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Abstract001

Output diversity is crucial for Large Language002
Models as it underpins pluralism and creativ-003
ity. In this work, we reveal that controlling the004
language used during model thinking—the lan-005
guage of thought—provides a novel and struc-006
tural source of output diversity. Our prelim-007
inary study shows that different thinking lan-008
guages occupy distinct regions in a model’s009
thinking space. Based on this observation,010
we study two repeated sampling strategies un-011
der multilingual thinking—Single-Language012
Sampling and Mixed-Language Sampling—and013
conduct diversity evaluation on outputs that are014
controlled to be in English, regardless of the015
thinking language used. Across extensive ex-016
periments, we demonstrate that switching the017
thinking language from English to non-English018
languages consistently increases output diver-019
sity, with a clear and consistent positive corre-020
lation such that languages farther from English021
in the thinking space yield larger gains. We022
further show that aggregating samples across023
multiple thinking languages yields additional024
improvements through compositional effects,025
and that scaling sampling with linguistic hetero-026
geneity expands the model’s diversity ceiling.027
Finally, we show that these findings translate028
into practical benefits in pluralistic alignment029
scenarios, leading to broader coverage of cul-030
tural knowledge and value orientations in LLM031
outputs.032

1 Introduction033

Large Language Models (LLMs) have been glob-034

ally adopted due to their extensive knowledge and035

strong reasoning capabilities. Beyond the correct-036

ness of individual responses, this widespread use037

has drawn increasing attention to the diversity of038

LLM-generated outputs. Formally, output diversity039

quantifies a model’s ability to generate multiple040

distinct responses to open-ended questions without041

ground-truth answers (Jiang et al., 2025; Zhang042

et al., 2025). It is recognized as a fundamental ob- 043

jective in pluralistic alignment research (Sorensen 044

et al., 2024; Conitzer et al., 2024), where low 045

diversity can lead to homogenization—often re- 046

ferred to as mode collapse (Jiang et al., 2025; 047

Zhang et al., 2025; Lagzian et al., 2025)—and 048

the over-representation of dominant cultural val- 049

ues (AlKhamissi et al., 2024; Wang et al., 2024). 050

Moreover, diversity is a key indicator of whether 051

AI systems exhibit human-like creativity (Pépin 052

et al., 2024), laying the foundation for innovative 053

problem-solving (Ye et al., 2025; Tian et al., 2024; 054

Chen et al., 2025b; Han et al., 2025), open-ended 055

exploration, and the generation of novel ideas (Guo 056

et al., 2025a; Ruan et al., 2024). 057

To improve output diversity, temperature scal- 058

ing is commonly utilized by increasing sampling 059

randomness (Pépin et al., 2024; Tevet and Berant, 060

2021; Peeperkorn et al., 2024). Other work ex- 061

plored advanced decoding methods (Peeperkorn 062

et al., 2025), aggregating outputs from multiple 063

LLMs (Liang et al., 2024a; Shur-Ofry et al., 2024; 064

Tekin et al., 2024), or increasing prompt varia- 065

tion (Shur-Ofry et al., 2024; Lagzian et al., 2025; 066

Wang et al., 2025a). At training time, several stud- 067

ies proposed diversity-driven RLHF and SFT ob- 068

jectives to encourage more varied generations (Li 069

et al., 2025b; Sun et al., 2025). 070

Despite their promise, most existing work fo- 071

cuses on English-only or multilingual input set- 072

tings (Wang et al., 2025a). In contrast, we in- 073

vestigate whether the language used during inter- 074

mediate thinking—referred to as the language of 075

thought—can serve as a controllable and structural 076

source of output diversity. Our investigation is mo- 077

tivated by two observations. First, insights from 078

cognitive science suggest that multilingualism pro- 079

motes divergent thinking and creativity, as different 080

languages encode distinct conceptual and structural 081

biases (Blasi et al., 2022; Kharkhurin et al., 2023). 082

According to the Sapir–Whorf hypothesis (Whorf, 083
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2012), language can shape how concepts are or-084

ganized and related during thinking. Second, re-085

cent studies have demonstrated that modern LLMs086

are capable of explicit reasoning in multiple lan-087

guages, with performance differences across lan-088

guages (Yong et al., 2025; Qi et al., 2025). To-089

gether, these insights motivate us to study language090

of thought as a structural property of the model’s091

thinking process, and to examine how varying this092

property influences output diversity.093

To this end, we begin with a preliminary study094

that explores whether different thinking languages095

induce structural differences in the model’s think-096

ing space (§3). Specifically, given the same En-097

glish input, we control the thinking process to be098

conducted in different languages and collect the099

resulting hidden representations. By visualizing100

these multilingual thinking representations, we ob-101

serve that different languages correspond to distinct102

regions in the model’s thinking space. Moreover,103

non-English languages exhibit substantial variation104

in their distances to English thinking. These ob-105

servations reveal geometric differences induced by106

different languages of thought.107

Building on these observations, we next exam-108

ine whether the thinking-space shifts induced by109

different languages of thought help output diver-110

sity (§4&5). Although the thinking process is con-111

trolled to be conducted in different languages, we112

further control the model’s final outputs to English113

for fair output diversity evaluation (§4.1). Based on114

this setup, we perform repeated sampling and ag-115

gregate the resulting English outputs for diversity116

evaluation. Specifically, we explore two sampling117

strategies. The first, Single-Language Sampling,118

performs repeated sampling within a single think-119

ing language (§4.2). The second, Mixed-Language120

Sampling, aggregates English outputs generated121

through thinking in different languages (§4.3).122

We conduct experiments on two benchmarks us-123

ing two different diversity metrics. Multiple LLMs124

and 15 thinking languages are evaluated (§5.1).125

Our main findings are as follows.126

First, under Single-Language Sampling, we ob-127

serve that simply switching the language of thought128

from English to non-English languages consis-129

tently leads to higher output diversity. By fur-130

ther computing the correlation between output131

diversity and the thinking-space distance to En-132

glish across non-English languages, we identify133

a clear positive relationship: thinking languages134

that are geometrically farther from English consis-135

tently achieve higher output diversity. These re- 136

sults demonstrate that sampling within thinking re- 137

gions outside the English-dominant space can sys- 138

tematically mitigate output homogenization. We 139

also evaluate output quality and find that thinking 140

in non-English languages incurs only negligible 141

degradation (§5.2). 142

Second, we further find that Mixed-Language 143

Sampling yields additional gains in output diversity. 144

This result indicates that sampling from distinct 145

thinking regions induced by linguistic heterogene- 146

ity can further enhance output diversity beyond a 147

single region. Further analysis reveals clear compo- 148

sitional effects among languages: while removing 149

any single language has a relatively small impact 150

on diversity, removing multiple languages leads to 151

a substantially larger degradation (§5.3). 152

Third, we analyze the effects of the sampling 153

number and temperature, and find that Mixed- 154

Language Sampling exhibits a pronounced advan- 155

tage over Single-Language Sampling when fur- 156

ther scaling the sampling number, highlighting the 157

role of linguistic heterogeneity in expanding the 158

model’s diversity ceiling (§5.4). 159

Finally, we extend our analysis to pluralistic 160

alignment scenarios (§6). Our results show that 161

Mixed-Language Sampling leads to broader cov- 162

erage of cultural knowledge and values in LLMs, 163

outperforming other sampling strategies, includ- 164

ing English sampling, high-temperature decoding, 165

explicit diversity requests, and multilingual prompt- 166

ing. These results highlight the practical utility of 167

our findings in real-world applications. 168

Overall, our findings establish the language of 169

thought as a novel and effective control axis for 170

enhancing output diversity. 171

2 Related Work 172

Output Diversity of LLMs Many studies have 173

shown that LLMs often exhibit limited output di- 174

versity (Padmakumar and He, 2024; Liang et al., 175

2024b; Luo et al., 2024; Giorgi et al., 2024). Output 176

diversity evaluation typically considers lexical, syn- 177

tactic, and semantic dimensions (Guo et al., 2024, 178

2025b; Lagzian et al., 2025), and employs tools 179

such as Self-BLEU (Zhu et al., 2018) and Sentence- 180

BERT (Reimers and Gurevych, 2019) to compute 181

diversity metrics in NLG tasks (Guo et al., 2024). 182

Moreover, diversity is often evaluated alongside 183

novelty and creativity in more complex generation 184

settings (Zhang et al., 2025; Lagzian et al., 2025; 185

2



Pépin et al., 2024; Ye et al., 2025; Tian et al., 2024).186

Recently, NOVELTYBENCH (Zhang et al., 2025)187

and INFINITY-CHAT (Jiang et al., 2025) were in-188

troduced to assess the ability of LLMs to produce189

distinct outputs in open-domain dialogue.190

Existing approaches to improve output diver-191

sity include aggregating outputs from multiple192

LLMs (Liang et al., 2024a; Shur-Ofry et al., 2024),193

increasing prompt variation (Liang et al., 2024a;194

Lagzian et al., 2025; Wang et al., 2025a), and de-195

veloping diversity-driven RLHF and SFT objec-196

tives (Li et al., 2025b; Sun et al., 2025). Unlike197

these approaches, our work explores the inherent198

multilingual properties of LLMs as a structural199

source of output diversity.200

Multilingual Reasoning Recent LLMs are201

trained to perform explicit intermediate reasoning202

before producing final answers (Muennighoff et al.,203

2025; Zeng et al., 2025; DeepSeek-AI et al., 2025).204

Many studies have explored the multilingual gen-205

eralization of LLM reasoning (Son et al., 2025;206

Yong et al., 2025; Wang et al., 2025b; Bajpai and207

Chakraborty, 2025; Qi et al., 2025; Tam et al., 2025;208

Khairi et al., 2025). Other work has investigated209

whether multilingualism can improve the perfor-210

mance (Li et al., 2025a; Gao et al., 2025) and effi-211

ciency (Ahuja et al., 2025; Chen et al., 2025a) of212

reasoning. However, none of these studies have ex-213

amined whether multilingual thinking can enhance214

the output diversity of LLMs.215

3 Language Geometry of Thinking Space216

We first conduct a preliminary study to examine217

whether different thinking languages induce struc-218

tural differences in the model’s thinking space.219

3.1 Thinking Language Control220

All our investigations focus on reasoning-capable221

LLMs. Given an English input prompt, the model222

first performs intermediate thinking T , enclosed223

within <think>...\think>, and then generates224

the final output o, both in English by default.225

To control the LLM to perform its intermediate226

thinking in a target language l, we follow exist-227

ing multilingual reasoning techniques (Yong et al.,228

2025; Qi et al., 2025). Specifically, we insert a short229

prefix, “Okay, the user is asking”—translated230

into l— immediately after the <think> token, guid-231

ing the subsequent thinking process to be con-232

ducted in the target language. The translated pre-233

fixes, together with a sanity check of the language234

control, are provided in Appendix A.1. 235

3.2 Visualizing Multilingual Thinking Space 236

Collecting Hidden States Given a set of English 237

input questions, we apply thinking language con- 238

trol to encourage the model to perform thinking in 239

language l for each sample. For a single sample, let 240

the thinking process consist of N tokens {t(l)i }Ni=1, 241

and let h(l)i,j denote the hidden state of token t
(l)
i at 242

layer j. To obtain a compact representation of the 243

model’s thinking behavior, we first average hidden 244

states across all thinking tokens within a sample, 245

and then further average across all samples. This 246

yields a single vector representation h
(l)
j that sum- 247

marizes the model’s thinking behavior in language 248

l at layer j. Repeating this process for all think- 249

ing languages produces a set of language-specific 250

thinking representations at each layer. 251

PCA Visualization To visualize the geometry 252

of multilingual thinking space, we first normal- 253

ize all language representations using ℓ2 normal- 254

ization. Viewing English as the anchor, we then 255

compute the cosine distance between each non- 256

English language l and English at layer j as 257

dj(l, en) = 1 − cos
(
h
(l)
j , h

(en)
j

)
. Finally, we ap- 258

ply PCA to the centered representations to obtain 259

a two-dimensional layout for visualization. In the 260

resulting plot, PCA determines only the angular ar- 261

rangement of languages, while the radial distance 262

of each point is explicitly fixed to its cosine dis- 263

tance to English, i.e., dj(l, en). 264

3.3 Observations 265

We select 14 non-English languages together with 266

English that are officially supported by Qwen3-8B 267

to analyze the multilingual thinking space of the 268

model. Figure 1 shows the resulting geometry at 269

several representative model layers. 270

Geometric Separation across Thinking Lan- 271

guages We first observe clear geometric sepa- 272

ration among thinking representations induced by 273

different thinking languages: representations cor- 274

responding to different languages tend to occupy 275

separable regions in the model’s thinking space. 276

This separation holds consistently across model 277

layers, including intermediate layers that are often 278

assumed to be relatively abstract and less language- 279

specific (Pires et al., 2019). These observations 280

indicate the presence of language-correlated geo- 281

metric structure in the model’s thinking space. 282
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Figure 1: Language geometry of thinking space on
Qwen3-8B, with different distance scales across lay-
ers for visualization purposes.

Varied Distances to English Thinking We fur-283

ther observe systematic variation in the geometric284

distance between non-English languages and En-285

glish. Some languages (e.g., zh, fr, es, de) con-286

sistently appear closer to English, whereas others287

(e.g., iw, bg, tl) are embedded farther away. Over-288

all, these results indicate that different languages289

of thought occupy distinct regions of the model’s290

thinking space, with varied distances to English.291

4 Repeated Sampling under Multilingual292

Thinking293

In this and following sections, we further inves-294

tigate whether the thinking-space shifts induced295

by different languages of thought translate into296

greater output diversity. In this section, we first297

introduce a controlled output setting and two re-298

peated sampling strategies. The resulting outputs299

are used for diversity evaluation in Section 5.300

4.1 Output Language Control301

Although the model’s intermediate thinking T is302

controlled to be conducted in a specific language303

and enclosed within <think>...\think> (Sec-304

tion 3.1), we further constrain the final output o305

to English to enable fair output diversity evalua-306

tion. This is achieved by inserting an additional307

English prefix immediately after </think>—Let308

me provide my answer in English only:—309

to guide the model to generate the final response310

in English. Only the English final outputs are col-311

lected for subsequent output diversity evaluation. 312

Appendix A.1 provides a sanity check indicating 313

that both the thinking and output segments largely 314

follow the intended language control. 315

4.2 Single-Language Sampling 316

Section 3.3 shows that different non-English lan- 317

guages occupy distinct thinking regions with vary- 318

ing distances from English. This motivates us to ex- 319

amine whether switching to a thinking region away 320

from English and performing repeated sampling 321

within that region leads to increased output diver- 322

sity. To this end, we introduce the first repeated 323

sampling strategy, Single-Language Sampling. 324

Given an English input, the model’s intermediate 325

thinking is constrained to a fixed thinking language 326

l, while the final output is generated in English. We 327

then sample the model M times under this fixed 328

thinking language, and aggregate the resulting En- 329

glish outputs into a set Ol for diversity evaluation. 330

4.3 Mixed-Language Sampling 331

We further examine whether sampling from distinct 332

thinking regions induced by different languages 333

can yield additional gains in output diversity. This 334

setting allows us to investigate the compositional 335

effects of multiple thinking languages on output 336

diversity. We thus introduce our second repeated 337

sampling strategy, Mixed-Language Sampling. 338

Specifically, given an English input, we sam- 339

ple the model M times, each time controlling the 340

model to perform intermediate thinking in a dif- 341

ferent language, while keeping the final output in 342

English. The resulting outputs are aggregated into 343

a set of outputs Omixed, on which the same diversity 344

evaluation is conducted. 345

5 How Does Language of Thought Shape 346

Output Diversity? 347

5.1 Experiment Settings 348

Datasets and Evaluation Metrics We evalu- 349

ate output diversity on two benchmarks, NOV- 350

ELTYBENCH (Zhang et al., 2025) and INFINITY- 351

CHAT (Jiang et al., 2025), each containing 100 352

open-ended questions without ground-truth an- 353

swers. Given an input question, we sample the 354

model M times to obtain a set of outputs O and 355

evaluate their diversity and quality. Following the 356

evaluation protocols of the original datasets, we 357

consider two output diversity metrics and one out- 358

put quality metric, as described below. 359
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en it ms zh ru de iw bg da no sv es tl oc fr avg (non-en)

Distinct Score ↑

Qwen3-8B 28.55 34.60 33.47 29.00 34.14 35.67 41.33 39.80 36.03 39.69 36.73 32.33 38.35 38.87 33.93 36.00
Qwen3-14B 26.20 30.67 29.23 28.80 31.40 28.93 36.87 32.13 30.13 34.55 32.33 29.73 32.68 33.26 29.53 31.45
Qwen3-32B 35.00 39.33 37.78 37.80 38.67 39.73 43.38 39.93 40.67 40.22 41.80 39.73 41.41 42.96 40.80 40.30
DeepSeek-14B 38.33 43.47 38.07 41.33 44.60 41.14 49.63 47.13 51.85 52.40 50.60 43.60 52.42 45.93 42.27 46.03

Similarity Score ↓

Qwen3-8B 87.28 85.43 86.53 86.73 85.57 85.14 83.66 84.89 84.79 83.93 85.14 85.76 83.20 80.79 84.57 84.72
Qwen3-14B 87.82 86.68 87.30 86.89 87.20 87.78 85.04 86.94 86.81 86.17 86.46 87.35 87.36 85.72 87.19 86.78
Qwen3-32B 82.10 80.59 81.76 81.61 80.67 78.00 79.64 81.45 79.78 79.54 79.06 79.84 79.71 77.65 80.62 79.99
DeepSeek-14B 81.15 79.98 83.28 82.11 80.17 81.08 76.16 81.34 77.56 77.61 79.27 81.12 76.70 79.81 81.88 79.86

Output Quality ↑

Qwen3-8B 96.82 95.86 95.72 95.53 96.11 96.69 95.53 96.04 95.09 95.00 96.82 95.72 95.70 95.59 95.40 95.80
Qwen3-14B 96.93 94.94 95.48 95.03 94.70 96.03 96.50 96.00 96.10 96.78 96.16 95.79 95.49 95.87 95.75 95.80
Qwen3-32B 97.36 96.08 95.85 96.22 95.36 94.47 95.57 97.07 95.52 96.87 95.96 94.97 96.04 96.19 94.26 95.70
DeepSeek-14B 95.84 94.75 93.94 94.71 93.69 93.27 89.17 94.52 92.95 92.60 93.66 94.93 90.73 95.45 95.80 93.60

Table 1: Distinct Score (%), Similarity Score (%), and Output Quality across models and thinking languages under
Single-Language Sampling on NOVELTYBENCH. For each row, the best and worst language results are highlighted.

Metric 1: Distinct Score. We compute Distinct360

Score to measure the functional distinctiveness of361

O following Zhang et al. (2025). Specifically, the362

deberta-v3-large-generation-similarity363

model is used to sequentially judge whether364

two outputs are functionally equivalent. Each365

output oi is compared with all previous outputs366

{o1, . . . , oi−1}. If oi is judged equivalent to any367

oj (j < i), it is assigned to the same equivalence368

class; otherwise, it forms a new class. The M369

outputs are thus clustered into C equivalence370

classes, and the Distinct Score is defined as C/M .371

Metric 2: Similarity Score. We also compute372

the Similarity Score following Jiang et al. (2025),373

which captures semantic similarity among outputs374

in O. Sentence-level embeddings are first obtained375

for all generated outputs, and cosine similarity is376

computed for all output pairs. The final score is377

obtained by averaging cosine similarities across all378

pairs. We use Qwen3-Embedding-8B for embed-379

ding extraction.380

Metric 3: Output Quality. To assess whether381

improvements in output diversity come at the cost382

of output quality, we evaluate the quality of re-383

sponses in O using gpt-4o-mini, with scores rang-384

ing from 0 to 100. The evaluation considers two385

dimensions: instruction adherence and overall re-386

sponse quality. Details of the evaluation prompting387

are provided in Appendix A.2.388

Languages and LLMs We conduct experiments389

on the thinking mode of the Qwen3 family (Yang390

et al., 2025) with model sizes 8B, 14B, and391

32B, as well as DeepSeek-R1-Distill-Qwen-14B392

(DeepSeek-14B) (DeepSeek-AI et al., 2025). We393

select 15 thinking languages for evaluation: en,394

it, ms, zh, ru, de, iw, bg, da, no, sv, es, tl, oc,395

and fr, from the supported languages of the tested 396

models. 397

Sampling Parameters Unless otherwise speci- 398

fied, the decoding temperature is set to 0.6. For fair 399

comparison across sampling strategies, the number 400

of samples M is set equal to the number of thinking 401

languages, i.e., M = 15. 402

5.2 Results on Single-Language Sampling 403

Main Diversity Results Table 1 summarizes the 404

output diversity results on NOVELTYBENCH. On 405

average, switching the thinking language from En- 406

glish to non-English languages yields an improve- 407

ment of 5.3 to 7.7 points in Distinct Score and a 408

reduction of 1.04 to 2.56 points in Similarity Score. 409

These results suggest that sampling from thinking 410

regions outside the English-dominant space pro- 411

vides a systematic advantage in output diversity. 412

We also observe substantial variation in output 413

diversity across thinking languages. Besides en, 414

some languages such as ms and zh consistently ex- 415

hibit lower diversity, whereas others, including iw, 416

no, and oc, achieve substantially higher diversity 417

across models and metrics. In some cases, individ- 418

ual languages lead to particularly large gains. For 419

example, thinking in iw on Qwen3-8B improves 420

the Distinct Score by 12.78 points compared to en. 421

Taken together with the geometric findings from 422

Section 3.3, these results highlight the strong po- 423

tential of specific thinking languages— especially 424

those farther from English in the thinking space— 425

for enhancing output diversity. 426

Correlation with Thinking Distance to English 427

We further examine the relationship between the 428

geometric properties of the thinking space and out- 429

put diversity. For each language l, we compute its 430
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Figure 2: Correlation between the Distinct Score and
the thinking distance to English across languages. Pear-
son’s r and Spearman’s ρ are reported for each model.
Distinct Scores are obtained under Single-Language
Sampling on NOVELTYBENCH. Thinking distances are
normalized to the range [0, 1] for visualization.

thinking distance to English, d(l, en), by averaging431

the layer-wise distances dj(l, en) across all model432

layers (Section 3.2), where English has distance433

zero. We then analyze the correlation between this434

thinking distance and the output diversity achieved435

under Single-Language Sampling across languages.436

Figure 2 reports the Pearson and Spearman corre-437

lations on NOVELTYBENCH, with output diversity438

measured by the Distinct Score.439

We observe a strong positive correlation across440

different models, with Pearson’s r ranging from441

0.72 to 0.88 and Spearman’s ρ ranging from 0.58442

to 0.89. These results corroborate our earlier ob-443

servations, indicating that the distance to English444

in the thinking space is informative of the output445

diversity achievable under Single-Language Sam-446

pling. More specifically, languages that are geo-447

metrically farther from English tend to correspond448

to more distinct thinking regions, and repeated sam-449

pling within such regions is associated with higher450

output diversity.451

Output Diversity vs. Quality Table 1 also re-452

ports the output quality results. We observe a453

mild trade-off between output diversity and qual-454

ity. While English generally achieves higher output455

quality, there is no clear pattern in which languages456

with the highest output diversity consistently suffer457

the lowest output quality. In some cases, specific458

languages such as sv and oc achieve strong per-459

formance on both dimensions. Overall, thinking460

in non-English languages results in only a modest461

decrease of 1.02 to 2.24 points in output quality.462

Model S-en S-non-en avg S-best Mixed

NOVELTYBENCH

Qwen3-8B 28.55 36.00 41.33 43.73
Qwen3-14B 26.20 31.45 36.87 38.00
Qwen3-32B 35.00 40.30 43.38 46.53
DeepSeek-14B 38.33 46.03 52.42 52.07

INFINITY-EVAL

Qwen3-8B 20.67 22.54 24.51 28.13
Qwen3-14B 20.40 22.60 27.07 26.73
Qwen3-32B 27.00 27.52 28.66 31.47
DeepSeek-14B 25.27 31.84 39.61 35.33

Table 2: Distinct score (%) comparison of Mixed-
Language Sampling and Single-Language Sampling on
NOVELTYBENCH and INFINITY-CHAT. Bold indicates
the best-performing sampling setting for each model
and benchmark.

Appendix A.3 provides results on INFINITY- 463

CHAT, which also exhibits similar patterns. 464

5.3 Results on Mixed-Language Sampling 465

Comparison with Single-Language Sampling 466

Table 2 compares Mixed-Language Sampling with 467

three Single-Language Sampling settings: English 468

sampling (S-en), the average performance over 469

non-English sampling (S-non-en avg), and the 470

best-performing single-language sampling (S-best). 471

Across both benchmarks, Mixed-Language Sam- 472

pling consistently improves output diversity over 473

S-en and S-non-en avg. 474

Moreover, Mixed-Language Sampling often 475

matches or even exceeds the performance of the 476

S-best setting. These results indicate that Mixed- 477

Language Sampling provides a robust strategy for 478

improving output diversity without requiring prior 479

knowledge of which single language performs best. 480

This advantage arises from the structural differ- 481

ences among languages in the thinking space (Sec- 482

tion 3.3): sampling from multiple distinct think- 483

ing regions and aggregating the resulting outputs 484

exploits the compositional effects of different lan- 485

guages. 486

Results based on the Similarity Score are re- 487

ported in Appendix A.4 and show the same trend. 488

Compositional Effects of Different Languages 489

To further explore the compositional effects of 490

different languages in Mixed-Language Sampling, 491

we conduct an ablation study on Qwen3-8B by 492

progressively removing k languages from Mixed- 493

Language Sampling (k = 1, . . . , 5). For each value 494

of k, we enumerate all possible combinations of 495
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Figure 3: Relative deviation in Distinct Score under the
removal of k languages in Mixed-Language Sampling.

language removal and measure the relative devia-496

tion of the Distinct Score from the original result,497

to quantify the effect of language removal.498

Figure 3 shows the relative deviation in Distinct499

Score. We first observe that removing a single500

language leads to only a small change (2.7% on av-501

erage), indicating that Mixed-Language Sampling502

does not rely on any individual language to achieve503

its diversity gains. However, as k increases, the504

diversity degradation grows rapidly and in a super-505

linear manner. This suggests that the contributions506

of different languages are not merely additive; in-507

stead, languages provide complementary diversity508

benefits through their joint participation. Together,509

these results demonstrate that output diversity un-510

der Mixed-Language Sampling emerges from the511

compositional interaction of multiple languages,512

rather than from any single dominant language.513

5.4 Other Analysis514

Two parameters are important in repeated sampling:515

the sampling number M and the temperature. By516

default, we set M = 15 and the temperature to517

0.6. In this section, we vary these parameters using518

Qwen3-8B to examine their effects on two sam-519

pling strategies. For Single-Language Sampling,520

we select four representative languages for analy-521

sis: en and zh (lower-performing), and bg and iw522

(higher-performing).523

5.4.1 Scaling Sampling Number524

We first vary the sampling number M from 1 to525

200 while keeping the temperature fixed at 0.6. For526

Mixed-Language Sampling, we utilize the full lan-527

guage pool supported by Qwen3 (approximately528

100 languages) and randomly select one language529

as the thinking language for each sampling. Rather530

than Distinct Score C/M , Figure 4(a) directly re-531

ports the number of distinct samples C.532
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Figure 4: Effects of sampling parameters on output
diversity. (a) Distinct sample count as a function of the
sampling number M at a fixed temperature (0.6). (b)
Distinct Score (%) under different temperatures with a
fixed sampling number (M = 15).

Across all settings, we observe that the growth 533

of C slows down as M increases, suggesting the 534

existence of an upper bound on achievable output 535

diversity. However, Mixed-Language Sampling ex- 536

hibits a much slower saturation rate compared to 537

Single-Language Sampling. As M increases, its 538

advantage over all Single-Language Sampling set- 539

tings continues to widen. 540

This behavior indicates that Mixed-Language 541

Sampling effectively expands the model’s diver- 542

sity ceiling. Such an expansion arises from the 543

increased coverage of distinct thinking regions en- 544

abled by linguistic heterogeneity. Although we 545

explore over 100 languages, further unlocking the 546

benefits of linguistic diversity remains an interest- 547

ing direction for future work. 548

5.4.2 Varying Temperatures 549

We next fix the sampling number M at 15 and vary 550

the temperature over {0.2, 0.6, 1.0, 1.4, 1.8, 2.0}. 551

The results are shown in Figure 4(b). 552

We observe a compositional effect between the 553

language of thought and temperature scaling: while 554

switching the language of thought from English to 555

other languages already improves output diversity, 556

increasing the temperature further yields additional 557

gains. Moreover, the advantages of non-English 558

and mixed-language sampling become especially 559

evident. For instance, Mixed-Language Sampling 560

at temperature 1.0 achieves a level of diversity com- 561

parable to English sampling at temperature 2.0. 562

6 Application: Pluralistic Alignment 563

In this section, we further investigate the practical 564

utility of Mixed-Language Sampling, given its dis- 565

tinct advantages. Specifically, we focus on plural- 566

istic alignment scenarios, where model responses 567

are expected to reflect cultural pluralism. 568
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Model Method Blend WVS

Qwen3-8B

ES 67.9 40.0
HT 68.0 (+0.1) 39.0 (-1.0)
RD 73.3 (+5.4) 52.7 (+12.7)
MP 76.1 (+9.2) 52.0 (+12.0)

MLS 76.7 (+8.8) 59.0 (+19.0)

Qwen3-14B

ES 66.7 31.6
HT 67.1 (+0.4) 32.7 (+1.1)
RD 68.4 (+1.7) 38.0 (+6.4)
MP 72.7 (+6.0) 45.1 (+13.5)

MLS 74.0 (+7.3) 48.4 (+16.8)

Qwen3-32B

ES 67.5 40.1
HT 69.2 (+1.7) 43.6 (+3.5)
RD 72.8 (+5.3) 53.4 (+13.3)
MP 73.4 (+5.9) 46.1 (+6.0)

MLS 74.6 (+7.1) 50.4 (+10.3)

DeepSeek-8B

ES 78.6 52.3
HT 80.7 (+2.1) 60.1 (+7.8)
RD 78.6 (+0.0) 54.7 (+2.4)
MP 80.6 (+2.0) 67.2 (+14.9)

MLS 83.0 (+4.4) 73.3 (+21.0)

Table 3: Cultural pluralism performance (entropy nor-
malized to 0–100). Methods: ES (English Sampling),
HT (High Temperature), RD (Request Diversity), MP
(Multilingual Prompting), MLS (Mixed-Language Sam-
pling). Parentheses show absolute gains/losses relative
to ES within each model and benchmark. Bold indicates
the best-performing setting per model and benchmark.

6.1 Settings569

Data We consider two types of cultural plural-570

ism: cultural knowledge and cultural values, eval-571

uated using the BLEND (Myung et al., 2024) and572

WVS (Haerpfer et al., 2022) datasets, respectively.573

Both datasets consist of multiple-choice questions.574

Evaluation Following Wang et al. (2025a), for575

each cultural question, we perform repeated sam-576

pling to obtain M responses and measure cultural577

pluralism based on the resulting output distribution.578

For BLEND, where each option is associated with579

one or more countries, we map the sampled outputs580

to countries and compute the entropy over the coun-581

try distribution. For WVS, we directly compute the582

entropy over the output distribution, which charac-583

terizes the diversity of value orientations reflected584

in the model responses.585

LLMs Experiments are conducted on Qwen3-586

8B, Qwen3-14B, Qwen3-32B, and DeepSeek-R1-587

Distill-Llama-8B (DeepSeek-8B), with tempera-588

ture set to 0.6 by default.589

Sampling Strategies We compare the following590

sampling strategies: (1) English Sampling, where591

the language of thought is English; (2) High Tem- 592

perature, where the temperature is increased to 1.0 593

while keeping English as the thinking language; (3) 594

Request Diversity, where the model is explicitly 595

instructed to generate novel responses; (4) Mul- 596

tilingual Prompting (Wang et al., 2025a), where 597

each cultural question is translated into the same 598

15 languages used in previous experiments; and (5) 599

Mixed-Language Sampling, where the language of 600

thought varies across the same 15 languages used 601

in previous experiments. 602

The sampling number M is set to 15 for all 603

strategies. For Multilingual Prompting and Mixed- 604

Language Sampling, each language is sampled 605

once. 606

Additional details on the datasets, evaluation pro- 607

tocols, and baselines are provided in Appendix A.5. 608

6.2 Results 609

The results in Table 3 clearly demonstrate the 610

practical advantage of Mixed-Language Sampling 611

for pluralistic alignment. Across benchmarks 612

and models, Mixed-Language Sampling consis- 613

tently achieves the highest cultural pluralism per- 614

formance, enabling LLMs to reflect more diverse 615

cultural knowledge and value orientations. 616

In contrast, simply increasing the temperature, 617

explicitly requesting diversity, or using multilin- 618

gual inputs does not yield improvements compa- 619

rable to Mixed-Language Sampling. These results 620

highlight the practical value of diversifying the 621

language of thought as a means of more fully ex- 622

ploiting the model’s thinking space for pluralistic 623

alignment. 624

7 Conclusion 625

In this paper, we establish that controlling the lan- 626

guage of thought provides a structural source of 627

output diversity in LLMs. We find that switching 628

the thinking language from English to non-English 629

languages consistently increases output diversity, 630

with stronger gains observed for languages farther 631

from English in the thinking space. We further 632

demonstrate that aggregating samples across multi- 633

ple thinking languages yields additional diversity 634

improvements through their compositional effects, 635

and that scaling the sampling number with linguis- 636

tic heterogeneity effectively expands the model’s di- 637

versity ceiling. Finally, we show that these findings 638

translate into broader coverage of cultural knowl- 639

edge and values of LLMs in pluralistic alignment. 640

8



8 Limitations641

This work has two main limitations.642

First, while we observe a positive correlation be-643

tween the geometric distance of non-English think-644

ing languages from English and the output diversity645

achieved under repeated sampling, there are still646

several open questions that are not addressed in647

this work. For example, many cross-lingual align-648

ment methods explicitly aim to align non-English649

representations toward English. An important ques-650

tion is whether such alignment procedures may651

inadvertently reduce the output diversity associ-652

ated with aligned non-English languages, and if so,653

what mechanisms or strategies could mitigate this654

effect. Addressing these questions would require655

controlled interventions or additional training on656

the model, which we leave for future work.657

Second, although we demonstrate the practical658

utility of our findings in pluralistic alignment set-659

tings, our evaluation relies on output entropy as660

a proxy for cultural pluralism. This experimental661

setup remains an abstraction of real-world deploy-662

ment scenarios. In practice, pluralistic alignment663

often requires models to align with multiple spe-664

cific and context-dependent cultural values under665

explicit constraints. The sampling strategies stud-666

ied in this work would likely need to be further667

adapted—e.g., by incorporating culturally contex-668

tualized language-of-thought routing—to be effec-669

tive in such settings, which we leave for future670

investigation.671
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Language Prefix inserted after <think> token

English (en) Okay, the user is asking

Italian (it) Va bene, l’utente sta chiedendo

Malay (ms) Baiklah, pengguna sedang bertanya

Chinese (zh) 好的，用户在问

Russian (ru) Хорошо, пользователь спрашивает

German (de) Okay, der Benutzer fragt

Hebrew (iw) לאוש שמתשמה ,רדסב

Bulgarian (bg) Добре, потребителят пита

Danish (da) Okay, brugeren spørger

Norwegian (no) Greit, brukeren spør

Swedish (sv) Okej, användaren frågar

Spanish (es) De acuerdo, el usuario pregunta

Tagalog (tl) Sige, nagtatanong ang gumagamit

Occitan (oc) Bon, l’utilizaire demanda

French (fr) D’accord, l’utilisateur demande

Figure 5: Prefix translations used for Thinking Lan-
guage Control.
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A Appendix999

A.1 Language Control Details1000

Figure 5 presents the translated prefixes used for1001

Thinking Language Control across 15 languages.1002

By inserting the corresponding prefix immediately1003

after the <think> token, the model is guided to1004

Model Lang Think-Target (%) Output-EN (%)

Qwen3-8B
en 100.00 98.29
non-en 99.88 ± 0.25 98.28 ± 1.31

Qwen3-14B
en 100.00 98.37
non-en 99.57 ± 1.45 99.50 ± 0.35

Qwen3-32B
en 100.00 100.00
non-en 99.54 ± 1.47 98.61 ± 0.69

DeepSeek-14B
en 100.00 96.10
non-en 98.70 ± 2.57 95.32 ± 1.51

Table 4: Sanity-check verification of thinking and output
language control. Results for English thinking are re-
ported individually, while results for non-English think-
ing are averaged over multiple languages and reported
as mean ± standard deviation.

conduct its intermediate thinking in the target lan- 1005

guage. 1006

Combined with Output Language Control, the 1007

model is guided to thinking in a specified language 1008

while producing English responses. As a sanity 1009

check, we apply an off-the-shelf language iden- 1010

tification tool1 to the thinking content within the 1011

<think> . . . </think> span, as well as to the final 1012

output following </think>. 1013

Table 4 summarizes the averaged results on NOV- 1014

ELTYBENCH and INFINITY-CHAT. Across models, 1015

the thinking segments are predominantly detected 1016

as the target thinking language, and the output seg- 1017

ments are predominantly detected as English. Al- 1018

though language identification may introduce some 1019

noise, these results indicate that the intended lan- 1020

guage control signals are largely reflected in the 1021

generated text. 1022

A.2 Output Quality Evaluation Details 1023

Table 5 shows the complete prompt used for output 1024

quality evaluation. The total quality score is com- 1025

puted as the sum of the two evaluation dimensions. 1026

For each task instance, all sampled responses are 1027

evaluated independently, and we report the average 1028

quality score across samples. 1029

A.3 Additional Results on Single-Language 1030

Sampling 1031

Table 6 reports the results of Single-Language Sam- 1032

pling on INFINITY-CHAT. Overall, we observe 1033

several consistent trends that align with the main 1034

findings. First, switching the language of thought 1035

from English to non-English languages generally 1036

leads to higher output diversity across models, as 1037

1https://github.com/pemistahl/lingua-py
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Output Quality Evaluation Prompt

You are an evaluator assessing the quality of a single re-
sponse to a task instruction.
You will be given:
(1) A task instruction
(2) A response

Evaluate the response along the following two dimensions:

1. Instruction Adherence (0–50)
To what extent does the response follow the task instruc-
tion?
Note that if the response explicitly refuses to perform the
task, this should NOT be penalized.
You only need to judge the degree to which the response is
relevant to the task instruction.
2. Response Quality (0–50)
Assess the overall quality of the response in terms of clarity,
fluency, and grammatical correctness.
Scoring:
- Each dimension should be scored from 0 to 50 (integer
only).
- Total Score = sum of the two dimensions (0–100).

Output format (strict JSON only):
{

"Instruction Adherence": <score>,
"Response Quality": <score>,
"Total Score": <score>

}

Table 5: Prompt template used for output quality evalu-
ation with gpt-4o-mini.

reflected by higher Distinct Score and lower Sim-1038

ilarity Score. Second, there exists notable vari-1039

ation across thinking languages: languages such1040

as en, ru, and fr tend to exhibit lower diversity,1041

whereas others, including iw, tl, and oc, consis-1042

tently achieve higher diversity. Finally, we do not1043

observe a clear or systematic trade-off between out-1044

put diversity and quality across languages. Several1045

non-English languages achieve improved diversity1046

while maintaining comparable output quality.1047

Figure 6 further reports the correlation between1048

output diversity and the thinking distance to En-1049

glish across languages on INFINITY-CHAT. Con-1050

sistent with our main results, we observe a strong1051

positive correlation for most models. This result1052

further corroborates that repeated sampling within1053

thinking regions farther from English is associated1054

with higher output diversity.1055

A.4 Additional Results on Mixed-Language1056

Sampling1057

Table 7 compares Mixed-Language Sampling with1058

three Single-Language Sampling settings using the1059

Similarity Score. Consistent with the main re-1060

sults, Mixed-Language Sampling consistently out-1061

performs S-en and S-non-en avg, and in several1062
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Figure 6: Correlation between the Distinct Score and
the thinking distance to English across languages. Pear-
son’s r and Spearman’s ρ are reported for each model.
Distinct Scores are obtained under Single-Language
Sampling on INFINITY-CHAT. Thinking distances are
normalized to the range [0, 1] for visualization.

cases matches or exceeds the S-best setting. This 1063

shows that its advantage lies in improving diversity 1064

without requiring the selection of a single best- 1065

performing language. 1066

A.5 Culture Evaluation Details 1067

Datasets For BLEND, we extract the set of 1068

unique questions from the original large-scale 1069

dataset and merge all answer options into each 1070

question, resulting in a multiple-choice dataset with 1071

402 questions. For WVS, the original dataset con- 1072

tains 290 questions. We remove 8 questions with- 1073

out predefined options, yielding a final set of 282 1074

multiple-choice questions. 1075

Evaluation Protocols In BLEND, each answer 1076

option is associated with one or more countries. 1077

For each sampled response, we extract the selected 1078

option and increment the count of its associated 1079

country (or countries). Let p(c) denote the em- 1080

pirical distribution over countries aggregated from 1081

M samples. Cultural pluralism is measured as the 1082

normalized entropy: 1083

HBlend =
−
∑

c p(c) log p(c)

log |C|
1084

where C denotes the set of all countries appearing 1085

in the answer options for the question. The reported 1086

results are averaged over all questions. 1087

In WVS, each sampled response corresponds 1088

to a discrete value option. Let p(o) denote the 1089
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en it ms zh ru de iw bg da no sv es tl oc fr avg (non-en)

Distinct Score ↑

Qwen3-8B 20.67 21.89 22.15 20.13 20.47 22.87 23.98 23.64 23.10 24.51 22.65 20.73 23.71 24.47 21.27 22.54
Qwen3-14B 20.40 22.40 20.88 21.93 21.53 22.40 27.07 21.47 23.67 24.47 22.80 21.00 23.85 23.23 19.73 22.60
Qwen3-32B 27.00 27.60 27.67 27.20 25.73 26.27 27.05 26.07 28.60 27.78 28.47 28.47 28.66 28.66 27.00 27.52
DeepSeek-14B 25.27 30.53 29.00 28.80 29.33 30.33 35.76 30.88 34.40 34.00 35.20 27.93 39.61 31.99 28.00 31.84

Similarity Score ↓

Qwen3-8B 89.05 88.69 88.80 88.80 89.30 87.83 87.36 88.09 88.12 87.47 88.30 88.75 88.26 86.78 88.64 88.23
Qwen3-14B 89.53 88.89 89.13 88.50 89.36 89.12 87.77 88.83 88.53 88.18 88.60 89.36 88.81 88.37 89.58 88.79
Qwen3-32B 85.24 81.97 84.98 82.89 84.27 76.49 86.22 85.52 82.54 84.10 79.24 80.83 85.72 83.77 82.31 82.92
DeepSeek-14B 85.97 83.16 85.52 85.74 84.09 83.06 79.11 83.31 80.85 80.15 82.64 85.46 79.30 83.11 85.19 82.91

Output Quality ↑

Qwen3-8B 96.82 95.86 95.72 95.53 96.11 96.69 95.53 96.04 95.09 95.00 96.82 95.72 95.70 95.59 95.40 95.77
Qwen3-14B 96.93 94.94 95.48 95.03 94.70 96.03 96.50 96.00 96.10 96.78 96.16 95.79 95.49 95.87 95.75 95.76
Qwen3-32B 97.36 96.08 95.85 96.22 95.36 94.47 95.57 97.07 95.52 96.87 95.96 94.97 96.04 96.19 94.26 95.74
DeepSeek-14B 88.46 89.45 88.99 89.44 90.71 86.79 86.51 80.12 87.24 82.13 85.06 87.52 87.13 83.99 90.07 86.80

Table 6: Distinct Score (%), Similarity Score (%), and Output Quality across models and thinking languages under
Single-Language Sampling on INFINITY-CHAT. For each row, the best and worst language results are highlighted.

Model S-en S-non-en avg S-best Mixed

NOVELTYBENCH

Qwen3-8B 87.28 84.72 80.79 82.84
Qwen3-14B 87.82 86.78 85.04 85.29
Qwen3-32B 82.10 79.99 77.65 79.44
DeepSeek-14B 81.15 79.86 76.16 77.64

INFINITY-CHAT

Qwen3-8B 89.05 88.23 86.78 86.47
Qwen3-14B 89.53 88.79 87.77 87.87
Qwen3-32B 85.24 82.92 76.49 80.29
DeepSeek-14B 85.97 82.91 79.11 82.15

Table 7: Similarity score (%) comparison of Mixed-
Language Sampling and Single-Language Sampling on
NOVELTYBENCH and INFINITY-CHAT. Bold indicates
the best-performing sampling setting for each model
and benchmark.

empirical distribution over predicted options across1090

M samples. Cultural pluralism is defined as the1091

normalized entropy:1092

HWVS =
−
∑

o p(o) log p(o)

log |O|
1093

where O denotes the set of possible value options1094

for the question. The reported results are averaged1095

over all questions.1096

Baselines The Request Diversity baseline ap-1097

pends the following sentence to the original in-1098

struction: “Please try to provide a novel answer.”1099

For Multilingual Prompting, we use Google1100

Translate to translate each original question from1101

English into the same set of 14 non-English lan-1102

guages used in the main experiments.1103
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