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Abstract

Large language models (LLMs) exhibit sub-
stantial cross-lingual variation in mathemati-
cal reasoning performance, but it remains un-
clear whether these differences reflect language-
specific parameters or a shared mechanism that
manifests differently by language. We present
a cross-lingual mechanistic analysis of mathe-
matical reasoning in LLMs, enabling us to lo-
calize and compare model parameters that sup-
port mathematical reasoning across languages.
We find that the extracted math-associated pa-
rameters exhibit partial cross-lingual overlap,
with the strongest overlap concentrated in in-
termediate model layers. We further observe
that English consistently produces the largest
set of math-relevant parameters, whereas lower-
resource languages reveal smaller sets of rel-
evant parameters. These results suggest that
math-related behavior in multilingual LLMs
is neither fully language-invariant nor fully
language-specific, but instead exhibits partial
cross-lingual parameter overlap with systematic
language-dependent differences.

) Code: https://github.com/luisavictor/math-
across-languages

¥, Translated datasets: https://hugging-
face.co/math-across-languages

1 Introduction

Large language models (LLMs) have achieved re-
markable success across a range of tasks, yet their
performance on multilingual mathematical reason-
ing remains uneven (Chen et al., 2024). Under-
standing how these models process mathematical
tasks across languages is critical for building robust
multilingual systems.

Existing research on LLM capabilities can be
broadly categorized into two streams. First, mech-
anistic studies localize task-specific skills to sub-
sets of model parameters. Recent methods lever-
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age forward-pass statistics (Sun et al., 2023). No-
tably, Christ et al. (2025) introduced MathNeuro-
surgery, isolating parameters critical to mathemati-
cal reasoning in LLMs. Second, multilingual rea-
soning studies primarily evaluate performance or
representational properties. Datasets and strategies
like MathOctopus (Chen et al., 2024) and the UST
dataset (Ko et al., 2025) target cross-lingual general-
ization, while Liu et al. (2026) suggests that English-
centric latent pathways may dominate multilingual
reasoning. However, these approaches rarely iden-
tify whether the same parameters support mathe-
matical reasoning across languages.

Despite these advances, several challenges re-
main. Mechanistic analyses are mostly limited to
English, leaving open questions about cross-lingual
parameter sharing. Similarly, performance-focused
multilingual studies do not reveal the underlying
computational substrates of reasoning. These gaps
hinder our understanding of whether mathematical
reasoning relies on a universal core or language-
specific circuits. To address this gap, we investigate
the localization and overlap of math-specific param-
eters in LLMs. Our contributions are threefold:

* Mechanistic localization of multilingual
math circuits: We develop a framework to iden-
tify and compare model parameters supporting
mathematical reasoning across languages.

* Language-dependent variation in parameter
allocation: We show that English contains the
largest set of math-specific parameters, while
lower-resource languages have fewer.

* Functional validation via weight interven-
tion: We demonstrate that mathematical rea-
soning emerges as a collective property of these
localized parameters.

2 Related Work

Mechanistic analysis of LLMs. Several studies
have explored localizing task-specific capabilities
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within LLM parameters. Gradient-based attribution
techniques identify parameters critical to specific
tasks (Panigrahi et al., 2023), while forward-pass
statistics offer a computationally efficient alterna-
tive (Sun et al., 2023). Christ et al. (2025) proposed
MathNeurosurgery, which isolates math-specific
parameters by comparing weight—activation prod-
ucts on math and non-math datasets. However, their
analysis primarily focuses on English and does not
examine cross-lingual parameter behavior.

Multilingual LLLMs. Research on multilingual
LLMs has explored dataset creation and evalua-
tion. MathOctopus (Chen et al., 2024) and the UST
dataset (Ko et al., 2025) target cross-lingual gen-
eralization, while other studies suggest that mul-
tilingual models often rely on English-centric la-
tent pathways (Liu et al., 2026). These analyses
typically evaluate performance or representations,
leaving the underlying parameter-level mechanisms
unexplored.

Cross-lingual mechanistic studies. Some recent
work has investigated neuron activation patterns
across translated inputs to identify shared functional
units (Wang et al., 2024). Our study differs by us-
ing a parameter-importance framework, analyzing
both attention and Feed-Forward Network (FFN)
weights, to localize math-specific circuits and quan-
tify their overlap across languages.

3 Methodology

We employ the MathNeurosurgery frame-
work (Christ et al., 2025) to identify math-specific
parameters and subsequently analyze their overlap,
both at the level of the entire model and across
individual layers, across multiple languages.

3.1 Parameter Identification

Following (Christ et al., 2025), we first compute
the task-specific .S;; for weight j in neuron ¢:

Sy=> Wl x4 rxen
k=1

where W;; represents the weight, |.| denotes the
absolute value operator, and || X Jk ||2 is the L2 norm
of the j-th feature aggregated across input tokens to
normalize the input X from dataset D for sample k.
Using this formulation, we compute scores for each
parameter over math (D) and non-math datasets
(Dron-math)- Then we separately identify the top-k
proportion of parameters with the highest score for
each task in each layer. Finally, we identify the

math-specific parameters by taking the subset of
parameters that are crucial for the math task but not
for the unrelated task.

3.2 Similarity Metric

To measure similarity between two sets of extracted
parameters, we first separately run the previous step
for each language, and then measure their pairwise
overlaps using the Jaccard coefficient. Let 77 and
T5 denote the sets of important parameters repre-
senting task-specific parameters for the same task
in two languages. The overlap between the two
parameter sets is computed as:

Ty N T3
J(Ty, Ty) = M )

4 Results

We begin with the experimental setup, followed by
an analysis of the results.

4.1 Experimental Setup

We evaluate Llama 3.2 1B IT (Llama 1B) (Meta Al,
2024b), Qwen3 4B IT-2507 (Qwen3 4B) (Qwen
Team, 2025), and Llama 3.1 8B IT (Llama 8B)
(Meta Al, 2024a) across English, German, French,
and Hindi on GSMS8K (Cobbe et al., 2021) for math
reasoning (Dmam), MMLU (Hendrycks et al., 2020)
and RACE (Lai et al., 2017) as general language
understanding datasets (Dyon-math). We mainly fo-
cus on Llama 1B in the main text, while results for
larger models are in the Appendices.

4.2 Does math performance correlate with the
model’s capacity for each language?

Figure 1 (left) illustrates that, for each top-k value,
English consistently exhibits the highest number of
math-specific parameters, followed by German and
French, and then Hindi. This pattern aligns with the
observed reasoning performance across languages,
as shown in Table 1. More specifically, the trend
in the number of math-specific parameters aligns
with the relative performance ranking across lan-
guages. For example, in Figure 1, at top-k = 0.01,
English has the highest parameter count, French
and German have approximately equal counts, and
Hindi has the lowest. Moreover, the gap between
Hindi and French is smaller than that between Hindi
and English. This pattern becomes even more pro-
nounced with larger models (Figures F.4, E.5).
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English
GSMSK RACE GSM8K RACE GSM8K RACE GSM8K RACE

Llama 1B 0.340 0379 0.235 0321 0.145 0.299 0.185 0.348
Qwen34B  0.735 0414 0.685 0356 0.385 0.353 0.690 0.403
Llama 8B  0.765 0448 0.585 0396 0415 0388 0580 0413

German Hindi French

Model

Table 1: Pretraining accuracy (%) on GSM8K and
RACE across English, German, Hindi, and French.
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Figure 1: Math-specific parameters in Llama 1B. Left:
Number of isolated parameters per language. Right:
Jaccard similarity between language-specific parameter
sets.

Finding: The distribution of math-specific param-
eters across languages tends to align with their
relative reasoning performance in LLMs.

4.3 Is there a shared cross-lingual core for
mathematical reasoning?

Figure 1 highlights the number of math-associated
parameters in English (En), German (De), Hindi
(Hi) and French (Fr), as well as the Jaccard simi-
larity across language pairs for Llama 1B. Across
all language pairs, the Jaccard similarity primarily
peaks in the intermediate layers and decreases in
deeper layers. The same behavior is also observed
in larger models (Figures F.1-F.3). This pattern
is consistent with prior findings that earlier lay-
ers capture more surface-level linguistic features,
while later layers can become more specialized and
language-dependent (Tang et al., 2024).

Figures 1 and 2 demonstrate that English con-
sistently possesses the highest number of math-
associated parameters, both in the entire model and
in nearly every layer. This implies that the model
possesses a more distributed and resilient internal
circuit for mathematical computations in English.

Notably, the Jaccard similarity remains substan-
tially above the random baseline across all pairings,
except in the initial and final few layers. This sug-
gests the presence of a partially shared parameter
substrate associated with mathematical problem
solving, especially in intermediate layers. Lower
similarity in the initial and final layers, especially
in larger models (Figures F.2, F.3), likely reflects
two distinct phenomena. In early layers, low over-
lap is consistent with the surface-level processing

discussed above. In later layers, it instead points
to increased language-specific specialization: with
larger parameter budgets, models can mitigate the
curse of multilinguality (Conneau et al., 2020) by
allocating dedicated sub-networks for language-
specific reasoning, rather than relying on shared
parameters, consistent with other findings on layer
specialization in LLMs (Frey et al., 2026).

While Figures 1 and 3 confirm that lexically sim-
ilar, high-resource languages like French and Ger-
man exhibit the highest overlap, the lower similarity
observed in pairs involving Hindi, particularly En-
Hi, suggests a structural barrier imposed by script
and tokenization. Because English and Hindi share
neither an alphabet nor substantial lexical overlap,
the model appears to rely on more disjoint param-
eter subsets to map divergent input encodings to
a shared internal representation. This pattern is
also observed in Llama 8B, independent of model
scale (Figure F.3). In contrast, the effect is less
pronounced in Qwen3 4B (Figure F.2), potentially
reflecting differences in multilingual pretraining
coverage, vocabulary design, or tokenization. We
emphasize that this interpretation is speculative, as
our experiments do not isolate these factors.

Surprisingly, the De-Hi and Fr-Hi overlaps in
many layers are notably higher than that of En-
Hi. We consider two possible explanations. First,
French and Hindi as well as German and Hindi have
a comparable number of parameters compared to
English and Hindi, which explains the lower Jaccard
scores for En-Hi. The larger denominator in the
similarity computation using Equation 2 is due to
English’s larger set of math-associated parameters,
which increases the size of the union and reduces
the Jaccard similarity. Second, an alternative inter-
pretation is the existence of a shared non-English
subspace: a multilingual reasoning manifold that
the model exploits when operating outside its pri-
mary English-centric pathways. Notably, the pat-
tern in which En-Hi similarity is lower than De-Hi,
Fr-Hi, and De-Fr persists across almost all layers
and scales to larger models (Figures F.2, F.3). This
consistent, surprising observation further motivates
the hypothesis that non-English languages may rely
on partially overlapping parameter subsets distinct
from those used for English.

Finding: There exists a partially shared parame-
ter substrate for math problem-solving, which is
most prominent in the intermediate layers.
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Figure 2: Layer-wise distribution of math-reasoning
parameters per language for Llama 1B.
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Figure 3: Layer-wise Jaccard similarity of math-specific
parameters across language pairs for Llama 1B.

4.4 How do weights scaling & pruning change
the model’s behavior?

To validate and investigate the effectiveness of iso-
lated parameters, following Christ et al. (2025), we
apply two interventions: pruning and scaling (full
results in Appendix D). In pruning, weights are set
to zero, which ideally impairs mathematical perfor-
mance more than non-mathematical performance.
In scaling, weights are multiplied by a positive fac-
tor (1.1 for Llama 1B, 1.01 otherwise). While scal-
ing may improve performance, the effect is less
predictable than pruning, as outcomes depend sen-
sitively on the factor choice. In both settings, the in-
tended trend is observed: non-mathematical perfor-
mance remains largely unchanged, whereas mathe-
matical reasoning is either significantly reduced by
pruning or enhanced by scaling.

Analyzing examples where scaling guides the
model to the correct answer, we find that the reason-
ing logic remains largely unchanged, even though
the reasoning may not be entirely accurate and may
include some missing steps (Figure E.2). However,
for all four languages, the gains mainly come from
correcting errors in arithmetic computations, as
shown in Figures E.1-E.4. This observation ex-
plains the trivial improvements observed in larger
models, which already have strong arithmetic ca-
pabilities and are therefore less responsive to small
parameter perturbations.

Tables D.9 and D.10 demonstrate an emerg-
ing pattern when pruning Qwen3 4B model with
top-k=1e-5. Instead of dropping performance, per-
formance on the English GSM8K task improved
remarkably. Manual inspection revealed that sup-
pressing such parameters mainly improved out-
put formatting and better in-context learning (Fig-

Performance Change
from Baseline (%)

—e— English

Top-k = 0.001
Parameters Pruned

0 51K 102K 152K 203K 254K O 451K 903K 1.4M 1.8M 23M 0 2.8M 57M 8.5M 11.3M14.2M
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Figure 4: Effect of pruning isolated math-specific param-
eters on performance across languages for Llama 1B.

ure E.9). More details in Appendix D.

Finding: Scaling math-specific parameters pri-
marily corrects arithmetic execution rather than
reasoning logic. In some cases, pruning may
improve GSMSK accuracy by changing output
format or few-shot imitation behavior, rather than
by improving reasoning itself.

4.5 Math-specific parameters effect: collective
or individual?

We investigate whether isolated math-specific pa-
rameters exhibit a collective effect, i.e. their impact
arises from their aggregation, or an individual ef-
fect, where performance changes are driven by a
small number of critical parameters. To this end, for
the selected top-k parameters, we sample random
subsets at several intermediate proportions. For
each proportion, we repeat the sampling process
three times and prune the selected parameters.

Figure 4 depicts the results for Llama 1B across
three languages. The observed trend is approxi-
mately linear, suggesting that the isolated parame-
ters effect is predominantly collective rather than
driven by individual parameters. Specifically, the
linear relationship indicates that performance degra-
dation scales with the proportion of important pa-
rameters removed. Moreover, the low standard de-
viation supports this conclusion, indicating that the
results are not sensitive to the specific subset se-
lected; instead, performance degradation is primar-
ily determined by the proportion of parameters ab-
lated. We observe similar trends for larger models
(Figures D.1, D.2).

Finding: ldentified math-specific parameters have
a collective influence on the outcome.

5 Conclusion

Our mechanistic analysis suggests that math-
associated parameters in multilingual LLMs exhibit
partial cross-lingual overlap, with the highest over-
lap concentrated in intermediate layers. At the same
time, deeper layers show more language-specific
patterns. We find that English yields the largest
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set of extracted math-associated parameters, con-
sistent with its stronger performance in our exper-
iments. Lower-resource languages and languages
with different scripts, such as Hindi, show less over-
lap with English, while still sharing some overlap
with other non-English languages. These results
suggest a distinct pattern of overlap among non-
English math-associated parameters. Finally, inter-
vention experiments indicate that the effect of the
identified parameters is distributed across the se-
lected set, i.e. exhibiting a collective effect, rather
than dominated by a small number of individual
parameters.
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Limitations

Our work has several limitations. First, despite man-
ual verification, the translated datasets may still lack
full fluency and could benefit from stronger trans-
lation models. Second, we focus exclusively on
mathematical reasoning, leaving open whether sim-
ilar shared—core and language-dependent patterns
extend to other reasoning forms. Third, our analysis
considers a limited set of languages and model fam-
ilies, which may restrict the generality of our con-
clusions across scripts and tokenization schemes.
We leave these directions for future work.
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A Experimental Setup

In this section, we describe the languages, the
dataset curation, and the translation process em-
ployed throughout this study.

Languages To evaluate cross-lingual transferabil-
ity of mathematical reasoning, we consider English
(En), German (De), French (Fr), and Hindi (Hi).
This selection enables comparisons across both
closely related and more distantly related languages
within the Indo-European family. English and Ger-
man belong to the Germanic branch, while French
is a Romance language, and Hindi belongs to the
Indo-Aryan branch, following the classification out-
lined by Beekes (2011).

Dataset curation: Since MMLU includes a sub-
stantial number of math-oriented questions, unlike
Christ et al. (2025), who include all available sub-
jects, we apply category-based filtering and remove
subject areas that are strongly quantitative, as these
can confound our parameter extraction by making
parameters associated with mathematical reasoning
appear as general language parameters. Concretely,
we exclude mathematics-related categories
(abstract__algebra, elementary_mathematics,
college mathematics, high_ school math-
ematics,  high_school statistics), physics
categories (conceptual _physics, col-
lege_ physics, high_ school_ physics, as-
tronomy), chemistry categories (college chem-
istry, high_school _chemistry),  biology
(high__school_biology), computer science (col-
lege_ computer_science, high_ school_com-
puter__science), and quantitatively oriented
fields (econometrics, professional account-
ing).

Translations: We translate all datasets into Ger-
man, Hindi, and French using the pretrained multi-
lingual machine translation model facebook /nllb-
200-3.3B (Costa-Jussa et al., 2022).

For GSMSK, our mathematical reasoning bench-
mark, we employ a placeholder-based preprocess-
ing step to preserve the integrity of mathematical
expressions during translation. Specifically, dataset-
specific markers such as ((-)) and #### are temporar-
ily replaced with placeholders prior to translation
and subsequently restored to their original form.

For RACE, we adopt a sentence-aware chunking
strategy to accommodate the substantially longer
reading passages compared to GSM8K and MMLU.
The articles, questions, and answer options are

translated independently, after which we recon-
struct the hierarchical reading comprehension struc-
ture while strictly preserving the original evaluation
schema.

To ensure translation reliability, we manually in-
spected a random sample of approximately 10% of
the translated instances.

B Evaluation

To assess model performance before and after
weight manipulation, we use the EleutherAl Evalu-
ation Harness framework Gao et al. (2024). In addi-
tion to English, we evaluate on German, Hindi, and
French by implementing custom Im__eval tasks for
GSMSK, RACE, and MMLU that mirror the origi-
nal English task specifications (i.e. matching dataset
splits, preprocessing, and scoring). For GSM8K,
we adopt the gsm8k__cot configuration, which uses
an 8-shot chain-of-thought prompting format and
following prior work Christ et al. (2025); Brown
et al. (2024), we use a subset of 200 samples of
GSMSK test set for efficacy. Across languages,
we evaluate on the same fixed set of examples per
task to ensure comparability of results. All evalua-
tions are repeated for three different random seeds,
and the mean and standard deviations are reported
accordingly. To further facilitate a fair compar-
ison across settings, we increase max_ new__to-
kens from its default of 150 to 300 for evaluations
on Hindi and French. This adjustment accounts for
the possibly higher token counts needed to repre-
sent Hindi and French texts compared to math re-
sponses in other languages due to script differences.
It is worth noting that employing varying values
of max_ new_ tokens for each language does not
undermine the objectives of our experiments. Our
primary focus is on assessing the relative improve-
ments or deteriorations observed in the intervention
experiments for each language independently.

C Jaccard Random Baseline

Setup (fixed-size, independent masks) Let U be
a universe of N parameters. Each set S; C U
is sampled independently and uniformly from all

subsets of size

|Si| = m, m = pN,
where p € (0, 1) and m is assumed to be an integer.
For any fixed parameter 6 € U,

Pr(HESi):%:p, Pr( ¢ S;) =1 p.
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Difference sets Define the one-sided difference
sets

A= 57\ S5y, B =S5\ Sy,
where all S; are independent.

A parameter 6 belongs to A if and only if 8 € S
and 0 ¢ Ss. Since S7 and S, are independent,

Pr(6 € A) =Pr(6 € S1)Pr(f ¢ S2) = p(1 —p).
The same holds for B:
Pr(@ € B) = p(1 —p).

Expected Jaccard similarity The Jaccard similar-
ity between A and B is
|AN B
J(A,B) = AUB[
For any fixed 6 € U, membership in A and B
depends on disjoint pairs of sets and is therefore
independent. Hence,

Pr(f € AN B) = [p(1 —p))?,

and
Pr(f € AU B)
=Pr(0 € A)+Pr(0 € B) —Pr(6 € AN B)
=2p(1 - p) — [p(1 - p).
For large N, the random set sizes concentrate
around their expectations, and the expected Jaccard

similarity is well approximated by the ratio of ex-
pectations:

N [p(1 — p))2
BN ) — =

Factoring out p(1 — p) yields the baseline expres-
sion:

pl—p) _ p(l=-p)
2-p(l-p) p*-p+2
It is worth noting that, the approximation arises
from replacing E[|A N B|/|A U BJ] by E|A N
B|/E|A U B|. This becomes accurate when N
is large due to concentration of measure.

E[J(A, B)] =

D Intervention Results

In the following, we present results for scaling (Ta-
bles D.1-D.6) and pruning (Tables D.7-D.12) math-
specific parameters across different models and mul-
tiple languages. These results serve as proof that
the parameter identification for the task and lan-
guage was performed correctly. In addition to ac-
curacies on GSM8K, MMLU, and RACE, we also
report the flexible-extract GSMS8K score from the
Im_ eval (Im-evaluation-harness) framework. The
harness computes GSM8K exact-match accuracy

after applying an answer-extraction step: a strict
extractor that follows the dataset’s canonical out-
put format (e.g., The answer is <answer>) and
a more permissive flexible extractor that searches
the generated text for a number-like substring. We
include the flexible metric to reduce sensitivity to
output formatting, as our analysis is not focused on
instruction-following behavior.

D.1 Robustness of parameter identification

Across all settings both in scaling and pruning ex-
periments, the standard deviation across three ran-
dom seeds remains low. We take this as evidence
that the identified parameter subset captures math-
reasoning capacity in a stable manner, rather than
reflecting idiosyncrasies of a particular sample set.
Moreover, all scaling experiments yield highly sta-
ble accuracies on MMLU and RACE, indicating
that scaling the identified parameters does not mea-
surably affect general language understanding. For
pruning, the within-dataset variability is more sen-
sitive to the choice of top-k, but remains within
a bounded and reasonably stable range. This con-
firms that we isolate parameter subsets that drive
math reasoning while being largely irrelevant to
general language understanding, which is of high
importance to our parameter comparison and Jac-
card similarity interpretations.

D.2 Pruning results

Across all settings, increasing top-k leads to
a substantial decline in math-reasoning perfor-
mance, while non-math performance remains com-
paratively stable on MMLU and RACE (Tables
D.7-D.12). This selective degradation is the in-
tended effect and indicates that our parameter iden-
tification is successful also across model sizes.
However, surprisingly, when pruning the Qwen3
model with a top-k=1e-5 threshold, correspond-
ing to suppressing approximately 16K parameters,
the performance on English GSM8K improves sub-
stantially, whereas only a marginal improvement
is observed on English GSM8K-Flex shown in Ta-
ble D.9, which may be a strong signal of wrong
output formatting. This counter-intuitive gain from
parameter reduction aligns with the framework pro-
posed in (Ali et al., 2025), which identifies a class
of prominent but detrimental neurons. These are
highly activated units that, while capturing frequent
training patterns, often enforce brittle heuristics
that hinder the model’s ability to generalize to nu-
anced reasoning tasks. Manual inspection reveals
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that this improvement is only partly due to correc-
tions in arithmetic computation; more importantly,
it stems from enhanced in-context instruction fol-
lowing. This manifests as shorter reasoning traces
that are less likely to be truncated by the maximum
generation length, and it also outputs the required
output formats. This stabilization of the output
path is consistent with the AdaRAS by Dong et al.
(2026), which suggests that over-active reasoning
circuits can lead to logical redundancy and ver-
bosity. By pruning these circuits, we effectively
guide the model toward more direct and stable rea-
soning paths, thereby better mimicking the reason-
ing style demonstrated in the provided examples.

Figure E.9 illustrates a representative example.
Prior to pruning, the model persistently follows its
own internal reasoning style, presumably acquired
during post-training, rather than adhering to the few-
shot exemplars. After suppressing approximately
16K of the most highly activated parameters, the
model more consistently aligns its reasoning format
with that of the provided demonstrations. This be-
havior provides empirical support for the theory of
Copy Bias in In-Context Learning (Ali et al., 2024).
According to this work, specific parameters act as
stylistic anchors that prioritize internal priors over
contextual cues; pruning them releases the model
from these rigid post-training biases, allowing for
greater behavioral flexibility.

D.3 Scaling results

In contrast to our smallest model (Llama 1B), scal-
ing does not yield significant consistent gains on
larger models. Given the strong pruning results,
we attribute this mainly to an insufficient scaling
factor (1.01) rather than to low-quality parameter
identification. Since optimizing this hyperparam-
eter is beyond the scope of this work and does not
affect our cross-language comparisons, we leave
a systematic search over scaling factors to future
work.

However, one can observe a relationship between
the model’s general language understanding abil-
ity and the effect of scaling on performance, in-
cluding indications of a saturation effect. For the
small Llama 1B model, scaling yields performance
gains (in English) of up to 9.7%. For larger models,
performance also improves in some cases, but the
changes are much smaller, ranging only from -1.4%
to 2.4% compared to the baseline. This suggests
that scaling is most effective when the model has
not yet reached a level of saturated performance.

—e— English German Hindi
Top-k = 0.001 Top-k = 0.01 Top-k = 0.1
Parameters Pruned Parameters Pruned Parameters Pruned
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Figure D.1: Effect of pruning isolated math-specific
parameters on performance across languages for Qwen3
4B at top-k € {0.001,0.01,0.1}.

In cases where performance is already high, scal-
ing may be limited because the task-relevant pa-
rameters have already been sufficiently optimized,
rather than because the task-specific weights were
poorly identified. For German, Hindi, and French,
we frequently observe that baseline general lan-
guage understanding performance (e.g., measured
by MMLU or RACE) influences the gains obtained
from scaling. When language understanding perfor-
mance is too low, as is often the case for Hindi, scal-
ing tends to produce only small positive or even neg-
ative effects. One possible explanation is that insuf-
ficient language knowledge prevents the model from
identifying the optimal language-specific parame-
ters required for mathematical reasoning. For in-
stance, Qwen3 4B shows consistent improvements
from scaling for both German and Hindi; however,
the gains are larger for German, which has higher
baseline language understanding scores on RACE
and MMLU. Overall, these results suggest that a
sufficient level of language understanding is ben-
eficial for the scaling approach, while very high
baseline performance can lead to saturation effects
that limit further improvements through scaling.

D.4 Collective vs. Individual Effects

We examine whether the identified math-specific
parameters operate primarily through a collective
mechanism or exert independent (individual) ef-
fects. For all experiments in this section, we set
max_ new__tokens to 300 across all languages and
use RACE as the non-math dataset.

As discussed in Section 4.5 and shown in Fig-
ure 4, the Llama 1B model exhibits collective be-
havior. This trend persists in larger models: Fig-
ures D.1 and D.2 show that both Qwen3 4B and
Llama 8B demonstrate similar collective dynam-
ics, suggesting that this phenomenon is consistent
across model scales.
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English German Hindi French

Top-k

P GSMBK GSMS8K flex RACE  GSM8K GSMS8K flex RACE GSMBK GSMSK flex RACE GSMB8K  GSMSK flex RACE
0.0 (Pre-train) ~ 0.340 0.345 0.379 0.235 0.230 0.321 0.145 0.160 0.299 0.185 0.195 0.348
0.000001 +0.029%  +0.029%  +0.500% +0.900%  +1.343%  +0.000% = -9.06.9% -7.56.2% -0.300% +1.190%  +0.051%  +0.00.0%
0.00001 +0.65.9% +0.65.8% +0.800% -2.14.3% -2.24.3% +0.300% -1.46.9% -1.96.2% -0.30.0% +6.5108%  +5.115.4%  -0.30.0%
0.0001 +24g5%  +2.3g7%  +0.300% -2.143%  -0.945%  -0.300% +1.dgo%  +0.062%  +0.300% +6.554%  +5.151%  +0.090%
0.001 +6.82_9°70 +6,72_gc70 +1410_007c -5.58_5070 -4.313_()070 +O400_007c +4.86_g% +3,10_2(70 +O.30_0% +1,15_4C70 -1.55_1% +0'OU.U%
0.005 +6.52,9°/o +6,42_9070 +0-30,00/0 -340[)_()‘70 -2.20_(]% +0,60_[)C/0 +0.013_g% -4.412_5070 +0.70_g% +8.10_0°70 +6.75,1O/0 -0.3()1)“/0
0.01 +2.90.0%  +3.500%  +0.500% +1.343%  +3.543%  +0.000% +2.169%  +3.12%  +0.700% +10.800% +8.751%  -0.30.0%
0.025 +5.09.9% +4.95 9% +0.30.0% +3.04.3% +5.24.3% +0.300% -4.86.9% -4.46.9% +0.30.0%  +2.75.4% +0.051%  +0.09,0%
0.05 +5.30.0%  +4.900%  +0.500% +3.443%  +5.200%  +0.300% -3.49.0% -6.362%  +0.30.0% +7.054% +6.75.1%  +0.09.0%
0.1 +3550%  +3520%  +0.300% +0.943%  +2.200%  +0.990% -5.5g9%  -3.1g2%  +0.300% +8.154%  +8.751%  -0.30.0%
0.15 +3.52Vg°/0 +3,52_9070 +0,00_0C70 71433_5010 ’1-38.7% +0,30_()C/0 -4.80_0% '3-16.20]0 +0.7()_g% +5,45_4% +3.65,1% +0.0g_g%

Table D.1: Relative change in accuracy (%), averaged over 3 seeds (mean =+ std), for scaling with Llama 1B and
RACE.

Top-k English German Hindi French

GSM8K GSMSK flex MMLU GSM8K GSMSK flex MMLU GSMS8K GSM8Kflex MMLU GSM8K GSMSK flex MMLU
0.0 (Pre-train) ~ 0.340 0.345 0.458 0.235 0.230 0.363 0.145 0.160 0.322 0.185 0.195 0.360
0.000001 +3.52_9070 +3.52_g% +0<20.U% +3404_3°70 +3,54_3C70 +0,3U_U% -1,40_9070 -3,1(;_2%7 +O.3U_U% +4435_4°7c +1455_1070 +O.OU_U%
0.00001 +2.42_9% +2.32_9% +0.20_g% —5.54,3070 »4434_30/0 +0.30_0% +4.80_0% +3.16_2670 +O.3g_g% +3.85V4°/0 +2460_()C/0 +0.0g_g%
0.0001 +1.529%  +1.409%  +0.400% +3.043%  +3.043%  +0.000% -4.80.0% -3.162%  +0.300%  +5.454% +3.65.1%  +0.00.0%
0.001 +1.559%  +1.458%  +0.790% -5.1g5% -5.287%  +0.000% -1.4¢0% -1.30.0% +0.30.0% +0.05.4% -1.05.1%  +0.00.0%
0.005 +3,55_9070 +3.55_3% +0<20.U% +1430_0°70 +2,20_OC70 +0400_0% -2,1(5_9070 +04O(5_2070 +O-3U.U% +841()_()°70 +6.25_1°70 +O-OU.U%
0.01 +6.52_9‘7]o +6.42_9% +0.4()V(]O/c +4434V30/o +4,34_3C/0 +0.30_0% -4.86_9070 '3»16.2070 +0.6(]_(]% +8.10V00/o +6475_10/0 »0.3(1()%
0.025 +5.329%  +5.809%  +0.200% -5.143% -3.04.3% +0.60.0% = -11.769% -10.690%  +0.390% +3.854% +2.610.3%  +0.00.0%
0.05 +3.52.9% +3.52.9% +0.40.0% -0.943% +0.04.3% +0.30.0% -1.490% -3.16.2% +0.30.0%  +3.85.4% +4.1703%  -0.60.0%
0.1 +6,82_9(70 +6.72_g% +0.20_0% +1430_()070 +2,2[;_0°70 +0.3“_“% -9.06_9070 -9.46_2070 +0.30_(]% +16.25_4°70 +15.40_0°70 -0430,0%
0.15 +9.7590%  +9.358%  +0.200% +1.343%  +1.343%  +0.300% -4.86.9% -4.462%  +0.60.0%  +9.254% +7.75.1%  +0.09.0%

Table D.2: Relative change in accuracy (%), averaged over 3 seeds (mean =+ std), for scaling with Llama 1B and
MMLU.
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Figure D.2: Effect of pruning isolated math-specific
parameters on performance across languages for Llama
8B at top-k € {0.001,0.01,0.1}.

E Qualitative Examples for Scaling &
Pruning

In this section, we present several qualitative exam-
ples where scaling improves the model’s initial an-
swers for mathematical reasoning across languages
(Figures E.1-E.4). Furthermore, we show examples
where pruning steers the model toward incorrect an-
swers for mathematical reasoning (Figures E.5-E.8),
alongside a notable exception in which pruning in-
stead improves performance (Figure E.9), as dis-
cussed in Appendix D.

F Similarities across Languages & Tasks

In this section, we present plots showing the number
of isolated parameters across languages (English
(En), German (De), Hindi (Hi), and French (Fr)),
as well as Jaccard similarity plots for each language
pair, across all top-k values and models.
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English German Hindi French

Top-k

" GSM8K GSM8K flex RACE GSM8K GSMS8Kflex RACE GSM8K GSMS8Kflex RACE GSM8K GSMSKflex RACE
0.0 (Pre-train) ~ 0.735 0.815 0414 0.685 0.400 0.356 0.385 0.460 0.353 0.690 0.615 0.403
0.000001 +0.30_(;0/0 +0,0[)_1)°/0 70,20_0010 +3.91_50/o +5,52_5°/0 +0,30_1)°/0 -0.50_0070 -1.52_2070 -0,60_0070 +2421_4% +3463_3% +O.20_(;0/0
0.00001 -0.31_4670 +2.10_0c70 +0.00_007c +3,91>;,070 +13.75,0°70 +0,8U_U°70 +2460_U% +1452_2070 -0,80_0070 +1471_4% +2491_()‘% +0470_0(70
0.0001 +0.414%  40.212%  -0.700% +4.415%  +7.025% +1.100% +0.500%  -0.743%  -1.190% +2.500%  +1.300%  +0.50.0%
0.001 +1.00.0%  +1.825%  -0.200% +2.515% +5.750%  +0.600% +0.800% -1.152%  -0.300% +3.61.4% +3.716%  +0.500%
0.005 +0.41 4% +1.612%  +0.000% +42.615%  +8.07.5%  +0.600% +0.526% -0.74.3% -1.40.0% +2.51.4% +5.43.3% +0.50.0%
0.01 +0.31 4% +1.21 2% +0.200% +5.50.0% +16.800% +0.300% +0.855% -2.69.2% -0.60.0% +2.51.4% +2.91 6% +0.50.0%
0.025 +0.41_4070 -0.425”70 +040[]_(]070 +3.91,5u70 +13.20,0°70 +0,30_(]U70 +0-02,6‘70 -1.72_2070 »0.60_0070 +3461_4% +3.31_5% +0.2[)_[)070
0.05 -0.41 4%  +0.01.2% -0.70.0% +4.815%  48.025%  +0.800% +1.826% +1.70.0% -0.60.0% +1.91.4% +2.01.6% +0.20.0%
0.1 +0.31.4% +0.49.5% -0.50.0% 42.915%  +8.275% -0.30.0%  -0.80.0% -1.529% -0.80.0% +2.91.4% +3.61.6% +0.70.0%
0.15 1d14%  +0455%  0.500% +4.115% +8.075%  +0.3p0% +0.026%  +0.443% +0.000% +1.914% +1.3;6%  +0.700%

Table D.3: Relative change in accuracy (%), averaged over 3 seeds (mean = std), for scaling with Qwen3 4B and
RACE.

Top-k English German Hindi French
GSMB8K GSM8K flex MMLU GSM8K GSM8K flex MMLU GSM8K GSMSK flex MMLU GSM8K GSMSK flex MMLU

0.0 (Pre-train) ~ 0.735 0.815 0.710 0.685 0.400 0.585 0.385 0.460 0.471 0.690 0.615 0.548
0.000001 +1.81 4% +1.212%  40.000% +42.615% 49.275%  -0.200% +0.09,0% -2.29 9% +0.200% +1.79,0% +2.01.6% +0.20.0%
0.00001 +0.314%  40.000%  +0.000% +3.415% +2.050% -0.200% +1.326% +1.155%  +0.290% +2.91.4% +3.31.6% +0.40.0%
0.0001 +1.11_4070 -1.80_0070 +040[]_(1070 +4.11,5070 +10.05,0°70 -0.20_0070 +0.5(),0070 -1.72_2070 +0,20_(]U70 +2421_4% +0-01.6070 +0.2[)_[)070
0.001 +2.01_4°]0 +0.90_[)C70 +0400_0% +2.91_50/0 +6,72_5‘70 70.20_()0]0 +0.50_00/0 +0.02_2670 +0,20_0°/0 +245g_0% +2441_ﬁ% +0.20_0070
0.005 +0471_4c70 -1.82_5070 +0.10_()C]0 +3,41_;,070 +8,05_0070 -0.20_0070 +1'32.60]° +2,24_3070 +0,20_0°70 +1421_4% +2491_(5% +0420_0070
0.01 +0.31_4(70 +1.50_UC70 +040[]_U(’7C +4.81>5°70 +8,22_5°70 -0.20_0070 +1-32A6070 -0.44_3070 +0,20_U°70 +342]_4% +2<9[).U% +0.20_U(70
0.025 +1.007% | -1.610%  +0.000% +4.415% +13.050% -0.200% +0.526% | -1.7ao% | +0.200% +2.214% +2.416%  +0.200%
0.05 -1.07.4% -1.000%  +0.000% +4.115%  +7.550%  -0.200% +0.552% -1.129% +0.400% +2.214%  +1.616%  +0.200%
0.1 -0.41.4% -0.919%  +0.000% +3.21.5% +11.250% -0.200% +0.50.0% -0.44.3% +0.200% +1.41 4% -0.30.0% +0.20.0%
0.15 -0.314% -0.92,5”70 +040[]_(]070 +4.11,5u70 +8.25_0°70 -0.20_()070 -0.52_5070 +0.02_2°70 +0,20_0% +1491_4°70 +0.81_5% +0.0(]_(]U70

Table D.4: Relative change in accuracy (%), averaged over 3 seeds (mean =+ std), for scaling with Qwen3 4B and
MMLU.

Top-k English German Hindi French

GSM8K GSMS8K flex RACE GSM8K GSMSKflex RACE GSM8K GSMS8Kflex RACE GSM8K GSMSKflex RACE
0.0 (Pre-train) ~ 0.765 0.775 0.448 0.585 0.590 0.396 0.415 0.490 0.388 0.580 0.585 0413
0.000001 +1400_0°70 +0,01_;5% +0.00_UU7C +0.31_7070 +0.81_7070 -0.50_0070 +3.62,4070 +1,60_0070 +0.00_0070 +2411_7% +2411_70/0 +0420_0°70
0.00001 +2.40_0070 +1.90_0c70 +OA20A0070 +1.21>7°70 +2,21_7°70 -0.30_0070 +3.10,0°70 +0.02_U(70 +0.00_UO70 +045]_7% +0433_4% +0.20_U(70
0.0001 +0.013%  -0.31.3%  +0.000% +2.990%  +3.700%  -0.30.0% +0.500% = -2.790% @ +0.300% +0.334%  +0.334%  +0.50.0%
0.001 +1.61.3% +1.01.3% -0.400% +0.91.7%  +2.517%  -0.300% -0.548% -2.000%  +0.000% +1.717%  +1.71.7% +0.20.0%
0.005 +1.61.3% +0.61.3% +0.200% +0.517%  +0.500%  +0.000% +5.30.0%  +1.600%  +0.300% +0.334% -0.33.4% +0.50.0%
0.01 +0.71_3070 +0,02_6U70 +O.20_0(70 +0.51,7°70 +0.81_7070 -0.30_()070 +0.74Vg°70 —1.44_1070 +0.00_0(70 +0451_7°70 +0.31_7070 +0.2[)_[)070
0.025 +1.60_0°]0 +O.60_[)O]0 -0.40_0070 +1.71_7070 +2,91_7°70 -0.50_0070 +1.92,4070 +0,60_0°70 +0,30_0% +1421_7% +1421_7% +0.20_00]0
0.05 +2.21_3(70 +1.50_0070 -0,40_0070 +2,60_0070 +3,90_0070 +0,00_0070 +2.92 4% +0,42_0°/0 +0,30_0°/0 +0450_0% +0<5U.U% +0450_Uc70
0.1 +0.31.3%  -0.413%  +0.000% -0.317%  +0.317% +0.000% +3.1900%  +0.620%  +0.300% +0.01.7% -0.31.7%  +0.09.0%
0.15 +0.71.3%  40.326%  -0.200% +0.01.7%  +0.500% +0.000% +1.790%  -2.020%  +0.000% +0.300%  +0.300%  +0.200%

Table D.5: Relative change in accuracy (%), averaged over 3 seeds (mean =+ std), for scaling with Llama 8B and
RACE.

Top-k English German Hindi French
GSM8K GSMEK flex MMLU GSM8K GSMS8K flex MMLU GSM8K GSMSK flex MMLU GSM8K GSMSK flex MMLU

0.0 (Pre-train) ~ 0.765 0.775 0.679 0.585 0.590 0.538 0415 0.490 0.450 0.580 0.585 0.512
0.000001 +1.60.0% +1.313%  -0.100% +1.217% +1.71.7% +0.200% -0.52.4% -3.12,0% +1.190% +0.50,0% +0.30.0% +0.20.0%
0.00001 +0.71_3070 +0.41_3‘/70 -0.10_0070 +0.01_7070 +0.81_7‘770 +0.20_0(70 +0.52V4°70 +0.02_0070 +1,1(]_(]U70 -0.31_7070 -0.31_7070 +0.2[)_[)070
0.0001 +1.00.0% +1.000%  -0.300% +2.2090% +2.91 7%  40.000% +1.92.4%  +1.020% +1.190% -0.317% -0.31.7% +0.20.0%
0.001 +1.613%  +0.413%  -0.100% +0.917%  +2.517%  +0.200% -0.72.4% -3.12,0% +1.190% +0.000%  +0.09.0% +0.20.0%
0.005 +2.01_3(70 +1.91_3O/0 -0.1[]_0% +0.01_7070 +1.71_7O]0 +0.20_00/0 +1.29 4% -0.42_0% +0,90_U°70 -1.73_4070 -2.23_4‘70 +0.20_U(70
0.01 +2.213%  +1.313% -0.1p0% +0.517%  +0.8;7%  +0.000% +2.424%  -0.441% +0.99.0% +0.03.4% -0.334%  +0.09.0%
0.025 +0.71.3% -0.41.3% -0.10,0% +0.51.7% +1.41 7% +0.200% +1.79.4% -1.02,0% +1.190% -1.217% -1.217%  +0.00.0%
0.05 +1.09.6% +0.913%  -0.1900% +0.91.7% +1.21 7% +0.200% +3.600%  +0.400% +1.190% -2.61.7% -2.61.7%  +0.00.0%
0.1 -0.31.3% -0.91.3%  +0.000% +1.717% +2.91 7% +0.200% +1.948%  +0.02,0% +0.90.0% +0.3¢.0% +0.30.0% +0.20.0%
0.15 +1.01_3070 +0.62_5°70 -0.10_0070 +0,01_7(70 +0.51_7‘70 +0.20_()°70 »0.52_4070 -3.12_0070 +0,90_0% -0.53_4‘7/0 -1.21_7070 +0.2[)_[)070

Table D.6: Relative change in accuracy (%), averaged over 3 seeds (mean = std), for scaling with Llama 8B and
MMLU.
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English German Hindi French

Top-k

b GSMBK GSMSK flex RACE GSMS8K GSMS8K flex RACE GSM8K  GSMSK flex RACE GSM8K  GSMSK flex RACE
0.0 (Pre-train)  0.340 0.345 0.379 0.235 0.230 0.321 0.145 0.160 0.299 0.185 0.195 0.348
0.000001 +9.709%  +8.729%  +0.300%  -9.443% -6.54.3% +1.200%  -9.06.9% -8.1125%  +0.790%  -3.85.4% -4.151% -0.30.0%
0.00001 -7.92.9% -9.39.9% +1.696% -18.3128% -16.1130% +0.000% -31.0207% -29.4188% +2.000% -7.05.4% -8.70.0% -1.49.9%
0.0001 -25.029%  -26.139%  -0.500% -31.143%  -29.643%  +2.831% -43.469% -31.2188% -1.000% -17.354% -19.051%  -0.99.0%
0.001 -81.559%  -80.6538% -0.80.0% = -66.8g 5% -65.287%  +0.300% = -75.969% -70.6125% -3.700% -59.5108% -60.0103% -5.200%
0.005 94.759% -94.259%  -2.126% « -89.443%  -91.337%  -2.83:% «-87.669% -84.462% -5.733% @ -90.354% -92.35:%  -6.00.0%
0.01 -96.299%  -96.259% 2.196% = -92.30.0% -90.44 3% -1.200% = -94.56.9% -92.569%  -6.40,0% | -90.80.0% -90.8.0% -6.30.0%
0.025 -92.600% -92.200%  -9.000% = -90.600%  -90.443% -3.131% | -96.669% -90.662% -8.00.0% = -88.154%  -88.251%  -6.60.0%
0.05 -93.559% -93.658% -20.153% -89.443% -91.34.3% -7.200% = -95.26.9% 91.990%  -8.033% = -88.154% -88.75.1% -8.60.0%
0.1 -93.50.0% -93.600% -12.456% @ -93.643% -90.443% -10.331% -93.169%  -92.500% -9.033% = -94.654% -91.300% -12.929%
0.15 -96.529% -95.790% -13.726% -92.355% -90.443%  -10.331% | -97.96.9% -88.860%  -8.033% -88.154% -88.7103% -10.19.0%

Table D.7: Relative change in accuracy (%), averaged over 3 seeds (mean =+ std), for pruning with Llama 1B and
RACE.

Top-k English German Hindi French
GSM8K GSMS8K flex MMLU GSM8K  GSMSK flex MMLU GSM8K  GSMEK flex MMLU GSM8K  GSMSK flex MMLU

0.0 (Pre-train) ~ 0.340 0.345 0.458 0.235 0.230 0.363 0.145 0.160 0.322 0.185 0.195 0.360
0.000001 +3.888%  +2.937% -0.200%  -9.44.3% -8.74.3% -0.60.0%  -15.96.9%  -18.862%  -1.200%  +0.054% -3.65.1% -1.10.0%
0.00001 -14.799%  -15.400%  -3.700% -18.3128% -15.2130% -0.800% -35.969%  -30.062%  -0.300% -18.954%  -21.551%  -4.728%
0.0001 -19.758%  -20.987%  -2.490%  -34.043%  -33.543%  -0.600% -35.9138% -29.462% -1.990% -11.954%  -15.45:%  -0.69.0%
0.001 -80.32.9%  -80.39.9% -7.692% -67.2128% -67.437% -5.598% -46.2138% -48.8125% -3.490% -55.7108% -57.4103% -4.790%
0.005 -90.629% -89.929%  -6.622% | -91.543%  -91.343%  -8.300% = -88.369% -83.162% -4.731% = -87.654% -88.751%  -9.290%
0.01 -92.609% -92.259%  -12.295% @ -86.443%  -85.Tg0% -11.800% | -91.069%  -91.962% @ -9.300% = -90.300%  -88.790% -15.32.8%
0.025 -92.159% -92.258%  -25.366% -95.743% -92.243% @ -14.998% = -98.6¢.0% -93.80.0%  -14.951% -88.154% -88.751% -13.158%
0.05 -91.829% -91.329%  -27.544% = -92.843%  -90.487% -14.328% | -96.669%  -93.862% @ -15.531% -90.300%  -90.800% -17.256%
0.1 -89.159%  -88.429%  -15.900% = -94.543%  -92.643% -17.490% @ -95.200% -92.562% @ -14.362% -91.990%  -90.890% -11.90.0%
0.15 91.809% -89.929%  -13.829% -90.64 3% -90.400%  -15.258% = -94.569% -92.569% -16.831% = -90.354% -84.651% -10.825%

Table D.8: Relative change in accuracy (%), averaged over 3 seeds (mean =+ std), for pruning with Llama 1B and
MMLU.

Top-k English German Hindi French

GSM8K GSMSK flex RACE GSMBK GSMSK flex RACE GSMB8K GSMSK flex RACE  GSM8K GSMSK flex RACE
0.0 (Pre-train) 0.735 0.815 0.414 0.685 0.400 0.356 0.385 0.460 0.353 0.690 0.615 0.403
0.000001 -21.89.5% -6.137%  +1.000% -0.32.9% +4.525%  -0.300% +8.626%  -7.0196% -3.790% +4.129% +11.433% -0.525%
0.00001 +19.341%  +4.725%  -0.700% -3.215% +24.2975% -1.100% -1.878% -24.3109% -3.70.0% +2.914%  +3.698%  -5.20.0%
0.0001 +1.468%  -15.736%  -2.700% -22.644% -28.0275% -0.300% -19.078% -31.5239% -T.428% -16.458% -32.8260% -3.72.5%
0.001 -12.239%  -55.586%  -3.62.4% -23.458%  +1.350%  -0.628% -40.326% -13.543% -3.428% -28.014% -59.T17.9% -3.725%
0.005 -T7.168% -90.461% @ -1.000% -62.515% -45.875% -0.800% -50.178% -46.387% -5.100% -67.414% -93.049% -4.00.0%
0.01 97.314%  -97.312% -2.994% -94.915% -93.295% +3.128% -77.978% -75.743% -5.400% -95.714% -94.816% -0.790%
0.025 -97.60.0%  -97.512% @ -4.300%  -97.515% -93.025% -1.728%  -97.426% -95.229% -5.928% -98.314% -96.400% -3.50.0%
0.05 97.600%  -97.800% -3.604% -96.815% -94.595% -1.158% | -97.490% -96.199% -7.400% -98.614% -95.616% -3.200%
0.1 -98.01.4%  -96.725% @ -4.124%  -96.115% -93.200% +0.30.0%  -98.726% -96.122% -7.128% -98.614% -97.916% -4.20.0%
0.15 97.714%  -97.312% @ -3.124%  -95.315% -94.525% -1.400%  -97.426% -96.722% -7.90.0% -97.414% -97.916% -6.525%

Table D.9: Relative change in accuracy (%), averaged over 3 seeds (mean =+ std), for pruning with Qwen3 4B and
RACE.

Top-k English German Hindi French
GSMSK GSMS8K flex MMLU GSM8K GSMSK flex MMLU GSM8K GSMS8K flex MMLU GSMS8K GSMSK flex MMLU

0.0 (Pre-train) ~ 0.735 0.815 0.710 0.685 0.400 0.585 0.385 0.460 0.471 0.690 0.615 0.548
0.000001 -6.85.4% +0.25 5% -0.700% +3.929% +38.8125% -0.790% +7.32.6% -5.44 3% -3.400%  +2.61.4% +7.03.3% +0.09.0%
0.00001 +8.841%  -13.336% -0.800% +0.715%  -0.5150%  -2.417% +7.052%  -53.929%  -2.500% +6.114% +10.633%  -0.29.0%
0.0001 -14.768%  -39.037%  -1.000% -11.490% -18.3150% -2.200% -15.126%  +5.04.3% -9.321%  -7.514%  -17.4163% -0.49.0%
0.001 -15.41.4%  -27.074%  -2.500% -18.529% -32.5125% -6.300% -21.352%  -7.022% -5.121% -13.329% -17.981%  -3.60.0%
0.005 -79.207%  -90.612%  -3.90.0% -68.215% -64.275% -6.000% -61.852% -52.243%  -8.721% -64.529% -75.916% -2.290%
0.01 -96.61.4% -97.300% -6.800% -94.615% -89.525% -6.70.0% -78.752% -76.72.2% -8.921%  -92.099% -89.93 3% -2.99.0%
0.025 -97.71.4% -97.812% -8200% -97.515% -97.095% -8.200%  -94.356% -93.02.5% 9.100% « -95.799% -94.31 6% -9.31 8%
0.05 -98.914% -98.412% -9.400%  -95.615% -93.800% -10.190% -98.726% -96.722% -10.821%  -98.8p0% -97.1;6% -10.018%
0.1 -96.91.4% -96.612% -8.30.0% -97.515% -95.805%  -8.000%  -97.926% -96.143%  -7.900% | -97.814% -97.1;6% -6.918%
0.15 -95.61.4% -95.312% @ -7.90.0% -96.400% -94.200% -7.417% @ -96.156% -95.002%  -8.1p0% | -96.729% -96.416% @ -5.30.0%

Table D.10: Relative change in accuracy (%), averaged over 3 seeds (mean = std), for pruning with Qwen3 4B and
MMLU.
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Top-k English German Hindi French

GSM8K GSMSK flex RACE GSM8K GSMSK flex RACE GSM8K GSMS8K flex RACE GSM8K GSMSK flex RACE
0.0 (Pre-train)  0.765 0.775 0.448 0.585 0.590 0.396 0.415 0.490 0.388 0.580 0.585 0413
0.000001 -2.43.9% -3.23.9% +0.200% +2.11.7% +1.71 7% +0.300%  -8.9145% -2.46.1% +1.000%  -7.46.9% -10.385%  +0.2¢.0%
0.00001 +0.31.3% -0.62.6% +1.80.0% -4.817% -5.91 7% +0.80.0% -10.891 7% -9.82.0% -2.300% -14.186% -19.7120% +0.50,0%
0.0001 -15.426%  -15.526%  -0.400% -22.617% -22.417% +0.300% -22.496% -24.141%  -2.606% -22.956% -30.4188% -3.1p.0%
0.001 -66.339%  -66.526%  -2.922% -55.651% -54.634% -3.595%  -62.77.9% -60.86.1% -5.200% -60.052%  -59.851%  -3.424%
0.005 -94.813% -93.806%  -4.000% -93.217% -92.71 7% -4.595% | -94.79 4% -94.35.0% -8.026%  -92.817% -92.317%  -3.92.4%
0.01 -98.013% -97.713% -4.700% -97.117% -97.11 7% -4.00.0% = =95.92 4% -94.941% -6.700%  -97.900% -97.117%  -7.52.4%
0.025 -97.813% -96.800%  -6.500% -98.317% -97.11 7% -5.60.0% | =99.5¢.0% -99.020%  -12.600%  -97.11 7% -96.190%  -5.82.4%
0.05 -98.413% -98.713%  -2.000% -97.917% -97.81 7% -9.1p0% = -98.32.4% -94.990% -12.900%  -96.900% -96.617%  -8.02.4%
0.1 -99.600% -98.113%  -7.600% @ -96.600% -94.9;7% -10.925% -97.154% -96.320% -12.996% -97.917% -96.917% -7.048%
0.15 -96.700% -94.813%  -6.022% -96.117%  -95.41 7% -7100% |« -97.62.4% -95.941% -12.196% -98.317% -97.134%  -7.52.4%

Table D.11: Relative change in accuracy (%), averaged over 3

seeds (mean = std), for pruning with Llama 8B and

RACE.
Top-k English German Hindi French
GSM8K GSMS8K flex MMLU  GSMS8K GSMSK flex MMLU GSMB8K GSMSK flex MMLU GSM8K GSMSK flex MMLU

0.0 (Pre-train) ~ 0.765 0.775 0.679 0.585 0.590 0.538 0415 0.490 0.450 0.580 0.585 0.512
0.000001 -12.065%  -13.252%  -0.990% +1.200%  +0.817%  +0.000% -27.748% -6.74.1% +0.990% -11.652% -14.085%  -0.290%
0.00001 -4.82.6% -5.426% -0.40.0%  +0.01.7% -0.50.0% -0.490% -15.7193%  -T7.190% +0.400% -11.290% -11.617%  -0.49.0%
0.0001 -14.013%  -14.813%  -2.515% -14.234% -14.451%  -0.6p0% -18.624%  -20.441%  -0.700% -26.434% -32.0103% -1.4¢90%
0.001 -81.452% -79.026%  -6.615% -60.717% -60.500%  -3.200% -56.172%  -61.241%  -8.700% -63.334% -62.934% -2.790%
0.005 -94.413% -94.213% @ -6.500% | -94.017% -92.717%  -5.800% | -89.294%  -89.250% @ -4.900% @ -91.417% -91.117% -5.720%
0.01 -99.1900% -97.813% -8.115% -95434% -94.934%  -8.919% = -96.924% -94.950%  -9.30.0%  -97.990% -97.4900% -4.99.0%
0.025 -98.413%  -98.11 3% 9.415% -97.990% -98.000% -11.590% = -99.500% -98.02.0% -6.90.0%  -96.617% -95.21 7% -8.60.0%
0.05 -98.30.0% -96.413% @ -10.915%  -96.617% -96.317% -15.219% @ -98.190%  -96.920% @ -15.344% -95.334% -94.517% -7.020%
0.1 -97.613% -96.426% -17.159% -96.190% -95.300% -20.819% -96.924%  -95.300% -21.644% -97.817% -97.190% -10.420%
0.15 -92.826% -91.926%  -9.600% @ -94.017% -94.117% -13.019% -93.524%  -92.250% -11.622% -94.017% -93.717%  -9.020%

Table D.12: Relative change in accuracy (%), averaged over 3

MMLU.

seeds (mean = std), for pruning with Llama 8B and

Q: Toula went to the bakery and bought various types of pastries. She bought 3 dozen donuts which
cost $68 per dozen, 2 dozen mini cupcakes which cost $80 per dozen, and 6 dozen mini cheesecakes
for $55 per dozen. How much was the total cost? A:

3 dozen donuts cost 3 x 68 = 204 dollars.

2 dozen mini cupcakes cost 2 x 80 = 160 dollars.

6 dozen mini cheesecakes cost 6 x 55 = 330 dollars.
204 + 160 + 330 is 734. The answer is 734.

3 dozen donuts cost 3 x 68 = 204 dollars.

2 dozen mini cupcakes cost 2 x 80 = 160 dollars.

6 dozen mini cheesecakes cost 6 x 55 = 330 dollars.
204 + 160 + 330 is 694. The answer is 694.

Figure E.1: Illustration of arithmetic inconsistency before scaling and corrected output after scaling for English

reasoning using Llama 1B.
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Q: Gunter versucht, die Marmeladebohnen in einem Glas zu zihlen. Er fragt seine Freunde, wie
viele in dem Glas sind. Einer sagt 80. Ein anderer sagt 20 mehr als die Hilfte des ersten. Ein Drittel
sagt 25% mehr als der erste. Wie hoch ist ihre durchschnittliche Vermutung? A:

(English translation: Gunter is trying to count the jam beans in a jar. He asks his friends how many
are in the jar. One says 80. Another says 20, more than half the first. A third say 25% more than the
first. What is their average guess?)

Der erste sagt 80. Ein anderer sagt 20 mehr als die Hélfte
des ersten, also 80 + 20 = 100. Ein Drittel sagt 25% mehr
als der erste, also 80 + (80 * 0,25) = 100. Die durchschnit-
tliche Vermutung ist 100. Die Antwort ist 100.

Der erste sagt 80. Ein anderer sagt 20 mehr als die Hélfte
des ersten, also 80 + 20 = 100. Ein Drittel sagt 25% mehr
als der erste, also 80 + (80 * 0,25) = 100 + 20 = 120. Die
durchschnittliche Vermutung ist 80. Die Antwort ist 80.

(English translation: The first person says 80. Another
says 20 more than half of the first, so 80 + 20 = 100. One
third says 25% more than the first, so 80 + (80 * 0.25) =
100. The average guess is 100. The answer is 100.)

(English translation: The first person says 80. Another
says 20 more than half of the first, so 80 + 20 = 100. One
third says 25% more than the first, so 80 + (80 * 0.25) =
100 + 20 = 120. The average guess is 80. The answer is
80.)

Figure E.2: Illustration of arithmetic inconsistency before scaling and corrected output after scaling for German
reasoning using Llama 1B.

Q: W3 A U eyt it ot 3iiegR fean fraen! svina 12 Sfer 8, 5 9ohe gy &l shidd 3 Sier &, 4 At o
HHd 1.50 SfeR &, AR 0SSN & Fo 396 &1 B 9 Tl 50 SerR T WA {haT| IR WAdeh sihd hl
HAd 8.50 SR ¢ a A 7 FUsTen & fohan feae Hmam? A:

(English translation: Mary ordered a chicken meal that costs $12, 5 packets of milk that cost $3, 4
apples that cost $1.50, and some boxes of pizza. Mary paid a total of $50. How many boxes of pizza

did Mary order if each box costs $8.50?)

B9 U fereh it i 12 2ier & fory 1 steed @i 39
U 50 - 12 = 38 Sier a9 €1 5 Yehe g¥ ol hiAd 3 Bier
%, gt $a &iwa 5 x 3 = 15 SR 81 3qa U9 38 - 15
= 23 SfeR 99 &1 4 &1 & Fwa 1.50 2R &, et o
@md 4 x 1.50 = 6 SieR 21 39d 9 23 - 6 = 17 e
9 &1 T & 3w feqs it #iwd 8.50 Sier €, Rrae! Far
FHd 17 / 8.50 = 1.96 SR 1 3Heh UTd 1.96 SR 9 &1
1.96 / 8.50 = 0.231 3Ha ¥ 0.23 feq €1 3qa¥ 0.23 21

(English translation: Mary bought a box of chicken for
$12. She has $50 - 12 = $38 left. 5 packets of milk cost
33, for a total cost of $5 x 3 = $15. She has $38 - 15 =
323 left. 4 apples cost $1.50, for a total cost of 4 x 1.50
= $6. She has $23 - 6 = $17 left. Some boxes of pizza
cost $8.50, for a total cost of $17 / 8.50 = $1.96. She has
$1.96 left. 1.96 / 8.50 = 0.23. She has 0.23 boxes. The
answer is 0.23.)

B9 U fereh it i 12 2ier & forg 1 sfeed @l 39
U 50 - 12 = 38 Sier a9 81 5 Yehe g¥ ol hiFd 3 Bier
2, g oot #Ha 5 x 3 = 15 el 81 39 U 38 - 15
= 23 SfeR 99 &1 4 &1 I A 1.50 SR &, et o
AT 4 x 1.50 = 6 S(eR 81 IF Irg 23 - 6 = 17 SfeR
T3 &1 oo & 39 feas &t #iwa 8.50 Bier 8, et Fa
Fa 17 / 8.50 = 2 fee@ &1 Sqaw 2 &1

(English translation: Mary bought a box of chicken for
$12. She has $50 - 12 = $38 left. 5 packets of milk cost
$3, for a total cost of 5 x 3 = $15. She has $38 - 15 = $23
left. 4 apples cost $1.50, for a total cost of 4 x 1.50 = $6.
She has $23 - 6 = $17 left. Some boxes of pizza cost $8.50,

for a total cost of 17 / 8.50 = 2 boxes. The answer is 2.)

Figure E.3: Illustration of arithmetic inconsistency before scaling and corrected output after scaling for Hindi
reasoning using Llama 1B.
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Q: Peter prévoit d’aller au cinéma cette semaine. Il a toujours un billet 2 7 $ et du pop-corna 7 $.
S’il a 42 dollars par semaine, combien de fois peut-il aller au cinéma ?

A:

(English translation: Peter plans to go to the movies this week. He always has a $7 ticket and $7
popcorn. If he has $42 a week, how many times can he go to the movies?)

Peter a 42 dollars. Il a 7 $ pour le billet et 7 $ pour le Peter a 42 dollars. 7 dollars pour le billet et 7 dollars pour

pop-corn. Donc 42 - 7 - 7 = 28. 1l peut aller au cinéma 28 le pop-corn font 7 + 7 = 14 dollars. II peut donc aller au
fois. La réponse est 28. cinéma 42 / 14 = 3 fois. La réponse est 3.

(English translation: Peter has $42. He has $7 for the (English translation: Peter has $42. $7 for the ticket and
ticket and $7 for the popcorn. So 42 - 7 - 7 = 28. He can 87 for the popcorn make $7 + $7 = $14. He can therefore
go to the movies 28 times. The answer is 28.) go to the movies 42 / 14 = 3 times. The answer is 3.)

Figure E.4: Illustration of arithmetic inconsistency before scaling and corrected output after scaling for French
reasoning using Llama 1B.

Q: Janet’s ducks lay 16 eggs per day. She eats three for breakfast every morning and bakes muffins
for her friends every day with four. She sells the remainder at the farmers’ market daily for $2 per
fresh duck egg. How much in dollars does she make every day at the farmers’ market?

A:

Janet has 16 eggs per day. She eats 3 for breakfast. So she Janet started with 16 eggs. She eats 3 for breakfast. She
has 16 - 3 = 13 eggs left. She bakes muffins for 4 eggs. So bakes 4 muffins. She sells 4 - 3 = 2 eggs at the market.
she has 13 - 4 = 9 eggs left. She sells 9 eggs for $2 each. 16 - 3 is 8. The answer is 8.

9 * 2 = 18 dollars. The answer is 18.

Figure E.5: Illustration of correct output before pruning and wrong output after pruning for English reasoning
(top-k=0.01) using Llama 1B.
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Q: Janets Enten legen 16 Eier am Tag. Sie isst jeden Morgen drei zum Friihstiick und backt mit vier
taglich Mulffins fiir ihre Freunde. Sie verkauft den Rest auf dem Bauernmarkt téglich fiir 2 Dollar
pro frisches Enten-Ei. Wie viel Dollar verdient sie jeden Tag auf dem Bauernmarkt?

A:

(English translation: Janet’s ducks lay 16 eggs a day. She eats three for breakfast every morning and
bakes muffins with four of them daily for her friends. She sells the rest at the farmers market every
day for $2 per fresh duck egg. How many dollars does she earn each day at the farmers market?)

Janets Enten legen 16 Eier am Tag. Sie isst 3 zum Friih- Janets Enten legten 16 Eier am Tag. Sie isst jeden Morgen
stiick und backt 4 Muffins. Das sind 3 + 4 = 7 Ejer pro drei zum Friihstiick und backt mit vier tiglich Muffins fiir
Tag. Sie verkauft 16 - 7 =9 Eier pro Tag. Sie verdient 2 ihre Freunde. Sie verkauft den Rest auf dem Bauernmarkt
Dollar pro Ei. taglich fiir 2 Dollar pro frisches Ei.

9 *2 = 18. Die Antwort ist 18. 16 - 2 = 4. Die Antwort ist 4. Die Antwort ist 4. Die
(English translation: Janet’s ducks lay 16 eggs a day. She Antwort ist 4. Die Antwort ist 4. Die Antwort ist 4.

eats 3 for breakfast and bakes 4 muffins. That’s 3 +4 =7 (English translation: Janet’s ducks laid 16 eggs a day. She
eggs per day. She sells 16 - 7 =9 eggs per day. She earns eats three for breakfast every morning and bakes muffins
$2 per egg. 9 * 2 = 18. The answer is 18.) for her friends with four of them daily. She sells the rest

at the farmers market every day for $2 a fresh egg. 16 - 2
= 4. The answer is 4. The answer is 4. The answer is 4.
The answer is 4. The answer is 4.)

Figure E.6: Illustration of correct output before pruning and wrong output after pruning for German reasoning
(top-k=0.01) using Llama 1B.

Q:

B A AU 60 Hiet bt Frsfehet AT o SR &1 IR IhT| 98 Uged! IR 20 HieT o J1& IohT | AT o 3id F
15 et gl ITehT GO USTE &T| I U Uged 3R AL HEIY o oiTel febi Hiet el TR bl ?

A:

(English translation: Henry stopped twice during his 60-mile bicycle trip. He first stopped after 20
miles. His second stop was 15 miles before the end of the trip. How many miles did he travel between
his first and second stops?)

T T AR AT F <RE 60 He w TR AR qF IR T8 7 ool 60 T i WTSfoRe AT F R I IR T
THT| UEel AR 20 Hie 1 AT & 18, I g8 U8E 15 TEel! a1 20 HieT & 1, IHhT GHT TSt 15 Hiet o a1e g3t

et &t AT & a1E A1 60 - 20 - 15 = 25 Hiel | AR 25 2 160 -20=40160-20=40160-20=4013q@240 ¢

(English translation: Henry traveled 60 miles during his (English translation: Henry stopped twice during his 60-
Jjourney and stopped twice. The first time was after travel- mile bicycle ride. The first time was after 20 miles, and
ing 20 miles, and his second stop was after traveling 15 his second stop was after 15 miles. 60 - 20 = 40. 60 - 20
miles. 60 - 20 - 15 = 25 miles. The answer is 25.) =40. 60 - 20 = 40. The answer is 40.)

Figure E.7: Illustration of correct output before pruning and wrong output after pruning for Hindi reasoning
(top-k=0.01) using Llama 1B.
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Q: James décide de courir 3 sprints 3 fois par semaine. Il court 60 métres a chaque sprint. Combien
de metres au total par semaine ?
A:

(English translation: James decides to run 3 sprints 3 times a week. He runs 60 meters in each sprint.

How many meters in total per week?)

James court 3 sprints 3 fois par semaine. Cela fait 3 x 3 James a 3 sprints 3 fois par semaine. Il court 60 metres a
= 9 sprints. Chaque sprint fait 60 metres. Donc 9 x 60 = chaque sprint. 3 + 3 = 5 sprints. 3 + 3 = 5. La réponse est
540 metres. La réponse est 540. 5.

(English translation: James runs 3 sprints 3 times a week. (English translation: James has 3 sprints 3 times a week.
That makes 3 x 3 = 9 sprints. Each sprint is 60 meters. He runs 60 meters in each sprint. 3 + 3 = 5 sprints. 3 + 3
S0 9 x 60 = 540 meters. The answer is 540.) = 5. The answer is 5.)

Figure E.8: Illustration of correct output before pruning and wrong output after pruning for French reasoning
(top-k=0.01) using Llama 1B.

Q: There are 15 trees in the grove. Grove workers will plant trees in the grove today. After they are
done, there will be 21 trees. How many trees did the grove workers plant today?

A: There are 15 trees originally. Then there were 21 trees after some more were planted. So there
must have been 21 - 15 = 6. The answer is 6.

]

Q: A treasure hunter found a buried treasure chest filled with gems. There were 175 diamonds, 35
fewer rubies than diamonds, and twice the number of emeralds than the rubies. How many of the
gems were there in the chest?

A:

Let’s break down the problem step by step: The number of rubies is 175 - 35 = 140. The number of
1. **Number of diamonds**: The problem states there emeralds is 2 * 140 = 280. The total number of gems is
are 175 diamonds. So, diamonds = 175. 175 + 140 + 280 = 595. The answer is 595.

2. **Number of rubies**: There are 35 fewer rubies than
diamonds. So, rubies = diamonds - 35 = 175 - 35 = 140.
3. **Number of emeralds**: There are twice as many
emeralds as rubies. So, emeralds = 2 x rubies = 2 x 140 =
280.

4. **Total number of gems**: Total gems = diamonds +
rubies + emeralds Total gems = 175 + 140 + 280 = 595.
**Answer: 595%*, J

The total number of gems in the chest is *#595%%*, [74
Final Answer: *#595%*  [74

Figure E.9: Illustration of wrong output formatting and poor in-context learning before pruning and correct output
after pruning for English reasoning (top-k=1e-5) using Qwen3 4B.
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Figure F.1: Layer-wise Jaccard similarity of math-reasoning parameters across top-k values in Llama 1B, computed
for all language pairs (English (En), German (De), French (Fr), and Hindi (Hi)) and the random baseline (Chance)
on RACE.
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Figure F.2: Layer-wise Jaccard similarity of math-reasoning parameters across top-k values in Qwen3 4B, computed
for all language pairs (English (En), German (De), French (Fr), and Hindi (Hi)) and the random baseline (Chance)
on RACE.
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Figure F.3: Layer-wise Jaccard similarity of math-reasoning parameters across top-k values in Llama 8B, computed
for all language pairs (English (En), German (De), French (Fr), and Hindi (Hi)) and the random baseline (Chance)
on RACE.
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Figure F.6: Layer-wise distribution of math-reasoning parameters across top-k values in Llama 1B, using RACE as
comparison dataset.
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Figure F.7: Layer-wise distribution of math-reasoning parameters across top-k values in Qwen3 4B, using RACE as
comparison dataset.
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Figure F.8: Layer-wise distribution of math-reasoning parameters across top-k values in Llama 8B, using RACE as

comparison dataset.
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