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Abstract001

Large reasoning models (LRMs) achieve strong002
performance on mathematical reasoning tasks,003
often attributed to their capability to generate004
explicit chain-of-thought (CoT) explanations.005
However, recent work shows that LRMs of-006
ten arrive at the correct answer before com-007
pleting these textual reasoning steps, indicat-008
ing the presence of latent reasoning – inter-009
nal, non-verbal computation encoded in hid-010
den states. While this phenomenon has been011
explored in English, its multilingual behavior012
remains largely unknown. In this paper, we con-013
duct a systematic investigation of multilingual014
latent reasoning in LRMs across 11 languages.015
Using a truncation-based strategy, we examine016
how the correct answer emerges as the model017
is given only partial reasoning traces, allowing018
us to measure stepwise latent prediction for-019
mation. Our results reveal clear evidence of020
multilingual latent reasoning, though unevenly:021
strong in resource-rich languages, weaker in022
low-resource ones, and broadly less observable023
on harder benchmarks. To understand whether024
these differences reflect distinct internal mech-025
anisms, we further perform representational026
analyses. Despite surface-level disparities, we027
find that the internal evolution of predictions is028
highly consistent across languages and broadly029
aligns with English – a pattern suggesting an030
English-centered latent reasoning pathway.031

1 Introduction032

Recent large reasoning models (LRMs) (OpenAI033

et al., 2024; Yang et al., 2025; DeepSeek-AI et al.,034

2025) have rapidly advanced the state of the art035

on many challenging tasks, such as coding, mathe-036

matical reasoning, and logical reasoning (Li et al.,037

2025). This is largely thought to be due to their ca-038

pacity to generate explicit CoT explanations (Wei039

et al., 2022) that scaffold multi-step problem solv-040

ing, especially through test-time scaling, where041

enough computation budget is given to allow the042

model to generate longer reasoning traces (Snell 043

et al., 2024; Muennighoff et al., 2025). 044

Despite this reliance on explicit CoT explana- 045

tions, emerging evidence shows that models often 046

engage in latent reasoning – computing interme- 047

diate or final answers within hidden states. Such 048

latent behavior has been observed in multi-hop fac- 049

tual knowledge recall (Yang et al., 2024; Biran 050

et al., 2024) and, in the context of CoT, in models 051

that internally form solutions well before they artic- 052

ulate the answer in their reasoning (Lanham et al., 053

2023; Pfau et al., 2024; Mao et al., 2025). This 054

phenomenon aligns with recent findings that LLMs 055

can “think ahead” by predicting future tokens di- 056

rectly from intermediate hidden states (Pal et al., 057

2023; Wu et al., 2024; Cai et al., 2024). Together, 058

these observations indicate that explicit CoT gen- 059

eration is not the sole mechanism through which 060

LRMs solve problems and that reasoning may be 061

occurring within the model’s latent space. 062

However, existing studies of latent reasoning fo- 063

cus almost exclusively on English, leaving open 064

how these latent reasoning processes behave across 065

languages. At the explicit reasoning level, mul- 066

tilingual performance is already known to be un- 067

even: models trained on English-centric corpora 068

often struggle with underrepresented languages 069

due to limited multilingual reasoning training data 070

(Wang et al., 2025a; Huang et al., 2025), weaker 071

language understanding ability (Yoon et al., 2024; 072

Kang et al., 2025), and lower-quality reasoning 073

trace generation (Yong et al., 2025; Zhao et al., 074

2025). These findings raise a natural question: if 075

explicit reasoning varies across languages, does la- 076

tent reasoning exhibit similar disparities, or does it 077

follow a language-independent mechanism? This 078

motivates our two research questions: (RQ1) Do 079

LRMs exhibit latent reasoning across languages, 080

and how does the strength vary? and (RQ2) Do 081

languages follow different internal latent reasoning 082

pathways, or do they share a common mechanism? 083
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To answer these questions, we conduct a sys-084

tematic investigation of multilingual latent reason-085

ing in LRMs using two mathematical reasoning086

benchmarks of different difficulty across 11 lan-087

guages. To address RQ1, we quantify how strongly088

LRMs rely on explicit reasoning traces by eliciting089

and evaluating their stepwise early predictions in090

truncated traces, and we propose novel aggregate091

metrics capturing different dimensions of latent092

reasoning (cf. §4). To address RQ2, we analyze093

the internal evolution of answer formation using094

the logit lens approach (Nostalgebraist, 2020), ex-095

amining when the correct answer becomes prob-096

able across layers in each language, and we com-097

pare hidden-state similarity trajectories across lan-098

guages (cf. §5). We further disentangle latent rea-099

soning from potential memorization effects (cf. §6).100

Our key findings are as follows: (i) Latent rea-101

soning exists across languages. However, resource-102

rich languages show strong early-emergent correct-103

ness, while low-resource ones display weaker latent104

reasoning signals. (ii) Latent reasoning is less pro-105

nounced under increased task difficulty. On harder106

benchmarks, early answer formation largely disap-107

pears across all languages and model sizes. (iii) In-108

ternal latent reasoning dynamics are shared across109

languages. Such dynamics converge to an English-110

centered pathway, especially for high-resource lan-111

guages and correctly solved instances. (iv) While112

models show partial memorization, latent reason-113

ing remains evident for high-resource languages.114

2 Related Work115

Multilingual Reasoning Multilingual reasoning116

remains challenging due to the strong language117

bias of most models (Ghosh et al., 2025). Since118

models often rely on English as a pivot, translate-119

then-solve strategies are frequently effective for120

under-resourced languages (Qin et al., 2023; Huang121

et al., 2023; Zhu et al., 2024). Recent work shows122

that post-training on multilingual reasoning data123

can substantially improve crosslingual performance124

(Chen et al., 2024; Huang et al., 2025). At infer-125

ence time, model behavior is highly sensitive to the126

language used in the reasoning process (Wang et al.,127

2025c; Qi et al., 2025; Yong et al., 2025). These128

performance gaps have been attributed to dispari-129

ties in the quality of language-specific reasoning130

traces (Zhao et al., 2025) and to failures in basic131

understanding for low-resource inputs (Kang et al.,132

2025; Bafna et al., 2025). However, existing studies133

focus almost exclusively on explicit multilingual 134

reasoning behavior. Our work aims to investigate 135

latent reasoning across languages systematically. 136

Implicit Latent Reasoning Unlike explicit rea- 137

soning, where models produce step-by-step textual 138

explanations, implicit or latent reasoning refers to 139

the internal computation that occurs in the model’s 140

hidden representations (Cheng and Durme, 2024; 141

Li et al., 2025; Chen et al., 2025a). Prior work 142

shows that LLMs may pursue multiple latent rea- 143

soning paths in parallel, gradually increasing confi- 144

dence in a particular solution as explicit reasoning 145

unfolds (Prystawski et al., 2023; Dutta et al., 2024; 146

Qian et al., 2025). Yet even when the model has in- 147

ternally formed the correct answer, it may continue 148

generating unnecessary reasoning steps, referred 149

to as “overthinking” (Chen et al., 2025b; Sui et al., 150

2025). Motivated by these observations, there have 151

been new approaches aiming to train models to rea- 152

son directly in latent space without producing full 153

textual traces (Deng et al., 2024; Hao et al., 2025; 154

Lin et al., 2025; Saunshi et al., 2025; Xu et al., 155

2025a). However, this line of work focuses almost 156

exclusively on English, leaving open whether latent 157

reasoning behaviors emerge across languages. Our 158

work addresses this gap by systematically evaluat- 159

ing and comparing latent reasoning dynamics in a 160

multilingual setting. 161

3 Experimental Setup 162

3.1 Models 163

We use three distilled variants of 164

DeepSeek-R1 (DeepSeek-AI et al., 2025), 165

DeepSeek-R1-Distill-Qwen-{7B, 14B, 32B}, 166

whose backbone models are based on the Qwen2.5 167

family (Qwen Team et al., 2025). These models 168

are selected because they exhibit strong reasoning 169

performance while providing multiple sizes, 170

enabling us to analyze how multilingual latent 171

reasoning varies with model capacity. 172

3.2 Datasets and Languages 173

MGSM Multilingual Grade School Math dataset 174

(Shi et al., 2023) contains 250 grade-school math 175

problems sourced from GSM8K (Cobbe et al., 176

2021), originally written in English and manually 177

translated into 10 additional languages: French 178

(FR), German (DE), Chinese (ZH), Japanese (JA), 179

Russian (RU), Spanish (ES), Swahili (SW), Ben- 180

gali (BN), Telugu (TE), and Thai (TH). Since the 181

underlying mathematical problems are identical 182
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across languages, it is well-suited for studying mul-183

tilingual (latent) reasoning dynamics.184

Multilingual AIME The Multilingual Ameri-185

can Invitational Mathematics Examination (AIME)186

datasets are translated versions of AIME2024 and187

AIME2025 introduced by Qi et al. (2025), cov-188

ering the same 11 languages as MGSM. These189

datasets contain substantially more challenging,190

competition-level math problems, enabling us to ex-191

amine how increased problem difficulty influences192

multilingual latent reasoning dynamics.193

We categorize the languages considered in194

this study into high-resource (EN, ES, DE, FR,195

RU, ZH), mid-resource (BN, JA, TH), and low-196

resource (SW, TE) groups. This categorization197

is based on the relative availability of large-scale198

training resources and the degree of language cov-199

erage in contemporary multilingual LLMs (Joshi200

et al., 2020; Blasi et al., 2022; Xu et al., 2025b)201

3.3 Language Control202

LLMs may generate explicit reasoning traces in a203

language different from that of the prompt (Wang204

et al., 2025c; Qi et al., 2025), which is undesirable205

for crosslingual analysis of latent reasoning. To en-206

sure that explicit reasoning is produced in the same207

language as the input, we employ a prompt-hacking208

strategy (Qi et al., 2025; Zhao et al., 2025) that in-209

serts a language-specific prefix immediately after210

the <think> token, reliably steering the reasoning211

trace to the target language (see §E.1 for details).212

4 Latent Reasoning Identification213

To address RQ1: Do LRMs exhibit latent reasoning214

across languages, and how does the strength vary?,215

we analyze the model’s early predictions under216

reasoning-trace truncation. This protocol connects217

the explicit reasoning process with the model’s in-218

ternal answer construction: if the model already219

“knows” the answer early in the trace, it should220

often answer correctly even when only a small por-221

tion of the reasoning is visible. This method is222

similar to concurrent work on early stopping and223

stepwise answer prediction (Mao et al., 2025; Wang224

et al., 2025d; Zhao et al., 2025), but we leverage225

such truncation to identify latent reasoning and226

complement it with novel metrics that quantify la-227

tent reasoning capability across languages.228

4.1 Truncating Reasoning Traces229

Let x denote a math problem and let the model230

produce a full reasoning trace c = (t1, t2, . . . , tT )231

in the target language, followed by a final an- 232

swer, where ti indicates the i-th reasoning step.1 233

We then consider a set of truncation ratios R = 234

{r1, r2, . . . , rM} ⊂ [0, 1], where each r ∈ R spec- 235

ifies the fraction of the reasoning trace that is re- 236

tained (e.g., 10%). For a ratio r, we define the 237

truncation index as m(r) =
⌊
r · T

⌋
and the trun- 238

cated reasoning trace as c≤r = (t1, t2, . . . , tm(r)). 239

We then ask the model to directly produce a numer- 240

ical prediction based on the original math problem 241

x and the truncated reasoning trace c≤r.2 242

4.2 Evaluation Metrics 243

We evaluate performance over a set of truncation 244

ratios r ∈ R using the following metrics.3 245

Truncated Pass@k. This metric estimates the 246

probability that at least one correct answer appears 247

among the top-k attempts for a given problem (Ku- 248

lal et al., 2019; Chen et al., 2021). Let ak(r) denote 249

the pass@k accuracy at truncation ratio r, i.e., 250

ak(r) =
1

N

N∑
i=1

1
[
∃j ≤ k : ŷ

(i)
j (r) = y(i)⋆

]
251

where N is the number of problems, ŷ(i)j (r) is the 252

j-th sampled prediction for problem i based on the 253

truncated reasoning trace c
(i)
≤r, and y(i)⋆ is the gold 254

answer. This metric measures performance under 255

partial reasoning: if ak(r) is high even for small r, 256

the model may not rely on fully explicit reasoning 257

traces and instead perform latent reasoning. 258

Gold-in-Trace Rate. There are cases where the 259

model explicitly articulates the answer in early rea- 260

soning steps, and then continues to refine it or ex- 261

plore additional paths in later steps. In such cases, 262

correct predictions may depend on the explicitly 263

written answer. To distinguish these cases, we ad- 264

ditionally track whether the gold answer already 265

appears in the visible reasoning prefix c≤r. We 266

define the gold-in-trace rate at truncation ratio r as 267

gk(r) =
1

|Ck(r)|
∑

i∈Ck(r)

1
[
y(i)⋆ appears in c

(i)
≤r

]
268

Here, Ck(r) denotes the set of correctly solved 269

1The reasoning trace is regarded as the tokens between
special thinking markers, e.g., <think> and </think>. We
view each individual sentence as a reasoning step.

2This is achieved by adding </think> right after the trun-
cated reasoning trace and then appending a short prefix to
elicit the numerical answer prediction (see §E.1 for details).

3For MGSM, we consider every 10%, i.e., R =
{0%, 10%, 20%, . . . , 100%}. For Multilingual AIME, we
consider every 5%, i.e., R = {0%, 5%, 10%, . . . , 100%}.
The choice is based on a preliminary analysis of the average
number of steps across languages (see §A for details).
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Figure 1: Pass@k accuracy (k = 1, 5, 10) and gold-in-trace rate under reasoning-trace truncation for R1-Qwen-32B.
High accuracy with a low gold-in-trace rate indicates latent reasoning. The model shows strong evidence of latent
reasoning in high-resource languages (e.g., English) on MGSM, but it is less detectable on Multilingual AIME.
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Figure 2: Causal decomposition of newly correct pre-
dictions across truncation intervals. Each bar partitions
gains into three cases: (i) the gold answer is first artic-
ulated in the newly added reasoning steps, (ii) it was
already articulated in earlier steps, or (iii) it has not
yet appeared in the visible truncated trace. On MGSM,
performance improvements at early and intermediate
truncation ratios are dominated by case (iii), indicating
that many gains arise from latent reasoning.

instances under truncation ratio r according to270

pass@k. Importantly, a high gold-in-trace rate is271

expected at large truncation ratios (e.g., r ≈ 1),272

where the full reasoning trace should usually con-273

tain the final answer. Thus, gold-in-trace is pri-274

marily informative at small truncation ratios: a275

high value early in the trace suggests that correct-276

ness may be driven by explicit answer articulation,277

whereas a low value indicates that correct predic-278

tions are more likely supported by latent reasoning.279

Area Under the Truncation Accuracy Curve280

(AUTC). We define the AUTC as281

AUTCk =

∫ 1

0
ak(r) dr.282

A model that reaches high accuracy early (i.e.,283

needs only a short prefix of the trace) will yield284

a larger AUTC than a model whose accuracy only285

improves near r ≈ 1. AUTC is thus a measure of286

how early and robustly correct predictions emerge287

as more reasoning is revealed.288

Area Under the Gold-in-Trace Curve289

(AUGC). Analogously, we define the AUGC as290

AUGCk =

∫ 1

0
gk(r) dr291

A high AUGC indicates that, when the model is 292

correct, the gold answer tends to be articulated 293

early, while a low AUGC indicates that the gold 294

answer usually appears near the end of the trace. 295

Latent Reasoning Score (LRS). To focus on 296

correctness that is not trivially attributable to copy- 297

ing the answer from the trace, we define LRS as 298

LRSk =

∫ 1

0
ak(r)

(
1− gk(r)

)
dr. 299

Intuitively, we weight performance at each trunca- 300

tion ratio by the complement of the gold-in-trace 301

rate: correctness that occurs after the answer is al- 302

ready articulated in the trace (high gk(r)) is down- 303

weighted, while correctness that occurs before the 304

answer is visible (low gk(r)) is upweighted. There- 305

fore, LRS can be regarded as a proxy measure for 306

the model’s latent reasoning capability. 307

We approximate AUTC, AUGC, and LRS nu- 308

merically using the trapezoidal rule (Hildebrand, 309

1987) over all considered truncation ratios r ∈ R. 310

4.3 Results and Discussion 311

Figure 1 presents truncation curves for R1-Qwen- 312

32B across 5 languages on two benchmarks (see 313

§B for full results). Table 1 summarizes the corre- 314

sponding AUTC, AUGC, and LRS scores across 315

all 11 languages, models, and datasets. Finally, 316

Figure 2 breaks down newly correct predictions in 317

each truncation ratio interval by whether their gold 318

answers are articulated in the newly added reason- 319

ing steps, already appear in earlier steps, or do not 320

appear in the current truncated trace at all. 321

The model often knows the answer even be- 322

fore any reasoning is articulated. Across many 323

high-resource languages – most notably English, 324

French, and Chinese, the pass@1 accuracy at zero 325

reasoning steps is already nontrivial (around 0.2). 326

This suggests that for MGSM, the model can fre- 327

quently compute the answer directly in its latent 328

representations, without requiring explicit step-by- 329
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Dataset Model Metric DE EN ES FR RU ZH BN JA TH SW TE

MGSM

R1-Qwen-7B
AUTC 0.45 0.52 0.45 0.43 0.46 0.53 0.38 0.38 0.37 0.10 0.24
AUGC 0.22 0.21 0.16 0.22 0.24 0.27 0.27 0.24 0.33 0.19 0.32
LRS 0.32 0.38 0.35 0.32 0.31 0.34 0.25 0.26 0.22 0.08 0.15

R1-Qwen-14B
AUTC 0.54 0.59 0.59 0.55 0.58 0.62 0.51 0.55 0.57 0.22 0.28
AUGC 0.20 0.19 0.20 0.18 0.22 0.26 0.27 0.24 0.27 0.25 0.26
LRS 0.40 0.44 0.44 0.42 0.41 0.41 0.33 0.39 0.36 0.16 0.20

R1-Qwen-32B
AUTC 0.67 0.75 0.69 0.64 0.68 0.70 0.61 0.63 0.69 0.38 0.39
AUGC 0.20 0.25 0.20 0.17 0.21 0.30 0.23 0.21 0.28 0.20 0.23
LRS 0.51 0.53 0.52 0.51 0.51 0.45 0.44 0.47 0.46 0.30 0.30

Multilingual AIME

R1-Qwen-7B
AUTC 0.07 0.10 0.06 0.05 0.06 0.09 0.04 0.02 0.02 0.00 0.01
AUGC 0.52 0.51 0.19 0.23 0.55 0.60 0.57 0.12 0.17 0.00 0.00
LRS 0.02 0.03 0.03 0.03 0.02 0.02 0.01 0.01 0.01 0.00 0.01

R1-Qwen-14B
AUTC 0.05 0.12 0.07 0.07 0.05 0.08 0.08 0.02 0.05 0.00 0.04
AUGC 0.66 0.44 0.52 0.25 0.41 0.79 0.70 0.06 0.29 0.00 0.08
LRS 0.02 0.04 0.03 0.04 0.02 0.01 0.01 0.02 0.02 0.00 0.04

R1-Qwen-32B
AUTC 0.06 0.18 0.08 0.09 0.10 0.13 0.04 0.04 0.07 0.01 0.01
AUGC 0.29 0.61 0.32 0.72 0.66 0.75 0.18 0.74 0.82 0.05 0.17
LRS 0.03 0.06 0.04 0.02 0.03 0.03 0.02 0.01 0.02 0.00 0.00

Table 1: Truncation-based metrics (AUTC, AUGC, LRS) across models and benchmarks. Latent reasoning capability
scales with model size and language resource availability, but emerges primarily on the simpler MGSM benchmark
and is largely undetectable on the more challenging benchmark, Multilingual AIME.

step CoT generation. As the truncation ratio in-330

creases, accuracy rises steadily in all languages,331

accompanied by a growing gold-in-trace rate that332

typically approaches 1.0 once the full trace is re-333

vealed. Figure 2 further supports this observation:334

most early correct predictions do not depend on the335

articulation of the gold answer in the visible trace.336

Together, these findings suggest that explicit chain-337

of-thought primarily serves to surface an answer338

that has already been internally computed: latent339

reasoning precedes explicit verbal reasoning.340

Latent reasoning is substantially stronger in341

high-resource languages. Comparisons across342

languages using AUTC and LRS reveal clear mul-343

tilingual disparities. For MGSM, high-resource344

languages such as English and Chinese obtain both345

high AUTC and high LRS. For example, English346

achieves AUTC 0.52 and LRS 0.38 with R1-Qwen-347

7B, indicating that a large fraction of early accuracy348

cannot be explained by explicit answer articulation.349

In contrast, low-resource languages such as Swahili350

show much lower AUTC and LRS, meaning that351

the model struggles to produce correct answers352

under truncation and relies more heavily on fully353

articulated reasoning traces. Increasing model size354

from 7B to 32B seems to improve AUTC and LRS355

in all languages, but does not eliminate the gap:356

latent reasoning remains markedly less effective in357

low-resource languages. Overall, latent reasoning358

is a strongly resource-dependent phenomenon.359

Latent reasoning is less pronounced on more360

challenging benchmarks. On Multilingual AIME,361

both AUTC and LRS drop sharply across languages362

and model sizes compared to MGSM. For exam-363

ple, LRS decreases from about 0.38 on MGSM to364

0.03 on Multilingual AIME for English with R1-365

Qwen-7B, with similar trends in other languages 366

and larger models. This pattern indicates that for 367

problems requiring longer, more complex reason- 368

ing, models rarely form correct predictions early, 369

prior to explicit answer articulation, and instead 370

rely more heavily on extended explicit reasoning. 371

5 Latent State Dynamics 372

In §4, we observed that models exhibit clear signs 373

of latent reasoning across languages – particularly 374

on lower-complexity tasks – but with substantial 375

crosslingual variation: high-resource languages 376

tend to reach correct predictions earlier and more 377

reliably. To better understand the origins of these 378

differences, we must go beyond surface-level out- 379

puts and examine the model’s internal represen- 380

tations. We therefore turn to RQ2: Do different 381

languages rely on different internal latent reason- 382

ing mechanisms? To answer this question, we ana- 383

lyze both the layer-wise evolution of the model’s 384

implicit predictions (§5.1) and the similarity of hid- 385

den states across languages (§5.2). 386

5.1 Dynamic of Ranking Across Layers 387

To investigate whether different languages rely 388

on distinct internal latent reasoning mechanisms, 389

we analyze how evidence for the correct answer 390

emerges across model layers using the logit lens 391

(Nostalgebraist, 2020). While the logit lens is 392

not a perfect probe of intermediate representations, 393

particularly due to residual stream entanglement 394

(Belrose et al., 2025), it remains a useful diagnos- 395

tic tool for tracking relative changes in answer 396

salience across layers when applied consistently 397

within the same model (Wendler et al., 2024; Wang 398

et al., 2025b). Concretely, at each layer, we project 399
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Figure 3: Layer-wise rank of the gold answer obtained via logit lens across languages on MGSM (left three panels)
and Multilingual AIME (right three panels). Rank trajectories exhibit highly similar trends across languages,
suggesting that latent reasoning progresses through comparable layer-wise transformations regardless of language.
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Figure 4: Aggregated cosine similarity between hidden states in each language and English (reference), averaged
over both reasoning steps and layers, for R1-Qwen-32B. High-resource languages show consistently higher similarity
to English, suggesting convergence toward an English-centered latent reasoning pathway.

the hidden state (i.e., residual stream activation)400

through the model’s layer normalization and un-401

embedding matrix and record the rank of the gold402

answer.4 By comparing these rank trajectories403

across languages for a fixed model, we can assess404

whether layers play comparable functional roles in405

latent reasoning across different languages.406

Figure 3 shows rank trajectories across lan-407

guages, models, and datasets. A striking obser-408

vation is that all languages exhibit highly similar409

ranking curves for a fixed model, suggesting that410

the internal mechanism used to form the solution411

is largely language-invariant. Despite differences412

in surface language realization and accuracy, the413

underlying latent computation appears to follow414

the same structural progression across layers.415

At the same time, we observe distinct patterns416

across model sizes. These differences suggest that417

model capacity can shape latent reasoning dynam-418

ics, consistent with prior work showing that larger419

models exhibit qualitatively different intermediate-420

layer behavior, such as stronger representation com-421

pression, compared to smaller models (Skean et al.,422

2025). In particular, larger models appear to dis-423

tribute reasoning more evenly across depth, allow-424

ing intermediate representations to encode increas-425

ingly informative abstractions. Notably, this pat-426

tern aligns with recent findings that multilingual427

models maintain a largely language-independent428

conceptual space in their middle layers (Wang et al.,429

2025b; Lu et al., 2025). The emergence of interme-430

diate answer salience in larger models may there-431

4The gold answer is always a numeric value and is identical
across languages. We track the rank of the first token, as
generating this token is a necessary condition for producing
the correct final answer. This practice is widely adopted in
prior work (Hernandez et al., 2024; Kargaran et al., 2025).

fore reflect a greater capacity to exploit this shared 432

space, enabling earlier and more stable accumula- 433

tion of evidence toward the correct solution. 434

5.2 Hidden State Similarity 435

We showed that a model presents consistently simi- 436

lar rank trajectories across layers across languages 437

in §5.1. We further hypothesize that such consis- 438

tency may reflect an English-centered latent reason- 439

ing process, in which reasoning in other languages 440

implicitly aligns with the pathway used for English. 441

To test this hypothesis, we compute cosine simi- 442

larity between the hidden states of each target lan- 443

guage and those of English. For each example in a 444

target language, at each truncation ratio, we extract 445

the hidden state of the final token of the reasoning 446

trace and measure its similarity to the correspond- 447

ing hidden state of its English counterpart. We 448

aggregate similarities in two ways: (i) averaging 449

over layers and (ii) averaging over reasoning steps. 450

Figure 4 summarizes these results. Overall, we 451

observe consistently higher similarity with English 452

for high-resource languages, including those us- 453

ing non-Latin scripts such as Chinese and Russian. 454

In contrast, mid-resource languages with distinct 455

scripts (e.g., Japanese) and low-resource languages 456

(e.g., Telugu) exhibit lower similarity to English. 457

This pattern is stable across layers and reasoning 458

steps, suggesting that reasoning in high-resource 459

languages may be processed in a representa- 460

tional space more closely aligned with English, 461

whereas mid- and low-resource languages de- 462

viate more substantially.5 However, similarity 463

5Crosslingual similarity may also be influenced by lin-
guistic and typological relatedness between languages, which
could partially contribute to the observed alignment patterns.
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Figure 5: Comparison of cosine similarity with English
versus average similarity with other languages, shown
separately for correctly and incorrectly solved examples.
High-resource languages show stronger alignment with
English, whereas low- and mid-resource languages show
weaker or correctness-dependent alignment.

alone does not distinguish whether this alignment464

reflects an English-centered reasoning process or465

merely arises from shared correct answers.466

To disentangle these effects, for each language,467

we group MGSM examples into correct and incor-468

rect sets based on pass@10 accuracy, and compare469

the (i) similarity with English and (ii) average sim-470

ilarity with other languages (excluding itself and471

English). Figure 5 presents the results over layers472

and reasoning steps (see full results in §C.2).473

Language resource level modulates align-474

ment with English in latent reasoning. High-475

resource languages (e.g., German) exhibit consis-476

tently strong alignment with English that is largely477

independent of correctness: incorrect instances re-478

main nearly as similar to their English counter-479

parts as correct ones, particularly in early reason-480

ing stages. Although a modest gap emerges as481

the reasoning trace unfolds, this appears to reflect482

increasing commitment to an (incorrect) solution483

rather than a shift away from English-aligned la-484

tent trajectories. The absence of a substantial cor-485

rect–incorrect gap overall indicates that, for high-486

resource languages, alignment with English reflects487

a stable latent reasoning trajectory rather than a488

byproduct of successful solution formation. In con-489

trast, low-resource languages (e.g., Swahili) show490

weaker alignment with English across both cor-491

rect and incorrect examples, while exhibiting rel-492

atively higher similarity to other languages. This493

pattern suggests a more autonomous subspace that 494

is less shaped by English-centric post-training and 495

more influenced by language-specific representa- 496

tions formed during pretraining (Chang et al., 2022; 497

Liu et al., 2024). Mid-resource languages (e.g., 498

Thai) occupy an intermediate regime: alignment 499

with English is more pronounced for correct in- 500

stances than for incorrect ones, suggesting that 501

convergence toward English-like latent trajectories 502

occurs primarily when reasoning is successful. 503

6 Complementary Analysis: 504

Memorization or Latent Reasoning 505

In §4, we observed that for MGSM, models can 506

sometimes predict the correct answer even when 507

no reasoning trace is provided (i.e., truncation ra- 508

tio 0%). While this behavior may suggest that 509

the model has already implicitly computed the an- 510

swer and thus exhibits latent reasoning, an alterna- 511

tive explanation is that the model has memorized 512

the solution due to exposure during pre-training or 513

post-training, a phenomenon commonly referred to 514

as data contamination or benchmark leakage (Xu 515

et al., 2024; Balloccu et al., 2024). Under such 516

circumstances, correct predictions may arise from 517

direct recall rather than genuine latent reasoning. 518

To disentangle memorization from latent rea- 519

soning, we conduct a complementary analysis that 520

probes the model’s sensitivity to controlled ques- 521

tion perturbations. The intuition is as follows: if a 522

model relies on memorization, small but meaning- 523

altering edits should not substantially change its 524

predictions, as the original answer may still be re- 525

called. In contrast, a reasoning-based model should 526

adapt its prediction to such changes. Conversely, 527

when the underlying meaning of a question is pre- 528

served but surface form is altered via paraphras- 529

ing, a reasoning model should remain robust and 530

continue to produce the correct answer, whereas a 531

memorization-based model may fail. 532

6.1 Method 533

We focus on MGSM and restrict our attention to 534

questions that are answered correctly under the 535

pass@10 when no reasoning trace is provided 536

(i.e., truncation ratio = 0%), for each language and 537

each model independently, as they are particularly 538

ambiguous cases where memorization and latent 539

reasoning are difficult to distinguish. For each ques- 540

tion, we apply the following editing strategies.6 541

6See §D for the details of altering the original problem.
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Edit Method Model Setup DE EN ES FR RU ZH BN JA TH SW TE

NumEdit (↓)
R1-Qwen-7B w/o Trace 0.40 0.31 0.29 0.34 0.36 0.33 0.38 0.51 0.33 0.52 0.40

w/ Trace 0.27 0.25 0.21 0.22 0.24 0.16 0.21 0.32 0.30 0.19 0.17

R1-Qwen-14B w/o Trace 0.33 0.27 0.29 0.35 0.35 0.29 0.30 0.43 0.29 0.47 0.39
w/ Trace 0.19 0.16 0.21 0.20 0.19 0.13 0.15 0.28 0.15 0.22 0.12

R1-Qwen-32B w/o Trace 0.31 0.32 0.29 0.27 0.35 0.28 0.32 0.47 0.31 0.37 0.33
w/ Trace 0.18 0.20 0.20 0.19 0.19 0.19 0.16 0.26 0.18 0.22 0.18

Paraphrase (↑)
R1-Qwen-7B w/o Trace 0.66 0.70 0.73 0.72 0.71 0.74 0.67 0.64 0.57 0.45 0.58

w/ Trace 1.00 1.00 0.96 0.99 0.99 0.96 0.95 0.90 0.96 0.35 0.85

R1-Qwen-14B w/o Trace 0.79 0.86 0.73 0.77 0.85 0.72 0.79 0.75 0.81 0.55 0.63
w/ Trace 0.97 1.00 0.98 0.96 0.99 0.95 0.95 0.94 0.99 0.69 0.54

R1-Qwen-32B w/o Trace 0.86 0.81 0.86 0.83 0.90 0.91 0.90 0.85 0.85 0.83 0.76
w/ Trace 0.99 0.99 0.98 0.96 0.98 0.96 0.99 0.98 0.96 0.92 0.78

Table 2: Pass@10 results on edited MGSM questions across 11 languages. For NumEdit (↓), values report the
matching ratio with the original gold answer after a single-number perturbation (lower is better). For Paraphrase
(↑), values report accuracy, as the gold answer is unchanged. “w/o Trace” denotes inference without a reasoning
trace (empty <think></think> block), while “w/ Trace” allows a newly generated trace.

NumEdit We modify exactly one numerical542

value in the original question while keeping the543

rest of the problem unchanged. The edit is chosen544

such that it alters the solution, and therefore, the545

original gold answer is no longer correct. Accord-546

ingly, we evaluate NumEdit using the matching547

ratio with the original gold answer, where lower548

values indicate better sensitivity to the perturbation.549

Paraphrase We paraphrase and reorder the ques-550

tion text while preserving all numerical values,551

mathematical expressions, and the overall seman-552

tics. The paraphrased question is logically equiv-553

alent to the original, and thus the gold answer is554

unchanged. In this case, we evaluate performance555

using standard accuracy (the higher the better).556

6.2 Results and Discussions557

Models exhibit partial memorization, but latent558

reasoning remains evident. Table 2 shows that559

under NumEdit, models still match the original560

gold answer in a non-trivial fraction of cases, with561

matching ratios typically around 30% across lan-562

guages, with high-resource languages (e.g., En-563

glish) generally showing a lower matching ratio564

than low-resource languages (e.g., Swahili), under565

the w/o Trace setting. However, the matching ratio566

consistently decreases when models are allowed567

to generate a new reasoning trace, often dropping568

below 25% for smaller models and below 20% for569

the 32B model in most languages.7 Taken together,570

these results indicate that while memorization is571

present, models largely recompute solutions rather572

than merely recalling memorized answers, provid-573

ing evidence in favor of latent reasoning.574

7We use Gemini-2.5-Flash to validate NumEdit; around
10% of the edited questions retain the same gold answer (see
§D). As a result, the reported matching ratios should be inter-
preted as an upper bound on the extent of memorization.

Robustness to paraphrasing argues against 575

pattern-matching memorization. In Paraphrase, 576

pass@10 accuracy under the w/o Trace setting is 577

typically above 70%, and increases further when 578

allowing the model to generate a new reasoning 579

trace across languages. For instance, R1-Qwen- 580

32B reaches near-perfect accuracy in high-resource 581

languages such as English and German under the 582

w/ Trace setting. Although performance is lower 583

for under-resourced languages (e.g., Swahili), the 584

same trend holds. Additionally, accuracy consis- 585

tently improves with model scale, and explicit rea- 586

soning traces further amplify this effect. These re- 587

sults suggest that the models do not rely solely on 588

surface-level pattern matching to the original ques- 589

tion wording. Instead, their robustness to paraphras- 590

ing provides converging evidence that the models 591

engage in genuine reasoning processes. 592

7 Conclusion 593

We present a systematic study of multilingual la- 594

tent reasoning in LRMs. Using truncation-based 595

analyses, we show that LRMs can perform latent 596

reasoning, but this capability is highly uneven: it is 597

strong in resource-rich languages on easier tasks, 598

weak in low-resource languages, and is largely un- 599

detectable on more challenging benchmarks. Our 600

representational analyses reveal highly consistent 601

layer-wise dynamics across languages, with latent 602

reasoning converging toward an English-centered 603

pathway, particularly for high-resource languages 604

and correctly solved instances. Finally, we demon- 605

strate that these behaviors cannot be explained by 606

surface-level memorization alone. Together, our 607

findings suggest that current LRMs exhibit real 608

but fragile multilingual latent reasoning, shaped by 609

English-centric post-training and task complexity. 610

8



Limitations611

While this work offers a systematic analysis of612

multilingual latent reasoning in LRMs, it is subject613

to several limitations.614

First, we implement reasoning-trace truncation615

at the step level rather than the token level, fol-616

lowing previous work. While step-based trunca-617

tion aligns with sentence-level CoT structure and618

improves interpretability, finer-grained token-level619

truncation may reveal more precise dynamics of620

latent answer formation and is left to future work.621

Second, due to computational constraints, our622

experiments are limited to three distilled models623

with sizes up to 32B. While these models cover a624

meaningful capacity range and exhibit clear trends,625

extending our analysis to larger models remains an626

important direction.627

Finally, while we identify English-centered la-628

tent reasoning dynamics across languages, we do629

not directly investigate the underlying causes of630

this phenomenon. Future work could employ data631

attribution or mechanistic interpretability to bet-632

ter understand how English-centric post-training633

shapes latent reasoning pathways.634

Ethical Considerations635

Use of AI Assistants. The authors acknowledge636

the use of ChatGPT 5.2 for language editing (gram-637

mar, clarity, and coherence) and limited assistance638

with code implementation;8 all technical content639

and experimental decisions were made by the au-640

thors.641
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A Reasoning Trace Statistics 1037

Table 3 reports the average and median number of 1038

reasoning steps for MGSM and Multilingual AIME 1039

across languages. 1040

For MGSM, we observe that most languages 1041

exhibit an average of approximately 10 reasoning 1042

steps. Accordingly, we adopt a truncation granular- 1043

ity of 10%, which roughly corresponds to removing 1044

one reasoning step at a time. 1045

In contrast, Multilingual AIME displays substan- 1046

tially longer reasoning traces on average, while the 1047

median number of steps is markedly smaller. This 1048

discrepancy is primarily driven by a small number 1049

of outlier instances, which is expected given the 1050

limited dataset size (60 problems). To better ac- 1051

count for crosslingual variation in reasoning length 1052
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Dataset Model EN FR DE ZH JA RU ES SW BN TE TH

MGSM
R1-Qwen-7B 9.5 (9.0) 11.4 (9.0) 10.9 (9.5) 10.8 (9.0) 13.1 (8.0) 9.4 (8.0) 9.6 (8.0) 21.6 (9.0) 16.1 (14.0) 23.9 (20.0) 18.9 (9.0)
R1-Qwen-14B 11.2 (10.0) 13.6 (13.0) 14.7 (13.0) 16.3 (13.0) 11.1 (10.0) 13.8 (12.0) 13.8 (11.0) 32.6 (18.0) 15.8 (13.0) 22.6 (17.0) 12.4 (11.0)
R1-Qwen-32B 23.2 (19.0) 9.2 (8.0) 11.7 (11.0) 20.2 (18.0) 10.2 (9.0) 10.1 (9.0) 10.3 (8.0) 20.3 (16.0) 14.8 (13.0) 18.2 (15.5) 12.6 (11.0)

Multilingual AIME
R1-Qwen-7B 234.9 (168.0) 197.2 (132.0) 206.3 (124.5) 263.9 (181.0) 169.0 (47.0) 143.8 (54.0) 226.1 (152.5) 92.5 (10.0) 114.4 (66.5) 117.5 (125.5) 95.6 (15.5)
R1-Qwen-14B 231.8 (169.0) 183.4 (120.5) 162.4 (107.0) 267.2 (178.5) 144.6 (67.5) 217.8 (157.0) 205.3 (139.0) 95.7 (66.0) 141.5 (108.0) 122.3 (112.0) 99.3 (62.5)
R1-Qwen-32B 282.4 (207.0) 123.5 (102.5) 213.7 (152.0) 279.6 (215.0) 411.4 (89.0) 216.5 (119.0) 166.0 (114.0) 112.2 (43.5) 138.6 (121.5) 122.5 (126.0) 159.3 (116.5)

Table 3: Reasoning-step statistics across languages on MGSM and Multilingual AIME. Each cell reports the average
number of reasoning steps, with the median shown in parentheses.

while controlling computational cost, we therefore1053

use a finer truncation granularity of 5% for Multi-1054

lingual AIME.1055

B Complete Truncation Results1056

B.1 Truncation Curves1057

Figures 6, 7, 8 and their Multilingual AIME coun-1058

terparts (Figure 9, 10, 11) visualize pass@k ac-1059

curacy (k = 1, 5, 10) and the gold-in-trace rate1060

as a function of reasoning-trace truncation ratio1061

across languages and model sizes. Across models,1062

MGSM exhibits a characteristic pattern in which1063

accuracy increases well before the gold answer1064

is explicitly articulated, whereas on Multilingual1065

AIME accuracy typically remains low until late1066

truncation ratios. The figures also highlight sub-1067

stantial crosslingual variation, with high-resource1068

languages generally achieving earlier and more sta-1069

ble gains than mid- and low-resource languages.1070

B.2 Causal Decompositions1071

Figures 12, 13, 14 (MGSM) and Figures 15, 16,1072

17 (Multilingual AIME) further decompose accu-1073

racy gains between consecutive truncation intervals1074

into three cases: (i) the gold answer is newly ar-1075

ticulated in the added reasoning steps, (ii) it was1076

already present earlier in the visible trace, or (iii)1077

it has not yet appeared in the truncated trace. This1078

analysis disentangles improvements driven by ex-1079

plicit answer articulation from those arising prior1080

to any verbalized solution. On MGSM, gains at1081

early and intermediate truncation ratios are largely1082

attributed to case (iii), indicating that correct predic-1083

tions often emerge before the answer is explicitly1084

articulated. In contrast, on Multilingual AIME,1085

gains are sparser and increasingly dominated by1086

cases (i) and (ii), reflecting a stronger dependence1087

on explicit reasoning and a reduced role for early1088

latent solution formation.1089

C Complete Similarity results 1090

C.1 Similarity with English 1091

We conduct a focused analysis of crosslingual rep- 1092

resentational alignment by computing the cosine 1093

similarity between hidden states in each target lan- 1094

guage and those of English. For each instance, and 1095

at each truncation ratio, we extract the hidden state 1096

corresponding to the final token of the partial rea- 1097

soning trace and compare it with the hidden state 1098

obtained from the English version of the same prob- 1099

lem. To summarize these similarities, we aggregate 1100

them both across layers and across reasoning steps. 1101

Figure 18 and Figure 19 present the resulting trends 1102

for MGSM and Multilingual AIME, respectively. 1103

Across both benchmarks, we observe system- 1104

atic differences in representational alignment with 1105

English that seem to correlate with language re- 1106

source levels: high-resource languages exhibit con- 1107

sistently stronger alignment with English represen- 1108

tations, whereas mid- and low-resource languages 1109

show reduced alignment. 1110

C.2 Similarity vs. Correctness 1111

We examine whether answer correctness affects 1112

crosslingual alignment by grouping MGSM exam- 1113

ples into correct and incorrect sets and comparing 1114

their similarity to English and to other languages. 1115

Results for R1-Qwen-{7B,14B,32B} are shown in 1116

Figures 20, 21, 22. Across models, alignment with 1117

English seems to vary systematically with language 1118

resource level. High-resource languages show con- 1119

sistently strong similarity to English regardless of 1120

correctness, whereas low-resource languages (e.g., 1121

Swahili) are more similar to other non-English lan- 1122

guages, suggesting a more autonomous latent sub- 1123

space. Mid-resource languages exhibit an inter- 1124

mediate pattern, with stronger English alignment 1125

primarily for correctly solved instances. 1126
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Figure 6: Pass@k accuracy (k = 1, 5, 10) and gold-in-trace rate under reasoning-trace truncation for R1-Qwen-7B
on MGSM. The model shows stronger latent reasoning in high-resource languages (e.g., English).
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Figure 7: Pass@k accuracy (k = 1, 5, 10) and gold-in-trace rate under reasoning-trace truncation for R1-Qwen-14B
on MGSM. The model shows stronger latent reasoning in high-resource languages (e.g., English).
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Figure 8: Pass@k accuracy (k = 1, 5, 10) and gold-in-trace rate under reasoning-trace truncation for R1-Qwen-32B
on MGSM. The model shows stronger latent reasoning in high-resource languages (e.g., English).
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Figure 9: Pass@k accuracy (k = 1, 5, 10) and gold-in-trace rate under reasoning-trace truncation for R1-Qwen-7B
on Multilingual AIME. Latent reasoning is less pronounced compared to MGSM.
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Figure 10: Pass@k accuracy (k = 1, 5, 10) and gold-in-trace rate under reasoning-trace truncation for R1-Qwen-
14B on Multilingual AIME. Latent reasoning is less pronounced compared to MGSM.
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Figure 11: Pass@k accuracy (k = 1, 5, 10) and gold-in-trace rate under reasoning-trace truncation for R1-Qwen-
32B on Multilingual AIME. Latent reasoning is less pronounced compared to MGSM.
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Figure 12: Causal decomposition of newly correct predictions across truncation intervals on MGSM with R1-
Qwen-7B. Each bar partitions gains into three cases: (i) the gold answer is first articulated in the newly added
reasoning steps, (ii) it was already articulated in earlier steps, or (iii) it has not yet appeared in the visible truncated
trace. Early and intermediate gains are dominated by case (iii), indicating latent reasoning.
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Figure 13: Causal decomposition of newly correct predictions across truncation intervals on MGSM with R1-
Qwen-14B. Each bar partitions gains into three cases: (i) the gold answer is first articulated in the newly added
reasoning steps, (ii) it was already articulated in earlier steps, or (iii) it has not yet appeared in the visible truncated
trace. Early and intermediate gains are dominated by case (iii), indicating latent reasoning.
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Figure 14: Causal decomposition of newly correct predictions across truncation intervals on MGSM with R1-
Qwen-32B. Each bar partitions gains into three cases: (i) the gold answer is first articulated in the newly added
reasoning steps, (ii) it was already articulated in earlier steps, or (iii) it has not yet appeared in the visible truncated
trace. Early and intermediate gains are dominated by case (iii), indicating latent reasoning.
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Figure 15: Causal decomposition of newly correct predictions across truncation intervals on Multilingual AIME
with R1-Qwen-7B. Each bar partitions gains into three cases: (i) the gold answer is first articulated in the newly
added reasoning steps, (ii) it was already articulated in earlier steps, or (iii) it has not yet appeared in the visible
truncated trace. Compared to MGSM, gains are sparser and less dominated by latent reasoning.
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Figure 16: Causal decomposition of newly correct predictions across truncation intervals on Multilingual AIME
with R1-Qwen-14B. Each bar partitions gains into three cases: (i) the gold answer is first articulated in the newly
added reasoning steps, (ii) it was already articulated in earlier steps, or (iii) it has not yet appeared in the visible
truncated trace. Compared to MGSM, gains are sparser and less dominated by latent reasoning.

0
5

5
10

10
15

15
20

20
25

25
30

30
35

35
40

40
45

45
50

50
55

55
60

60
65

65
70

70
75

75
80

80
85

85
90

90
95

95
10

0

Truncation Interval

0.0

0.2

0.4

0.6

0.8

1.0

Pr
op

or
tio

n 
of

 N
ew

 C
or

re
ct

 S
am

pl
es

(%)
n=0n=0n=0n=0n=0n=0n=0n=0n=1n=0n=1n=0n=1n=0n=0n=2n=0n=0n=3n=1

Multilingual AIME | R1-Qwen-32B | Bengali | Pass@1
Coincident articulation
Already articulated
Not yet articulated

0
5

5
10

10
15

15
20

20
25

25
30

30
35

35
40

40
45

45
50

50
55

55
60

60
65

65
70

70
75

75
80

80
85

85
90

90
95

95
10

0

Truncation Interval

0.0

0.2

0.4

0.6

0.8

1.0

Pr
op

or
tio

n 
of

 N
ew

 C
or

re
ct

 S
am

pl
es

(%)
n=0n=0n=0n=0n=0n=0n=0n=0n=0n=1n=0n=0n=1n=0n=2n=0n=3n=0n=10n=9

Multilingual AIME | R1-Qwen-32B | German | Pass@1
Coincident articulation
Already articulated
Not yet articulated

0
5

5
10

10
15

15
20

20
25

25
30

30
35

35
40

40
45

45
50

50
55

55
60

60
65

65
70

70
75

75
80

80
85

85
90

90
95

95
10

0

Truncation Interval

0.0

0.2

0.4

0.6

0.8

1.0

Pr
op

or
tio

n 
of

 N
ew

 C
or

re
ct

 S
am

pl
es

(%)
n=0n=1n=0n=0n=1n=0n=1n=0n=0n=0n=1n=2n=1n=1n=4n=4n=7n=8n=6n=5

Multilingual AIME | R1-Qwen-32B | English | Pass@1
Coincident articulation
Already articulated
Not yet articulated

0
5

5
10

10
15

15
20

20
25

25
30

30
35

35
40

40
45

45
50

50
55

55
60

60
65

65
70

70
75

75
80

80
85

85
90

90
95

95
10

0

Truncation Interval

0.0

0.2

0.4

0.6

0.8

1.0

Pr
op

or
tio

n 
of

 N
ew

 C
or

re
ct

 S
am

pl
es

(%)
n=0n=0n=0n=0n=0n=0n=0n=0n=0n=0n=1n=1n=1n=0n=2n=4n=3n=7n=4n=5

Multilingual AIME | R1-Qwen-32B | Spanish | Pass@1
Coincident articulation
Already articulated
Not yet articulated

0
5

5
10

10
15

15
20

20
25

25
30

30
35

35
40

40
45

45
50

50
55

55
60

60
65

65
70

70
75

75
80

80
85

85
90

90
95

95
10

0

Truncation Interval

0.0

0.2

0.4

0.6

0.8

1.0

Pr
op

or
tio

n 
of

 N
ew

 C
or

re
ct

 S
am

pl
es

(%)
n=0n=0n=0n=1n=0n=0n=1n=0n=0n=0n=0n=0n=0n=1n=0n=2n=2n=4n=1n=6

Multilingual AIME | R1-Qwen-32B | French | Pass@1
Coincident articulation
Already articulated
Not yet articulated

0
5

5
10

10
15

15
20

20
25

25
30

30
35

35
40

40
45

45
50

50
55

55
60

60
65

65
70

70
75

75
80

80
85

85
90

90
95

95
10

0

Truncation Interval

0.0

0.2

0.4

0.6

0.8

1.0

Pr
op

or
tio

n 
of

 N
ew

 C
or

re
ct

 S
am

pl
es

(%)
n=1n=0n=1n=0n=0n=0n=0n=0n=0n=0n=0n=0n=0n=0n=0n=1n=1n=1n=3n=7

Multilingual AIME | R1-Qwen-32B | Japanese | Pass@1
Coincident articulation
Already articulated
Not yet articulated

0
5

5
10

10
15

15
20

20
25

25
30

30
35

35
40

40
45

45
50

50
55

55
60

60
65

65
70

70
75

75
80

80
85

85
90

90
95

95
10

0

Truncation Interval

0.0

0.2

0.4

0.6

0.8

1.0

Pr
op

or
tio

n 
of

 N
ew

 C
or

re
ct

 S
am

pl
es

(%)
n=0n=0n=0n=1n=1n=0n=0n=0n=0n=0n=0n=0n=0n=2n=2n=1n=3n=6n=4n=7

Multilingual AIME | R1-Qwen-32B | Russian | Pass@1
Coincident articulation
Already articulated
Not yet articulated

0
5

5
10

10
15

15
20

20
25

25
30

30
35

35
40

40
45

45
50

50
55

55
60

60
65

65
70

70
75

75
80

80
85

85
90

90
95

95
10

0

Truncation Interval

0.0

0.2

0.4

0.6

0.8

1.0

Pr
op

or
tio

n 
of

 N
ew

 C
or

re
ct

 S
am

pl
es

(%)
n=0n=0n=0n=0n=0n=0n=0n=0n=0n=0n=0n=0n=0n=0n=0n=1n=0n=1n=0n=1

Multilingual AIME | R1-Qwen-32B | Swahili | Pass@1
Coincident articulation
Already articulated
Not yet articulated

0
5

5
10

10
15

15
20

20
25

25
30

30
35

35
40

40
45

45
50

50
55

55
60

60
65

65
70

70
75

75
80

80
85

85
90

90
95

95
10

0

Truncation Interval

0.0

0.2

0.4

0.6

0.8

1.0

Pr
op

or
tio

n 
of

 N
ew

 C
or

re
ct

 S
am

pl
es

(%)
n=0n=0n=0n=0n=0n=0n=0n=0n=0n=0n=0n=0n=0n=0n=0n=0n=1n=0n=1n=0

Multilingual AIME | R1-Qwen-32B | Telugu | Pass@1
Coincident articulation
Already articulated
Not yet articulated

0
5

5
10

10
15

15
20

20
25

25
30

30
35

35
40

40
45

45
50

50
55

55
60

60
65

65
70

70
75

75
80

80
85

85
90

90
95

95
10

0

Truncation Interval

0.0

0.2

0.4

0.6

0.8

1.0

Pr
op

or
tio

n 
of

 N
ew

 C
or

re
ct

 S
am

pl
es

(%)
n=0n=0n=0n=0n=0n=1n=0n=0n=0n=0n=0n=1n=0n=1n=2n=1n=2n=4n=1n=1

Multilingual AIME | R1-Qwen-32B | Thai | Pass@1
Coincident articulation
Already articulated
Not yet articulated

0
5

5
10

10
15

15
20

20
25

25
30

30
35

35
40

40
45

45
50

50
55

55
60

60
65

65
70

70
75

75
80

80
85

85
90

90
95

95
10

0

Truncation Interval

0.0

0.2

0.4

0.6

0.8

1.0

Pr
op

or
tio

n 
of

 N
ew

 C
or

re
ct

 S
am

pl
es

(%)
n=0n=1n=0n=0n=0n=1n=1n=0n=1n=0n=2n=1n=0n=1n=4n=2n=2n=2n=4n=2

Multilingual AIME | R1-Qwen-32B | Chinese | Pass@1
Coincident articulation
Already articulated
Not yet articulated

Figure 17: Causal decomposition of newly correct predictions across truncation intervals on Multilingual AIME
with R1-Qwen-32B. Each bar partitions gains into three cases: (i) the gold answer is first articulated in the newly
added reasoning steps, (ii) it was already articulated in earlier steps, or (iii) it has not yet appeared in the visible
truncated trace. Compared to MGSM, gains are sparser and less dominated by latent reasoning.
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Figure 18: Aggregated cosine similarity on MGSM between hidden states in each language and English (reference),
averaged over both reasoning steps and layers. High-resource languages show consistently higher similarity to
English, suggesting convergence toward an English-centered latent reasoning pathway.
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Figure 19: Aggregated cosine similarity on Multilingual AIME between hidden states in each language and English
(reference), averaged over both reasoning steps and layers. High-resource languages show consistently higher
similarity to English, suggesting convergence toward an English-centered latent reasoning pathway.
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Figure 20: Comparison of cosine similarity with English versus average similarity with other languages, shown
separately for correctly and incorrectly solved examples in MGSM with R1-Qwen-7B.
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Figure 21: Comparison of cosine similarity with English versus average similarity with other languages, shown
separately for correctly and incorrectly solved examples in MGSM with R1-Qwen-14B.
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Figure 22: Comparison of cosine similarity with English versus average similarity with other languages, shown
separately for correctly and incorrectly solved examples in MGSM with R1-Qwen-32B.
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D Perturbation Details1127

We used the two perturbation methods in §6.1 to1128

probe memorization versus (latent) reasoning. Both1129

methods operate only on the subset of MGSM in-1130

stances that the model answers correctly under1131

pass@10 when the truncation ratio is 0% (i.e.,1132

with an empty <think></think> block). For1133

each selected instance, we produce two edited1134

variants: NumEdit (meaning-altering) and Para-1135

phrase (meaning-preserving).1136

D.1 NumEdit1137

NumEdit creates a minimally changed but meaning-1138

altering counterfactual by perturbing exactly one1139

number in the question. The expected behavior1140

differs depending on whether the model relies on1141

memorization or reasoning: a memorization-driven1142

model may continue to output the original answer,1143

whereas a reasoning-driven model should adapt its1144

answer to the changed quantity.1145

Numeric span detection. We identify candidate1146

numbers using a conservative regular expression1147

that matches standalone numeric tokens (including1148

optional negative sign and decimal part), while1149

avoiding matches that are embedded in words or1150

common formats that are likely to break semantics:1151

• Exclude years: numbers matching 19xx or1152

20xx are skipped.1153

• Exclude ordinals: tokens followed by1154

st/nd/rd/th are skipped.1155

• Exclude fractions: occurrences adjacent to /1156

(e.g., 1/2) are skipped.1157

Perturbation rule. Among the remaining candi-1158

dates, we perturb exactly one numeric span with a1159

small additive change:1160

• If the token is an integer:1161

– For {0, 1, 2}, add +1.1162

– Otherwise add a small ∆ ∈ {1, 2}1163

(seeded randomness).1164

• If the token is a float, add a small fixed delta1165

depending on magnitude: +0.1 for |x| < 1,1166

+0.5 for |x| < 10, otherwise +1.0.1167

D.2 Paraphrase1168

Paraphrase produces a meaning-preserving rewrite1169

intended to reduce lexical overlap with the original1170

prompt while keeping the problem logically equiv- 1171

alent. Unlike NumEdit, the gold answer remains 1172

the same. Thus, high performance on paraphrased 1173

questions supports generalization beyond surface- 1174

form memorization. 1175

LLM-based Question Paraphrasing. We lever- 1176

age Gemini-2.5-Flash to paraphrase each ques- 1177

tion. We have the following constraints in the 1178

prompt to ensure that the paraphrased question is 1179

equivalent to the original one: 1180

- Preserve all numbers exactly. 1181

- Preserve all LaTeX math segments (anything 1182

inside $...$) exactly as-is. 1183

- Maintain logical equivalence and ask for the 1184

same final quantity. 1185

- Do not add/remove constraints, entities, or 1186

units. 1187

To prevent crosslingual drift, we additionally spec- 1188

ify that the paraphrase must be written in the same 1189

language as the input question. The prompt tem- 1190

plate is shown in Figure 23. 1191

Automatic validation. Each paraphrase is vali- 1192

dated before acceptance: the multiset of numeric 1193

tokens in the paraphrase must match the original. 1194

If not, the same prompt will be applied again until 1195

the paraphrased question is valid. 1196

D.3 Perturbation Solvability 1197

To verify that the generated counterfactual ques- 1198

tions remain solvable and do not introduce un- 1199

intended artifacts, we conduct an auxiliary eval- 1200

uation using a strong commercial model again 1201

(Gemini-2.5-Flash). This analysis serves as a 1202

sanity check that the perturbations preserve mathe- 1203

matical well-formedness while modifying surface 1204

form or numerical content as intended. 1205

Setup. For each selected MGSM problem, we 1206

query the model on three inputs: the original ques- 1207

tion, its NumEdit variant, and its Paraphrase variant 1208

(for each input, we only query once). The model 1209

is instructed to optionally generate intermediate 1210

steps but to output a single final answer in a strict, 1211

parseable format (see prompt in Figure 24). We 1212

then compare Gemini’s predictions across variants. 1213

Specifically, we report: (i) Orig Acc, Gemini’s 1214

accuracy on the original question; (ii) NumEdit 1215

Match, the proportion of NumEdit predictions 1216
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identical to the original prediction (lower is better,1217

as the gold answer is expected to be changed); and1218

(iii) Paraphrase Match, the proportion of Para-1219

phrase predictions identical to the original predic-1220

tion (higher is better, as the gold answer is expected1221

to be preserved).1222

Results and Discussion. Table 4 shows that1223

Gemini achieves consistently high accuracy on the1224

original questions across models and languages, in-1225

dicating that the selected problem subset is reliably1226

solvable. For NumEdit, the matching ratio remains1227

low (typically below 10%), confirming that the nu-1228

merical perturbations effectively alter the solution1229

and are not trivially ignored. In contrast, Para-1230

phrase variants exhibit very high matching ratios1231

(often above 95%), demonstrating that meaning-1232

preserving rewrites retain solvability and solution1233

consistency. These trends are stable across model1234

sizes and languages, including lower-resource set-1235

tings. Together, these results confirm that both per-1236

turbation methods produce mathematically valid1237

and solvable questions. NumEdit reliably changes1238

the target answer, while Paraphrase preserves it,1239

validating their use as controlled probes for disen-1240

tangling memorization from latent reasoning.1241

E Experimental Details1242

E.1 Language Control1243

Following Qi et al. (2025); Zhao et al. (2025), we1244

adopt a set of complementary strategies to ensure1245

that the model’s explicit reasoning trace is pro-1246

duced in the same language as the input prompt.1247

Prompt Formation We prepend each input with1248

an explicit language-specific instruction that ex-1249

plicitly specifies the target language for reasoning.1250

This instruction is embedded into a standardized1251

prompt template, shown in Figure 25, which is used1252

consistently across all languages.1253

Prompt Hacking Even with explicit language1254

instructions in the prompt, LLMs may still gener-1255

ate reasoning traces in a language different from1256

that of the input, a phenomenon observed in prior1257

work on multilingual reasoning and language mix-1258

ing (Wang et al., 2025c; Qi et al., 2025; Zhao et al.,1259

2025). Such behavior is undesirable in our setting,1260

as it confounds cross-lingual comparisons of latent1261

reasoning by introducing variation at the level of ex-1262

plicit verbalization. To mitigate this issue, we adopt1263

a prompt-hacking strategy (Schulhoff et al., 2023;1264

Benjamin et al., 2024) that reinforces the language 1265

constraint at inference time. Concretely, following 1266

prior work (Qi et al., 2025; Zhao et al., 2025), we 1267

insert a language-specific prefix immediately after 1268

the opening <think> tag (e.g., “By request, I 1269

will begin to think in English”). This prefix 1270

explicitly restates the target language at the onset 1271

of the reasoning trace and reliably steers the model 1272

to produce explicit reasoning in the same language 1273

as the prompt until the closing </think> tag is 1274

reached. The complete set of prompt-hacking pre- 1275

fixes used in our experiments is listed in Figure 26. 1276

Answer Elicitation To analyze early answer for- 1277

mation during truncated reasoning, we aim to elicit 1278

the model’s prediction immediately after the visible 1279

reasoning prefix, without allowing further reason- 1280

ing steps. Accordingly, we append a language- 1281

specific answer-elicitation prefix directly after the 1282

closing </think> tag. This prefix prompts the 1283

model to produce only the final numerical answer, 1284

preventing additional reasoning or thought contin- 1285

uation beyond the truncated trace. The answer- 1286

elicitation prefixes used in our experiments are 1287

shown in Figure 27. 1288

E.2 Pass@k Evaluation 1289

For each question, we generate 10 independent 1290

samples and evaluate each prediction separately. 1291

Correctness is assessed via exact matching. Fol- 1292

lowing prior work (Qi et al., 2025; Zhao et al., 1293

2025), models are instructed to enclose their final 1294

answers in \boxed{}, from which the boxed con- 1295

tent is extracted and compared against the gold 1296

answer using mathematical equivalence rather than 1297

raw string matching. 1298

F Environment and Hyperparameters 1299

We set the maximum generation length to 4K to- 1300

kens for the MGSM benchmark and 16K tokens 1301

for Multilingual AIME across all evaluated mod- 1302

els. Unless stated otherwise, we adopt the rec- 1303

ommended generation configurations provided on 1304

HuggingFace.9 In particular, we use a tempera- 1305

ture of 0.6 and top-p sampling with p = 0.95. For 1306

reproducibility, the random seed is fixed to 42. 1307

Experiments on identifying multilingual latent 1308

reasoning (cf. §4) and on memorization versus 1309

latent reasoning (cf. §6) are conducted using the 1310

vLLM framework,10 while experiments analyzing 1311

9https://huggingface.co
10https://vllm.ai/

24

https://huggingface.co
https://vllm.ai/


Original Model Metric EN FR DE ZH JA RU ES SW BN TE TH

R1-Qwen-7B
Orig Acc ↑ 0.98 0.93 0.95 0.94 0.88 1.00 0.96 0.94 0.93 0.91 0.96
NumEdit Match ↓ 0.07 0.05 0.08 0.06 0.16 0.07 0.07 0.16 0.05 0.08 0.09
Paraphrase Match ↑ 0.97 0.93 0.99 0.95 0.97 1.00 0.95 0.97 0.93 0.87 0.91

R1-Qwen-14B
Orig Acc ↑ 0.97 0.96 0.94 0.94 0.88 0.95 0.94 0.86 0.99 0.89 0.96
NumEdit Match ↓ 0.07 0.06 0.07 0.09 0.16 0.08 0.12 0.06 0.07 0.04 0.08
Paraphrase Match ↑ 0.97 0.94 0.97 0.96 0.93 0.95 0.97 0.88 0.97 0.93 0.94

R1-Qwen-32B
Orig Acc ↑ 0.98 0.97 0.93 0.93 0.94 0.98 0.97 0.95 0.96 0.89 0.96
NumEdit Match ↓ 0.10 0.06 0.09 0.11 0.15 0.11 0.08 0.09 0.11 0.13 0.09
Paraphrase Match ↑ 0.94 0.95 0.97 0.98 0.95 0.99 0.97 0.95 0.97 0.95 0.95

Table 4: Gemini performance on original and counterfactual MGSM questions. Orig Acc compares Gemini’s
prediction on the original question to the gold answer. NumEdit Match measures the fraction of NumEdit
predictions identical to the original prediction (lower is better). Paraphrase Match measures the fraction of
Paraphrase predictions identical to the original prediction (higher is better).

Paraphrase prompt template

You are rewriting a math problem.
Language constraint (MUST follow):
- The paraphrase MUST be written in the SAME language as the original question.
- The original question language is: {language_name}. Do NOT translate to any other language.
Hard constraints:
1) Preserve ALL numbers exactly (character-for-character).
2) Preserve ALL LaTeX math exactly as-is (anything inside $...$ must appear unchanged).
3) Keep the question asking for the same final quantity; the problem must be logically equivalent.
4) Reduce lexical overlap by paraphrasing and reordering sentences outside math mode.
5) Do NOT include any solution steps, explanations, or the final answer.
6) Do NOT add or remove any facts, entities, units, or constraints.

Return ONLY valid JSON with exactly these keys:
{“paraphrase”: “...”, “changes”: “...”}
Original problem:
{problem}

Figure 23: Prompt used to generate meaning-preserving paraphrases using Gemini-2.5-Flash. Placeholders
{language_name} and {problem} are substituted per instance.

latent dynamics (cf. §5) are performed using the1312

HuggingFace Transformers library.111313

All experiments are run on NVIDIA A100 GPUs1314

(80 GB) and NVIDIA RTX A6000 GPUs (48 GB).1315

11https://huggingface.co/docs/transformers
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Solvability evaluation prompt

You are given a grade-school math word problem.

Language constraint:
- Write your solution in the SAME language as the problem.
- The problem language is: {language_name}. Do not translate.

You may write intermediate steps.
Hard requirement:
- End your response with a SINGLE final line in the following exact format:
FINAL_ANSWER: <answer>

Rules for <answer>:
- Provide only the final numeric value (or a simplified number).
- Do not wrap it in LaTeX, do not add units, and do not add extra words.
- Do not output anything after the FINAL_ANSWER line.

Problem:
{problem}

Figure 24: Prompt used to evaluate the solvability of original and counterfactual MGSM questions using
Gemini-2.5-Flash. Placeholders {language_name} and {problem} are substituted per instance.

Figure 25: Language-specific prompt templates (containing the explicit language instruction) used for controlling
the reasoning language.
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Figure 26: Language-specific prompt-hacking prefixes
used to reinforce language control. Each prefix is in-
serted immediately after the <think> tag to steer the
model’s explicit reasoning trace to match the prompt
language.

Figure 27: Language-specific answer-elicitation pre-
fixes used to directly prompt the model for a final nu-
merical answer. Each prefix is appended immediately
after the </think> tag to elicit the prediction.
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