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Abstract

Large reasoning models (LRMs) achieve strong
performance on mathematical reasoning tasks,
often attributed to their capability to generate
explicit chain-of-thought (CoT) explanations.
However, recent work shows that LRMs of-
ten arrive at the correct answer before com-
pleting these textual reasoning steps, indicat-
ing the presence of latent reasoning — inter-
nal, non-verbal computation encoded in hid-
den states. While this phenomenon has been
explored in English, its multilingual behavior
remains largely unknown. In this paper, we con-
duct a systematic investigation of multilingual
latent reasoning in LRMs across 11 languages.
Using a truncation-based strategy, we examine
how the correct answer emerges as the model
is given only partial reasoning traces, allowing
us to measure stepwise latent prediction for-
mation. Our results reveal clear evidence of
multilingual latent reasoning, though unevenly:
strong in resource-rich languages, weaker in
low-resource ones, and broadly less observable
on harder benchmarks. To understand whether
these differences reflect distinct internal mech-
anisms, we further perform representational
analyses. Despite surface-level disparities, we
find that the internal evolution of predictions is
highly consistent across languages and broadly
aligns with English — a pattern suggesting an
English-centered latent reasoning pathway.'

1 Introduction

Recent large reasoning models (LRMs) (OpenAl
et al., 2024; Yang et al., 2025; DeepSeek-Al et al.,
2025) have rapidly advanced the state of the art
on many challenging tasks, such as coding, mathe-
matical reasoning, and logical reasoning (Li et al.,
2025). This is largely thought to be due to their ca-
pacity to generate explicit CoT explanations (Wei
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et al., 2022) that scaffold multi-step problem solv-
ing, especially through test-time scaling, where
enough computation budget is given to allow the
model to generate longer reasoning traces (Snell
et al., 2024; Muennighoff et al., 2025).

Despite this reliance on explicit CoT explana-
tions, emerging evidence shows that models often
engage in latent reasoning — computing interme-
diate or final answers within hidden states. Such
latent behavior has been observed in multi-hop fac-
tual knowledge recall (Yang et al., 2024; Biran
et al., 2024) and, in the context of CoT, in models
that internally form solutions well before they artic-
ulate the answer in their reasoning (Lanham et al.,
2023; Pfau et al., 2024; Mao et al., 2025). This
phenomenon aligns with recent findings that LLMs
can “think ahead” by predicting future tokens di-
rectly from intermediate hidden states (Pal et al.,
2023; Wu et al., 2024; Cai et al., 2024). Together,
these observations indicate that explicit CoT gen-
eration is not the sole mechanism through which
LRMs solve problems and that reasoning may be
occurring within the model’s latent space.

However, existing studies of latent reasoning fo-
cus almost exclusively on English, leaving open
how these latent reasoning processes behave across
languages. At the explicit reasoning level, mul-
tilingual performance is already known to be un-
even: models trained on English-centric corpora
often struggle with underrepresented languages
due to limited multilingual reasoning training data
(Wang et al., 2025a; Huang et al., 2025), weaker
language understanding ability (Yoon et al., 2024;
Kang et al., 2025), and lower-quality reasoning
trace generation (Yong et al., 2025; Zhao et al.,
2026). These findings raise a natural question: if
explicit reasoning varies across languages, does la-
tent reasoning exhibit similar disparities, or does it
follow a language-independent mechanism? This
motivates our two research questions: (RQ1) Do
LRMs exhibit latent reasoning across languages,
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and how does the strength vary? and (RQ2) Do
languages follow different internal latent reasoning
pathways, or do they share a common mechanism?

To answer these questions, we conduct a sys-
tematic investigation of multilingual latent reason-
ing in LRMs using two mathematical reasoning
benchmarks of different difficulty across 11 lan-
guages. To address RQ1, we quantify how strongly
LRMs rely on explicit reasoning traces by eliciting
and evaluating their stepwise early predictions in
truncated traces, and we propose novel aggregate
metrics capturing different dimensions of latent
reasoning (cf. §4). To address RQ2, we analyze
the internal evolution of answer formation using
the logit lens approach (Nostalgebraist, 2020), ex-
amining when the correct answer becomes prob-
able across layers in each language, and we com-
pare hidden-state similarity trajectories across lan-
guages (cf. §5). We further disentangle latent rea-
soning from potential memorization effects (cf. §7).

Our key findings are as follows: (i) Latent rea-
soning exists across languages. However, resource-
rich languages show strong early-emergent correct-
ness, while low-resource ones display weaker latent
reasoning signals. (ii) Latent reasoning is less pro-
nounced under increased task difficulty. On harder
benchmarks, early answer formation largely disap-
pears across all languages and model sizes. (iii) In-
ternal latent reasoning dynamics are shared across
languages. Such dynamics converge to an English-
centered pathway, especially for high-resource lan-
guages and correctly solved instances. (iv) While
models show partial memorization, latent reason-
ing remains evident for high-resource languages,
and this capability scales with model size.

2 Related Work

Multilingual Reasoning Multilingual reasoning
remains challenging due to the strong language
bias of most models (Ghosh et al., 2025). Since
models often rely on English as a pivot, translate-
then-solve strategies are frequently effective for
under-resourced languages (Qin et al., 2023; Huang
et al., 2023; Zhu et al., 2024). Recent work shows
that post-training on multilingual reasoning data
can substantially improve crosslingual performance
(Chen et al., 2024; Huang et al., 2025). At infer-
ence time, model behavior is highly sensitive to
the language used in the reasoning process (Wang
etal., 2025¢c; Qi et al., 2025; Yong et al., 2025; Tam
et al., 2025). These performance gaps have been

attributed to disparities in the quality of language-
specific reasoning traces (Zhao et al., 2026) and
to failures in basic understanding for low-resource
inputs (Kang et al., 2025; Bafna et al., 2025). How-
ever, existing studies focus almost exclusively on
explicit multilingual reasoning behavior. Our work
aims to investigate latent reasoning across lan-
guages systematically.

Implicit Latent Reasoning Unlike explicit rea-
soning, where models produce step-by-step textual
explanations, implicit or latent reasoning refers to
the internal computation that occurs in the model’s
hidden representations (Cheng and Durme, 2024;
Li et al., 2025; Chen et al., 2025a). Prior work
shows that LLLMs may pursue multiple latent rea-
soning paths in parallel, gradually increasing confi-
dence in a particular solution as explicit reasoning
unfolds (Prystawski et al., 2023; Dutta et al., 2024;
Qian et al., 2025). Yet even when the model has in-
ternally formed the correct answer, it may continue
generating unnecessary reasoning steps, referred
to as “overthinking” (Chen et al., 2025b; Sui et al.,
2025). Motivated by these observations, there have
been new approaches aiming to train models to rea-
son directly in latent space without producing full
textual traces (Deng et al., 2024; Hao et al., 2025;
Lin et al., 2025; Saunshi et al., 2025; Xu et al.,
2025a). However, this line of work focuses almost
exclusively on English, leaving open whether latent
reasoning behaviors emerge across languages. Our
work addresses this gap by systematically evaluat-
ing and comparing latent reasoning dynamics in a
multilingual setting.

3 Experimental Setup

3.1 Models

We use three distilled variants of
DeepSeek-R1 (DeepSeek-Al et al., 2025),
DeepSeek-R1-Distill-Qwen-{7B, 14B, 32B},

whose backbone models are based on the Qwen2.5
family (Qwen Team et al., 2025). These models
are selected because they exhibit strong reasoning
performance while providing multiple sizes,
enabling us to analyze how multilingual latent
reasoning varies with model capacity.

3.2 Datasets and Languages

MGSM Multilingual Grade School Math dataset
(Shi et al., 2023) contains 250 grade-school math
problems sourced from GSMS8K (Cobbe et al.,
2021), originally written in English and manually
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translated into 10 additional languages: French
(FR), German (DE), Chinese (ZH), Japanese (JA),
Russian (RU), Spanish (ES), Swahili (SW), Ben-
gali (BN), Telugu (TE), and Thai (TH). Since the
underlying mathematical problems are identical
across languages, it is well-suited for studying mul-
tilingual (latent) reasoning dynamics.

Multilingual AIME The Multilingual Ameri-
can Invitational Mathematics Examination (AIME)
datasets are translated versions of AIME2024 and
AIME2025 introduced by Qi et al. (2025), cov-
ering the same 11 languages as MGSM. These
datasets contain substantially more challenging,
competition-level math problems, enabling us to ex-
amine how increased problem difficulty influences
multilingual latent reasoning dynamics.

We categorize the languages considered in
this study into high-resource (EN, ES, DE, FR,
RU, ZH), mid-resource (BN, JA, TH), and low-
resource (SW, TE) groups. This categorization
is based on the relative availability of large-scale
training resources and the degree of language cov-
erage in contemporary multilingual LLMs (Joshi
et al., 2020; Blasi et al., 2022; Xu et al., 2025b)

3.3 Language Control

LLMs may generate explicit reasoning traces in a
language different from that of the prompt (Wang
et al., 2025¢; Qi et al., 2025), which is undesirable
for crosslingual analysis of latent reasoning. To en-
sure that explicit reasoning is produced in the same
language as the input, we employ a prompt-hacking
strategy (Qi et al., 2025; Zhao et al., 2026) that in-
serts a language-specific prefix immediately after
the <think> token, reliably steering the reasoning
trace to the target language (see §F.1 for details).

4 Latent Reasoning Identification

To address RQ1: Do LRMs exhibit latent reasoning
across languages, and how does the strength vary?,
we analyze the model’s early predictions under
reasoning-trace truncation. This protocol connects
the explicit reasoning process with the model’s in-
ternal answer construction: if the model already
knows the answer early in the trace, it should often
answer correctly even when only a small portion
of the reasoning is visible. This method is similar
to concurrent work on early stopping and stepwise
answer prediction (Mao et al., 2025; Wang et al.,
2025d; Zhao et al., 2026; Chen et al., 2026), but we
leverage such truncation to identify latent reasoning

and complement it with novel metrics that quantify
latent reasoning capability across languages.

4.1 Truncating Reasoning Traces

Let x denote a math problem and let the model
produce a full reasoning trace ¢ = (t1,t2,...,tr)
in the target language, followed by a final an-
swer, where ¢; indicates the ¢-th reasoning step.2
We then consider a set of truncation ratios R =
{r1,7re,...,rar} C [0, 1], where each r € R spec-
ifies the fraction of the reasoning trace that is re-
tained (e.g., 10%). For a ratio r, we define the
truncation index as m(r) = |r - T'| and the trun-
cated reasoning trace as c<, = (t1, 12, ... ,tm(r)).
We then ask the model to directly produce a numer-
ical prediction based on the original math problem
x and the truncated reasoning trace c<;.>

4.2 Evaluation Metrics

We evaluate performance over a set of truncation
ratios 7 € R using the following metrics.*

Truncated Pass@#k. This metric estimates the
probability that at least one correct answer appears
among the top-k attempts for a given problem (Ku-
lal et al., 2019; Chen et al., 2021). Let ag(r) denote
the pass@Fk accuracy at truncation ratio r, i.e.,

N

ar(r) = = D13 < k() =y

i=1

where N is the number of problems, g)j(-l) (r) is the
j-th sampled prediction for problem 7 based on the
truncated reasoning trace cg, and y(V* is the gold
answer. This metric measures performance under
partial reasoning: if ay () is high even for small 7,
the model may not rely on fully explicit reasoning
traces and instead perform latent reasoning.

Gold-in-Trace Rate. There are cases where the
model explicitly articulates the answer in early rea-
soning steps, and then continues to refine it or ex-
plore additional paths in later steps. In such cases,
correct predictions may depend on the explicitly
written answer. To distinguish these cases, we ad-
ditionally track whether the gold answer already

The 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.

3This 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 §F.1 for details).

“For MGSM, we consider every 10%, ie, 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@Fk 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.

appears in the visible reasoning prefix c<,. We
define the gold-in-trace rate at truncation ratio r as

Z 1 {y(i)* appears in cg

1€Cx (1)

Here, Ci(r) denotes the set of correctly solved
instances under truncation ratio r according to
pass@k. Importantly, a high gold-in-trace rate is
expected at large truncation ratios (e.g., r ~ 1),
where the full reasoning trace should usually con-
tain the final answer. Thus, gold-in-trace is pri-
marily informative at small truncation ratios: a
high value early in the trace suggests that correct-
ness may be driven by explicit answer articulation,
whereas a low value indicates that correct predic-
tions are more likely supported by latent reasoning.

1
9(r) = &)

Area Under the Truncation Accuracy Curve
(AUTC). We define the AUTC as

1
AUTCk:/ ag(r)dr.
0

A model that reaches high accuracy early (i.e.,
needs only a short prefix of the trace) will yield
a larger AUTC than a model whose accuracy only
improves near  ~ 1. AUTC is thus a measure of
how early and robustly correct predictions emerge

as more reasoning is revealed.
Area Under the Gold-in-Trace Curve
(AUGC). Analogously, we define the AUGC as

1
AUGCk:/ gi(r) dr
0

A high AUGC indicates that, when the model is
correct, the gold answer tends to be articulated
early, while a low AUGC indicates that the gold
answer usually appears near the end of the trace.
Latent Reasoning Score (LRS). To focus on
correctness that is not trivially attributable to copy-
ing the answer from the trace, we define LRS as

LRS; = /01 ax(r) (1 — gk(r)) dr.

Intuitively, we weight performance at each trunca-
tion ratio by the complement of the gold-in-trace
rate: correctness that occurs affer the answer is al-
ready articulated in the trace (high g (r)) is down-
weighted, while correctness that occurs before the
answer is visible (low g (7)) is upweighted. There-
fore, LRS can be regarded as a proxy measure for
the model’s latent reasoning capability.

We approximate AUTC, AUGC, and LRS nu-
merically using the trapezoidal rule (Hildebrand,
1987) over all considered truncation ratios r € R.

4.3 Results and Discussion

Figure 1 presents truncation curves for R1-Qwen-
32B across 5 languages on two benchmarks (see
§C for full results). Table 1 summarizes the corre-
sponding AUTC, AUGC, and LRS scores across
all 11 languages, models, and datasets. Finally,
Figure 2 breaks down newly correct predictions in
each truncation ratio interval by whether their gold
answers are articulated in the newly added reason-
ing steps, already appear in earlier steps, or do not
appear in the current truncated trace at all.

The model often knows the answer even be-
fore any reasoning is articulated. Across many
high-resource languages — most notably English,
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Dataset Model Metric | DE EN ES FR RU ZH | BN JA TH | SW TE
AUTC 0.45 0.52 0.45 0.43 0.46 0.53 0.38 0.38 0.37 0.10 0.24
R1-Qwen-7B 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
MGSM
AUTC 0.54 0.59 0.59 0.55 0.58 0.62 0.51 0.55 0.57 0.22 0.28
R1-Qwen-14B 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
AUTC 0.67 0.75 0.69 0.64 0.68 0.70 0.61 0.63 0.69 0.38 0.39
R1-Qwen-32B 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
AUTC 0.07 0.10 0.06 0.05 0.06 0.09 0.04 0.02 0.02 0.00 0.01
R1-Qwen-7B 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
Multilingual AIME
AUTC 0.05 0.12 0.07 0.07 0.05 0.08 0.08 0.02 0.05 0.00 0.04
R1-Qwen-14B 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
AUTC 0.06 0.18 0.08 0.09 0.10 0.13 0.04 0.04 0.07 0.01 0.01
R1-Qwen-32B 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.

French, and Chinese, the pass@1 accuracy at zero
reasoning steps is already nontrivial (around 0.2).
This suggests that for MGSM, the model can fre-
quently compute the answer directly in its latent
representations, without requiring explicit step-by-
step CoT generation. As the truncation ratio in-
creases, accuracy rises steadily in all languages,
accompanied by a growing gold-in-trace rate that
typically approaches 1.0 once the full trace is re-
vealed. Figure 2 further supports this observation:
most early correct predictions do not depend on the
articulation of the gold answer in the visible trace.
Together, these findings suggest that explicit chain-
of-thought primarily serves to surface an answer
that has already been internally computed: latent
reasoning precedes explicit verbal reasoning.
Latent reasoning is substantially stronger in
high-resource languages. Comparisons across
languages using AUTC and LRS reveal clear mul-
tilingual disparities. For MGSM, high-resource
languages such as English and Chinese obtain both
high AUTC and high LRS. For example, English
achieves AUTC 0.52 and LRS 0.38 with R1-Qwen-
7B, indicating that a large fraction of early accuracy
cannot be explained by explicit answer articulation.
In contrast, low-resource languages such as Swahili
show much lower AUTC and LRS, meaning that
the model struggles to produce correct answers
under truncation and relies more heavily on fully
articulated reasoning traces. Increasing model size
from 7B to 32B seems to improve AUTC and LRS
in all languages, but does not eliminate the gap:
latent reasoning remains markedly less effective in
low-resource languages. Overall, latent reasoning
is a strongly resource-dependent phenomenon.
Latent reasoning is less pronounced on more

challenging benchmarks. On Multilingual AIME,
both AUTC and LRS drop sharply across languages
and model sizes compared to MGSM. For exam-
ple, LRS decreases from about 0.38 on MGSM to
0.03 on Multilingual AIME for English with R1-
Qwen-7B, with similar trends in other languages
and larger models. This pattern indicates that for
problems requiring longer, more complex reason-
ing, models rarely form correct predictions early,
prior to explicit answer articulation, and instead
rely more heavily on extended explicit reasoning.

5 Latent State Dynamics

In §4, we observed that models exhibit clear signs
of latent reasoning across languages — particularly
on lower-complexity tasks — but with substantial
crosslingual variation: high-resource languages
tend to reach correct predictions earlier and more
reliably. To better understand the origins of these
differences, we must go beyond surface-level out-
puts and examine the model’s internal represen-
tations. We therefore turn to RQ2: Do different
languages rely on different internal latent reason-
ing mechanisms? To answer this question, we ana-
lyze both the layer-wise evolution of the model’s
implicit predictions (§5.1) and the similarity of hid-
den states across languages (§5.2).

5.1 Dynamic of Ranking Across Layers

To investigate whether different languages rely
on distinct internal latent reasoning mechanisms,
we analyze how evidence for the correct answer
emerges across model layers using the logit lens
(Nostalgebraist, 2020). While the logit lens is
not a perfect probe of intermediate representations,
particularly due to residual stream entanglement
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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.

(Belrose et al., 2025), it remains a useful diagnos-
tic tool for tracking relative changes in answer
salience across layers when applied consistently
within the same model (Wendler et al., 2024; Wang
et al., 2025b). Concretely, at each layer, we project
the hidden state (i.e., residual stream activation)
through the model’s layer normalization and un-
embedding matrix and record the rank of the gold
answer.” By comparing these rank trajectories
across languages for a fixed model, we can assess
whether layers play comparable functional roles in
latent reasoning across different languages.

Figure 3 shows rank trajectories across lan-
guages, models, and datasets. A striking obser-
vation is that all languages exhibit highly similar
ranking curves for a fixed model, suggesting that
the internal mechanism used to form the solution
is largely language-invariant. Despite differences
in surface language realization and accuracy, the
underlying latent computation appears to follow
the same structural progression across layers.

At the same time, we observe distinct patterns
across model sizes. These differences suggest that
model capacity can shape latent reasoning dynam-
ics, consistent with prior work showing that larger
models exhibit qualitatively different intermediate-
layer behavior, such as stronger representation com-
pression, compared to smaller models (Skean et al.,
2025). In particular, larger models appear to dis-
tribute reasoning more evenly across depth, allow-
ing intermediate representations to encode increas-
ingly informative abstractions. Notably, this pat-

The 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).

tern aligns with recent findings that multilingual
models maintain a largely language-independent
conceptual space in their middle layers (Wang et al.,
2025b; Lu et al., 2025). The emergence of interme-
diate answer salience in larger models may there-
fore reflect a greater capacity to exploit this shared
space, enabling earlier and more stable accumula-
tion of evidence toward the correct solution.

5.2 Hidden State Similarity

We showed that a model presents consistently simi-
lar rank trajectories across layers across languages
in §5.1. We further hypothesize that such consis-
tency may reflect an English-centered latent reason-
ing process, in which reasoning in other languages
implicitly aligns with the pathway used for English.

To test this hypothesis, we compute cosine simi-
larity between the hidden states of each target lan-
guage and those of English. For each example in a
target language, at each truncation ratio, we extract
the hidden state of the final token of the reasoning
trace and measure its similarity to the correspond-
ing hidden state of its English counterpart. We
aggregate similarities in two ways: (i) averaging
over layers and (ii) averaging over reasoning steps.

Figure 4 summarizes these results. Overall, we
observe consistently higher similarity with English
for high-resource languages, including those us-
ing non-Latin scripts such as Chinese and Russian.
In contrast, mid-resource languages with distinct
scripts (e.g., Japanese) and low-resource languages
(e.g., Telugu) exhibit lower similarity to English.
This pattern is stable across layers and reasoning
steps, suggesting that reasoning in high-resource
languages may be processed in a representa-
tional space more closely aligned with English,
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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.

whereas mid- and low-resource languages de-
viate more substantially.® However, similarity
alone does not distinguish whether this alignment
reflects an English-centered reasoning process or
merely arises from shared correct answers.

To disentangle these effects, for each language,
we group MGSM examples into correct and incor-
rect sets based on pass@ 10 accuracy, and compare
the (1) similarity with English and (ii) average sim-
ilarity with other languages (excluding itself and
English). Figure 5 presents the results over layers
and reasoning steps (see full results in §D.2).

Language resource level modulates align-
ment with English in latent reasoning. High-
resource languages (e.g., German) exhibit consis-
tently strong alignment with English that is largely
independent of correctness: incorrect instances re-
main nearly as similar to their English counter-
parts as correct ones, particularly in early reason-
ing stages. Although a modest gap emerges as
the reasoning trace unfolds, this appears to reflect
increasing commitment to an (incorrect) solution
rather than a shift away from English-aligned la-
tent trajectories. The absence of a substantial cor-
rect—incorrect gap overall indicates that, for high-
resource languages, alignment with English reflects
a stable latent reasoning trajectory rather than a

8Crosslingual similarity may also be influenced by lin-
guistic and typological relatedness between languages, which
could partially contribute to the observed alignment patterns.

byproduct of successful solution formation. In con-
trast, low-resource languages (e.g., Swahili) show
weaker alignment with English across both cor-
rect and incorrect examples, while exhibiting rel-
atively higher similarity to other languages. This
pattern suggests a more autonomous subspace that
is less shaped by English-centric post-training and
more influenced by language-specific representa-
tions formed during pretraining (Chang et al., 2022;
Liu et al., 2024). Mid-resource languages (e.g.,
Thai) occupy an intermediate regime: alignment
with English is more pronounced for correct in-
stances than for incorrect ones, suggesting that
convergence toward English-like latent trajectories
occurs primarily when reasoning is successful.

6 Is Latent Reasoning Behavior Specific
to Distilled Models?

A potential concern is whether the observed latent
reasoning behavior is specific to distilled reasoning
models, or whether it generalizes to models with
different post-training paradigms. Prior work sug-
gests that reinforcement learning (RL) and distilla-
tion can lead to different reasoning behaviors (Yue
et al., 2025; Kim et al., 2025; Baek and Tegmark,
2025). To investigate this, we extend our latent
reasoning identification (§4) to additional models.

6.1 Experimental Setup

Model Selection. In addition to the distilled reason-
ing model R1-Qwen-32B used in §4, we consider
two additional models derived from the same base
model: (1) Qwen2.5-32B-Instruct (Qwen Team
et al., 2025), an instruction-tuned model without ex-
plicit reasoning distillation, and (2) Nemotron-32B
(Moshkov et al., 2025), a reasoning model trained
with RL-based post-training.

Evaluation Metrics. @We adopt the same
truncation-based evaluation as in the main experi-
ments (cf. §4.2), including AUTC (Area Under the
Truncation Accuracy Curve), AUGC (Area Under
the Gold-in-Trace Curve), and LRS (Latent Rea-
soning Score). These metrics jointly characterize
when correctness emerges during reasoning and
whether it depends on explicit answer articulation.

6.2 Results and Discussion

Table 2 reports our results. Overall, the main find-
ings remain consistent across all models. In partic-
ular, we observe high AUTC across models, indi-
cating that correct answers can often be produced
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Dataset Model Metric | DE EN ES FR RU ZH | BN JA TH | SW TE
AUTC 0.62 0.70 0.67 0.63 0.65 0.66 0.66 0.63 0.63 0.41 0.49
Qwen2.5-32B AUGC 0.15 0.16 0.15 0.14 0.16 0.20 0.17 0.19 0.18 0.17 0.17
LRS 0.50 0.57 0.55 0.53 0.52 0.50 0.52 0.48 0.49 0.33 0.39
MGSM
AUTC 0.67 0.75 0.69 0.64 0.68 0.70 0.61 0.63 0.69 0.38 0.39
R1-Qwen-32B 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
AUTC 0.84 0.88 0.86 0.80 0.84 0.83 0.70 0.78 0.77 0.34 0.26
Nemotron-32B AUGC 0.86 0.82 0.84 0.81 0.77 0.81 0.81 0.82 0.77 0.45 0.57
LRS 0.09 0.11 0.11 0.11 0.15 0.11 0.11 0.11 0.14 0.18 0.11
AUTC 0.03 0.04 0.03 0.03 0.04 0.02 0.01 0.01 0.03 0.02 0.00
Qwen2.5-32B AUGC 0.07 0.04 0.32 0.48 0.16 0.09 0.03 0.33 0.62 0.02 0.00
LRS 0.02 0.04 0.02 0.02 0.03 0.02 0.01 0.00 0.01 0.02 0.00
Multilingual AIME
AUTC 0.06 0.18 0.08 0.09 0.10 0.13 0.04 0.04 0.07 0.01 0.01
R1-Qwen-32B 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
AUTC 0.38 0.43 0.41 0.38 0.36 0.32 0.30 0.37 0.30 0.05 0.13
Nemotron-32B AUGC 0.79 0.88 0.84 0.75 0.73 0.73 0.93 0.81 0.79 0.26 0.56
LRS 0.03 0.02 0.03 0.04 0.03 0.03 0.02 0.03 0.03 0.03 0.04

Table 2: Truncation-based metrics across different post-training paradigms. While RL-trained models (Nemotron-
32B) achieve stronger overall performance (higher AUTC), multilingual asymmetry persists. Higher AUGC in RL
models indicates earlier answer articulation, often followed by extended reasoning (“overthinking”).

from partial reasoning traces. However, latent rea-
soning remains uneven across languages for both
instruction-tuned and RL-based models, suggesting
that this disparity is not specific to distilled models.

Early answer articulation and overthinking in
RL models. Nemotron-32B achieves substantially
higher AUTC than the other models, indicating
stronger overall reasoning capability. However, it
also exhibits much higher AUGC and relatively low
LRS, suggesting that correctness often relies on
early answer articulation. Inspection of reasoning
traces reveals that the model frequently produces
the correct answer within the first ~20% of steps,
followed by extended reflective reasoning. This be-
havior is consistent with overthinking (Chen et al.,
2025b; Sui et al., 2025), where the model continues
generation after already reaching the answer.

Task difficulty governs latent reasoning dy-
namics. Despite differences in post-training, all
models exhibit similar trends across benchmarks.
On MGSM, models can often produce correct an-
swers with minimal or even no reasoning trace,
indicating the presence of latent reasoning. In
contrast, on the more challenging Multilingual
AIME benchmark, correct predictions typically
require explicit answer articulation, resulting in
lower AUTC/LRS and higher AUGC. This further
confirms that task difficulty plays a central role in
shaping latent reasoning dynamics.

7 Complementary Analysis:
Memorization or Latent Reasoning

In §4, we observed that for MGSM, models can
sometimes predict the correct answer even when
no reasoning trace is provided (i.e., truncation ra-

tio 0%). While this behavior may suggest that
the model has already implicitly computed the an-
swer and thus exhibits latent reasoning, an alterna-
tive explanation is that the model has memorized
the solution due to exposure during pre-training or
post-training, a phenomenon commonly referred to
as data contamination or benchmark leakage (Xu
et al., 2024; Balloccu et al., 2024). Under such
circumstances, correct predictions may arise from
direct recall rather than genuine latent reasoning.
To disentangle memorization from latent rea-
soning, we conduct a complementary analysis that
probes the model’s sensitivity to controlled ques-
tion perturbations. The intuition is as follows: if a
model relies on memorization, small but meaning-
altering edits should not substantially change its
predictions, as the original answer may still be re-
called. In contrast, a reasoning-based model should
adapt its prediction to such changes. Conversely,
when the underlying meaning of a question is pre-
served but surface form is altered via paraphras-
ing, a reasoning model should remain robust and
continue to produce the correct answer, whereas a
memorization-based model may fail.

7.1 Method

We focus on MGSM and restrict our attention to
questions that are answered correctly under the
pass@10 when no reasoning trace is provided
(i.e., truncation ratio = 0%), for each language and
each model independently, as they are particularly
ambiguous cases where memorization and latent
reasoning are difficult to distinguish. For each ques-
tion, we apply the following editing strategies.’

"See §E 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

Rl-Qwen7B  WoTrace | 040 031 029 034 036 033 | 038 051 033 | 052 040

NemEdit () wiTrace | 027 025 021 022 024 016 | 021 032 030 | 019 017

um 1

Rl-Qwen14p  WoTrace | 033 027 020 035 035 029 [ 030 043 029 | 047 039

wiTrace | 019 016 021 020 019 013 | 015 028 015 | 022 0712

wioTrace | 031 032 029 027 035 028 | 032 047 031 | 037 033

RI-Qwen-32B /' Trace | 018 020 020 019 019 019 | 016 026 018 | 022 018

Rl-Qwen7B  WoTrce | 066 070 0735 072 071 074 | 067 064 057 | 045 058

paraphrase (1 wiTrace | 100 1.00 096 099 099 096 | 095 090 096 | 035  0.85
araphrase

R ~ wi/o Trace . . . . . . . . . . .63

R1-Qwen-14B /o T 079 08 073 077 085 072 | 079 075 081 | 055  0.63

wiTrace | 097  1.00 098 096 099 095 | 095 094 099 | 060  0.54

wioTrace | 086 081 086 083 090 091 | 090 085 085 | 083 076

R1-Qwen-32B /i race | 099 099 098 09 098 096 | 099 098 0.9 | 092 078

Table 3: 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
(1), 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 numerical
value in the original question while keeping the
rest of the problem unchanged. The edit is chosen
such that it alters the solution, and therefore, the
original gold answer is no longer correct. Accord-
ingly, we evaluate NumEdit using the martching
ratio with the original gold answer, where lower
values indicate better sensitivity to the perturbation.

Paraphrase We paraphrase and reorder the ques-
tion text while preserving all numerical values,
mathematical expressions, and the overall seman-
tics. The paraphrased question is logically equiv-
alent to the original, and thus the gold answer is
unchanged. In this case, we evaluate performance
using standard accuracy (the higher the better).

7.2 Results and Discussions

Models exhibit partial memorization, but latent
reasoning remains evident. Table 3 shows that
under NumEdit, models still match the original
gold answer in a non-trivial fraction of cases, with
matching ratios typically around 30% across lan-
guages, with high-resource languages (e.g., En-
glish) generally showing a lower matching ratio
than low-resource languages (e.g., Swahili), under
the w/o Trace setting. However, the matching ratio
consistently decreases when models are allowed
to generate a new reasoning trace, often dropping
below 25% for smaller models and below 20% for
the 32B model in most languages.® Taken together,
these results indicate that while memorization is
present, models largely recompute solutions rather
than merely recalling memorized answers, provid-
ing evidence in favor of latent reasoning.

8We use Gemini-2.5-Flash to validate NumEdit; around
10% of the edited questions retain the same gold answer (see
§E). 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
pattern-matching memorization. In Paraphrase,
pass@ 10 accuracy under the w/o Trace setting is
typically above 70%, and increases further when
allowing the model to generate a new reasoning
trace across languages. For instance, R1-Qwen-
32B reaches near-perfect accuracy in high-resource
languages such as English and German under the
w/ Trace setting. Although performance is lower
for under-resourced languages (e.g., Swabhili), the
same trend holds. Additionally, accuracy consis-
tently improves with model scale, and explicit rea-
soning traces further amplify this effect. These re-
sults suggest that the models do not rely solely on
surface-level pattern matching to the original ques-
tion wording. Instead, their robustness to paraphras-
ing provides converging evidence that the models
engage in genuine reasoning processes.

8 Conclusion

We present a systematic study of multilingual la-
tent reasoning in LRMs. Using truncation-based
analyses, we show that LRMs can perform latent
reasoning, but this capability is highly uneven: it is
strong in resource-rich languages on easier tasks,
weak in low-resource languages, and is largely un-
detectable on more challenging benchmarks. Our
representational analyses reveal highly consistent
layer-wise dynamics across languages, with latent
reasoning converging toward an English-centered
pathway, particularly for high-resource languages
and correctly solved instances. Finally, we demon-
strate that these behaviors cannot be explained by
surface-level memorization alone. Together, our
findings suggest that current LRMs exhibit real
but fragile multilingual latent reasoning, shaped by
English-centric post-training and task complexity.
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Limitations

While this work offers a systematic analysis of
multilingual latent reasoning in LRMs, it is subject
to several limitations.

First, we implement reasoning-trace truncation
at the step level rather than the foken level, fol-
lowing previous work. While step-based trunca-
tion aligns with sentence-level CoT structure and
improves interpretability, finer-grained token-level
truncation may reveal more precise dynamics of
latent answer formation and is left to future work.

Second, our Gold-in-Trace metric relies on string
matching to detect whether the gold answer appears
in the reasoning trace, which may yield false pos-
itives when intermediate values happen to match
the final answer. However, as discussed in §B, this
effect is limited in our setting due to the preva-
lence of multi-digit answers and conditioning on
correct predictions. More sophisticated and robust
matching strategies can be explored in future work.

Third, our experiments focus on mathematical
reasoning benchmarks. While this choice enables
precise measurement of latent reasoning through
clear numeric answers and structured multi-step
reasoning, it may limit generalizability to other rea-
soning domains, such as commonsense reasoning.
Extending our analysis to such tasks is an important
direction for future work.

Fourth, due to computational constraints, our ex-
periments are limited to models up to 32B parame-
ters. While we include models with different post-
training paradigms and observe consistent trends,
extending the analysis to larger-scale models can
be an interesting direction for future work.

Finally, our work is primarily diagnostic and
does not propose a new inference method. In-
stead, we focus on analyzing whether latent reason-
ing exists across languages and how its behavior
varies with language and task difficulty. While our
findings provide insights into multilingual reason-
ing (e.g., asymmetry across languages and task-
dependent dynamics), future work can translate
these insights into concrete improvements for mul-
tilingual inference, such as transferring reasoning
capabilities from high- to low-resource languages.
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A Reasoning Trace Statistics

Table 4 reports the average and median number of
reasoning steps for MGSM and Multilingual AIME
across languages.

For MGSM, we observe that most languages
exhibit an average of approximately 10 reasoning
steps. Accordingly, we adopt a truncation granular-
ity of 10%, which roughly corresponds to removing
one reasoning step at a time.

In contrast, Multilingual AIME displays substan-
tially longer reasoning traces on average, while the
median number of steps is markedly smaller. This

discrepancy is primarily driven by a small number
of outlier instances, which is expected given the
limited dataset size (60 problems). To better ac-
count for crosslingual variation in reasoning length
while controlling computational cost, we therefore
use a finer truncation granularity of 5% for Multi-
lingual AIME.

B Potential False Positives in
Gold-in-Trace Matching

A potential limitation of the Gold-in-Trace metric
is that it relies on string matching to detect whether
the gold answer appears in the truncated reasoning
trace. In principle, this may introduce false posi-
tives when intermediate values happen to match the
final answer. For example, if the correct answer is
“5”, an intermediate step such as “5 apples remain
after step 2” would be counted as a match, even if
it is unrelated to the final solution. However, we
expect such cases to be rare in our experimental
setting for the following reasons.

First, in both MGSM and Multilingual AIME,
gold answers are typically multi-digit integers. The
probability that an unrelated intermediate value
exactly matches the final answer is therefore low.
To quantify this, we report the proportion of single-
digit answers in each dataset in Table 5.

Second, Gold-in-Trace and AUGC are computed
only over correctly solved instances. If the model
produces the correct final answer and the same
value appears earlier in the reasoning trace, this is
more likely to reflect early internal convergence
rather than random coincidence.

While false positives cannot be completely ruled
out, the combination of multi-digit answer distribu-
tions and conditioning on correct predictions sub-
stantially reduces their likelihood. We therefore
consider Gold-in-Trace to be a reasonable proxy
for early answer articulation in our setting.

C Complete Truncation Results

C.1 Truncation Curves

Figures 6, 7, 8 and their Multilingual AIME coun-
terparts (Figure 9, 10, 11) visualize pass@k ac-
curacy (k = 1,5,10) and the gold-in-trace rate
as a function of reasoning-trace truncation ratio
across languages and model sizes. Across models,
MGSM exhibits a characteristic pattern in which
accuracy increases well before the gold answer
is explicitly articulated, whereas on Multilingual
AIME accuracy typically remains low until late
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Dataset Model EN FR DE ZH JA RU ES SW BN TE TH
RI-Qwen-7B  9.5(9.0) 11.4 (9.0) 109 (9.5) 108(9.0) 13.1(80)  9.4(8.0) 96(80)  21.6(9.0) 16.1(140) 239(200)  18.9(9.0)
MGSM RI-Qwen-14B  11.2(10.0)  13.6(13.0) 147(13.0) 163 (130) 1L1(100) 138(120) 138(11.0) 32.6(180) 158(130) 226(17.0)  12.4(11.0)
RI-Qwen-32B  232(19.0)  9.2(8.0) 11.7(11.0)  202(180)  102(9.0)0  10.1(9.0) 103(8.0) 203(160) 148(130) 182(155)  12.6(11.0)
RI-Qwen-7B  234.9 (168.0) 197.2(132.0) 206.3 (124.5) 263.9 (181.0) 169.0 (47.0) 143.8(540) 226.1(152.5) 92.5(10.0) 1144 (665) 117.5(125.5 95.6(15.5)
Multilingual AIME  R1-Qwen-14B  231.8 (169.0) 183.4(120.5) 162.4 (107.0) 2672 (178.5) 144.6(67.5) 217.8 (157.0) 2053 (139.0) 95.7 (66.0) 141.5(108.0) 1223 (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 4: 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.

Dataset #Questions  #Single-Digit %

MGSM 250 38 15.2%
AIME-2024 (Multilingual) 30 0 0.0%
AIME-2025 (Multilingual) 30 0 0.0%

Table 5: Proportion of single-digit gold answers.

truncation ratios. The figures also highlight sub-
stantial crosslingual variation, with high-resource
languages generally achieving earlier and more sta-
ble gains than mid- and low-resource languages.

C.2 Causal Decompositions

Figures 12, 13, 14 (MGSM) and Figures 15, 16,
17 (Multilingual AIME) further decompose accu-
racy gains between consecutive truncation intervals
into three cases: (i) the gold answer is newly ar-
ticulated in the added reasoning steps, (ii) it was
already present earlier in the visible trace, or (iii)
it has not yet appeared in the truncated trace. This
analysis disentangles improvements driven by ex-
plicit answer articulation from those arising prior
to any verbalized solution. On MGSM, gains at
early and intermediate truncation ratios are largely
attributed to case (iii), indicating that correct predic-
tions often emerge before the answer is explicitly
articulated. In contrast, on Multilingual AIME,
gains are sparser and increasingly dominated by
cases (i) and (ii), reflecting a stronger dependence
on explicit reasoning and a reduced role for early
latent solution formation.

D Complete Similarity results

D.1 Similarity with English

We conduct a focused analysis of crosslingual rep-
resentational alignment by computing the cosine
similarity between hidden states in each target lan-
guage and those of English. For each instance, and
at each truncation ratio, we extract the hidden state
corresponding to the final token of the partial rea-
soning trace and compare it with the hidden state
obtained from the English version of the same prob-
lem. To summarize these similarities, we aggregate
them both across layers and across reasoning steps.
Figure 18 and Figure 19 present the resulting trends
for MGSM and Multilingual AIME, respectively.

Across both benchmarks, we observe system-
atic differences in representational alignment with
English that seem to correlate with language re-
source levels: high-resource languages exhibit con-
sistently stronger alignment with English represen-
tations, whereas mid- and low-resource languages
show reduced alignment.

D.2 Similarity vs. Correctness

We examine whether answer correctness affects
crosslingual alignment by grouping MGSM exam-
ples into correct and incorrect sets and comparing
their similarity to English and to other languages.
Results for R1-Qwen-{7B,14B,32B} are shown in
Figures 20, 21, 22. Across models, alignment with
English seems to vary systematically with language
resource level. High-resource languages show con-
sistently strong similarity to English regardless of
correctness, whereas low-resource languages (e.g.,
Swabhili) are more similar to other non-English lan-
guages, suggesting a more autonomous latent sub-
space. Mid-resource languages exhibit an inter-
mediate pattern, with stronger English alignment
primarily for correctly solved instances.
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Figure 6: Pass@Fk accuracy (k = 1, 5, 10) and gold-in-trace rate under reasoning-trace truncation for R1-Qwen
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).

22345



Multilingual AIME | R1-Qwen-7B | Bengali Multilingual AIME | R1-Qwen-7B | German Multilingual AIME | R1-Qwen-7B | Spanish

Multilingual AIME | R1-Qwen-7B | English

10 10 1 1
pass@l | pass@1 | y pass@1 B " pass@1
08 pass@5 | S 0s pass@5 | v 2 s pass@s W 2 s pass@s 3
pass@10 | & pass@10 . pass@10 o & pass@10 el P
% 6| -+ Gold-in-Trace (pass@1) Y X 6] -+ Gold-inTrace (pass@1) Y X 6] -+ Gold-inrace (pass@1) Y X 6] -+ Gold-inTrace (pass@1) " g
® ‘ g9 g9 AR g9 g
a Z o9 o9 Z 9 W 2
8o < 8o f < 8o < 8o <
© i © o © ©
02 S o2 S o2 S o2 R S
o - =e s = s 0 = S o e 0 —
00 02 04 06 08 10 00 02 04 o6 08 10 00 02 04 6 08 10 00 02 04 06 08 10
Truncation Ratio Truncation Ratio Truncation Ratio Truncation Ratio
o Multilingual AIME | R1-Qwen-7B | French mMultihnguaI AIME | R1-Qwen-7B | Japanes 10 Multilingual AIME | R1-Qwen-7B | Russian o Multilingual AIME | R1-Qwen-7B | Swahili
pass@1 o pass@1 pass@l | pass@1
o8- pass@5 I L os pass@5 L os pass@5 | = |2 os pass@5 M
pass@10 i & pass@10 e 2 pass@10 H K pass@10 2
% 6| ~#- Gold-in-Trace (pass@1) Y X ] = Gold-inTrace (pass@1) Y X 4] =~ Gold-in-Trace (pass@1) Y X gg] - Gold-inTrace (pass@1) g
© s © s @ 2 © e
" 1 g - g g
2 El El El 5
Sos € Sos € Sos € Sos <
i = = = =
0z S o S o P S
3 LSS S S 0 - 0 = . - o
00 4 05 0 00 0 & 05 o 00 02 0 05 05 0 00 04 & 05 0
Truncation Ratio Truncation Ratio Truncation Ratio Truncation Ratio
o Multilingual AIME | R1-Qwen-7B | Telugu 1o Multilingual AIME | R1-Qwen-7B | Thai 10 Multilingual AIME | R1-Qwen-7B | Chinese
pass@1 pass@1 pass@1 [
08 pass@5 ] 08 pass@5 2 08 pass@5 WYy ]
pass@10 K pass@10 & pass@10 : &
;@()“ - Gold-inTrace (pass@1) ] ;@()“ & Gold-in-Trace (pass@1) 9 é@t)“ - Gold-in-Trace (pass@1) 3
@ g Py g W g
@ ) ) 5
Sos¢ e Sos £ Jo¢ £
] ] ]
02 S o2 S o2 . S
0 3 0 feeetet 0 =
00 s 10 00 08 10 00 08 10

04 06 04 06 0 06
Truncation Ratio Truncation Ratio Truncation Ratio

Figure 9: Pass@Fk accuracy (k = 1, 5, 10) and gold-in-trace rate under reasoning-trace truncation for R1-Qwen
on Multilingual AIME. Latent reasoning is less pronounced compared to MGSM.
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Figure 10: Pass@Fk 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@Fk 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.

4,,__MGSM | R1-Qwen-14B | Bengali | Pass@1 4., __MGSM | R1-Qwen-14B | German | Pass@1 4., ___MGSM | R1-Qwen-14B | English | Pass@1 4.,_MGSM | R1-Qwen-14B | Spanish | Pass@1

g Coincident articulation | 2 Coincident articulation | 2 Coincident articlation | £ Coincident artculation

a B I I I

Sos Already articulated Ros Already articulated Sos Already articulated Sos Already articulated

< Not yet articulated < Not yet articulated < Not yet articulated < Not yet articulated

£ 3 3 3

Sos Sos Sos Sos

8 8 8 8

z z z z

H ] ] g

Zoa Zoa Zoa Zoa

s s s s

So2 So2 So2 So2

g 8 8 8

g =14 nw2 ne? =it neld =25 ne3t ne30 ned6 | ner g 0230 (n=3 =8 (ne8 =1 ne2s n=2s nes2 Inedo neis g 0210 010 113 =l 1=20 n=20 n=30 n=29 ne32 nels 53 =0 [nw2| ne11 lnw2 ne1 0=y ne3s nesv ne3s) nets
O 9 5P I G G o [ O 9 5P I G G o ]

Truncation Interval Truncation Interval Truncation Interval Truncation Interval

$.,__MGSM | R1-Qwen-14B | French | Pass@1 5,0 MGSM | R1-Qwen-14B | Japanese | Pass@1 g . MGSM | R1-Qwen-14B | Russian | Pass@1 3,0 MGSM | R1-Qwen-14B | Swahili | Pass@1

3 Coincident articulation | & Coincident artculation | & Coincident articulation | £ Comcident artculation

Sos Already articulated Sos Already articulated Gos Already articulated Ros Already articulated

2 Not yet articulated 2 Not yet articulated 2 Not yet articulated Z Not yet articulated

g g g g

Sos 306 306 306

8 8 8 8

z z z z

H ] ] ]

Zoa Zos Zos Zoa

s s s s

So2 So2 So2 So2

s 5 5 5

g =l n=B  n=9 ne? n=8 n=23 n=23 n=84 n=s2 n=1o g =13 n=4 n=10 =10 =18 n=20 n=34 n=31 n=d6 n=t g =9 n=t (et ne12 n=14 018 n=30 n=s3 n=36 n=is 53 n=11 =9 0=0 n=6 n=3  n=d n=12 n=16 =12 n=l0

e e e S e

Truncation Interval Truncation Interval Truncation Interval Truncation Interval

MGSM | R1-Qwen-14B | Telugu | Pass@1 MGSM | R1-Qwen-14B | Thai | Pass@1 MGSM | R1-Qwen-14B | Chinese | Pass@1
Coincident articulation Coincident articulation Coincident articulation
Already articulated Already articulated Already articulated
Not yet articulated Not yet articulated Not yet articulated

10

0 n=10 0=z n=5 ner o0 vl o= nels ned ne9 n=12 n=s n=s o=19 n=29 n=a) o34 126 nes 09 01 om0 ne19 n=20 v ozl o3 n=m1 nen
NP B N Ve B N )
U A N o w0 ™ ot e T 7 o 0T 0T 0 0 0 0T 0T 0% o

Truncation Interval Truncation Interval Truncation Interval

Proportion of New Correct Samples.

Proportion of New Correct Samples.

Proportion of New Correct Samples.

z
z

S
o 9 «

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.
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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.

22349



MGSM | R1-Qwen-7B | ref=English MGSM | R1-Qwen-14B | ref=English

MGSM | R1-Qwen-32B | ref=English
1.0 1.00 1.0 =
0.9 —~— —————— 0.95
z z Zos
z = 0.90 =
500 N\ 5 5
=, = 085 =
€ € € os
B os & 0.80 @ |
] —— Bengali  —— Russian @ o75{ — Bengali  —— Russian o —— Bengali  —— Russian ’\
G °° German Swahili G German Swahili G o7 German Swahili
S04l — spanish  —— Telugu S 0701 Spanish  —— Telugu S —— Spanish  —— Telugu |
—— French Thai 0651 — French Thai 0g] — French Thai \
031 —— japanese Chinese 0.60] — Japanese Chinese —— Japanese Chinese
o 5 10 15 20 25 0 10 20 30 40 50 o 10 20 30 40 50 60
Layer index Layer index Layer index
MGSM | R1-Qwen-7B | ref=English MGSM | R1-Qwen-14B | ref=English MGSM | R1-Qwen-32B | ref=English
0.94
092 004 0.9
z z z
T 090 T 0927 = T 094
K _ S S
= 088 - T E 090 — — €
e e —— B L B E
B o6 @ £om 7
@ —— Bengali —— Russian @ 0831 _—"gengali —— Russian @ —— Bengali = Russian -
S 08 German Swahili R B 086 German Swahili S 090 German Swahili
S 082 — Spanish  —— Telugu e e S —— Spanish  —— Telugu S —— Spanish  —— Telugu \/
—— French Thai 0.84{ — French Thai 0.88{ — French Thai /
0804 —— Japanese Chinese —— Japanese Chinese —— Japanese Chinese \77
082
o 2 40 ) 0 100 o 2 40 ) 80 100 3 2 100
Reasoning progress (%) Reasoning progress (%)

40 ) 80
Reasoning progress (%)

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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E Perturbation Details

We used the two perturbation methods in §7.1 to
probe memorization versus (latent) reasoning. Both
methods operate only on the subset of MGSM in-
stances that the model answers correctly under
pass@10 when the truncation ratio is 0% (i.e.,
with an empty <think></think> block). For
each selected instance, we produce two edited
variants: NumEdit (meaning-altering) and Para-
phrase (meaning-preserving).

E.1 NumkEdit

NumkEdit creates a minimally changed but meaning-
altering counterfactual by perturbing exactly one
number in the question. The expected behavior
differs depending on whether the model relies on
memorization or reasoning: a memorization-driven
model may continue to output the original answer,
whereas a reasoning-driven model should adapt its
answer to the changed quantity.

Numeric span detection. We identify candidate
numbers using a conservative regular expression
that matches standalone numeric tokens (including
optional negative sign and decimal part), while
avoiding matches that are embedded in words or
common formats that are likely to break semantics:

* Exclude years: numbers matching 19xx or
20xx are skipped.

* Exclude ordinals: tokens followed by
st/nd/rd/th are skipped.

* Exclude fractions: occurrences adjacent to /
(e.g., 1/2) are skipped.

Perturbation rule. Among the remaining candi-
dates, we perturb exactly one numeric span with a
small additive change:

* If the token is an integer:

— For {0, 1,2}, add +1.
— Otherwise add a small A € {1,2}
(seeded randomness).

* If the token is a float, add a small fixed delta
depending on magnitude: +0.1 for |z| < 1,
+0.5 for |z| < 10, otherwise +1.0.

E.2 Paraphrase

Paraphrase produces a meaning-preserving rewrite
intended to reduce lexical overlap with the original

prompt while keeping the problem logically equiv-
alent. Unlike NumEdit, the gold answer remains
the same. Thus, high performance on paraphrased
questions supports generalization beyond surface-
form memorization.

LLM-based Question Paraphrasing. We lever-
age Gemini-2.5-Flash to paraphrase each ques-
tion. We have the following constraints in the
prompt to ensure that the paraphrased question is
equivalent to the original one:

- Preserve all numbers exactly.

- Preserve all LaTeX math segments (anything
inside $. . . $) exactly as-is.

- Maintain logical equivalence and ask for the
same final quantity.

- Do not add/remove constraints, entities, or
units.

To prevent crosslingual drift, we additionally spec-
ify that the paraphrase must be written in the same
language as the input question. The prompt tem-
plate is shown in Figure 23.

Automatic validation. Each paraphrase is vali-
dated before acceptance: the multiset of numeric
tokens in the paraphrase must match the original.
If not, the same prompt will be applied again until
the paraphrased question is valid.

E.3 Perturbation Solvability

To verify that the generated counterfactual ques-
tions remain solvable and do not introduce un-
intended artifacts, we conduct an auxiliary eval-
uation using a strong commercial model again
(Gemini-2.5-Flash). This analysis serves as a
sanity check that the perturbations preserve mathe-
matical well-formedness while modifying surface
form or numerical content as intended.

Setup. For each selected MGSM problem, we
query the model on three inputs: the original ques-
tion, its NumEdit variant, and its Paraphrase variant
(for each input, we only query once). The model
is instructed to optionally generate intermediate
steps but to output a single final answer in a strict,
parseable format (see prompt in Figure 24). We
then compare Gemini’s predictions across variants.
Specifically, we report: (i) Orig Acc, Gemini’s
accuracy on the original question; (ii)) NumEdit
Match, the proportion of NumEdit predictions
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identical to the original prediction (lower is better,
as the gold answer is expected to be changed); and
(iii) Paraphrase Match, the proportion of Para-
phrase predictions identical to the original predic-
tion (higher is better, as the gold answer is expected
to be preserved).

Results and Discussion. Table 6 shows that
Gemini achieves consistently high accuracy on the
original questions across models and languages, in-
dicating that the selected problem subset is reliably
solvable. For NumEdit, the matching ratio remains
low (typically below 10%), confirming that the nu-
merical perturbations effectively alter the solution
and are not trivially ignored. In contrast, Para-
phrase variants exhibit very high matching ratios
(often above 95%), demonstrating that meaning-
preserving rewrites retain solvability and solution
consistency. These trends are stable across model
sizes and languages, including lower-resource set-
tings. Together, these results confirm that both per-
turbation methods produce mathematically valid
and solvable questions. NumEdit reliably changes
the target answer, while Paraphrase preserves it,
validating their use as controlled probes for disen-
tangling memorization from latent reasoning.

F Experimental Details

F.1 Language Control

Following Qi et al. (2025); Zhao et al. (2026), we
adopt a set of complementary strategies to ensure
that the model’s explicit reasoning trace is pro-
duced in the same language as the input prompt.

Prompt Formation We prepend each input with
an explicit language-specific instruction that ex-
plicitly specifies the target language for reasoning.
This instruction is embedded into a standardized
prompt template, shown in Figure 25, which is used
consistently across all languages.

Prompt Hacking Even with explicit language
instructions in the prompt, LLMs may still gener-
ate reasoning traces in a language different from
that of the input, a phenomenon observed in prior
work on multilingual reasoning and language mix-
ing (Wang et al., 2025c; Qi et al., 2025; Zhao et al.,
2026). Such behavior is undesirable in our setting,
as it confounds cross-lingual comparisons of latent
reasoning by introducing variation at the level of ex-
plicit verbalization. To mitigate this issue, we adopt
a prompt-hacking strategy (Schulhoff et al., 2023;

Benjamin et al., 2024) that reinforces the language
constraint at inference time. Concretely, following
prior work (Qi et al., 2025; Zhao et al., 2026), we
insert a language-specific prefix immediately after
the opening <think> tag (e.g., “By request, I
will begin to think in English”). This prefix
explicitly restates the target language at the onset
of the reasoning trace and reliably steers the model
to produce explicit reasoning in the same language
as the prompt until the closing </think> tag is
reached. The complete set of prompt-hacking pre-
fixes used in our experiments is listed in Figure 26.

Answer Elicitation To analyze early answer for-
mation during truncated reasoning, we aim to elicit
the model’s prediction immediately after the visible
reasoning prefix, without allowing further reason-
ing steps. Accordingly, we append a language-
specific answer-elicitation prefix directly after the
closing </think> tag. This prefix prompts the
model to produce only the final numerical answer,
preventing additional reasoning or thought contin-
uation beyond the truncated trace. The answer-
elicitation prefixes used in our experiments are
shown in Figure 27.

F.2 Pass@k Evaluation

For each question, we generate 10 independent
samples and evaluate each prediction separately.
Correctness is assessed via exact matching. Fol-
lowing prior work (Qi et al., 2025; Zhao et al.,
2026), models are instructed to enclose their final
answers in \boxed{}, from which the boxed con-
tent is extracted and compared against the gold
answer using mathematical equivalence rather than
raw string matching.

G Environment and Hyperparameters

We set the maximum generation length to 4K to-
kens for the MGSM benchmark and 16K tokens
for Multilingual AIME across all evaluated mod-
els. Unless stated otherwise, we adopt the rec-
ommended generation configurations provided on
HuggingFace.!? In particular, we use a tempera-
ture of 0.6 and top-p sampling with p = 0.95. For
reproducibility, the random seed is fixed to 42.
Experiments on identifying multilingual latent
reasoning (cf. §4) and on memorization versus
latent reasoning (cf. §7) are conducted using the
vLLM framework,'! while experiments analyzing

Yhttps://huggingface.co
Uhttps://vllm.ai/
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Original Model Metric EN FR DE ZH JA RU ES SW BN TE TH

Orig Acc 1 098 093 095 094 0.88 1.00 0.96 094 0.93 091 0.96
R1-Qwen-7B NumkEdit 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 1+ 0.97 093 099 095 097 1.00 095 097 093 0.87 091

Orig Acc 1 097 096 094 094 088 095 094 0.86 0.99 0.89 0.96
R1-Qwen-14B  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 1+ 0.97 094 0.97 096 093 095 097 0.88 097 093 094

Orig Acc 1 098 097 093 093 094 098 097 095 0.96 0.89 0.96
R1-Qwen-32B NumkEdit 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+ 0.94 095 097 098 095 099 097 095 097 095 0.95

Table 6: 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}

N

J

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 the
HuggingFace Transformers library.'?

All experiments are run on NVIDIA A100 GPUs
(80GB) and NVIDIA RTX A6000 GPUs (48 GB).

2https://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.

Lang Prompt Template

BN Wl 0 Sl IR 51 26+ |\n\n T3 Ao STromifls «1vst Lot Sieie 647 | (I, o pers
BeaB\boxed{}ad T @AW= 26+ I\n 1551 {Nn\n

DE Bitte denken Sie immer auf Deutsch.\n\n Losen Sie das folgende Mathematikproblem
Schritt fiir Schritt. Am Ende geben Sie Thre endgiiltige Antwort in \boxed{} ein.\n
Problem: {l\n\n

EN Please always think in English.\n\n Solve the following mathematics problem step by
step. At the end, provide your final answer enclosed in \boxed{}.\n Problem: {}\n\n

ES Por favor, siempre piensa en espafiol.\n\n Resuelve el siguiente problema matematico
paso a paso. Al final, proporciona tu respuesta final encerrada en \boxed{}.\n Prob-
lema: {}\n\n

FR Veuillez toujours réfléchir en frangais.\n\n Résolvez le probléme mathématique suiv-
ant étape par étape. Ala fin, fournissez votre réponse finale entourée de \boxed{}.\n
Probléme : {}\n\n

JA HICHARGETEZTLEZ W, \n\n LTFOBEME LR X T v TNAL XTF v P THRNT

{7ZE W, BRIZ, R E Z % \boxed{}y THA THREEL T ZZ W, \n
& : {N\n\n

RU IMo>kamny¥icra, Bcerja  AymMadTe  IIO-PYyCcCKU.\n\n = PeIlmuTe  CIEAYIONIYIO
MaTeMaTH4ecKyl0 3aJady Imar 3a IIaroM. B KOHIIe IIpeJoCTaBbTE CBOH
OKOHYATeJIHLHBIN 0TBET, 3aKJII0UeHHBIN B \boxed{}.\n 3aiaua: {}\n\n

SW  Tafadhali daima fikiria kwa Kiswahili.\n\n Tatuwa tatizo la hisabati lifuatalo hatua
kwa hatua. Mwishoni, toa jibu lako la mwisho lililozungukwa na \boxed{}.\n Tatizo:
{n\n

TE BAH3Dd YT SBenth &° @S®Dotod.\n\n §od He3es R30R0gR0 SO 5853 B0, DG, LN
AN0ar), o) \boxed{} &° oroch.\n 26&63563: {HNn\n

TH asandadun s meiaua.\n\n uitgmeadiamansee Wilfiastunou
gavhelissyfnougainsvosnalu \boxed{}.\n Yayw1: {}\n\n

ZH  EREATEE, \n\nBSBRU TR, BfE, RERBEERBIE \boxed {3,
\n[fl&: {}\n\n

Figure 25: Language-specific prompt templates (containing the explicit language instruction) used for controlling
the reasoning language.
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Lang Prompt Hacking Prefix

BN Sy A0, @i QR o) ol @ e |

DE Auf Anfrage werde ich anfangen, in Deutsch zu denken.
EN By request, I will start thinking in English.

ES A peticién, empezaré a pensar en espafiol.

FR Sur demande, je commencerai a penser en frangais.

JA ZERBBIUL, HEABETEZHDET,

RU ITo 3ampocy s1 Ha4Hy [yMaTh Ha PYyCCKOM.

SW Kwa ombi, nitaanza kufikiria kwa Kiswahili.

TE wig8d o, 3 Boothd’® 86 oo FrEDI.

TH auAYe SuszduAadunising

ZH  NESK, BRITERATSCES,

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.

Lang Answer Elicitation Prefix

BN Teq = \boxed{

DE Die Antwort ist: \boxed{
EN The answer is: \boxed{
ES La respuesta es: \boxed{
FR La réponse est : \boxed{
JA BZIE  \boxed{

RU OTBeT: \boxed{

SW Jibu ni: \boxed{

TE Neerdo: \boxed{

TH ANGBUAD: \boxed{

ZH R \boxed{

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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