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A Details of Fitting Transfer Strength o;_,;(D)
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Figure 9: Illustration of cross-lingual interaction-aware language ratio (7,) and its dependency on

original training proportions (7).

As introduced in Figure 2 (c) of the main text, we observe that the curve relating 7; and r; shifts
vertically depending on the total token budget D. Specifically, as D increases, the 7; versus r; curve
tends to move downward, while smaller D values correspond to upward shifts. According to Equation
(4), the parameter «;_,;(D) effectively acts as an intercept controlling this vertical shift.

To accurately characterize the relationship between a;_,; and the data budget D, we adopt a two-step
procedure. First, we individually fit the relationship between 7; and r; at different values of D using
Equation (4). This yields empirical estimates of a;_; at various token budgets. Figure [J]illustrates
the computed values of «;_,; for three representative language pairs across different scales of D.

Moreover, our empirical findings suggest two critical properties for the «;_,; (D) relationship:

* Non-monotonicity: «;_,; does not continuously decrease with increasing D; rather, it
converges towards a stable limiting value as D becomes sufficiently large.

* Sign variability: o;;_,; can be either positive or negative. Positive values indicate beneficial
cross-lingual transfer, whereas negative values reflect interference effects, where additional
data from language L; eventually hinder the learning of language L;.

Considering these empirical insights, we propose modeling c;_,; (D) with the following parametric

form:
k

a;5i(D) =bj; + %, ()

where b;; represents the asymptotic transfer strength as D — oo, and k;; controls the decay rate of
this transfer effect as the data budget increases.

The fitting results using this parametric form, depicted by the green curves in Figure[9} demonstrate
excellent agreement with the empirical «;_,;-D relationships across various language pairs, validating
our choice of functional form.
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B Derivation of Optimal Direction for Cross-Lingual Interaction-Aware
Ratios p;

To compute the optimal direction of the Cross-Lingual Interaction-Aware Ratios {7; }, we formulate
and solve the following uncoupled optimization subproblem:

L = B;
min > pra Z”* : @

i=1
where M > 0 is a fixed normalization constant, and B;, 3;, D are known positive parameters.

Introducing a Lagrange multiplier A, we construct the Lagrangian:

n

JEN = (Déi)@ + A <Zr ) (3)

=1 =1

Taking derivatives with respect to each 7; and setting them to zero, we obtain the first-order optimality
conditions:

~ B 3D P L a =0 )
i B;
= Ffitl= 3 Dii ) 5)

Comparing the conditions for any two languages 7, j, we have:

i (Bi Bi Dﬁj&) il , ©)
Thus, the optimal direction must satisfy:
7i o (Bipi/D%) Y. )

Applying the normalization constraint ) , 7; = M, we obtain the normalized optimal direction:
(B ﬁ )1/(57"‘1) D~ Bi/(Bi+1)
n Sone 1 (B Br) Y/ Brtl) D=Be/(Brt1)”

(®)

Since each term B; /(D7;)? is strictly convex in 7; and the constraint is linear, the stationary solution
derived above constitutes the unique global minimizer. This rigorous derivation justifies the Marginal-
Benefit Balancing approach presented in the main text, providing the closed-form solution for the
optimal direction {7;}.

C Equivalence of Two-Stage Optimization with Direct Optimization

Here we provide a rigorous justification demonstrating that our proposed two-stage optimization
approach—first determining the optimal direction p; and subsequently maximizing the magnitude of
effective data allocation—is equivalent to directly solving the original optimization problem.

(i) Necessity of Optimizing the Direction: Assume the direction of the cross-lingual interaction-
aware ratios {r;} deviates from the optimal direction p;. Under any fixed effective data contribution

>, Bi/(D7;)P, the total validation loss will always be greater than or equal to that obtained using
the optimal direction. Formally, the optimal direction condition is:

B;S; _ B;p;
DBt Dﬁjffi“’

Vi, J. &)

Any deviation from this balanced proportionality condition disrupts marginal equilibrium, causing
certain languages to have unnecessarily higher marginal loss reductions, thus reducing overall
efficiency. Hence, identifying the direction {7; } by balancing marginal benefits ensures minimal total
loss given a fixed effective data contribution.



50
51
52

53

54
55
56
57
58

59
60
61

62
63
64
65
66

67

68

69
70
71

72

73

74

75

76

77

78

79

80

81
82

83

84

85

86

87

88

89

(i) Optimal Magnitude via Maximizing Effective Allocation: Once the optimal direction p; is
fixed, we set 7; = c¢ - p;, where ¢ denotes the scaling magnitude of effective data allocation (with
normalization ), 7; = ¢). We then isolate the variable component of total loss as a function of ¢:

B; B, _;
Ly (c) = —_— = Bi 10
ar(€) 21: Dep - XZ: Dyl c (10)

Differentiating with respect to ¢, we have:

dLVdI 1
= Z —BD <, (11)
D/Blpﬁl

provided that all 5; > 0. This negative derivative demonstrates a strictly monotonic decrease in loss
as the magnitude c increases. Intuitively, larger ¢ means greater effective data volumes D7; for each
language, which consistently reduces loss due to the monotonicity of scaling laws. Therefore, to
minimize the loss, we naturally aim to increase ¢ as much as feasible—maximizing the total effective
data contribution while maintaining the optimal relative proportions.

However, practical constraints limit the maximum achievable c. Given the normalization constraint
>>r; = 1 and the implicit mapping from {r;} to {r;}, the magnitude ¢ has an upper bound c*
corresponding to feasible allocations.

In summary, stage 1 guarantees that adjusting the direction of ratios does not increase the loss, and
stage 2 optimally maximizes effective data volume along this direction, ensuring minimal achievable
loss. Thus, the two-stage solution is proven equivalent to directly solving the original optimization
problem. This result aligns with previous studies on multilingual scaling laws, demonstrating the
consistency and optimality of the two-stage optimization procedure.

D Training Details

Dataset Description

All experiments utilize data sampled from the Fineweb-2 corpus [7]. We further preprocess the
dataset by training a custom Byte-Pair Encoding (BPE) tokenizer using the BBPE method, resulting
in a vocabulary of 250k tokens for subsequent experiments.

Experimental Setup

We conduct multilingual experiments with various language combinations:

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

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

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

* Sixteen-language Experiment: {de, en, nl, es, pt, fr, it, id, ja, ko, zh, ru, ar, th, vi, tr}
As detailed in Algorithm 1, for each multilingual setting, we first fix the proportion of one language
and evenly distribute the remaining proportion among the other languages. For each selected language
L;, 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,

0.75, 0.8, 0.9, 0.95, 0.975, 0.98} to establish comprehensive fitting functions. In the sixteen-language
experiment, we follow Algorithm 1 for extrapolation and validation.

Model Configuration
We adopt a transformer-based architecture inspired by the LLaMA-2 [[12] model, specifically config-
ured with approximately 1.2 billion parameters. The detailed architecture settings are:

* Hidden size: 2048

* Vocabulary embedding dimension: 2048

¢ Intermediate layer dimension: 5504

* Attention heads: 16



90

91

92

93

94

95

96

97

98

99

100

101

102
103

104

105
106
107

108

109
110
111
112
113
114
115
116
117
118
119

120

121
122

123
124
125

126
127

128

129
130

131
132

133

» Layers: 24
* Maximum positional embeddings: 4096

* Layer normalization epsilon: 1.0 x 107

All models are randomly initialized.

Training Hyperparameters

* Batch size: 3072

* Sequence length: 4096

* Optimizer: AdamW

* Learning rate schedule: Cosine decay to 10% of initial value
* Training steps: Varied according to total token budget D

* Precision: bf16 (mixed-precision training)

Computational Resources and Runtime

Each experiment is conducted using 64 H100 GPUs, with an average runtime of approximately 10
hours per experiment.

Evaluation Methodology

The validation datasets for each language are separately sampled from Fineweb-2, ensuring no overlap
with training samples. Validation loss is computed by averaging the loss across the final three training
steps of each run.

E Detailed Evaluation Protocols for Benchmarks

To rigorously assess the capabilities of our proposed model, we select benchmarks that span diverse
evaluation dimensions, including natural language inference, commonsense reasoning, question
answering, multilingual multitask understanding, and translation tasks. Recognizing that several
benchmarks were originally developed only in English, we manually translated these datasets into
multilingual versions (marked as ¥: XHS*, XARC-E*, XARC-C#, XGPQA¥, XTQA¥). Our translation
approach involves encapsulating each benchmark component—prompts, questions, and answer
choices—with explicit tags to maintain structural consistency. We then use GPT-based translation,
ensuring strict validation of tag integrity post-translation, with any problematic samples retranslated.
This systematic methodology guarantees accurate and faithful translations, supporting flexible future
adaptations and mixed-language test scenarios. Below, we detail each evaluation benchmark grouped
by task type.

Language Modeling and Natural Language Inference

XNLI (Cross-lingual Natural Language Inference) [2]: Extended from MultiNLI, XNLI evaluates
cross-lingual sentence representations across 15 languages, measuring models’ inference capabilities.

XCOPA (Cross-lingual Choice of Plausible Alternatives) [8]]: XCOPA tests models on causal com-
monsense reasoning across 11 languages, providing insights into multilingual causal reasoning
capabilities.

XStoryCloze [Sll: XStoryCloze assesses zero-shot and few-shot learning across 10 non-English
languages, examining models’ narrative understanding and inference skills.

Commonsense Reasoning

HellaSwag (XHS?) [13]]: Originally English-only, HellaSwag involves selecting the most plausible
sentence ending from multiple choices, thereby testing commonsense reasoning.

XWinograd [6]: As a multilingual variant of the Winograd Schema Challenge, XWinograd evaluates
pronoun resolution abilities in diverse linguistic contexts.

Question Answering
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ARC-Easy (XARC-E*) / ARC-Challenge (XARC-C¥) [1]]: ARC contains scientific multiple-choice
questions designed for different complexity levels, evaluating reasoning from basic to advanced.

GPQA (Graduate-Level Google-Proof Q&A, XGPQA?) [9]: GPQA tests graduate-level understanding
across domains like biology, physics, and chemistry, requiring deep comprehension beyond search-
engine-based answers.

Truthful QA (XTQA¥) [4]: This dataset assesses the factual accuracy and common misconception
avoidance of language models across diverse topics.

Multitask Language Understanding (MMLU Series)

CMMLU (Chinese Massive Multitask Language Understanding) [3]]: Evaluates Chinese language
models’ knowledge across multiple disciplines including natural sciences, engineering, and humani-
ties.

JMMLU (Japanese Massive Multitask Language Understanding)|'t JMMLU assesses Japanese
models on multitask language understanding, covering extensive topics.

VMLU (Viethamese Massive Language Understanding) ﬂ Focused on Vietnamese, VMLU evaluates
broad academic and practical knowledge via a large set of multiple-choice questions.

GMMLU (Global Massive Multitask Language Understanding) [10]: GMMLU tests multilingual
generalization capabilities across various languages and diverse tasks.

Translation Tasks

FLORES (Facebook Low Resource Languages Evaluation Suite) [[L1]: Supporting many-to-many
translations, FLORES provides a high-quality benchmark suitable for assessing model performance
on low-resource languages.

F Detailed Per-Language Benchmark Results

This appendix presents detailed, per-language evaluation results corresponding to the benchmarks
summarized in Table 2. The following tables comprehensively report the performance of our CLIMB-
derived multilingual allocation strategy across each evaluated language, facilitating an in-depth
analysis and comparison against baseline methods.

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 7375 77.13
Qwen-3 92.54 76.61 78.49 77.12 69.51 80.69
Gemma-3 77.60 65.56 6295 62.86 6429 68.38
Different Data Allocation Methods
Uniform 8293 7245 7139 7380 67.89 71.58
Isolated 79.79 7771 71.44 68.59 65.58 70.74
Natural 8290 7628 71.19 74.02 68.71 76.77
MSL 82.14 7384 6990 71.56 67.04 74.06
CLIMB 90.57 78.14 74.27 7498 73.66 73.25

G Limitations and Future Work

While our experiments demonstrate strong performance using the proposed multilingual allocation
strategy based on scaling laws, several limitations should be acknowledged. First, our parametric
fitting and allocation strategies are primarily validated on a 1.2 billion-parameter (1.2B) model, and

"https://github.com/nlp-waseda/JMMLU
“https://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 5299 73.18 6320 51.77 5781 6026 5074 6194 52.12 56.29 59.57
Qwen-3 56.96 7471 6552 5332 58.07 6247 5332 6326 51.65 60.33 66.00
Gemma-3 51.94 6249 57.01 5274 54.69 5463 5073 5535 51.87 56.61 55.18
Different Data Allocation Methods
Uniform 60.45 7035 66.44 53.01 5031 6522 4998 6525 51.19 5491 61.76
Isolated 59.87 7134 6497 5227 50.82 6392 5025 6587 51.06 54.67 61.09
Natural 59.19 6796 62.06 5126 5219 61.62 49.82 61.33 50.19 5431 6124
MSL 60.19 69.16 63.30 51.42 5259 6249 4930 6221 50.13 5451 62.04
CLIMB 62.39 73.09 6622 53.74 5559 6449 51.11 6620 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 5231 62.69 6249 5151 5131 5508 5590 5590 64.68 64.47
Qwen-3 52.57 53.17 66.63 65.07 4977 53.17 5438 57.81 57.81 70.03 74.64
Gemma-3 51.99 5277 60.18 56.59 5220 5521 5562 5419 5562 59.79 57.99
Different Data Allocation Methods
Uniform 49.59 5099 67.99 6699 51.63 5163 5646 61.05 61.26 69.59 67.20
Isolated 49.86 51.66 70.62 6480 50.60 5021 56.60 61.78 61.78 69.94 65.77
Natural 50.76 5148 64.31 59.09 4997 5185 5444 5876 58.49 62.85 59.93
MSL 5232 5277 6629 61.15 51.18 5288 5545 59.54 60.00 64.75 62.33
CLIMB 5421 53.80 68.06 63.89 5218 54.12 56.73 6095 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 4041 4220 4048 3841 3990 3990 39.86
Qwen-3 33.83 4238 4743 4358 4358 4238 39.70 3744 41.10 41.90
Gemma-3 38.94 4135 4481 41.53 4192 4192 39.74 40.18 42.28 41.03
Different Data Allocation Methods
Uniform 32.68 43.75 4437 41.39 4395 4041 37.67 41.81 3645 38.31
Isolated 31.15 4095 4276 40.16 42.84 40.22 36.53 41.60 35.64 37.46
Natural 3426 40.61 43.19 4023 4153 3940 3750 39.58 3574 38.46
MSL 32.88 39.57 43.00 4023 4095 38.88 37.62 38.66 3547 38.14
CLIMB 35.14 43.01 48.18 4393 4441 4272 4087 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 7ZH
Open Source Multilingual LLMs
LLaMA-3.2 2588 29.12 3530 2931 28.05 28.84 2859 2854 27.58 2790 2833 28.11 29.16 2721 2839 29.21

Qwen-3 29.62 3479 4392 3577 31.23 3568 33.94 3485 3275 3221 3215 3323 3574 31.04 33.63 3794
Gemma-3 2543 2694 31.13 2775 27.00 2720 27.15 27.05 2649 2695 2657 2596 2749 26.68 2729 2742
Different Data Allocation Methods
Uniform 27.56 29.78 31.30 29.81 2564 29.85 29.76 29.37 2845 2877 2851 28.88 30.18 28.75 2899 2920
Isolated 26.80 29.20 3096 29.56 25.66 29.17 2944 29.03 2827 2835 2821 2873 29.61 2821 28.60 2845
Natural 28.84 31.18 3338 31.83 27.15 31.09 31.11 3051 2943 28.64 2831 3025 3147 29.81 29.72 30.96
MSL 28.00 29.93 3247 30.55 2646 3043 29.80 28.84 27.51 2738 26.69 29.01 3047 2830 28.58 29.60
CLIMB 30.53 3291 36.26 33.85 28.86 3395 33.04 3211 30.70 30.33 29.68 31.48 33.92 30.79 31.16 28091




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 D 1T JA KO MS NL PT RU TH TL TR VI ZH
LLaMA-3.2 46.47 57.15 5199 5886 53.57 5320 39.51 3920 52.00 50.82 61.54 50.82 4253 4256 4226 4877 44.12
Qwen-3 5540 61.66 5454 6248 5890 5620 48.68 48.82 58.09 5348 64.18 5565 4975 5195 51.39 5426 52.12
Gemma-3 43.14 5340 3832 49.88 40.80 46.72 36.66 2878 42.00 43.14 52.78 4500 3526 37.90 3832 38.06 40.29
Uniform 5537 61.04 5487 6175 5921 5623 4528 46.07 57.67 5438 65.10 5446 4891 20.60 51.28 53.56 46.88
Isolated 5557 6091 5424 61.77 59.62 5573 4586 4643 5782 5492 64.74 5464 49.19 20.68 51.81 53.53 46.38
Natural 56.99 61.56 5539 62.87 60.74 5699 4647 47.01 5848 5479 65.69 5560 49.82 2259 52.61 5499 47.57
MSL 56.15 60.65 5435 61.85 5994 56.15 4596 4643 5734 5397 6440 5447 4876 23.12 5195 5423 47.02
CLIMB 58.99 63.65 57.13 6555 63.43 59.08 48.89 4932 6026 56.75 66.66 57.12 5136 2546 5477 57.01 46.89
Model / Method Translation from English (en-xx)
AR DE ES FR ID 1T JA KO MS NL PT RU TH TL TR VI ZH

LLaMA-3.2 27.93 49.67 4756 55.84 5244 4592 19.61 17.24 47.10 46.11 57.57 4205 2585 3045 3382 4569 20.53
Qwen-3 36.82 54.06 50.86 61.53 59.39 5022 26.69 23.64 52.19 4681 6244 4753 3509 3732 3947 5324 3023
Gemma-3 24.68 37.67 3494 49.05 4339 3338 16.18 1472 3858 32.06 49.51 3201 2407 2528 2893 3646 19.52
Uniform 4248 5198 4780 5792 6045 47.63 2359 2438 5457 4872 59.52 4410 3514 821 4324 5200 20.95
Isolated 41.99 5249 4788 58.06 60.70 4794 24.12 24.08 5464 49.18 5931 4455 3449 938 43.19 5146 2038
Natural 4344 5347 4864 59.13 61.07 4883 2448 2450 5545 50.14 6041 4528 3557 1095 44.14 5285 21.81
MSL 4271 5235 4741 5774 59.67 4783 2456 24.61 5391 49.03 5877 44.11 3523 11.78 4336 51.67 22.01
CLIMB 45.63 5550 5028 6143 63.18 50.64 26.59 26.66 5694 5192 62.14 46.58 37775 1345 46.16 5482 22.65

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

Model / Method AR DE EN ES FR 1D 1T JA KO MS NL PT RU TA TH TR VI ZH
Open Source Multilingual LLMs

LLaMA-3.2 26.64 3093 4226 3516 3342 3034 32.88 28.67 31.21 30.76 3030 32.88 29.53 25.12 28.69 29.05 3045 32.80
Qwen-3 34.00 42.03 5439 4351 4131 4122 4349 3542 3633 3758 3832 43.11 3992 28.09 3277 33.03 37.52 4554
Gemma-3 25.58 29.77 3841 30.69 31.03 3027 3027 2792 2842 28.18 27.09 3094 2842 2592 2592 2759 2726 29.94
Different Data Allocation Methods
Uniform 3346 3560 40.10 3847 3560 3577 3859 3448 3517 3534 3517 37.72 3823 2278 32.00 3585 35.09 37.97
Isolated 31.19 3553 3872 37.02 3625 3745 37.87 3544 3462 37.02 36.00 3726 3475 23.15 31.71 34.62 3272 3471
Natural 31.75 3398 3837 3591 34.60 3476 36.61 3324 3280 33.63 3350 3584 3381 2199 30.05 33.69 3348 3572
MSL 3231 3459 3890 36.64 3530 3546 3734 3374 3320 34.12 3398 3638 3432 22.60 30.70 3447 3428 36.74
CLIMB 3448 37.10 41.78 39.05 38.03 3827 40.19 3633 3564 3720 37.05 39.67 3740 24.08 32.54 36.58 3640 36.30

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

Model / Method AR DE EN ES FR 1D 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 5498 5223 4835 51.18 40.29 41.26 4443 47.09 52.19 4856 3574 37.63 4237 4696 49.40
Qwen-3 4923 6256 80.14 6738 64.09 60.14 6273 5392 5227 5149 5470 65.11 60.84 41.24 4635 4935 5751 69.64
Gemma-3 41.68 49.67 70.80 55.19 5355 50.56 5401 4837 4744 4370 48.62 5249 47.02 39.15 39.61 44.08 46.18 5531
Different Data Allocation Methods
Uniform 56.70 62.68 7093 67.27 63.81 6428 6407 5897 58.01 57.71 6259 6634 6024 29.64 49.59 60.20 58.76 63.86
Isolated 55.12  62.07 69.93 6559 6345 63.74 61.73 56.77 5698 5693 61.73 6321 58.62 30.29 4831 59.46 56.56 63.08
Natural 53.88 59.60 67.83 6325 61.68 61.16 6030 5399 5345 5240 57.84 62.68 57.09 29.54 4744 5640 55.10 60.12
MSL 5521 6093 6899 64.61 63.06 6234 61.63 5514 54.64 5374 59.17 64.14 5849 3041 4857 57.73 5642 61.55
CLIMB 5775 63.84 7247 67.74 6625 6545 64.96 58.17 57.80 57.09 62.03 67.11 6145 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 1D IT JA KO MS NL PT RU TH TL TR VI ZH
Open Source Multilingual LLMs

LLaMA-3.2 23.54 2567 2639 2330 2639 2330 2281 2281 2520 2379 2330 2330 2402 2379 2567 2330 2379 2450
Qwen-3 2747 3160 3253 28.06 3279 31.89 31.60 3038 29.79 27.72 34.87 31.60 32.53 2895 31.89 31.30 2836 31.60
Gemma-3 2458 2330 2545 23.03 2444 2349 2525 2349 2276 2491 2349 2491 22.05 2458 2125 2276 26.60 2545
Different Data Allocation Methods
Uniform 2541 2648 2728 2572 2728 2672 2591 24.65 2624 2490 2752 2672 2672 2697 2571 2571 2541 2591
Isolated 2351 2277 2627 2176 2424 2503 2503 2351 2451 2524 2524 2503 2327 28.64 2503 2351 2480 25.03
Natural 2497 2640 2824 2619 2777 2694 26.64 2517 2502 2560 2678 27.15 2626 25.66 26.56 2647 2570 27.16
MSL 2423 2543 27.06 2534 2661 2594 2564 24.19 24.00 2472 2589 2627 2510 2444 2550 2539 2453 2620
CLIMB 2596 27.09 28.60 27.24 28.46 27.71 27.44 2588 2571 2641 27.59 28.00 26.67 26.13 27.28 2718 2620 2698

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

Model / Method AR DE EN ES FR D 1T JA KO MS NL PT RU TA TH TR VI ZH
Open Source Multilingual LLMs

LLaMA-3.2 36.12 4269 67.10 4745 4686 43.14 4506 36.78 37.02 40.66 43.35 46.28 42.38 3530 3521 3646 4235 4348
Qwen-3 3937 4566 6536 51.17 5093 46.08 4886 4225 39.52 4249 4330 51.26 4553 3581 3679 36.01 4479 52.39
Gemma-3 3591 4054 5837 4284 4518 4215 43.81 37.61 3651 38.84 41.17 4427 39.03 3494 3376 34.87 3820 41.35
Different Data Allocation Methods
Uniform 45.03 49.72 5801 5403 5483 5241 5290 4508 43.01 47.15 5151 53.67 4850 30.04 39.10 4527 47.84 48.06
Isolated 4467 4970 5802 5331 5435 5206 5225 4570 4334 4723 5135 5344 4833 30.61 39.68 4599 4834 47.58
Natural 42,64 4695 5516 5121 5195 4975 50.12 4298 41.06 4448 4850 50.71 4573 29.08 37.87 4324 4531 4552
MSL 4380 48.06 56.71 52.67 5337 51.11 5145 4412 4219 4569 4992 5223 4693 30.37 39.32 4490 46.82 46.73
CLIMB 4571 4993 5899 5439 5531 5320 5338 46.05 44.05 47.67 51.79 5415 48.65 32.10 40.95 46.75 48.51 4592
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Table 13: Detailed per-language performance on the Truthful QA benchmark (0-shot accuracy).

Model / Method AR DE EN ES FR D 1T JA KO MS NL PT RU TH TL TR VI ZH
Open Source Multilingual LLMs

LLaMA-3.2 38.66 37.41 3459 3720 3656 3892 34.16 3691 3959 36.09 37.20 36.76 40.04 36.76 3632 37.90 42.73 41.36
Qwen-3 49.16 5027 4794 5001 5054 4824 5001 51.56 47.18 47.70 46.15 5298 51.17 47.35 4246 46.15 52.03 48.96
Gemma-3 3920 41.60 39.60 39.83 38.73 4247 4092 3739 41.14 37.83 36.28 42.03 4424 40.05 3451 3938 4380 4225
Different Data Allocation Methods
Uniform 4142 3807 3828 41.63 4142 39.09 40.74 3597 4142 39.09 39.73 39.94 39.94 38.07 37.02 3828 4142 41.63
Isolated 36.55 4271 37.18 39.93 4055 39.49 40.13 3759 40.78 3698 39.73 41.43 3848 3826 38.26 40.13 45.00 41.61
Natural 41.62 40.17 4095 42.12 41.83 4091 40.76 38.60 40.09 39.40 4042 4194 4099 39.06 37.51 39.74 4235 4291
MSL 40.53 39.05 3991 41.02 40.76 39.76 39.57 37.50 3893 3826 39.27 40.70 39.75 37.84 3635 3874 41.18 41.70
CLIMB 42.05 4057 41.53 4257 4232 4136 41.15 3899 4049 39.72 4080 42.17 41.09 3931 37.78 40.38 42.62 42.03

although Section 4.2 indicates robust performance at a larger scale (7B), explicitly incorporating
model size (V) into the allocation optimization could potentially yield even more optimal data
distributions. Exploring how scaling laws evolve explicitly with both dataset size (D) and model
scale (V) thus remains an open area for future research.

Secondly, our current methodology exclusively considers cross-lingual transfer between languages
included within the training dataset. An important and intriguing direction for future work involves
extending our approach to account for potential transfer effects to and from languages not directly
represented in the training set. Such an extension would enable more comprehensive and strategically
informed allocation decisions, optimizing not just for immediate languages but also for broader
linguistic coverage and potential downstream adaptability.

H Social Impact

CLIMB contributes positively by systematically enhancing multilingual performance in large language
models (LLMs), thereby significantly improving global accessibility to advanced Al capabilities
across diverse linguistic communities. Such improvements have the potential to reduce linguistic
biases, bridge language gaps, and enhance equitable information access globally. However, there
remain potential risks, including inadvertent reinforcement of cultural or linguistic biases inherent in
training data and the possibility of over-reliance on optimized multilingual models leading to reduced
human oversight and critical evaluation. It is crucial to responsibly deploy CLIMB-optimized models
with ongoing evaluation and monitoring, actively addressing ethical considerations and biases to
ensure equitable and inclusive benefits.
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