
Appendix

Anonymous Author(s)
Affiliation
Address
email

A Details of Fitting Transfer Strength αj→i(D)1
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Figure 9: Illustration of cross-lingual interaction-aware language ratio (r̃ar) and its dependency on
original training proportions (rar).

As introduced in Figure 2 (c) of the main text, we observe that the curve relating r̃i and ri shifts2

vertically depending on the total token budget D. Specifically, as D increases, the r̃i versus ri curve3

tends to move downward, while smaller D values correspond to upward shifts. According to Equation4

(4), the parameter αj→i(D) effectively acts as an intercept controlling this vertical shift.5

To accurately characterize the relationship between αj→i and the data budget D, we adopt a two-step6

procedure. First, we individually fit the relationship between r̃i and ri at different values of D using7

Equation (4). This yields empirical estimates of αj→i at various token budgets. Figure 9 illustrates8

the computed values of αj→i for three representative language pairs across different scales of D.9

Moreover, our empirical findings suggest two critical properties for the αj→i(D) relationship:10

• Non-monotonicity: αj→i does not continuously decrease with increasing D; rather, it11

converges towards a stable limiting value as D becomes sufficiently large.12

• Sign variability: αj→i can be either positive or negative. Positive values indicate beneficial13

cross-lingual transfer, whereas negative values reflect interference effects, where additional14

data from language Lj eventually hinder the learning of language Li.15

Considering these empirical insights, we propose modeling αj→i(D) with the following parametric16

form:17

αj→i(D) = bji +
kji
D

, (1)

where bji represents the asymptotic transfer strength as D → ∞, and kji controls the decay rate of18

this transfer effect as the data budget increases.19

The fitting results using this parametric form, depicted by the green curves in Figure 9, demonstrate20

excellent agreement with the empirical αj→i-D relationships across various language pairs, validating21

our choice of functional form.22
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B Derivation of Optimal Direction for Cross-Lingual Interaction-Aware23

Ratios pi24

To compute the optimal direction of the Cross-Lingual Interaction-Aware Ratios {r̃i}, we formulate25

and solve the following uncoupled optimization subproblem:26

min
r̃i>0

n∑
i=1

Bi

(D r̃i)βi
s.t.

n∑
i=1

r̃i = M, (2)

where M > 0 is a fixed normalization constant, and Bi, βi, D are known positive parameters.27

Introducing a Lagrange multiplier λ, we construct the Lagrangian:28

J (r̃, λ) =

n∑
i=1

Bi

(D r̃i)βi
+ λ

(
n∑

i=1

r̃i −M

)
. (3)

Taking derivatives with respect to each r̃i and setting them to zero, we obtain the first-order optimality29

conditions:30

−Bi βi D
−βi r̃

−(βi+1)
i + λ = 0 (4)

=⇒ r̃ βi+1
i =

Bi βi

λDβi
. (5)

Comparing the conditions for any two languages i, j, we have:31

r̃i
r̃j

=

(
Bi βi

Bj βj
Dβj−βi

) 1
βi+1

/
1

βj+1

. (6)

Thus, the optimal direction must satisfy:32

r̃i ∝
(
Bi βi/D

βi
)1/(βi+1)

. (7)

Applying the normalization constraint
∑

i r̃i = M , we obtain the normalized optimal direction:33

pi =
(Bi βi)

1/(βi+1) D−βi/(βi+1)∑n
k=1(Bk βk)1/(βk+1) D−βk/(βk+1)

. (8)

Since each term Bi/(Dr̃i)
βi is strictly convex in r̃i and the constraint is linear, the stationary solution34

derived above constitutes the unique global minimizer. This rigorous derivation justifies the Marginal-35

Benefit Balancing approach presented in the main text, providing the closed-form solution for the36

optimal direction {r̃i}.37

C Equivalence of Two-Stage Optimization with Direct Optimization38

Here we provide a rigorous justification demonstrating that our proposed two-stage optimization39

approach—first determining the optimal direction pi and subsequently maximizing the magnitude of40

effective data allocation—is equivalent to directly solving the original optimization problem.41

(i) Necessity of Optimizing the Direction: Assume the direction of the cross-lingual interaction-42

aware ratios {r̃i} deviates from the optimal direction pi. Under any fixed effective data contribution43 ∑
i Bi/(Dr̃i)

βi , the total validation loss will always be greater than or equal to that obtained using44

the optimal direction. Formally, the optimal direction condition is:45

Biβi

Dβi r̃βi+1
i

=
Bjβj

Dβj r̃
βj+1
j

, ∀i, j. (9)

Any deviation from this balanced proportionality condition disrupts marginal equilibrium, causing46

certain languages to have unnecessarily higher marginal loss reductions, thus reducing overall47

efficiency. Hence, identifying the direction {r̃i} by balancing marginal benefits ensures minimal total48

loss given a fixed effective data contribution.49
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(ii) Optimal Magnitude via Maximizing Effective Allocation: Once the optimal direction pi is50

fixed, we set r̃i = c · pi, where c denotes the scaling magnitude of effective data allocation (with51

normalization
∑

i r̃i = c). We then isolate the variable component of total loss as a function of c:52

Lvar(c) =
∑
i

Bi

(Dcpi)βi
=
∑
i

Bi

Dβipβi

i

c−βi . (10)

Differentiating with respect to c, we have:53

dLvar

dc
= −

∑
i

βiBi

Dβipβi

i

c−(βi+1) < 0, (11)

provided that all βi > 0. This negative derivative demonstrates a strictly monotonic decrease in loss54

as the magnitude c increases. Intuitively, larger c means greater effective data volumes Dr̃i for each55

language, which consistently reduces loss due to the monotonicity of scaling laws. Therefore, to56

minimize the loss, we naturally aim to increase c as much as feasible—maximizing the total effective57

data contribution while maintaining the optimal relative proportions.58

However, practical constraints limit the maximum achievable c. Given the normalization constraint59 ∑
ri = 1 and the implicit mapping from {ri} to {r̃i}, the magnitude c has an upper bound c∗60

corresponding to feasible allocations.61

In summary, stage 1 guarantees that adjusting the direction of ratios does not increase the loss, and62

stage 2 optimally maximizes effective data volume along this direction, ensuring minimal achievable63

loss. Thus, the two-stage solution is proven equivalent to directly solving the original optimization64

problem. This result aligns with previous studies on multilingual scaling laws, demonstrating the65

consistency and optimality of the two-stage optimization procedure.66

D Training Details67

Dataset Description68

All experiments utilize data sampled from the Fineweb-2 corpus [7]. We further preprocess the69

dataset by training a custom Byte-Pair Encoding (BPE) tokenizer using the BBPE method, resulting70

in a vocabulary of 250k tokens for subsequent experiments.71

Experimental Setup72

We conduct multilingual experiments with various language combinations:73

• Bilingual Experiments: {es-ko, en-zh, de-ar, ko-ja}74

• Trilingual Experiments: {es-de-ar, es-ko-zh, en-zh-ja}75

• Five-language Experiment: {es-de-ar-ko-ja}76

• Sixteen-language Experiment: {de, en, nl, es, pt, fr, it, id, ja, ko, zh, ru, ar, th, vi, tr}77

As detailed in Algorithm 1, for each multilingual setting, we first fix the proportion of one language78

and evenly distribute the remaining proportion among the other languages. For each selected language79

Li, we systematically vary its proportion across the set {0.02, 0.025, 0.05, 0.1, 0.2, 0.25, 0.4, 0.5, 0.6,80

0.75, 0.8, 0.9, 0.95, 0.975, 0.98} to establish comprehensive fitting functions. In the sixteen-language81

experiment, we follow Algorithm 1 for extrapolation and validation.82

Model Configuration83

We adopt a transformer-based architecture inspired by the LLaMA-2 [12] model, specifically config-84

ured with approximately 1.2 billion parameters. The detailed architecture settings are:85

• Hidden size: 204886

• Vocabulary embedding dimension: 204887

• Intermediate layer dimension: 550488

• Attention heads: 1689
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• Layers: 2490

• Maximum positional embeddings: 409691

• Layer normalization epsilon: 1.0× 10−592

All models are randomly initialized.93

Training Hyperparameters94

• Batch size: 307295

• Sequence length: 409696

• Optimizer: AdamW97

• Learning rate schedule: Cosine decay to 10% of initial value98

• Training steps: Varied according to total token budget D99

• Precision: bf16 (mixed-precision training)100

Computational Resources and Runtime101

Each experiment is conducted using 64 H100 GPUs, with an average runtime of approximately 10102

hours per experiment.103

Evaluation Methodology104

The validation datasets for each language are separately sampled from Fineweb-2, ensuring no overlap105

with training samples. Validation loss is computed by averaging the loss across the final three training106

steps of each run.107

E Detailed Evaluation Protocols for Benchmarks108

To rigorously assess the capabilities of our proposed model, we select benchmarks that span diverse109

evaluation dimensions, including natural language inference, commonsense reasoning, question110

answering, multilingual multitask understanding, and translation tasks. Recognizing that several111

benchmarks were originally developed only in English, we manually translated these datasets into112

multilingual versions (marked as ‡: XHS‡, XARC-E‡, XARC-C‡, XGPQA‡, XTQA‡). Our translation113

approach involves encapsulating each benchmark component—prompts, questions, and answer114

choices—with explicit tags to maintain structural consistency. We then use GPT-based translation,115

ensuring strict validation of tag integrity post-translation, with any problematic samples retranslated.116

This systematic methodology guarantees accurate and faithful translations, supporting flexible future117

adaptations and mixed-language test scenarios. Below, we detail each evaluation benchmark grouped118

by task type.119

Language Modeling and Natural Language Inference120

XNLI (Cross-lingual Natural Language Inference) [2]: Extended from MultiNLI, XNLI evaluates121

cross-lingual sentence representations across 15 languages, measuring models’ inference capabilities.122

XCOPA (Cross-lingual Choice of Plausible Alternatives) [8]: XCOPA tests models on causal com-123

monsense reasoning across 11 languages, providing insights into multilingual causal reasoning124

capabilities.125

XStoryCloze [5]: XStoryCloze assesses zero-shot and few-shot learning across 10 non-English126

languages, examining models’ narrative understanding and inference skills.127

Commonsense Reasoning128

HellaSwag (XHS‡) [13]: Originally English-only, HellaSwag involves selecting the most plausible129

sentence ending from multiple choices, thereby testing commonsense reasoning.130

XWinograd [6]: As a multilingual variant of the Winograd Schema Challenge, XWinograd evaluates131

pronoun resolution abilities in diverse linguistic contexts.132

Question Answering133
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ARC-Easy (XARC-E‡) / ARC-Challenge (XARC-C‡) [1]: ARC contains scientific multiple-choice134

questions designed for different complexity levels, evaluating reasoning from basic to advanced.135

GPQA (Graduate-Level Google-Proof Q&A, XGPQA‡) [9]: GPQA tests graduate-level understanding136

across domains like biology, physics, and chemistry, requiring deep comprehension beyond search-137

engine-based answers.138

TruthfulQA (XTQA‡) [4]: This dataset assesses the factual accuracy and common misconception139

avoidance of language models across diverse topics.140

Multitask Language Understanding (MMLU Series)141

CMMLU (Chinese Massive Multitask Language Understanding) [3]: Evaluates Chinese language142

models’ knowledge across multiple disciplines including natural sciences, engineering, and humani-143

ties.144

JMMLU (Japanese Massive Multitask Language Understanding) 1: JMMLU assesses Japanese145

models on multitask language understanding, covering extensive topics.146

VMLU (Vietnamese Massive Language Understanding) 2: Focused on Vietnamese, VMLU evaluates147

broad academic and practical knowledge via a large set of multiple-choice questions.148

GMMLU (Global Massive Multitask Language Understanding) [10]: GMMLU tests multilingual149

generalization capabilities across various languages and diverse tasks.150

Translation Tasks151

FLORES (Facebook Low Resource Languages Evaluation Suite) [11]: Supporting many-to-many152

translations, FLORES provides a high-quality benchmark suitable for assessing model performance153

on low-resource languages.154

F Detailed Per-Language Benchmark Results155

This appendix presents detailed, per-language evaluation results corresponding to the benchmarks156

summarized in Table 2. The following tables comprehensively report the performance of our CLIMB-157

derived multilingual allocation strategy across each evaluated language, facilitating an in-depth158

analysis and comparison against baseline methods.159

Table 3: Detailed per-language performance on the XWinograd benchmark (5-shot accuracy).

Model / Method EN FR JP PT RU ZH
Open Source Multilingual LLMs

LLaMA-3.2 93.65 71.25 67.17 72.09 73.75 77.13
Qwen-3 92.54 76.61 78.49 77.12 69.51 80.69
Gemma-3 77.60 65.56 62.95 62.86 64.29 68.38

Different Data Allocation Methods
Uniform 82.93 72.45 71.39 73.80 67.89 71.58
Isolated 79.79 77.71 71.44 68.59 65.58 70.74
Natural 82.90 76.28 71.19 74.02 68.71 76.77
MSL 82.14 73.84 69.90 71.56 67.04 74.06
CLIMB 90.57 78.14 74.27 74.98 73.66 73.25

G Limitations and Future Work160

While our experiments demonstrate strong performance using the proposed multilingual allocation161

strategy based on scaling laws, several limitations should be acknowledged. First, our parametric162

fitting and allocation strategies are primarily validated on a 1.2 billion-parameter (1.2B) model, and163

1https://github.com/nlp-waseda/JMMLU
2https://vmlu.ai/
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Table 4: Detailed per-language performance on the XStoryCloze benchmark (0-shot accuracy).

Model / Method AR EN ES EU HI ID MY RU SW TE ZH
Open Source Multilingual LLMs

LLaMA-3.2 52.99 73.18 63.20 51.77 57.81 60.26 50.74 61.94 52.12 56.29 59.57
Qwen-3 56.96 74.71 65.52 53.32 58.07 62.47 53.32 63.26 51.65 60.33 66.00
Gemma-3 51.94 62.49 57.01 52.74 54.69 54.63 50.73 55.35 51.87 56.61 55.18

Different Data Allocation Methods
Uniform 60.45 70.35 66.44 53.01 50.31 65.22 49.98 65.25 51.19 54.91 61.76
Isolated 59.87 71.34 64.97 52.27 50.82 63.92 50.25 65.87 51.06 54.67 61.09
Natural 59.19 67.96 62.06 51.26 52.19 61.62 49.82 61.33 50.19 54.31 61.24
MSL 60.19 69.16 63.30 51.42 52.59 62.49 49.30 62.21 50.13 54.51 62.04
CLIMB 62.39 73.09 66.22 53.74 55.59 64.49 51.11 66.20 52.57 58.10 62.43

Table 5: Detailed per-language performance on the XCOPA benchmark (5-shot accuracy).

Model / Method ET HT ID IT QU SW TA TH TR VI ZH
Open Source Multilingual LLMs

LLaMA-3.2 52.09 52.31 62.69 62.49 51.51 51.31 55.08 55.90 55.90 64.68 64.47
Qwen-3 52.57 53.17 66.63 65.07 49.77 53.17 54.38 57.81 57.81 70.03 74.64
Gemma-3 51.99 52.77 60.18 56.59 52.20 55.21 55.62 54.19 55.62 59.79 57.99

Different Data Allocation Methods
Uniform 49.59 50.99 67.99 66.99 51.63 51.63 56.46 61.05 61.26 69.59 67.20
Isolated 49.86 51.66 70.62 64.80 50.60 50.21 56.60 61.78 61.78 69.94 65.77
Natural 50.76 51.48 64.31 59.09 49.97 51.85 54.44 58.76 58.49 62.85 59.93
MSL 52.32 52.77 66.29 61.15 51.18 52.88 55.45 59.54 60.00 64.75 62.33
CLIMB 54.21 53.80 68.06 63.89 52.18 54.12 56.73 60.95 61.50 67.46 66.90

Table 6: Detailed per-language performance on the XNLI benchmark (5-shot accuracy).

Model / Method AR DE EN ES FR RU TH TR VI ZH
Open Source Multilingual LLMs

LLaMA-3.2 34.05 42.16 46.15 40.41 42.20 40.48 38.41 39.90 39.90 39.86
Qwen-3 33.83 42.38 47.43 43.58 43.58 42.38 39.70 37.44 41.10 41.90
Gemma-3 38.94 41.35 44.81 41.53 41.92 41.92 39.74 40.18 42.28 41.03

Different Data Allocation Methods
Uniform 32.68 43.75 44.37 41.39 43.95 40.41 37.67 41.81 36.45 38.31
Isolated 31.15 40.95 42.76 40.16 42.84 40.22 36.53 41.60 35.64 37.46
Natural 34.26 40.61 43.19 40.23 41.53 39.40 37.50 39.58 35.74 38.46
MSL 32.88 39.57 43.00 40.23 40.95 38.88 37.62 38.66 35.47 38.14
CLIMB 35.14 43.01 48.18 43.93 44.41 42.72 40.87 41.76 38.92 37.56

Table 7: Detailed per-language performance on the Global MMLU (GMMLU) benchmark (5-shot
accuracy).

Model / Method AR DE EN ES FIL FR ID IT JA KO MS NL PT TR VI ZH
Open Source Multilingual LLMs

LLaMA-3.2 25.88 29.12 35.30 29.31 28.05 28.84 28.59 28.54 27.58 27.90 28.33 28.11 29.16 27.21 28.39 29.21
Qwen-3 29.62 34.79 43.92 35.77 31.23 35.68 33.94 34.85 32.75 32.21 32.15 33.23 35.74 31.04 33.63 37.94
Gemma-3 25.43 26.94 31.13 27.75 27.00 27.20 27.15 27.05 26.49 26.95 26.57 25.96 27.49 26.68 27.29 27.42

Different Data Allocation Methods
Uniform 27.56 29.78 31.30 29.81 25.64 29.85 29.76 29.37 28.45 28.77 28.51 28.88 30.18 28.75 28.99 29.20
Isolated 26.80 29.20 30.96 29.56 25.66 29.17 29.44 29.03 28.27 28.35 28.21 28.73 29.61 28.21 28.60 28.45
Natural 28.84 31.18 33.38 31.83 27.15 31.09 31.11 30.51 29.43 28.64 28.31 30.25 31.47 29.81 29.72 30.96
MSL 28.00 29.93 32.47 30.55 26.46 30.43 29.80 28.84 27.51 27.38 26.69 29.01 30.47 28.30 28.58 29.60
CLIMB 30.53 32.91 36.26 33.85 28.86 33.95 33.04 32.11 30.70 30.33 29.68 31.48 33.92 30.79 31.16 28.91
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Table 8: Detailed per-language performance on the FLORES Translation benchmark (5-shot chrF++
scores).

Model / Method Translation to English (xx-en)
AR DE ES FR ID IT JA KO MS NL PT RU TH TL TR VI ZH

LLaMA-3.2 46.47 57.15 51.99 58.86 53.57 53.20 39.51 39.20 52.00 50.82 61.54 50.82 42.53 42.56 42.26 48.77 44.12
Qwen-3 55.40 61.66 54.54 62.48 58.90 56.20 48.68 48.82 58.09 53.48 64.18 55.65 49.75 51.95 51.39 54.26 52.12
Gemma-3 43.14 53.40 38.32 49.88 40.80 46.72 36.66 28.78 42.00 43.14 52.78 45.00 35.26 37.90 38.32 38.06 40.29
Uniform 55.37 61.04 54.87 61.75 59.21 56.23 45.28 46.07 57.67 54.38 65.10 54.46 48.91 20.60 51.28 53.56 46.88
Isolated 55.57 60.91 54.24 61.77 59.62 55.73 45.86 46.43 57.82 54.92 64.74 54.64 49.19 20.68 51.81 53.53 46.38
Natural 56.99 61.56 55.39 62.87 60.74 56.99 46.47 47.01 58.48 54.79 65.69 55.60 49.82 22.59 52.61 54.99 47.57
MSL 56.15 60.65 54.35 61.85 59.94 56.15 45.96 46.43 57.34 53.97 64.40 54.47 48.76 23.12 51.95 54.23 47.02
CLIMB 58.99 63.65 57.13 65.55 63.43 59.08 48.89 49.32 60.26 56.75 66.66 57.12 51.36 25.46 54.77 57.01 46.89

Model / Method Translation from English (en-xx)
AR DE ES FR ID IT JA KO MS NL PT RU TH TL TR VI ZH

LLaMA-3.2 27.93 49.67 47.56 55.84 52.44 45.92 19.61 17.24 47.10 46.11 57.57 42.05 25.85 30.45 33.82 45.69 20.53
Qwen-3 36.82 54.06 50.86 61.53 59.39 50.22 26.69 23.64 52.19 46.81 62.44 47.53 35.09 37.32 39.47 53.24 30.23
Gemma-3 24.68 37.67 34.94 49.05 43.39 33.38 16.18 14.72 38.58 32.06 49.51 32.01 24.07 25.28 28.93 36.46 19.52
Uniform 42.48 51.98 47.80 57.92 60.45 47.63 23.59 24.38 54.57 48.72 59.52 44.10 35.14 8.21 43.24 52.00 20.95
Isolated 41.99 52.49 47.88 58.06 60.70 47.94 24.12 24.08 54.64 49.18 59.31 44.55 34.49 9.38 43.19 51.46 20.38
Natural 43.44 53.47 48.64 59.13 61.07 48.83 24.48 24.50 55.45 50.14 60.41 45.28 35.57 10.95 44.14 52.85 21.81
MSL 42.71 52.35 47.41 57.74 59.67 47.83 24.56 24.61 53.91 49.03 58.77 44.11 35.23 11.78 43.36 51.67 22.01
CLIMB 45.63 55.50 50.28 61.43 63.18 50.64 26.59 26.66 56.94 51.92 62.14 46.58 37.75 13.45 46.16 54.82 22.65

Table 9: Detailed per-language performance on the ARC-Challenge benchmark (25-shot accuracy).

Model / Method AR DE EN ES FR ID IT JA KO MS NL PT RU TA TH TR VI ZH

Open Source Multilingual LLMs
LLaMA-3.2 26.64 30.93 42.26 35.16 33.42 30.34 32.88 28.67 31.21 30.76 30.30 32.88 29.53 25.12 28.69 29.05 30.45 32.80
Qwen-3 34.00 42.03 54.39 43.51 41.31 41.22 43.49 35.42 36.33 37.58 38.32 43.11 39.92 28.09 32.77 33.03 37.52 45.54
Gemma-3 25.58 29.77 38.41 30.69 31.03 30.27 30.27 27.92 28.42 28.18 27.09 30.94 28.42 25.92 25.92 27.59 27.26 29.94

Different Data Allocation Methods
Uniform 33.46 35.60 40.10 38.47 35.60 35.77 38.59 34.48 35.17 35.34 35.17 37.72 38.23 22.78 32.00 35.85 35.09 37.97
Isolated 31.19 35.53 38.72 37.02 36.25 37.45 37.87 35.44 34.62 37.02 36.00 37.26 34.75 23.15 31.71 34.62 32.72 34.71
Natural 31.75 33.98 38.37 35.91 34.60 34.76 36.61 33.24 32.80 33.63 33.50 35.84 33.81 21.99 30.05 33.69 33.48 35.72
MSL 32.31 34.59 38.90 36.64 35.30 35.46 37.34 33.74 33.20 34.12 33.98 36.38 34.32 22.60 30.70 34.47 34.28 36.74
CLIMB 34.48 37.10 41.78 39.05 38.03 38.27 40.19 36.33 35.64 37.20 37.05 39.67 37.40 24.08 32.54 36.58 36.40 36.30

Table 10: Detailed per-language performance on the ARC-Easy benchmark (25-shot accuracy).

Model / Method AR DE EN ES FR ID IT JA KO MS NL PT RU TA TH TR VI ZH

Open Source Multilingual LLMs
LLaMA-3.2 39.16 50.09 70.21 54.98 52.23 48.35 51.18 40.29 41.26 44.43 47.09 52.19 48.56 35.74 37.63 42.37 46.96 49.40
Qwen-3 49.23 62.56 80.14 67.38 64.09 60.14 62.73 53.92 52.27 51.49 54.70 65.11 60.84 41.24 46.35 49.35 57.51 69.64
Gemma-3 41.68 49.67 70.80 55.19 53.55 50.56 54.01 48.37 47.44 43.70 48.62 52.49 47.02 39.15 39.61 44.08 46.18 55.31

Different Data Allocation Methods
Uniform 56.70 62.68 70.93 67.27 63.81 64.28 64.07 58.97 58.01 57.71 62.59 66.34 60.24 29.64 49.59 60.20 58.76 63.86
Isolated 55.12 62.07 69.93 65.59 63.45 63.74 61.73 56.77 56.98 56.93 61.73 63.21 58.62 30.29 48.31 59.46 56.56 63.08
Natural 53.88 59.60 67.83 63.25 61.68 61.16 60.30 53.99 53.45 52.40 57.84 62.68 57.09 29.54 47.44 56.40 55.10 60.12
MSL 55.21 60.93 68.99 64.61 63.06 62.34 61.63 55.14 54.64 53.74 59.17 64.14 58.49 30.41 48.57 57.73 56.42 61.55
CLIMB 57.75 63.84 72.47 67.74 66.25 65.45 64.96 58.17 57.80 57.09 62.03 67.11 61.45 32.24 50.96 60.64 59.12 63.02

Table 11: Detailed per-language performance on the GPQA benchmark (0-shot accuracy).

Model / Method AR DE EN ES FR ID IT JA KO MS NL PT RU TH TL TR VI ZH

Open Source Multilingual LLMs
LLaMA-3.2 23.54 25.67 26.39 23.30 26.39 23.30 22.81 22.81 25.20 23.79 23.30 23.30 24.02 23.79 25.67 23.30 23.79 24.50
Qwen-3 27.47 31.60 32.53 28.06 32.79 31.89 31.60 30.38 29.79 27.72 34.87 31.60 32.53 28.95 31.89 31.30 28.36 31.60
Gemma-3 24.58 23.30 25.45 23.03 24.44 23.49 25.25 23.49 22.76 24.91 23.49 24.91 22.05 24.58 21.25 22.76 26.60 25.45

Different Data Allocation Methods
Uniform 25.41 26.48 27.28 25.72 27.28 26.72 25.91 24.65 26.24 24.90 27.52 26.72 26.72 26.97 25.71 25.71 25.41 25.91
Isolated 23.51 22.77 26.27 21.76 24.24 25.03 25.03 23.51 24.51 25.24 25.24 25.03 23.27 28.64 25.03 23.51 24.80 25.03
Natural 24.97 26.40 28.24 26.19 27.77 26.94 26.64 25.17 25.02 25.60 26.78 27.15 26.26 25.66 26.56 26.47 25.70 27.16
MSL 24.23 25.43 27.06 25.34 26.61 25.94 25.64 24.19 24.00 24.72 25.89 26.27 25.10 24.44 25.50 25.39 24.53 26.20
CLIMB 25.96 27.09 28.60 27.24 28.46 27.71 27.44 25.88 25.71 26.41 27.59 28.00 26.67 26.13 27.28 27.18 26.20 26.98

Table 12: Detailed per-language performance on the HellaSwag benchmark (10-shot accuracy).

Model / Method AR DE EN ES FR ID IT JA KO MS NL PT RU TA TH TR VI ZH

Open Source Multilingual LLMs
LLaMA-3.2 36.12 42.69 67.10 47.45 46.86 43.14 45.06 36.78 37.02 40.66 43.35 46.28 42.38 35.30 35.21 36.46 42.35 43.48
Qwen-3 39.37 45.66 65.36 51.17 50.93 46.08 48.86 42.25 39.52 42.49 43.30 51.26 45.53 35.81 36.79 36.01 44.79 52.39
Gemma-3 35.91 40.54 58.37 42.84 45.18 42.15 43.81 37.61 36.51 38.84 41.17 44.27 39.03 34.94 33.76 34.87 38.20 41.35

Different Data Allocation Methods
Uniform 45.03 49.72 58.01 54.03 54.83 52.41 52.90 45.08 43.01 47.15 51.51 53.67 48.50 30.04 39.10 45.27 47.84 48.06
Isolated 44.67 49.70 58.02 53.31 54.35 52.06 52.25 45.70 43.34 47.23 51.35 53.44 48.33 30.61 39.68 45.99 48.34 47.58
Natural 42.64 46.95 55.16 51.21 51.95 49.75 50.12 42.98 41.06 44.48 48.50 50.71 45.73 29.08 37.87 43.24 45.31 45.52
MSL 43.80 48.06 56.71 52.67 53.37 51.11 51.45 44.12 42.19 45.69 49.92 52.23 46.93 30.37 39.32 44.90 46.82 46.73
CLIMB 45.71 49.93 58.99 54.39 55.31 53.20 53.38 46.05 44.05 47.67 51.79 54.15 48.65 32.10 40.95 46.75 48.51 45.92
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Table 13: Detailed per-language performance on the TruthfulQA benchmark (0-shot accuracy).

Model / Method AR DE EN ES FR ID IT JA KO MS NL PT RU TH TL TR VI ZH

Open Source Multilingual LLMs
LLaMA-3.2 38.66 37.41 34.59 37.20 36.56 38.92 34.16 36.91 39.59 36.09 37.20 36.76 40.04 36.76 36.32 37.90 42.73 41.36
Qwen-3 49.16 50.27 47.94 50.01 50.54 48.24 50.01 51.56 47.18 47.70 46.15 52.98 51.17 47.35 42.46 46.15 52.03 48.96
Gemma-3 39.20 41.60 39.60 39.83 38.73 42.47 40.92 37.39 41.14 37.83 36.28 42.03 44.24 40.05 34.51 39.38 43.80 42.25

Different Data Allocation Methods
Uniform 41.42 38.07 38.28 41.63 41.42 39.09 40.74 35.97 41.42 39.09 39.73 39.94 39.94 38.07 37.02 38.28 41.42 41.63
Isolated 36.55 42.71 37.18 39.93 40.55 39.49 40.13 37.59 40.78 36.98 39.73 41.43 38.48 38.26 38.26 40.13 45.00 41.61
Natural 41.62 40.17 40.95 42.12 41.83 40.91 40.76 38.60 40.09 39.40 40.42 41.94 40.99 39.06 37.51 39.74 42.35 42.91
MSL 40.53 39.05 39.91 41.02 40.76 39.76 39.57 37.50 38.93 38.26 39.27 40.70 39.75 37.84 36.35 38.74 41.18 41.70
CLIMB 42.05 40.57 41.53 42.57 42.32 41.36 41.15 38.99 40.49 39.72 40.80 42.17 41.09 39.31 37.78 40.38 42.62 42.03

although Section 4.2 indicates robust performance at a larger scale (7B), explicitly incorporating164

model size (N ) into the allocation optimization could potentially yield even more optimal data165

distributions. Exploring how scaling laws evolve explicitly with both dataset size (D) and model166

scale (N ) thus remains an open area for future research.167

Secondly, our current methodology exclusively considers cross-lingual transfer between languages168

included within the training dataset. An important and intriguing direction for future work involves169

extending our approach to account for potential transfer effects to and from languages not directly170

represented in the training set. Such an extension would enable more comprehensive and strategically171

informed allocation decisions, optimizing not just for immediate languages but also for broader172

linguistic coverage and potential downstream adaptability.173

H Social Impact174

CLIMB contributes positively by systematically enhancing multilingual performance in large language175

models (LLMs), thereby significantly improving global accessibility to advanced AI capabilities176

across diverse linguistic communities. Such improvements have the potential to reduce linguistic177

biases, bridge language gaps, and enhance equitable information access globally. However, there178

remain potential risks, including inadvertent reinforcement of cultural or linguistic biases inherent in179

training data and the possibility of over-reliance on optimized multilingual models leading to reduced180

human oversight and critical evaluation. It is crucial to responsibly deploy CLIMB-optimized models181

with ongoing evaluation and monitoring, actively addressing ethical considerations and biases to182

ensure equitable and inclusive benefits.183
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