cases, users rely on contex- 156

tual and pragmatic cues to signal their expectations. 157

Qualitative inspection further reveals two recurring 158

interaction patterns illustrated in Figure 1: (i) intra- 159

sentential code-switching, where one language pro- 160

vides the grammatical frame while elements from 161
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Setting Prompt Type Expected Lang.

Simple Hello. What is the reason for doing a워밍업세트 before the main
운동?
(Translation: Hello. What is the reason for doing warm-up sets before
the main exercise?)

EN Matrix
– KO Embed

English
(Matrix Lang.)

Complex To eliminate sample bias, we can use different strategies like random
sampling techniques, increasing sample size, employing stratified
sampling to ensure representation from different subgroups, [. . . ]
이문맥은 AI에의해작성되었나요?
(Translation: Was this passage written by an AI?)

KO Instr.
– EN Content

Korean
(Instruction Lang.)

Table 1: Representative examples from OLA Benchmark. Text colors indicate language (English in magenta,
Korean in black). In the Complex setting, highlighted text denotes the instruction segment. The expected output
language is determined by the matrix language in Simple settings and by task context in Complex settings.
Monolingual source prompts for examples shown here are drawn from WildChat-1M (Zhao et al., 2024b).

another are embedded, and (ii) instruction–content162

mismatches, where users issue instructions in one163

language while providing content in another.164

Despite their prevalence, these interaction pat-165

terns remain underexplored in prior work. Most166

studies on code-switching in LLMs focus on gener-167

ating linguistically plausible mixed text (Xie et al.,168

2025; Kuwanto et al., 2024) or measuring task per-169

formance degradation under mixed-language in-170

puts (Zhang et al., 2023). Other work analyzes lan-171

guage mixing in intermediate reasoning processes172

and its potential benefits for problem solving (Li173

et al., 2025; Wang et al., 2025). In contrast, we174

focus on a distinct question grounded in real in-175

teractional settings: whether models can correctly176

infer and maintain the expected output language177

when that expectation is implicit in a code-switched178

prompt.179

3 OLA Benchmark180

We introduce OLA, a benchmark for evaluating181

whether models correctly generate output in the182

expected language under code-switched prompts.183

OLA focuses on Korean–English code-switching184

and consists of two settings: Simple and Complex185

(Table 1).186

The Simple setting focuses on intra-sentential187

code-switching, where the expected output lan-188

guage is the matrix language—the language189

providing the core grammatical structure into190

which elements from another language are embed-191

ded (Myers-Scotton, 1997). For example, in “What192

is the reason for doing a워밍업세트?”, English is193

the matrix language despite Korean noun phrases194

being embedded. The Complex setting involves195

inter-sentential code-switching, where instruction196

and content languages differ, and the correct out-197

put language must be inferred from task semantics. 198

This setting reflects a pattern that often emerges 199

in human–AI interaction but has received limited 200

attention in prior works, which largely focus on 201

intra-sentential switching. 202

3.1 Simple Setting 203

Data Sources and Generation. We collect 299 204

initial prompts from the monolingual Language 205

Confusion Benchmark (Marchisio et al., 2024) 206

(199 EN) and WildChat 1M (Zhao et al., 2024b) 207

(100 KO), excluding queries that explicitly request 208

translation or specify output language. To ensure 209

consistent expectations, we convert text generation 210

tasks (e.g., “Write an essay about...”) into question- 211

answering format, as pilot annotations revealed that 212

annotators are sensitive to the language in which 213

target objects are specified (e.g., “essay” vs. “에세 214

이”), leading to low agreement. 215

Following Kim et al. (2025), we generate code- 216

switched queries by prompting an LLM with par- 217

allel sentences. We adopt noun phrase insertion 218

as the code-switching strategy—the most common 219

pattern among non-balanced multilinguals (Lipski, 220

2014; Halpin and Melzi, 2021; Zhong et al., 2024)— 221

while strictly preserving matrix-language syntax 222

(SVO for English, SOV for Korean) All examples 223

are synthesized using GPT-4o (OpenAI et al., 2024) 224

with few-shot prompts (see Appendix H.1). 225

Human Verification. Six native speakers (3 En- 226

glish, 3 Korean) who can understand and use the 227

embedded language at a basic level, annotate the 228

expected output language and rate the severity 229

of language misalignment as Trivial (no retry 230

needed), Uncomfortable (would prompt explicit 231

language specification in subsequent interactions), 232

or Critical (would reject and re-generate the re- 233
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sponse with an explicit language instruction). Re-234

taining samples with agreement from at least two235

annotators yields 279 KO Matrix and 258 EN Ma-236

trix prompts. Over 92% of all prompts are rated237

Uncomfortable or Critical for language mis-238

matches, confirming strong user sensitivity.239

3.2 Complex Setting240

Data Sources and Generation. Based on an241

analysis of real-world code-switched interactions242

exhibiting instruction–content mismatches (Sec-243

tion 2), we identify two task categories with distinct244

language expectations:245

1. Response in Instruction Language: Content246

understanding tasks (e.g., clarification, question-247

answering, summarizing) where users prefer re-248

sponses in their more comfortable instruction249

language.250

2. Response in Content Language: Content ma-251

nipulation tasks (e.g., editing, revision, continu-252

ation) where outputs must maintain the original253

content’s language.254

We curate 60 representative instruction templates255

(30 per category) from WildChat 1M (Zhao et al.,256

2024b) (see Appendix A). For each template, we257

generate four content variations using GPT-4o and258

instantiate each with the instruction placed both259

before and after the content.260

Human Verification. Using the same protocol261

as the Simple setting, we retain templates with ro-262

bust agreement on expected output language. This263

yields 57 KO Instruction–EN Content templates264

(570 samples) and 54 EN Instruction–KO Content265

templates (540 samples). Over 90% of templates266

are rated Uncomfortable or Critical by at least267

two annotators when output language mismatches268

the expected language.269

4 Experimental Setup270

Models. We evaluate five multilingual LLMs:271

GEMINI 3 PRO PREVIEW (Google, 2025), GPT-272

5.1 (OpenAI, 2025), QWEN 2.5 INSTRUCT (Qwen273

et al., 2025), EXAONE 4 (Research et al., 2025),274

and OLMO 3.1 INSTRUCT-DPO (Olmo et al.,275

2025). All open-weight models are 32B-parameter276

variants. The model cards and details are described277

in Appendix C.1.278

Metric. We evaluate model performance using279

Response-level Pass Rate, which measures whether280

a response as a whole is generated in the expected281

language. Following Marchisio et al. (2024), we 282

use fastText (Joulin et al., 2017) for language iden- 283

tification with sentence-level majority voting: re- 284

sponses are split into sentences, each classified 285

independently, and the primary language is deter- 286

mined by majority vote. This approach is robust to 287

minor sentence-level code-switching. A response 288

is considered correct if its detected primary lan- 289

guage matches the expected output language. We 290

intentionally apply lenient evaluation: minor word- 291

or line-level code-switching (e.g., retained named 292

entities or technical terms from the prompt) does 293

not count as an error, as such behavior can reflect 294

appropriate handling of code-switched inputs. 295

For Complex settings where instruction and con- 296

tent languages differ, meta-responses (e.g., “Here 297

is the revised draft:”) can confound response-level 298

identification, as they may appear in the instruc- 299

tion language while the actual task content fol- 300

lows the content language. We address this with 301

Decompose-and-Verify procedure: using GPT-4o2, 302

we segment responses into “Meta-Response” and 303

“Task-Content”, applying language identification 304

only to the latter. This is used only when the ex- 305

pected language corresponds to the task content. 306

Manual inspection of 652 GPT-4o-evaluated re- 307

sponses found only 5 errors (99.23% accuracy). 308

5 Main Results 309

5.1 Systematic and Asymmetric Language 310

Misalignment 311

Overall Performance and Task Difficulty. Fig- 312

ure 2a shows that aligning with user expectations 313

about output language poses substantial challenges 314

for all evaluated models. Even in the Simple setting, 315

where the matrix language directly signals the ex- 316

pected language, pass rates remain far from perfect 317

(60.9–85.8%). Performance deteriorates further in 318

the Complex setting, where models must infer ex- 319

pected output language from task semantics(57.9– 320

68.0%). 321

To determine whether these failures stem from a 322

lack of language proficiency or a failure in expec- 323

tation inference, we evaluate an oracle condition 324

with explicit language instructions (e.g., “Respond 325

in 영어”). All models achieve near-perfect pass 326

rates under explicit specification (circle markers), 327

confirming they possess adequate multilingual gen- 328

eration capabilities. This gap between explicit and 329

2Qwen 2.5 Instruct yielded similar results.
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(b) Detailed results by expected languages

Figure 2: Response-level pass rates (%) on the OLA benchmark. (a) Overall performance in Simple and Complex
settings. (b) Breakdown by expected output language.

implicit performance demonstrates that the bottle-330

neck lies in inferring the user’s expected language,331

not in generating responses in that language.332

Asymmetric Bias Toward Non-English Re-333

sponses. A closer analysis reveals that these fail-334

ures are not randomly distributed but exhibit sys-335

tematic asymmetry: models consistently favor gen-336

erating non-English outputs. As shown in Figure337

2b, pass rates drop sharply when English is the ex-338

pected output in both Simple and Complex settings.339

This holds even when English is the matrix lan-340

guage (Simple) and when the instruction is given341

in English (Complex), suggesting models default to342

the non-English script present in the context. This343

asymmetry may reflect training data imbalance,344

where code-switched examples disproportionately345

involve non-English responses.346

To test whether this bias generalizes beyond KO–347

EN code-switching, we extend our evaluation to348

Chinese–English and Indonesian–English Simple349

settings (see Appendix E.1 for details on dataset350

construction). Across both language pairs, we ob-351

serve the same qualitative pattern: when English is352

the expected output language (EN Matrix), models353

frequently generate responses in the non-English354

language instead. For instance, GPT-5.1 achieves355

only 8.8% pass rate in the English Matrix–Chinese356

Embedded configuration, despite near-perfect per-357

formance in the reverse configuration (see Table 10358

for full results). Comparable degradation is ob-359

served in Indonesian–English settings as well, even360

though Indonesian shares the Latin script with En-361

glish. These results demonstrate that the “non-362

English default” bias is not specific to Korean or363

to non-Latin scripts, but reflects a general failure364

mode in resolving implicit language expectation365

under code-switched prompts.366
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OLMo 3.1
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KO matrix--EN embed

Correct
Char Level Error

Sentence Level Error
Wrong Start Recovered

Wrong From Middle
Wrong From Start

Figure 3: Distribution of output language outcomes
and error types in the Simple code-switched setting.
Hatched segments indicate output-level misalignment;
other patterns show intrusion errors within otherwise
correct outputs.

5.2 Failure Patterns and Error Type 367

Distribution 368

To better understand output-level failures, we cate- 369

gorize incorrect responses in the Simple setting by 370

when and how language deviations occur. Figure 3 371

shows error-type distributions across models. We 372

distinguish between output-level errors (hatched 373

segments), where the dominant language of the out- 374

put is in the wrong language, and intrusion errors, 375

where tokens from unrelated third languages (e.g., 376

Japanese, Russian) spuriously appear within other- 377

wise correct outputs. We exclude English, Korean, 378

and Chinese from intrusion analysis: English and 379

Korean may legitimately reference query content, 380

while Chinese overlaps with Sino-Korean orthogra- 381

phy. 382

When English is the matrix language (EN matrix– 383

KO embed), errors are dominated by wrong-from- 384

start failures: models respond in incorrect output 385

language from the beginning and rarely recover 386

mid-generation (near-zero wrong-start-recovered 387

cases). In contrast, when Korean is the ma- 388

trix language (KO matrix–EN embed), models 389

achieve high output-level accuracy but exhibit non- 390

negligible third-language intrusions at the sentence 391
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(avg:5.37%) and character levels (avg:2.54%),392

which constitute critical usability failures even393

when the nominal output language is correct.394

Character-level intrusions often appear as spuri-395

ous script mixing within tokens (e.g.,아놀드 슈396

워цeneg거). Notably, intrusions are substantially397

more frequent in alignment-tuned models than in398

base models, particularly for DPO- and RL-based399

variants (Table 6). For instance, OLMO 3.1 DPO400

shows a relatively high rate of character-level in-401

trusions, suggesting that alignment fine-tuning can402

introduce subword-level instability.403

In the Complex setting, we additionally observe404

qualitative degradation: even when models cor-405

rectly respond in Korean, they frequently rely on406

awkward transliterations or overly literal trans-407

lations rather than natural expressions or estab-408

lished loanwords, consistent with translationese409

effects (Zhao et al., 2024c; Etxaniz et al., 2024;410

Zhong et al., 2025; Bafna et al., 2025; Schut et al.,411

2025). Detailed error definitions and illustrative412

examples are provided in Table 5 in the Appendix.413

6 Analysis414

In this section, we analyze how current LLMs se-415

lect an output language in code-switched contexts.416

6.1 Surface Cues Dominate Output Language417

Selection418

Our results indicate that when the expected output419

language is left implicit, models do not robustly in-420

fer it from linguistic structure or task semantics. In-421

stead, they rely on surface-level cues in the prompt.422

Here, we analyze EN Matrix–KO Embed setting,423

where response language varies meaningfully.3424
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Figure 4: Effect of script ratio on output language. X-
axis shows the percentage of alphabetic (left) or Hangul
(right) characters in the prompt.

3In the Simple Korean-matrix setting, models produce
Korean responses in over 99% of cases, yielding a near-
degenerate outcome distribution and rendering cue-based anal-
yses uninformative.

Script Proportion in the Query. We find that 425

output language strongly correlates with the script 426

composition of the prompt: English responses in- 427

crease with the proportion of alphabetic charac- 428

ters, and Korean responses with the proportion of 429

Hangul (Figure 4). This suggests reliance on coarse 430

script-level statistics rather than deeper linguistic 431

inference. 432
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Figure 5: Effect of final word language on output
language. Models are significantly more likely to re-
spond in the language of the prompt’s final word (all p
< 0.001).

Language of the Final Word. Beyond global 433

script statistics, localized surface cues also exert 434

strong influence. Figure 5 shows that models are 435

significantly more likely to generate responses in 436

the language of the final word in the prompt, re- 437

gardless of its syntactic role. By contrast, we find 438

no comparable correlation for the first word (see 439

Appendix D.1). This effect persists even when the 440

final word appears in a short embedded phrase, in- 441

dicating a strong recency bias and reinforcing the 442

role of shallow heuristics. 443

6.2 Post-training Introduces 444

Language-Specific Biases 445
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Figure 6: Effect of post-training on output language.
Comparison of 32B base models and their post-trained
variants across the Qwen-2.5 and OLMo-3 families,
aggregated over Simple and Complex settings.

We examine whether post-training improves 446

output language alignment in code-switched 447
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contexts by comparing 32B base models with448

their post-trained counterparts across two model449

families: QWEN 2.5 and OLMO-3.1. We450

compare base models, alignment-tuned variants451

(SFT+RLHF/DPO), and models trained with re-452

inforcement learning from verifiable rewards453

(RLVR) (Lambert et al., 2024) (see Table 8).454

While post-training yields modest overall im-455

provements (see Appendix Figure 10), the more456

revealing pattern emerges when disaggregating by457

expected output language (Figure 6). Alignment-458

tuned models exhibit a pronounced shift toward Ko-459

rean responses: pass rates drop when English is ex-460

pected, while Korean response rates increase. This461

indicates that alignment tuning amplifies a bias462

toward non-English responses in code-switched463

contexts. Interestingly, RLVR models partially re-464

verse this trend, showing higher English response465

rates than their alignment-tuned counterparts. We466

hypothesize this reflects RLVR’s outcome-focused467

objective, which may favor English as the more468

reliable output language.469

6.3 Chain-of-Thought Reasoning Does Not470

Resolve Misalignment471
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GPT 5.1 EXAONE 4
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Figure 7: Effect of CoT on output language. Y-axis
shows ∆ Response-level Pass Rate for each model in
Simple and Complex settings.

We apply CoT prompting, instructing models472

to first decide the output language and then gen-473

erate the answer. Figure 7 shows the change in474

response-level pass rate induced by CoT prompt-475

ing relative to standard prompting. Across both476

Simple and Complex settings, CoT fails to con-477

sistently improve language alignment and often478

degrades performance. Most models exhibit sub-479

stantial drops in the Simple setting, indicating that480

explicit reasoning amplifies misalignment rather481

than mitigating it.482

In the Complex setting, CoT-induced deltas be-483

come strongly asymmetric: for most models, per-484

formance improves for English responses while485

degrading for Korean responses (and vice versa for486

GPT 5). This pattern indicates that CoT reshapes487

how models arbitrate between candidate output lan- 488

guages, but not in a way that reliably aligns with 489

user expectation. 490

To understand this failure, we analyze the align- 491

ment between the output language selected in the 492

reasoning phase and the language of the final out- 493

put, using an automated classifier (details in Ap- 494

pendix D.2). On average, over 92% of responses 495

match the language specified in the thought trace 496

(Table 9). This indicates that performance degra- 497

dation primarily arises from errors in the decision 498

phase rather than the generation phase. 499

Overall, these findings indicate that current 500

LLMs lack reliable internal criteria to find the right 501

output language in code-switched contexts, default- 502

ing to unstable priors despite post-training or rea- 503

soning prompts. This leads to our investigation into 504

approaches that explicitly ground or directly align 505

output language preferences. 506

7 Mitigating Output Language 507

Misalignment 508

In this section, we explore two strategies to mitigate 509

output language misalignment: (1) Explicit Lin- 510

guistic Prompting to externally specify language 511

selection criteria at inference time, and (2) Code- 512

Switching Aware DPO to align the model’s inter- 513

nal language selection mechanism through targeted 514

training. 515

7.1 Explicit Linguistic Instruction Prompting 516

Given that models struggle to infer expected output 517

language from implicit cues, we examine whether 518

explicit linguistic guidance at inference time can 519

help. We test zero-shot and few-shot prompting 520

strategies that specify language selection criteria 521

without modifying parameters. 522

In the zero-shot setting, we prepend a system 523

prompt defining explicit rules: respond in the ma- 524

trix language for Simple settings, and distinguish 525

instruction vs. content languages for Complex set- 526

tings. This yields mixed results (Table 2). Large 527

proprietary models benefit substantially—GEMINI 528

3 improves from 21.7% to 96.5% in Simple (EN 529

Matrix)—while open models show limited or nega- 530

tive effects, with QWEN 2.5 dropping from 75.2% 531

to 26.0%. 532

Few-shot prompting augments the system 533

prompt with four demonstrations but again yields 534

inconsistent effects. While some models improve 535

in Complex settings (EXAONE 4: 67.5% → 77.3%), 536

7



Model Baseline Zero-shot 4-shots

Simple EN–KO (Expected: English)
Gemini 3 Pro 21.71 96.50 98.84
GPT-5.1 24.42 41.47 16.67
OLMo 3.1 (SFT+DPO) 57.36 34.11 38.37
Qwen 2.5 Inst. 75.19 25.97 2.71
EXAONE 4 Inst. 52.34 45.74 48.45

Complex (KO Inst – EN Content)
Gemini 3 Pro 69.76 66.61 71.26
GPT-5.1 71.13 71.94 74.70
OLMo 3.1 (SFT+DPO) 77.84 55.08 66.09
Qwen 2.5 Inst 60.14 56.07 55.77
EXAONE 4 67.53 71.94 77.28

Table 2: Response-level Pass Rates (%) under dif-
ferent prompting strategies. Few-shot prompting can
substantially improve performance for some models, but
results remain highly model- and setting-dependent.

others degrade in Simple settings (QWEN 2.5:537

26.0% → 2.7%). This instability suggests that in-538

context examples cannot reliably override under-539

lying language priors. Notably, GEMINI 3 shows540

consistent gains across both zero-shot and few-shot541

prompting, aligning with its CoT improvements542

(Section 6.3). See Appendix H.4 for the prompts543

used.544

Overall, explicit linguistic prompting partially545

alleviates errors but remains model-dependent and546

fragile, indicating inference-time prompting alone547

does not offer a robust solution.548

7.2 Code-Switching Aware DPO (CS-DPO)549

Given that explicit prompting proves insufficient550

for most open models, we investigate whether551

the underlying alignment gap can be addressed552

through direct preference optimization (Rafailov553

et al., 2023). We develop Code-Switching Aware554

DPO (CS-DPO), a targeted alignment stage de-555

signed to penalize incorrect language selection.556

Code-Switching Preference Dataset. We con-557

struct a synthetic preference dataset derived from558

LIMA (Zhou et al., 2023) dataset. Preference pairs559

(x, yw, yl) are created by generating code-switched560

prompts x with either English or Korean as the561

matrix language and sampling responses from the562

baseline model. The chosen response yw matches563

the prompt’s matrix language, while the rejected re-564

sponse yl does not. When a correct response is not565

naturally produced, yw is generated using explicit566

language instructions. In total, we obtain 1,079567

preference pairs for CS-DPO training. We perform568

DPO training on top of OLMO 3.1 DPO. Detailed569

training configurations are provided in Appendix F.570

Setting / Metric Baseline Ours (+CS-DPO)

EN-Ko Simple
EN Matrix–KO Embed 57.36 66.28 (+8.92)
KO Matrix–EN Embed 99.29 99.65 (+0.36)

EN-Ko Complex (Unseen)
EN Inst–KO Content 47.90 43.77 (-4.13)
KO Inst–EN Content 77.84 83.96 (+6.12)

EN-Zh Simple (Unseen)
EN Matrix–ZH Embed 32.47 49.07 (+16.60)
ZH Matrix–EN Embed 97.42 95.94 (-1.88)

Table 3: Response-level Pass Rate (%) with CS-DPO.
Values in parentheses denote the performance gap rela-
tive to the baseline (SFT+DPO). CS-DPO exhibits sig-
nificant gains when English is the expected output lan-
guage, generalizing to unseen complex and cross-lingual
settings.

Results. Table 3 presents the impact of CS-DPO. 571

The proposed method improves language consis- 572

tency across most settings. In the Simple setting, 573

CS-DPO substantially increases the pass rate for 574

EN Matrix–KO Embed queries on our benchmark 575

(54.27% → 62.11%) while maintaining strong per- 576

formance on KO Matrix–EN Embed. We also ob- 577

serve strong cross-lingual transfer: despite training 578

only on EN–KO, CS-DPO yields large gains in 579

the unseen EN Matrix–ZH Embed setting (32.47% 580

→ 47.97%), suggesting a language-agnostic align- 581

ment. This generalization also extends to the 582

Complex setting, improving robustness in KO 583

Instruction–EN Content configurations (77.84% 584

→ 83.96%) despite being trained only on Simple 585

(intra-sentential) examples. 586

8 Conclusion 587

This study systematically examines output lan- 588

guage misalignment in code-switched LLM inter- 589

actions. We introduce OLA, an English–Korean 590

benchmark spanning intra-sentential mixing and 591

instruction–content mismatches. We show that 592

frontier models exhibit systematic, asymmetric mis- 593

alignment, often defaulting to non-English out- 594

puts, and that such failures cannot be resolved 595

through inference-time reasoning alone. We fur- 596

ther show that these errors primarily stem from 597

insufficient alignment: a small amount of targeted 598

preference alignment (CS-DPO) substantially im- 599

proves language-aligned outputs without explicit 600

language instructions. While OLA focuses on 601

English–Korean, our findings highlight a broader 602

need for multilingual LLMs to align with users’ im- 603

plicit expectations in code-switched interactions. 604
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Limitations605

Our study primarily focuses on English–Korean606

code-switching, with additional Simple intra-607

sentential evaluations on English–Chinese and608

English–Indonesian. Extending the benchmark to609

more language pairs was constrained by the need610

for native-speaker expertise to verify the linguistic611

plausibility of synthesized code-switched text and612

to validate expected output language preferences.613

While the authors verified that the expected matrix614

language was correctly realized in the additional615

language pairs, full human validation was not con-616

ducted due to limited resources. Extending the617

benchmark across more language pairs remains an618

important direction for future work.619

Second, our analysis is limited to single-turn620

interactions and does not examine how output lan-621

guage selection evolves over multi-turn dialogue.622

We also do not conduct a fine-grained interpretive623

analysis of the mechanisms underlying different624

types of language errors, such as response-level625

language selection failures versus unintended word-626

or character-level language intrusions that violate627

the expected output language. Finally, we do not628

explicitly analyze cases where annotators disagree629

on the expected output language, which reflects the630

inherent pragmatics of multilingual communication631

and warrants further study.632

Ethical Considerations633

All human annotation in this work was conducted634

with appropriate compensation and informed con-635

sent. Annotators were compensated at 1.5× the636

local minimum wage, and each annotation task re-637

quired at most 2.5 hours. All data used in this638

work are derived from existing public datasets and639

are synthetically transformed into code-switched640

prompts for evaluation. As the transformations pre-641

serve semantic content without introducing sensi-642

tive attributes, we do not anticipate any direct harm643

arising from the use of these data. We use Chat-644

GPT, Gemini, and Cursor for writing and coding645

assistance.646
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Appendix881

A Representative Queries882

Query Expected Lang.

Explain in simple terms the following
content

Instruction

Explain this to a beginner, what is the
concept, what is it trying to say

Instruction

In the passage provided, what is the pre-
diction?

Instruction

Please write the following in a legal way Content
Please recompose this with more details Content
Please draft a reply to the update above. Content

Table 4: Representative sample queries from the dataset.
Only a subset of queries is shown due to space limit.

Table 4 lists examples of English Instruction883

and their expected output languages. The full list884

of representative English instruction templates is885

available on GitHub.886

B Model Failure Patterns887

B.1 Qualitative Analysis of Failure Patterns888

Qualitative Failure Examples. Table 5 provides889

representative examples corresponding to the fail-890

ure types discussed in Section 5.2. For each error891

category, we show a minimal input–output pair il-892

lustrating how language deviations manifest at the893

character, sentence, or mid-response level in the894

Simple setting.895

Unexpected Language Choices. Beyond the896

response-level pass rate, our qualitative analysis re-897

veals more subtle forms of language confusion. In898

many instances, models produce responses that are899

not monolingual but are themselves code-switched,900

often in ways that are unnatural or erroneous. We901

identify three common patterns as follows. Table 5902

rows 2–5 provide illustrative examples of these fail-903

ure types, demonstrating that even when a model’s904

output is not a complete failure in terms of language905

choice, its ability to maintain linguistic consistency906

remains a significant challenge.907

1. Mid-Response Language Switching: The908

model begins generating a response in the cor-909

rect language but abruptly switches to the other910

language mid-sentence or mid-paragraph with-911

out a clear rhetorical reason. Interestingly, this912

language alternation occurs within languages913

not used in code-switching queries; random lan-914

guages (e.g., Chinese or Cyrillic script) are in-915

serted within a response upon a Korean-English916

code-switching query, maintaining semantic 917

consistency. Zhao et al. (2024a); Yoo et al. 918

(2025) reported that this phenomenon more fre- 919

quently occurs in continually pre-trained LLMs 920

for language transfer, and we observe that Qwen 921

2.5, one of the most multilingual models, specif- 922

ically includes more mid-response language 923

switching instances than other models. 924

2. Intra-word Switching: LLM responses occa- 925

sionally include intra-word switching based on 926

subword-based tokens (e.g., byte-pairs), main- 927

taining its pronunciation continuously. The in- 928

serted languages are random as mid-response 929

language switching. This phenomenon only oc- 930

curs when the model responds in Korean. It 931

implies that LLM tokenizers may internally pro- 932

cess cross-lingual alignment based on phonemic 933

representation (Jung et al., 2024). 934

3. Excessive use of code-switching phrases or 935

bilingual notations: LLMs tend to excessively 936

use bilingual notations in Korean-English or 937

Korean-Hanja (i.e., Chinese script used to write 938

Korean) upon code-switching queries. In addi- 939

tion, they tend to repeat phrases from queries in 940

embedded languages in their responses. 941

English-style Korean. In Korean responses, both 942

inter- and intra-sentential code-switching queries 943

elicit more use of awkward transliteration words 944

from English rather than Korean phrases (e.g.,마 945

인드풀니스) or loanwords that have been appro- 946

priated into Korean (e.g.,소셜 미디어) (Table 5, 947

row 5). On the other hand, LLMs also use awk- 948

ward, excessive word-for-word translations rather 949

than naturally-sounding transliterations (e.g.,도전 950

과제). In general, LLMs tend to respond in Korean 951

to code-switching queries with translationese, sim- 952

ply converting their internal English generations 953

into word-for-word translations (Zhao et al., 2024c; 954

Etxaniz et al., 2024; Zhong et al., 2025; Bafna et al., 955

2025; Schut et al., 2025). 956

B.2 Character-Level Language Intrusions 957

Across Alignment Variants 958

Tables 6 and 7 summarize character-level language 959

intrusions in the Simple setting for Korean-matrix 960

and English-matrix prompts, respectively. We re- 961

port the proportion and distribution of incorrect 962

cases in which models produce characters from un- 963

expected scripts. Across both matrix languages, 964

base models exhibit near-perfect behavior, while 965

post-trained variants show a substantially higher in- 966
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# Query Response Error Type

1 What are some of the key advance-
ments in인공지능 that have signif-
icantly impacted의료 and금융 in
the last decade?
(Translation: What are some of the
key advancements in AI that have
significantly impacted healthcare
and finance in the last decade?)

Here are some of the most influential AI (인공지능) advances
over roughly the last 10 years, focusing on의료 and금융. —
## 1. 공통기반기술 (의료 ·금융모두에영향) ###딥러닝
(Deep Learning)혁신 - **CNN, RNN, LSTM, Transformer**
등 모델 구조 발전 - 대규모 GPU/TPU 연산과 클라우드 인
프라 확산 → 복잡한 패턴 인식, 예측, 자연어 처리 성능이
비약적으로향상되어의료영상분석,챗봇,리스크모델링,
이상징후탐지등에직접활용. [. . . ] (GPT 5.1)

Wrong From
Middle

2 다양한 문화나 국가에서 Libera-
tion Day의중요성은무엇인가요?
(Translation: What is the impor-
tance of Liberation Day in various
cultures and countries?)

Liberation Day는 많은 나라에서 역사적으로 중요한 자
유를 기념하는 데 사용되는 특정 날을 말합니다. 이 날
은 각 나라마다 역사적 맥락과 의미가 다릅니다. 여기
몇 가지 주요 예시를 드릴게요: 1. **한국 – 광복절 (8
월 15일)** 한국에서는 1945년 8월 15일에 일본이 대한
민국을 колон(Pronunciation: kolon)리(Pronunciation:
li)ализ(колониализм—Russian for colonial-
ism; a tokenization error produces a mixed-script form, but
the intended pronunciation and meaning remain colonialism,
which makes sense in this context.) 에서 독립시켰을 때를
’광복절’이라고불리는자유의날로기념합니다. [. . . ] (OLMo
3.1 DPO)

Char Level Error

3 Past tense를 사용할 때 이야기의
서술 방식에서 다른 시제와의 주
요 differences는무엇인가요?
(Translation: What are the main
differences in narrative style when
using the past tense compared to
other tenses?)

Past tense(과거시제)를사용할때,이야기의서술방식에서
다른시제와의주요차이점은다음과같습니다: 1. **시간적
배경**: 과거 시제는 과거의 사건이나 행동을 표현합니다.
이는현재시제(현재의사건이나행동을표현)나미래시제
(미래의 사건이나 행동을 예상하거나 계획)와는 시간적 배
경이다릅니다. 2. **사용하는동사형태**: 영어에서과거
시제는 주어에 상관없이 일반적으로 동사의 기본 형태에
’ed’를붙여표현하거나불규칙동사의과거시제형태를사
용합니다. [. . . ] 3. **시점의이동**: 과거시제는이야기의
흐름이이미완료된사건이나행동으로이동함을나타냅니
다. 따라서,과거시제는이야기의진행이완료된상태를나
타내는데사용되며, 이는현재시제나미래시제와는다른
이야기의진행방식을보여줍니다. 4. **나ARRy;的述方式
其的主要差在于背景、形式的使用、以及述程的移方式。希
望些解有所助！如果有更多，提。(Qwen 2.5 Instruct)

Sent Level Error

4 AI autonomous무기의주요 ethi-
cal고려사항에대한 blog게시물
작성하기
(Translation: Write a blog post dis-
cussing the key ethical considera-
tions of AI autonomous weapons.)

# **AI자율무기의윤리적고려사항: 우리는어디까지허
용해야할까?**인공지능(AI)기술이급속히발전하면서 **
자율무기시스템(Autonomous Weapons Systems, AWS)**에
대한논의도뜨겁게이어지고있습니다. [. . . ] (Exaone)

Correct /
Excessive bilin-
gual notations

5 Could you give me some in depth
tips to make it go viral and spread
awareness widely.
저는사람들이하루동안기술없
이 지내도록 장려하는 바이럴 운
동을만들고싶습니다. 목표는마
음챙김과 실제 세상과의 연결을
촉진하는것입니다. 참여를추적
하고 이야기를 공유하기 위해 해
시태그를사용할까합니다. 이아
이디어를효과적으로확산시키고
사람들이 하루 동안 연결을 끊는
것에 대해 흥미를 느끼도록 하려
면어떻게해야할까요?

[. . . ] — ### **2. 참여유도를위한창의적인캠페인설계** -
**도전과제 (Translation: challenge; excessive word-for-word
translation; should be replaced with transliteration (챌린지))
형식**으로 제안: "하루 동안 스마트폰을 내려놓고, 대신
책을읽거나산책을해보세요. 경험을공유해주세요! [. . . ]
— ### **3. 인플루언서및커뮤니티활용** - **소셜미디어
(Translation: Social media; should be replaced with SNS, an
English loanword that have been appropriated in English and
not readily understandable to English native speakers) 인플
루언서**와 협업: 마인드풀니스 (Translation: mindfulness;
should be replaced with마음챙김 rather than awkward translit-
eration), 웰빙, 지속가능한라이프스타일분야의인플루언
서가캠페인을홍보하도록제안하세요. - **지역커뮤니티/
단체**와연계: 도서관,카페,공원등에서오프라인이벤트
를개최해참여자를모으세요. [. . . ] (Exaone)

Correct /
Over-translation
/ Inappropriate
lexical choice

Table 5: Failure samples generated by LLMs

cidence of such intrusions. In particular, alignment-967

tuned and instruction-following models introduce968

characters from unrelated languages (e.g., Russian,969

Japanese, Hindi, Arabic), suggesting increased sus-970

ceptibility to fine-grained language leakage after 971

post-training. Chinese characters are excluded 972

from this analysis due to potential confounds with 973

Sino-Korean orthography. 974
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Backend Correct (%) Incorrect (%) #Errors Most Common Offending Languages

OLMO-BASE 99.76 0.24 2 JA (2)
OLMO-SFT 98.12 1.88 16 RU (10), JA (4), HI (2), AR (1)
OLMO-SFT+DPO 92.23 7.77 66 RU (36), HI (13), JA (12), AR (8), TH (1)
OLMO-INSTRUCT 89.75 10.25 87 RU (55), JA (23), HI (13), AR (8)

QWEN-BASE 99.76 0.24 2 RU (1), JA (1)
QWEN-INSTRUCT 98.00 2.00 17 RU (10), JA (5), TH (2), AR (2)
QWQ 90.58 9.42 80 RU (41), JA (26), TH (10), AR (5), HE (3), HI (1)

Table 6: Character-level language intrusions across model families in the Simple (Korean matrix) setting (total:
283). We report the number and distribution of incorrect cases involving unexpected scripts. Chinese characters are
excluded due to potential confounds with Sino-Korean orthography.

Backend Correct (%) Incorrect (%) #Errors Most Common Offending Languages

OLMO-BASE 99.62 0.38 3 TH (1), JA (1), RU (1)
OLMO-SFT 99.36 0.64 5 RU (4), HI (1)
OLMO-SFT+DPO 96.55 3.45 27 RU (16), JA (7), AR (3), HI (2), TH (1), HE (1)
OLMO-INSTRUCT 96.55 3.45 27 RU (13), JA (9), AR (4), HI (3)

QWEN-BASE 99.74 0.26 2 HI (1), RU (1)
QWEN-INSTRUCT 99.74 0.26 2 TH (1), JA (1)
QWQ 99.49 0.51 4 RU (4)

Table 7: Character-level language intrusions across model families in the Simple (English Matrix) setting (total:
258). We report the number and distribution of incorrect cases involving unexpected scripts. Chinese characters are
excluded due to potential confounds with Sino-Korean orthography.

C Models and Experimental Setup975

C.1 Models976

We evaluate a diverse set of multilingual large lan-977

guage models (LLMs), including both proprietary978

and open-weight models:979

• Gemini 3: Gemini 3 Pro (Google, 2025)980

• GPT-5.1: GPT-5.1 (OpenAI, 2025) 4981

• Qwen 2.5: Qwen 2.5 Instruct 32B (Qwen982

et al., 2025) 5983

• Exaone 4: Exaone 4.0.1 32B (Research et al.,984

2025) 6.985

• OLMo 3.1 DPO: OLMo 3.1 32B Instruct986

DPO (Olmo et al., 2025) 7.987

• Qwen 2.5 Base: Qwen 2.5 Base (Qwen et al.,988

2025) 8.989

• QwQ: QwQ 32B (Qwen Team, 2025) 9.990

4version: gpt-5.1-2025-11-13
5https://huggingface.co/Qwen/Qwen2.

5-32B-Instruct
6https://huggingface.co/LGAI-EXAONE/EXAONE-4.

0.1-32B
7https://huggingface.co/allenai/Olmo-3.

1-32B-Instruct-DPO
8https://huggingface.co/Qwen/Qwen2.5-32B
9https://huggingface.co/Qwen/QwQ-32B

• OLMo 3 Base: OLMo 3 32B Base (Olmo 991

et al., 2025) 10. 992

• OLMo 3.1 Instruct: Olmo 3.1 32B In- 993

struct (Olmo et al., 2025) 11. 994

All open-weight models are 32B-parameter vari- 995

ants. For model families with multiple post- 996

training variants (e.g., OLMo and Qwen), we ad- 997

ditionally evaluate their corresponding base and 998

alternative alignment versions. A summary of the 999

evaluated model variants and their post-training or 1000

alignment strategies is provided in Table 8. 1001

Model
Family

Model Variant Post-training
Method

Qwen Qwen 2.5 Base Pretrained (Base)
Qwen Qwen 2.5 Instruct SFT + RLHF
Qwen QwQ RLVR

OLMo OLMo 3 Base Pretrained (Base)
OLMo OLMo 3.1 Instruct-DPO SFT + DPO
OLMo OLMo 3.1 Instruct SFT + DPO +

RLVR

Table 8: Models and post-training strategies evaluated
in this work. All models are 32B parameter variants.

10https://huggingface.co/allenai/
Olmo-3-1125-32B

11https://huggingface.co/allenai/Olmo-3.
1-32B-Instruct
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C.2 Inference Setting1002

We set the parameters for all models to: tempera-1003

ture = 0.7, top_p = 0.9. 4 Quadro RTX 8000 48GB,1004

2 NVIDIA H200 141GB were used with CUDA1005

version 12.4 when running open-sourced Models1006

EXAONE, Qwen 2.5 Instruct 32B, and OLMo 3.11007

DPO 32B.1008

D Additional Analyses1009

D.1 Surface Cues1010

Gemini 3
Pro

GPT-5.1 EXAONE 4
Inst.

Qwen 2.5
Inst.

OLMo 3.1
DPO
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Figure 8: Effect of First Word Language on Output
Language.

Relationship between the language of the first1011

word in the prompt and response language. In1012

contrast to the last word effect (Figure 5, models’1013

response language does not correlate with the first1014

word of the query.1015

Instruction Position in the Complex Setting.1016

Figure 9 analyzes the effect of instruction position1017

(InstrFirst vs. ContentFirst) under complex code-1018

switched prompts, conditioning on the expected1019

response language. When the expected language1020

is Korean, all models exhibit high robustness to1021

instruction ordering, with the majority of examples1022

correctly handled regardless of whether the instruc-1023

tion appears before or after the content. When1024

English is expected, the overall pass rate drops sub-1025

stantially across models, reflected by a larger frac-1026

tion of cases where neither ordering yields a correct1027

response. However, among instances where at least1028

one ordering succeeds, the relative robustness to1029

instruction position remains broadly comparable to1030

the Korean-expected setting.1031

D.2 Chain-of-Thought Language Alignment1032

Analysis1033

We analyze alignment between CoT reasoning1034

and final response language using an LLM-based1035

classifier (Qwen-2.5-Instruct) to extract expected1036
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Figure 9: Effect of instruction position (InstrFirst vs.
ContentFirst) on model Response-level Pass Rate in
complex code-switched prompts, stratified by expected
output language. Each bar shows the proportion of
test cases where models answered correctly under both
orderings (✓,✓), only when instruction came first (✓,✗),
only when content came first (✗,✓), or neither (✗,✗).

language from thought traces (prompts in Ap- 1037

pendix H.3). Manual validation of 100 random 1038

samples showed zero classification errors. 1039

Table 9 shows high decision-execution align- 1040

ment (>90% for most models), indicating perfor- 1041

mance degradation stems from incorrect language 1042

decisions rather than execution failures. However, 1043

the fact that this alignment remains well below 1044

100% suggests that even for a seemingly simple 1045

decision such as response language choice, resid- 1046

ual misalignment between reasoning and execu- 1047

tion (Paul et al., 2024; Chan et al., 2025) persists. 1048

E Additional Experimental Results 1049

E.1 Multilingual Results 1050

Dataset Construction for Additional Languages. 1051

To evaluate whether the observed output language 1052

misalignment generalizes beyond Korean–English, 1053

we extend the Simple setting to Chinese and In- 1054

donesian. For both language pairs, the underly- 1055

ing monolingual English queries are drawn ex- 1056

clusively from the Language Confusion Bench- 1057

mark (Marchisio et al., 2024), without incorpo- 1058

rating additional queries from WildChat. We fol- 1059
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Model EN Matrix
–KO Embed

KO Matrix
–EN Embed

GPT 5.1 93.17 100.00
Gemini 3 98.63 99.66
EXAONE 4 Inst. 97.60 93.86
Qwen 2.5 Inst. 95.90 90.44
OLMo 3.1 DPO 96.59 58.70

Table 9: CoT Language Decision–Response Consis-
tency (%). This metric measures how often the language
of the final response matches the language selected dur-
ing the intermediate reasoning step.

low the same data generation procedure as in the1060

Korean–English Simple setting, replacing embed-1061

ded noun phrases with their Chinese or Indone-1062

sian counterparts while preserving the English ma-1063

trix language. The authors manually verified that1064

the synthesized prompts correctly realize the in-1065

tended matrix–embedded language structure; how-1066

ever, due to limited resources, we did not conduct1067

large-scale human validation of expected output1068

language preferences for these additional language1069

pairs.1070

Raw Pass Rate by Language Target. Table 101071

provides the raw response-level pass rates for1072

English-target and non-English-target conditions1073

in the Simple code-switching setting. These results1074

support the analysis in subsection 5.1 by making1075

the underlying asymmetry explicit: performance1076

degradation is driven primarily by failures when1077

English is the expected response, rather than by1078

instability in non-English generation.1079

E.2 Post-training1080

Figure 6 presents response-level pass rates dis-1081

aggregated by the expected output language (En-1082

glish vs. Korean), aggregated over both Simple1083

and Complex settings. Across both the Qwen-1084

2.5 and OLMo-3 families, alignment-tuned vari-1085

ants (SFT+RLHF/DPO) and RLVR-trained models1086

show a consistent shift toward higher pass rates in1087

the Complex setting, while no clear trend appears1088

in the Simple setting.1089

F Post-training Details1090

We conduct additional post-training using Direct1091

Preference Optimization (DPO) to assess whether1092

code-switching failures stem from insufficient1093

alignment data rather than model capacity. All1094

experiments are performed using full-parameter1095

updates on OLMO-3.1-32B-INSTRUCT-DPO.1096
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Figure 10: Effect of Post-training in Simple and Com-
plex settings.

Training Data. The DPO training dataset con- 1097

sists of preference pairs constructed from code- 1098

switched queries in the Simple setting. Each pair 1099

contains a chosen response that follows the in- 1100

tended matrix language and a corresponding re- 1101

jected response that violates it. Both the chosen 1102

and rejected responses are derived from the base 1103

model, obtained by sampling multiple responses 1104

given the code-switched query. This is important 1105

to maximize the impact of the DPO training, where 1106

both the chosen and rejected responses are actually 1107

possible to be generated by the model. Also, the 1108

prompt provided to the model contains only the 1109

original code-switched query, without any explicit 1110

instruction specifying the response language. The 1111

dataset is split into training and validation sets. 1112

Training Configuration. We perform full- 1113

parameter DPO training using the TRL frame- 1114

work. Training is conducted on 8 NVIDIA H200 1115

GPUs 141GB with mixed-precision (bf16). The 1116

per-device batch size is set to 1, with gradient ac- 1117

cumulation over 8 steps, resulting in an effective 1118

batch size of 64. We train for a single epoch us- 1119

ing the AdamW optimizer with a cosine learning 1120

rate schedule. The learning rate is set to 5× 10−6 1121

with a warmup ratio of 0.03. The DPO temperature 1122

parameter β is fixed to 0.1. 1123

Sequence Formatting. Each training example 1124

is formatted into prompt, chosen, and rejected 1125

strings using the model’s chat template. To avoid 1126

exceeding the model’s context window, we truncate 1127

sequences at the token level, allocating up to half of 1128

the context length to the prompt and the remainder 1129

to the response. 1130

Optimization and Evaluation. Model check- 1131

points are saved every 200 steps, and evaluation 1132

is performed at the same interval on the valida- 1133

tion split. To reduce memory overhead, we adopt 1134

reference-free DPO and do not maintain a separate 1135
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Language Pair Model EN Target (%) Non-EN Target (%)

Korean–English

Gemini 3 Pro 20.15 100.00
GPT-5.1 21.50 100.00
Qwen 2.5 Instruct 71.67 97.27
EXAONE 4 Instruct 48.99 100.00
OLMo 3.1 DPO 54.27 98.98

Chinese–English

Gemini 3 Pro 36.53 99.25
GPT-5.1 8.80 99.25
Qwen 2.5 Instruct 79.40 98.51
EXAONE 4 Instruct 67.67 74.25
OLMo 3.1 DPO 32.47 97.42

Indonesian–English

Gemini 3 Pro 41.57 99.49
GPT-5.1 16.85 97.42
Qwen 2.5 Instruct 44.38 97.94
EXAONE 4 Instruct 67.98 88.66
OLMo 3.1 DPO 31.46 93.81

Table 10: Response-level pass rates (%) in the Simple code-switching setting. Across language pairs, models show a
consistent asymmetric bias toward non-English responses: performance drops sharply when English is the expected
output, while non-English targets are handled reliably.

frozen reference model. All runs are seeded with a1136

fixed random seed (42) to ensure reproducibility.1137

G Human Annotation Details1138

Annotator Recruitment. Annotators were re-1139

cruited via a publicly accessible bulletin board1140

within the authors’ institution, which is visible to1141

both students and staff. Participation was voluntary,1142

and all annotators were compensated at a rate of1143

$10 USD per hour. No personally identifiable infor-1144

mation was collected beyond language background1145

relevant to the task. The annotation was conducted1146

by six native speakers (three English, three Korean).1147

All annotators reported being able to understand1148

and use the embedded language at a basic level,1149

reflecting realistic code-switching users rather than1150

balanced bilinguals.1151

Annotators were provided with written guide-1152

lines describing the task and rating criteria. For1153

each query, annotators were asked to: (i) iden-1154

tify the expected output language, and (ii) rate1155

the severity of a language mismatch as Trivial,1156

Uncomfortable, or Critical. The full annotation1157

guidelines, including definitions and illustrative ex-1158

amples, are provided in the next section.1159

To ensure reliability, we retain only samples for1160

which at least two annotators agree on the expected1161

output language. Disagreements were not resolved1162

through discussion, as our goal was to capture user-1163

level sensitivity rather than enforce a single “cor-1164

rect” judgment.1165

G.1 Annotation Guidelines 1166

Annotators were asked to read user prompts that 1167

mix English and Korean and to judge the expected 1168

output language and the usability impact of lan- 1169

guage mismatches. 1170

Task Overview. For each prompt, annotators 1171

completed two judgments: (i) selecting the lan- 1172

guage they would expect the model to respond in, 1173

and (ii) rating how inconvenient it would be if the 1174

model responded in a different language. Annota- 1175

tors were instructed to assume that they themselves 1176

authored the prompt and to base their judgments 1177

on natural interaction expectations rather than pre- 1178

scriptive rules. 1179

User Prompt. Each item consists of a user query 1180

intended as input to a language model such as Chat- 1181

GPT. Annotators were instructed to read the prompt 1182

and judge which language it would be most natu- 1183

ral for the model’s response to be in. Even if the 1184

prompt content was not fully understood, annota- 1185

tors were asked not to skip the item as long as the 1186

expected response language could be inferred. For 1187

long prompts, annotators were allowed to skim the 1188

content and focus only on cues relevant to output 1189

language expectation. 1190

Expected Output Language. Annotators se- 1191

lected the primary language they would expect the 1192

model’s response to be written in. Other languages 1193

may appear in the response, but the selection should 1194

reflect the dominant response language. Provided 1195

options were: (1)English, (2)Korean, (3)Either 1196
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(only if the prompt does not clearly favor one lan-1197

guage)1198

Criticality of Language Mismatch. Annotators1199

rated how serious it would feel if the model re-1200

sponded in a language different from the expected1201

one, from a usability perspective.1202

Options were as follows:1203

• Critical: The response would be rejected and re-1204

generated with an explicit language instruction.1205

• Uncomfortable: The response would be ac-1206

cepted, but the annotator would specify the lan-1207

guage in subsequent interactions.1208

• Trivial: The mismatch would not cause inconve-1209

nience and would not prompt a retry.1210

Task Settings. Annotators labeled prompts under1211

two distinct settings:1212

Setting 1: Simple (Intra-sentential Code-1213

switching). Prompts consist of a single instruction1214

or question containing mixed-language elements.1215

The model response corresponds directly to answer-1216

ing the prompt. For example:1217

What emotions and 도전 might a man1218
experience when he finds himself in an1219
낯선 도시?1220

Setting 2: Complex (Instruction–Content1221

Code-switching). Prompts consist of an instruc-1222

tion and associated content required to carry out1223

the instruction. The model response includes both1224

helper text (if any) and the content resulting from1225

executing the instruction. Annotators were in-1226

structed to select the expected language based only1227

on the language of the resulting content, not the1228

instruction. For example:1229

Can you continue writing a news article1230
based on this information?1231

{Content}1232

H Prompts1233

H.1 Prompts used for OLA Dataset1234

Construction1235

The following prompts were used with GPT-4o1236

to generate code-switched queries and to create1237

variations of Contents in the Complex setting.1238

Prompt for generating code-switched queries

You are a bilingual rewriting assistant.

TASK
• Input : an English sentence (E) and its Korean translation
(K)

1239

• Output : the code-switched version of E
- Replace about level percent of NOUNS / NOUN
PHRASES in E with their Korean equivalents taken from
K
- Keep the original English word order (S-V-O)
- DO NOT add explanations, examples, tags, or extra
sentences
- If there is no suitable Korean equivalent, keep the English
word

[EXAMPLE]
Input
<English>Topic: Using AI to Augment Human Capabilities
Explain a common misconception about your topic.

<Korean>주제: AI를사용하여인간의능력을증강하기
당신의주제에대한일반적인오해를설명하세요.

Desired Output
<Code-Switch>
주제: Using AI to증강 Human Capabilities
Explain일반적인오해 about your주제.

[BEGIN TASK]
<English>question
<Korean>translation

1240

Prompt for generating variations of existing con-
tent
You are an expert data augmentation assistant.

You will be given an existing Instruction and its
current Content that together form a user query.
Your task is to invent FOUR NEW Content paragraphs that
satisfy ALL of the following conditions:
1. When combined with the SAME Instruction they should
form a sensible, coherent query.
2. Each new Content must be DIFFERENT from the
original Content and from each other. Do not simply
paraphrase, instead be creative. You should use different
topics and styles.
3. Each new Content must be BETWEEN 200 and 600
characters (inclusive).
4. Do NOT answer the Instruction — you are ONLY
creating new Content, not responses.
5. Do NOT mention these guidelines or any numbering in
the output.
Return ONLY a JSON array of the four new Content
strings.
[CONTEXT]
Instruction: {instruction}
Original Content:{original_content}
[END CONTEXT]

### OUTPUT FORMAT
[ "content1 ...", "content2 ...", "content3 ...", "content4 ..." ]

1241

H.2 Chain-of-Thought (CoT) Instruction 1242

We used the following prompt to elicit CoT rea- 1243

soning in the English-matrix setting (Section 6.3). 1244

The prompts for the Korean setting follow the same 1245

structure, translated into Korean to match the ma- 1246
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trix language of the query.1247

Chain-of-Thought Prompt (English Matrix)

First think about which language you should respond in,
and then generate the answer.

Output your response in the following JSON struc-
ture:

{
"thought": "<The language you decided to answer in,

and a short explanation>",
"answer": "<The final answer to the query>"

}
1248

H.3 Language Decision Classification Prompt1249

The following prompt was used with GPT-4o to1250

classify and extract the expected response language1251

from the generated thought traces of LLMs in CoT-1252

settings (Section 6.3).1253

Prompt for Language Decision Classification

You are a language classifier. Analyze the following text
where a model explains which language it decided to
respond in.

Text to analyze:
"""
{thought_text}
"""

Based on this text, determine which language the
model decided to use for its response.
Classify into ONE of these categories:

- English: if the model decided to respond in English
- Korean: if the model decided to respond in Korean
- Chinese: if the model decided to respond in Chinese
- Others: if the model decided to respond in another

language, or if the decision is unclear/mixed/not stated

Output your answer as a single JSON object with
the format:
{{"language": "<English|Korean|Chinese|Others>",
"confidence": "<high|medium|low>", "reason": "<brief
explanation>"}}

Only output the JSON, nothing else.
1254

H.4 Explicit Linguistic Instruction Prompts1255

We provide the system prompts used for zero-shot1256

and few-shot explicit linguistic instruction experi-1257

ments (Section 7.1).1258

Zero-shot System Prompt for Language Selec-
tion
You are a helpful multilingual AI assistant.
Your top priority is to choose the correct response language
when the user’s input contains code-switching (mixing two
or more languages). You must first determine the response
language internally, and then produce the final answer only
in that language.
Definitions

1259

• Code-switching: Using two or more languages within a
single conversational context.

• Simple setting: Intra-sentential code-switching, where
two languages are mixed within a single sentence or short
utterance.

• Complex setting: The user query consists of two parts in
different languages: an Instruction and Content.

Language Selection Policy
A. Simple setting (intra-sentential code-switching)
1. Apply the Matrix Language Frame (MLF) principle to

distinguish the Matrix Language (ML) and the Embed-
ded Language (EL).

2. Identify the Matrix Language (ML): the grammatically
dominant language that provides the main syntactic
structure (e.g., word order, function words, particles,
tense markers, agreement, sentence-ending forms).

3. Identify the Embedded Language (EL): inserted words
or phrases from another language.

4. Respond only in the Matrix Language.
B. Complex setting (Instruction vs. Content)
1. Segment the input into:

• Instruction: what the user asks the model to do (e.g.,
summarize, explain, rewrite, continue, fix grammar).

• Content: the text or material being discussed or ma-
nipulated.

2. Determine the task type and expected response lan-
guage:

• Understanding / clarification tasks → respond in the
Instruction Language.

• Direct manipulation / generation tasks → respond in
the Content Language.

Output Constraints
• Do not mention internal reasoning, language selection

criteria, or decision process.

• Do not output the language decision explicitly.

• Do not mix languages in the response unless explicitly
requested.

1260

Few-shot Demonstrations. We additionally 1261

prepend four task-agnostic demonstrations to the 1262

same system prompt in the few-shot setting. All 1263

examples are disjoint from the benchmark and are 1264

used only to illustrate response language selection 1265

behavior. 1266

Few-shot Demonstrations (Korean Matrix)
Example 1:
User: Machine learning에서 overfitting을어떻게방지할
수있나요?
Assistant: 과적합을 방지하는 몇 가지 방법이 있습니다.
첫째, 정규화기법(L1, L2)을사용할수있습니다. 둘째,
드롭아웃을적용하여뉴런의일부를무작위로비활성화
합니다. 셋째, 교차 검증을 통해 모델을 평가합니다. 마
지막으로,더많은학습데이터를확보하는것도도움이
됩니다.

Example 2:
User: Python으로 web scraping하려면어떤 library를써
야해?

1267
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Assistant: 웹스크래핑을위해여러라이브러리를사용할
수 있습니다. BeautifulSoup은 HTML 파싱에 적합하고,
Requests는 HTTP요청을보내는데사용됩니다. 동적웹
페이지의경우 Selenium이나 Playwright를추천합니다.

1268

Few-shot Demonstrations (English Matrix)

Example 1:
User: Can you explain the concept of애교? Why is it so
popular among케이팝아이돌?
Assistant: Aegyo is a form of emotional expression com-
monly used by children or young people. It is particularly
popular among K-pop idols because it helps enhance their
charm and appeal.

Example 2:
User: What should I wear to장례식 and what are the예절
for the장례식 in the U.S.?
Assistant: When attending a funeral, it is customary to
wear black or dark clothing. The family may provide spe-
cific instructions on dress code, so it’s best to follow their
guidance.

1269

Few-shot Demonstrations (Understanding Tasks)

Example 1 (Summarization – respond in Instruction Lan-
guage):
User: Could you give me a short summary of the following
text?:
인공지능(AI)은인간의학습능력,추론능력,지각능력을
인공적으로 구현하려는 컴퓨터 과학의 한 분야이다. 현
대에서인공지능은기계학습과딥러닝의발전으로인해
급속한발전을이루었다.
Assistant: Artificial Intelligence (AI) is a branch of com-
puter science that aims to artificially implement human
learning, reasoning, and perception abilities. In modern
times, AI has achieved rapid development due to advances
in machine learning and deep learning.

Example 2 (Explanation – respond in Instruction Lan-
guage):
User: 다음내용을설명해줘:
The greenhouse effect is a natural process that warms the
Earth’s surface. When the Sun’s energy reaches the Earth’s
atmosphere, some of it is reflected back to space and some
is absorbed.
Assistant: 온실효과는지구표면을따뜻하게하는자연
적인 과정입니다. 태양 에너지가 지구 대기에 도달하면
일부는 우주로 반사되고 일부는 흡수됩니다. 이 과정을
통해지구는생명체가살수있는적정온도를유지합니
다.

1270

Few-shot Demonstrations (Manipulation Tasks)

Example 1 (Continue writing – respond in Content Lan-
guage):
User: Continue the following story:
옛날 어느 작은 마을에 현명한 할아버지가 살고 있었습
니다. 마을사람들은어려운일이있으면항상할아버지
를찾아갔습니다.
Assistant: 어느 날, 마을에 큰 가뭄이 들었습니다. 농작
물이 말라가고 우물도 바닥을 드러내기 시작했습니다.
걱정에휩싸인마을사람들은할아버지를찾아가조언을
구했습니다. 할아버지는잠시생각에잠기더니 “산너머
동굴에숨겨진샘이있다”고말씀하셨습니다.

Example 2 (Rewrite – respond in Content Language):
User: 주어진내용을더공식적인언어로다시작성해줘:
The data shows that users really like the new feature.
They’re using it a lot more than we expected.

1271

Assistant: The data indicates that users have responded
positively to the new feature. Usage metrics have exceeded
initial projections significantly.

1272
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