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Abstract

Large language models (LLMs) are powerful001
but costly to train, with scaling laws predict-002
ing performance from model size, data, and003
compute. However, different programming lan-004
guages (PLs) have varying impacts during pre-005
training that significantly affect base model per-006
formance, leading to inaccurate performance007
prediction. Existing works focus on language-008
agnostic settings, neglecting the inherently mul-009
tilingual nature of modern software develop-010
ment. Therefore, it is first necessary to investi-011
gate the scaling laws of different PLs, and then012
consider their mutual influences to arrive at the013
final multilingual scaling law. In this paper,014
we present the first systematic exploration of015
scaling laws for multilingual code pre-training,016
conducting over 1000+ experiments (Equiva-017
lent to 336,000+ H800 hours) across multiple018
PLs, model sizes (0.2B to 14B parameters), and019
dataset sizes (1T tokens). We establish scal-020
ing laws for code LLMs, showing interpreted021
languages benefit more from scale than com-022
piled ones. Multilingual pre-training provides023
synergistic benefits between similar languages,024
with parallel pairing enhancing cross-lingual025
abilities. We propose a proportion-dependent026
scaling law that optimally allocates training027
tokens by prioritizing high-utility languages028
(e.g., Python), balancing high-synergy pairs029
(e.g., JavaScript-TypeScript), and reducing fast-030
saturating languages (Rust), achieving superior031
performance versus uniform distribution.032

1 Introduction033

Code large language models (code LLMs) have034

achieved excellent coding performance in multiple035

programming languages (PLs), guided by the scal-036

ing law in general domains (Chen et al., 2021; Hui037

et al., 2024; Guo et al., 2024; Wang et al., 2024; Bi038

et al., 2024; Hurst et al., 2024). Code LLMs signif-039

icantly enhance developer productivity (Anysphere040

Inc., 2025), but training top-tier LLMs consumes041
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Figure 1: Evaluation loss comparison showing that the
proposed multilingual scaling law achieves lower loss
than the baseline across model sizes and token budgets.

enormous computing resources and costs (Kaplan 042

et al., 2020; Hoffmann et al., 2022; Brown et al., 043

2020; Bi et al., 2024), making it prohibitively ex- 044

pensive to conduct ablation experiments on data 045

composition or pre-training strategies at scale. This 046

cost barrier limits our ability to systematically un- 047

derstand the key factors driving code LLM per- 048

formance and hinders the development of more 049

efficient training methodologies. 050

Scaling laws characterize how model perfor- 051

mance depends on model size, dataset size, and 052

compute budget (Kaplan et al., 2020; Hoffmann 053

et al., 2022). Recent work (Luo et al., 2025) ex- 054

tended these laws to code, showing that code pre- 055

training is more data-hungry than natural language 056

pre-training. However, modern software develop- 057

ment is inherently multilingual, with developers 058

working across Python, Java, and other PLs for di- 059

verse downstream tasks (e.g., OSAgent (Hu et al., 060

2025)). This raises critical questions: (1) What is 061

the scaling law for multilingual code pre-training 062

and cross-lingual capabilities? (2) What is the 063

optimal strategy for allocating training resources 064

across different programming languages? 065

To address this gap, we conduct the first sys- 066

tematic exploration of scaling laws for multilin- 067

gual code pretraining. Our study comprises over 068

1000+ experiments spanning multiple PLs, model 069

sizes (0.2B to 14B parameters), and dataset sizes 070

(1T tokens), where all base models are pre-trained 071
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Figure 2: Scaling Laws for each PL independently. It shows a clear ordering of intrinsic predictability across PLs:
C# < Java ≈ Rust < Go < TypeScript < JavaScript < Python.

from scratch. In Figure 1, our multilingual scaling072

law consistently outperforms the equal-weighted073

baseline across different model scales and training074

regimes. We investigate four fundamental aspects:075

(1) the trade-off between language diversity and076

language depth, (2) cross-lingual transfer effects077

in multilingual pre-training, (3) scaling dynamics078

for code translation tasks, and (4) optimal language079

proportion allocation strategies. Our findings re-080

veal insights about the interplay between linguistic081

diversity and model performance, providing action-082

able guidance for training multilingual code LLMs.083

Our key contributions include: (1) We establish084

language-specific scaling laws for each PL, reveal-085

ing that interpreted PLs benefit more from scale086

than compiled PLs. The irreducible loss metric087

shows a complexity ordering (C# < Java ≈ Rust <088

Go < TypeScript < JavaScript < Python), where089

strictly-typed PLs are more learnable than dynamic090

ones. (2) We study synergy gains between PLs,091

showing that syntactically similar languages (e.g.,092

Java-C#) enable positive transfer. Most PLs ben-093

efit from multilingual pre-training, indicating that094

optimal PL mixing must be tailored to each lan-095

guage’s characteristics. (3) We investigate how096

data organization affects cross-lingual abilities. Ex-097

periments show that parallel pairing (concatenat-098

ing translated code snippets) significantly outper-099

forms baselines on multilingual translation and100

generation, with favorable scaling properties for101

learning cross-lingual alignments. (4) We pro-102

pose a proportion-dependent multilingual scaling103

law with language-specific parameters and cross-104

lingual transfer effects. Under optimal allocation,105

the model prioritizes high-utility PLs (e.g., Python) 106

and high-synergy pairs (e.g., JS-TS) while reducing 107

tokens for fast-saturating PLs (e.g., Rust), achiev- 108

ing higher average performance across all PLs with- 109

out degrading any single language. 110

2 Scaling Laws for Code Pre-training 111

2.1 ChinChilla Scaling Law 112

Scaling laws provide a theoretical framework for 113

understanding how model performance evolves 114

with computational resources. For LLM, the rela- 115

tionship between validation loss L and key factors 116

(model parameters N , training tokens D, and com- 117

pute budget C) can be characterized by power-law 118

formulations (Hoffmann et al., 2022) as below: 119

L(N,D) =

(
Nc

N

)αN

+

(
Dc

D

)αD

+ L∞ (1) 120

where N is the number of model parameters, D is 121

the dataset size (number of tokens), and C is the 122

compute budget (FLOPs). Nc and Dc are scaling 123

constants. αN and αD are power law exponents, 124

and L∞ is the irreducible loss (the inherent error 125

that no model can eliminate). 126

2.2 Motivation and Formulation 127

Our goal is to address three fundamental ques- 128

tions about multilingual code pre-training: (1) 129

Language-Specific Scaling Dynamics: How does 130

each programming language scale with model size 131

and data? Do different languages exhibit dis- 132

tinct scaling exponents and irreducible losses? (2) 133

Cross-Lingual Synergy Effects: What synergis- 134
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tic or antagonistic effects arise when mixing lan-135

guages during pre-training? Can bilingual training136

outperform monolingual baselines under fixed com-137

pute budgets? (3) Compositional Cross-Lingual138

Transfer: Can models trained on supervised lan-139

guage pairs generalize to unseen pairs? Do differ-140

ent data organization strategies enable zero-shot141

cross-lingual transfer?142

To address these questions, we conduct three143

complementary experimental studies spanning over144

1000+ training runs across diverse model scales145

(0.2B to 14B parameters) and data volumes (up to146

1T tokens). Our approach isolates specific variables147

while controlling for confounding factors, enabling148

the derivation of actionable scaling laws for practi-149

cal multilingual code pre-training.150

3 Language-specific Scaling Law151

Language-specifc Scaling Law

(1) For code across all PLs, scaling up data
size yields greater performance gains than
scaling up model size.
(2) Different PLs exhibit distinct conver-
gence rates during training and vary signifi-
cantly in their inherent training difficulty.

152

3.1 Experimental Setting153

We first try to establish baseline scaling laws for154

each programming language in isolation, investigat-155

ing whether different programming languages ex-156

hibit distinct scaling exponents (αN , αD). and how157

the irreducible loss L∞ varies across languages and158

what this reveals about intrinsic language complex-159

ity. We select 7 PLs that span diverse paradigms160

and application domains, including Python, Java,161

JavaScript, TypeScript, C#, Go, and Rust. For each162

PL, we train LLMs with different model param-163

eters (different model sizes of 10 settings: 0.1B,164

0.2B, 0.4B, 0.6B, 1.1B, 1.3B, 1.6B, 2.0B, 2.4B,165

3.1B) and token budgets (budget training tokens of166

6 settings: 2B, 4B, 8B, 16B, 32B, and 64B tokens),167

yielding 10 (model sizes) × 6 (token budgets) ×168

7 (PLs) = 420 experiments in total. These experi-169

ments provide dense coverage of the (N,D) space,170

enabling robust estimation of Chinchilla scaling171

law formulations for each PL.172

To ensure a fair comparison across languages, all173

LLMs share the same model architecture, similar to174

LLaMA-2, including SwiGLU activations, rotary175

position embeddings (RoPE), multi-head attention176

(MHA), and RMSNorm . We collect a high-quality177

training corpus spanning multiple languages, where 178

Python and other PLs are parallel corpus. 179

3.2 Language-Specific Scaling Laws 180

To establish the scaling laws for each PL, we train 181

420 LLMs across 7 PLs with different model sizes 182

(N ) and training tokens (D). For each PL, we fit 183

both the Chinchilla-style power law. 184

Scaling Exponents and Optimal Allocation 185

Figure 2 summarizes the fitted scaling parameters 186

for each PL, revealing significant heterogeneity in 187

scaling behaviors across languages. Interpreted lan- 188

guages exhibit larger scaling exponents than com- 189

piled languages. Python, as a dynamically-typed 190

interpreted language, obtains the highest αN and 191

αD values, benefiting more from increases in both 192

model parameters and training data. In contrast, 193

Rust shows notably smaller exponents due to its ex- 194

plicit type annotations and rigid syntactic structure, 195

making it more learnable with fewer parameters 196

and less data. The optimal N :D ratios also vary 197

substantially: PLs with higher αD relative to αN 198

(e.g., Python) favor larger datasets, while those 199

with lower αD (e.g., Rust) achieve comparable per- 200

formance with fewer tokens but may benefit from 201

increased model capacity. 202

Irreducible Loss and Language Complexity 203

The irreducible loss L∞ measures language com- 204

plexity as the lower bound on achievable perplex- 205

ity with infinite compute. Our results show: C# 206

< Java ≈ Rust < Go < TypeScript < JavaScript 207

< Python. C# achieves the lowest L∞ due to its 208

strict type system and standardized ecosystem. Java 209

and Rust enforce strong constraints limiting ex- 210

pression diversity. Go’s minimalist design yields 211

moderate predictability, while TypeScript retains 212

JavaScript’s unpredictability through optional typ- 213

ing. JavaScript’s high L∞ stems from dynamic 214

typing and flexible paradigms. Python exhibits 215

the highest L∞, reflecting its dynamic nature and 216

diverse coding styles. 217
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4 Language Mixture for Data Scarcity218

Language-specifc Scaling Law

(1) For code data across all programming
languages, scaling up data size yields
greater performance gains than scaling up
model size.
(2) Different PLs exhibit distinct conver-
gence rates during training. PLs vary signif-
icantly in their inherent training difficulty.

219

4.1 Experimental Setting220

The second experiment investigates the effects of221

mixing two PLs during pre-training, examining222

whether mixing with a different PL improves per-223

formance compared to pre-training on a single PL.224

We use the total training budget of 128B tokens225

and compare different data compositions for each226

PL. For a given target PL Li (e.g., Python), we con-227

struct a baseline training setting by repeating DLi228

(|DLi | = 64 B) twice and obtain a total of 128B229

tokens. Then, we mix the PL Li (|DLi | = 64B)230

and PL Lj (|DLj | = 64B) to study the language231

interference between Li and Lj . In summary, we232

compare pre-training setting (1): DLi +DLi and233

setting (2): DLi +DLj . After pre-training, LLM234

is only evaluated on downstream tasks in the tar-235

get language Li to study the interference of Lj to236

Li. For example, an LLM trained on “Python +237

Java” is evaluated on Python validation loss. This238

setup allows us to quantify the benefit (or harm) of239

including auxiliary language data. We define the240

synergy gain as:241

∆(Li, Lj) = L(Li + Lj)− L(Li + Li) (2)242

where L(Li + Lj) denotes the validation loss243

trained on DLi+DLj while L(Li+Li) denotes the244

validation loss trained on DLi +DLi . A positive ∆245

indicates that mixing with PL Lj improves perfor-246

mance on Li compared to the self-repetition base-247

line. For most low-resource PLs, providing aux-248

iliary PLs can significantly enhance low-resource249

language performance.250

4.2 Bilingual Mixture Effects251

We train 28 LLMs with different mixing PLs (7×6
2 +252

7 = 28) with a fixed architecture ranging from 0.1B253

to 3.1B parameters and 128B total tokens.254

Synergy Gain Matrix Table 1 presents the syn-255

ergy gain ∆(Li,Lj) for all language pairs, where256

positive values indicate performance improvements257

over the self-repetition baseline (DLi × 2). Our re- 258

sults reveal two key findings: (1) Multilingual pre- 259

training provides substantial benefits, with 6/7 lan- 260

guages showing consistent positive synergy across 261

auxiliary language combinations. (2) PLs sharing 262

similar syntax, semantics, or paradigms benefit sig- 263

nificantly from joint training through transferred 264

representations. Java exhibits exceptional syn- 265

ergy gains with all auxiliary PLs, particularly C# 266

(∆ = 0.186), JavaScript (∆ = 0.114), TypeScript 267

(∆ = 0.109), and Rust (∆ = 0.112). The Java- 268

C# pair likely benefits from their shared object- 269

oriented paradigm and design patterns. However, 270

Python shows small negative effects with most aux- 271

iliary PLs: JavaScript (∆ = −0.009), TypeScript 272

(∆ = −0.007), C# (∆ = −0.013), Go (∆ = 273

−0.016), and Rust (∆ = −0.021), with only Java 274

providing modest positive synergy (∆ = 0.010). 275

Notably, this transfer is asymmetric: Python as 276

an auxiliary language benefits other targets (e.g., 277

∆ = 0.054 for Java), but Python itself suffers 278

when mixed with them. Overall, multilingual pre- 279

training benefits most PL, though Python may re- 280

quire tailored mixture strategies. 281

Suggestions for Data Curation These findings 282

have direct implications for constructing multilin- 283

gual code corpora. When training tokens are lim- 284

ited, mixing syntactically-related PLs outperforms 285

naively upsampling a single PL. The positive syn- 286

ergy effects suggest that linguistic diversity acts as 287

data augmentation that improves model robustness. 288

For realistic multilingual pre-training, a mixed- 289

language training regime is superior to language- 290

specific fine-tuning. However, the optimal mixing 291

ratio remains an open question. While this sec- 292

tion uses a 50:50 ratio, section 6 will investigate 293

whether asymmetric mixtures (e.g., 75:25) yield 294

further improvements. 295

5 Cross-Lingual Scaling Laws 296

Cross-Lingual Pre-training Strategies

Data: Parallel data for Python↔Others
pairs, plus monolingual data for all PLs. (1)
Baseline: Train on shuffled monolingual
data; Test on all directions.
(2) Supervised: Train on Python↔Others;
Test on Python↔Others.
(3) Zero-Shot: Train on Python↔Others;
Test on Non-Python pairs (e.g., Java→C#).

297
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Language Python Java JavaScript TypeScript C# Go Rust

Python 0.75 0.76 (↑1.36%) 0.77 (↓1.12%) 0.74 (↓0.95%) 0.77 (↓1.69%) 0.76 (↓2.13%) 0.77 (↓2.72%)

Java 0.85 (↑6.02%) 0.79 0.79 (↑12.62%) 0.90 (↑12.08%) 0.81 (↑20.58%) 0.79 (↑10.68%) 0.72 (↑12.41%)

JavaScript 0.51 (↑5.49%) 0.52 (↑2.98%) 0.53 0.53 (↑4.69%) 0.54 (↑2.44%) 0.54 (↑1.34%) 0.53 (↑2.56%)

TypeScript 0.51 (↑4.17%) 0.53 (↑2.29%) 0.53 (↑3.34%) 0.52 0.53 (↑1.68%) 0.52 (↑1.39%) 0.53 (↑1.18%)

C# 0.33 (↑3.84%) 0.33 (↑1.93%) 0.34 (↑3.10%) 0.34 (↑3.71%) 0.34 0.34 (↑1.87%) 0.35 (↑1.98%)

Go 0.41 (↑4.77%) 0.41 (↑2.95%) 0.42 (↑2.70%) 0.42 (↑4.41%) 0.43 (↑2.95%) 0.42 0.42 (↑2.86%)

Rust 0.38 (↑3.87%) 0.38 (↑2.89%) 0.40 (↑4.20%) 0.38 (↑4.05%) 0.38 (↑2.81%) 0.38 (↑2.80%) 0.38

Table 1: Synergy gain matrix (Reordered). Values indicate absolute performance, while parentheses show relative
improvement vs baseline. Bold numbers indicate the percentage change. Background intensity indicates magnitude
(Darker Red = Higher Gain).

5.1 Experimental Setting298

Training Corpus We construct a comprehensive299

multilingual corpus of 900B tokens containing al-300

gorithmically equivalent implementations across301

seven programming languages, where Python302

serves as a pivot language with parallel implemen-303

tations to six target languages (Java, JavaScript,304

TypeScript, C#, Go, and Rust). Notably, direct305

pairs between non-Python languages are absent306

from the training data. We augment this with 100B307

tokens from FineWeb-Edu for natural language un-308

derstanding, yielding 1T total tokens. We train309

LLMs with different model parameters (different310

model sizes of 10 settings: 0.1B, 0.2B, 0.4B, 0.6B,311

1.1B, 1.3B, 1.6B, 2.0B, 2.4B, 3.1B) and token bud-312

gets (budget training tokens of 6 set- tings: 2B, 4B,313

8B, 16B, 32B, and 64B tokens) We systematically314

evaluate two data organization paradigms across315

five model scales (0.2B, 0.5B, 1.5B, 3B, and 7B316

parameters), training each configuration for a full317

epoch over the 1T token corpus, comprised of 900B318

code tokens and 100B natural language tokens for319

natural language understanding.320

Cross-lingual Evaluation We construct an eval-321

uation set to evaluate PL translation task. Three322

software engineers select 50 Python files from323

GitHub, ensuring that each code snippet is function-324

ally translatable to all target PLs and the samples325

span diverse algorithmic tasks to avoid evaluation326

bias toward specific programming paradigms. Hu-327

man annotators then manually produce equivalent328

implementations for 6 target PLs (Java, JavaScript,329

TypeScript, C#, Go, and Rust), following strict330

guidelines to preserve semantic equivalence while331

adhering to language-specific idioms. The result-332

ing evaluation set comprises 50 × A2
7 = 2,100333

translation instances covering all 42 translation di-334

rections, with an average sequence length of 464335

tokens. This comprehensive coverage enables sys-336

tematic evaluation of both seen translation direc- 337

tions (Python ↔ Others) and unseen zero-shot 338

directions (Non-Python ↔ Non-Python). Given 339

the source code x of PL Li, we calculate the loss 340

−E[logP (y|x)] of the target code y of PL Lj . 341

5.2 Pre-training on Unsupervised Data 342

Zero-shot Scaling Law Since the standard pre- 343

training provides no direct alignment between lan- 344

guage pairs, we evaluate LLM on code translation 345

loss that require implicit cross-lingual capabilities. 346

The zero-shot scaling follows: 347

Lz(N) = Az ·N−αz +Bz ·D−βz + L∞,z (3) 348

where Az = 0.1574, Bz = 9.553, αz = 0.3470, 349

βz = 0.8829, and L∞,z = 0.1236. Even without 350

explicit supervision, LLMs develop emergent cross- 351

lingual capability, suggesting that unsupervised pre- 352

training can get the basic cross-lingual capability. 353

5.3 Pre-training on Supervised Data 354

Unlike pre-training without the explicit cross- 355

lingual alignment, we concatenate the code snip- 356

pet x of PL Li and the corresponding translation 357

y of PL Lj as (x, y), which provides an explicit 358

document-level alignment signal. 359

Translation Scaling Law For language pairs ex- 360

plicitly aligned during training (Python ↔ {Java, 361

JavaScript, TypeScript, C#, Go, Rust}), we observe 362

enhanced cross-lingual performance that scales as: 363

La(N) = Aa ·N−αa +Ba ·D−βa + L∞,a (4) 364

where Aa = 0.0508, Ba = 0.793, αa = 6.404, 365

βa = 0.8829, and L∞,a = 0.1006. The high scal- 366

ing exponent αz indicates that parallel pairing en- 367

ables efficient exploitation of model capacity for 368

learning cross-lingual alignment between seen lan- 369

guage pairs. 370
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Python Java Go C# Javascript Typescript Rust

Python – 0.71, 0.87, 0.11, 0.25 0.56, 1.45, 0.20, 0.28 0.62, 1.36, 0.19, 0.29 0.68, 1.45, 0.14, 0.38 0.61, 1.70, 0.19, 0.36 0.38, 2.40, 0.36, 0.46
Java 0.80, 0.89, 0.07, 0.36 – 0.69, 1.22, 0.15, 0.30 0.53, 2.92, 0.22, 0.54 0.37, 1.35, 0.28, 0.46 0.59, 1.11, 0.16, 0.35 0.43, 1.45, 0.28, 0.21
Go 0.18, 0.72, 0.38, 0.31 0.61, 0.80, 0.08, 0.17 – 0.53, 0.89, 0.15, 0.16 0.70, 0.81, 0.11, 0.24 0.10, 8.31, 0.72, 1.05 0.04, 0.65, 1.24, 0.39
C# 0.19, 0.90, 0.38, 0.09 0.51, 1.85, 0.15, 0.46 0.81, 1.73, 0.12, 0.52 – 0.14, 5.73, 0.68, 0.89 0.16, 5.15, 0.74, 0.85 0.04, 4.70, 1.32, 0.87
Javascript 0.47, 0.77, 0.17, 0.11 0.63, 0.74, 0.10, 0.19 0.61, 1.35, 0.17, 0.28 0.55, 1.06, 0.19, 0.23 – 0.33, 11.88, 0.47, 0.98 0.30, 1.04, 0.31, 0.10
Typescript 0.58, 0.82, 0.12, 0.36 0.81, 1.33, 0.08, 0.51 0.63, 1.01, 0.14, 0.24 0.23, 0.95, 0.49, 0.10 0.56, 40.06, 0.21, 1.20 – 0.11, 1.20, 0.79, 0.08
Rust 0.56, 0.81, 0.13, 0.14 0.56, 1.07, 0.14, 0.20 0.68, 1.07, 0.14, 0.27 0.43, 1.02, 0.17, 0.14 0.57, 0.86, 0.16, 0.17 0.27, 2.40, 0.31, 0.66 –

Table 2: Chinchilla scaling law parameters (A,B, αN , αD) for baseline model across translation directions. Formula:
L(N,D) = A/NαN +B/DαD + L∞.

Zero-shot Translation Scaling Law Document-371

level pairing also improves zero-shot performance372

on unseen language pairs (e.g., Java ↔ Go, Rust ↔373

JavaScript). Despite never observing direct align-374

ments between non-Python languages, models ex-375

hibit compositional generalization:376

Lzt(N) = Azt ·N−αzt +Bzt ·D−βzt + L∞,zt (5)377

where Azt = 0.0350, Bzt = 4.518, αzt = 0.781,378

βzt = 0.869, and L∞,zt = 0.0524. Zero-shot379

performance under document-level pairing sub-380

stantially exceeds the shuffled baseline, suggest-381

ing the model uses Python as an implicit bridge382

through learned bidirectional mappings (e.g., Java383

→ Python → Go). Table 2 shows that parallel pair-384

ing yields superior scaling performance for both385

seen and unseen translation directions.386

5.4 Cross-Lingual Translation Strategies387

We examine how different data organization strate-388

gies during pre-training affect the ability of LLM389

to perform cross-lingual code translation. We com-390

pare two strategies, including (1) random shuffling391

and (2) parallel pairing, across five LLM sizes392

(0.2B to 7B parameters) on 1T tokens.393

Performance on Code Translation Figure 4 re-394

ports the average validation loss on the 12 seen395

translation directions (Python ↔ {Java, JavaScript,396

TypeScript, C#, Go, Rust}). As expected, the par-397

allel pairing strategy achieves better performance398

compared to the random shuffling strategy. The399

parallel pairing acts as a soft alignment signal to en-400

force the LLM to learn the cross-lingual alignment.401

To further evaluate the cross-lingual capability, we402

evaluate all LLMs on multilingual code generation.403

Figure 4 explores two strategies of code concate-404

nation, including direct concatenation (x+ y) and405

prompt-based concatenation (Please translate the406

following Python code to PL:\n \n x + Answer:y).407

Performance on Code Generation Table 3408

presents the evaluation results on the multilingual409

code generation benchmark MultiPL-E. The LLM410

PL 0.5B 1.5B 3B 7B

Python 14.02 / 12.20 19.51 / 21.34 21.95 / 25.61 34.15 / 26.22
Java 1.90 / 8.23 5.70 / 15.84 6.96 / 22.78 14.56 / 32.28
JavaScript 7.45 / 7.45 21.74 / 19.89 24.22 / 24.84 36.02 / 37.27
TypeScript 15.72 / 13.21 22.64 / 21.93 29.56 / 28.30 40.25 / 40.25
C# 10.13 / 9.49 15.19 / 13.35 25.32 / 24.05 37.34 / 32.91

Average 9.84 / 10.12 16.96 / 18.47 21.60 / 25.12 32.46 / 33.79

Table 3: Evaluation results on multilingual code genera-
tion benchmark MultiPl-E (baseline/parallel pairing).
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Baseline Parallel Pairing

Figure 3: Validation loss on unseen translation direc-
tions. Each entry is the average loss across 30 translation
pairs not seen during pre-training.

trained with parallel pairing also gets the better 411

multilingual code generation performance This sug- 412

gests that document-level pairing is the optimal 413

data organization strategy for multilingual code pre- 414

training, balancing translation competence with 415

general-purpose code understanding. 416

Zero-Shot Translation on Unseen Directions A 417

key question is whether LLMs can generalize to 418

translation directions not seen during pre-training, 419

particularly between non-Python language pairs 420

(e.g., Java → Go, Rust → JavaScript). Figure 4 421

reports validation loss on the 30 unseen translation 422

directions. Both strategies demonstrate zero-shot 423

translation capability on unseen directions. For the 424

random shuffling strategy, it performs poorly on 425

seen directions, but does not completely fail on un- 426

seen pairs, which can generate syntactically plausi- 427

ble translations, albeit with higher error rates. This 428

suggests that the model learns some general notion 429

of algorithmic equivalence across languages, even 430

without explicit alignment during training. LLMs 431

trained on parallel PLs achieve better performance 432

on unseen directions compared to the baseline. 433

Scaling Laws for Code Translation To quantify 434

how translation performance scales with model size 435
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and data, we fit power-law curves to the validation436

loss on both seen and unseen translation directions.437

In Equation 4 and Equation 5, the fitted exponents438

α reveal how efficiently each strategy leverages439

additional model capacity. Strategies with higher440

α benefit more from scaling, while lower L∞ indi-441

cates better asymptotic performance. These scal-442

ing laws enable practitioners to predict translation443

quality at scales beyond what was experimentally444

evaluated, informing decisions about model size445

and training compute allocation.446

6 Guideline for Code Pre-training447

Cross-Lingual Pre-training Strategies

(1) Uniform allocation is suboptimal (modest
adjustments yield measurable gains).

(2) Language synergy effects are substantial
and should guide corpus design.

448

6.1 Experimental Setup449

We train two 1.5B parameter models with differ-450

ent training data distributions (400B tokens: 350B451

code + 50B FineWeb-Edu): (1) Baseline (Uni-452

form Allocation): Equal allocation of 50B to-453

kens to each PL (350B code + 50B FineWeb-Edu454

= 400B total), representing standard multilingual455

pre-training practice. (2) Optimized (Guided Al-456

location): Strategic allocation of the same 350B457

code tokens based on fitted scaling laws, synergy458

matrix, and language complexity analysis (350B459

code + 50B FineWeb-Edu = 400B total). Figure 5460

presents the detailed token distribution for both461

strategies. The optimized allocation redistributes462

tokens based on marginal utility: more for high-αD463

PLs (Python), balanced allocation for high-synergy464

pairs, and reduced tokens for fast-saturating PLs.465

Proportion-dependent Multilingual Scaling Law466

Traditional scaling laws treat multilingual code as467

homogeneous, but PLs contribute differently to468

performance. We extend this by incorporating lan-469

guage proportions p = (p1, . . . , pK) explicitly:470

L(N,D; p) = A ·N−αN (p) +B ·D−αD(p)
x + L∞(p) (6)471

where αN (p) =
∑

k pkα
k
N , αD(p) =

∑
k pkα

k
D,472

and L∞(p) =
∑

p pL
k
∞ are proportion-weighted473

averages of language-specific parameters from Fig-474

ure 2. The effective data term captures the effects475

of the cross-lingual transfer:476

Dx = Dall

1 + γ
∑

Li ̸=Lj

pLipLj τij

 (7) 477

where τij is the transfer coefficient derived from 478

Table 1. 479

Scaling Law under Optimal Allocation Substi- 480

tuting the optimal proportions p∗ from Figure 5: 481

L∗(N,D) = A∗ ·N−α∗
N +B∗ ·D−α∗

D + L∗
∞ (8) 482

where α∗
D = 0.6859, α∗

N = 0.2186, L∗
∞ = 0.2025 483

are the fitted parameters under the optimal multilin- 484

gual allocation for the multilingual code generation 485

and translation at the same time. These coefficients 486

are obtained through weighted fitting of the multi- 487

lingual code generation and the translation loss. 488

Evaluation on Multilingual Code Generation 489

and Translation Both LLMs are evaluated on 490

MultiPL-E across all 7 PLs using Pass@1 and 491

our code translation test set with a BLEU score. 492

Figure 6 shows that optimized allocation outper- 493

forms uniform distribution under identical com- 494

pute budgets. High-synergy pairs (e.g., JavaScript- 495

TypeScript) benefit from balanced allocation, 496

Python improves with increased data due to high 497

αD, while low-αD languages (e.g., Rust) maintain 498

performance despite fewer tokens. Importantly, no 499

language suffers significant degradation, demon- 500

strating that strategic reallocation achieves better 501

equilibrium without creating imbalances. Our re- 502

sults provide concrete evidence that multilingual 503

scaling laws can guide data allocation strategies. 504

7 Related Work 505

Scaling Laws The systematic study of scaling 506

laws has evolved from early power-law observa- 507

tions (Hestness et al., 2019; Shallue et al., 2019) 508

to foundational work (Kaplan et al., 2020) estab- 509

lishing predictable relationships between model 510

size, dataset size, and compute. This was re- 511

fined by (Hoffmann et al., 2022), demonstrating 512

compute-optimal training requires equal scaling of 513

parameters and training tokens. While the previ- 514

ous works (Wei et al., 2022) document emergent 515

abilities that appear at certain scale thresholds and 516

is later challenged as metric-dependent (Schaef- 517

fer et al., 2023). Recent work (Luo et al., 2025) 518

shows code exhibits more data-hungry scaling than 519

natural language. 520
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Figure 4: Translation scores across 3 strategies, 7 programming languages (PLs), and 42 directions. We aggregated
the results by averaging based on language and direction into three categories: from each language to others, from
others to a specific language, and between other languages, excluding Python. Across different model sizes, both
prompt-based concatenation and direct concatenation significantly outperform the Baseline. Furthermore, we
observe that scores for translations from other languages to Python are significantly lower than for other directions.
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Figure 5: Token allocation comparison between baseline
and optimized strategies. Both use 350B total code
tokens but with different distributions. The optimized
allocation is derived from fitted scaling laws (αN , αD,
L∞), optimal N :D ratios, and synergy gain analysis.

Code Pre-training Recent advancements in code521

large language models (code LLMs) have shown522

remarkable progress in understanding, generating,523

and reasoning about code (Guo et al., 2024; Hui524

et al., 2024; Li et al., 2023; Allal et al., 2023).525

Early works like CodeBERT (Feng et al., 2020)526

and GraphCodeBERT (Guo et al., 2021) applied527

masked language modeling and AST-based repre-528

sentations to source code. Subsequent models such529

as CodeT5 (Wang et al., 2021) and CodeGen (Ni-530

jkamp et al., 2023) adopted encoder-decoder ar-531

chitectures for generative tasks. Recent founda-532

tion models like Codex (Chen et al., 2021), Star-533

Coder (Li et al., 2023), Code Llama (Roziere534

et al., 2023), QwenCoder (Hui et al., 2024), and535

DeepSeek-Coder (Guo et al., 2024) have scaled536

to trillions of tokens, employing pre-training and537

post-training (Le et al., 2022; Guo et al., 2025) to538

improve generalization and reasoning.539
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Figure 6: (a) The BLEU scores of the code translation
and (b) Pass@1 accuracy on the MultiPL-E benchmark
for baseline (uniform allocation) and optimized (guided
allocation) strategies. Both LLMs are trained on 400B
total tokens (350B code + 50B natural language text).

8 Conclusion 540

In this work, we present the first systematic in- 541

vestigation of scaling laws for multilingual code 542

pre-training through 1000+ experiments, reveal- 543

ing that: (1) different PLs exhibit distinct scaling 544

behaviors, with interpreted languages like Python 545

showing larger scaling exponents than compiled 546

languages like Rust; (2) strategic language pairing 547

yields synergistic benefits, especially for syntacti- 548

cally similar languages; (3) parallel pairing strate- 549

gies significantly enhance translation capabilities; 550

and (4) the proportion-dependent multilingual scal- 551

ing law enables optimal token allocation that im- 552

proves average performance without degrading in- 553

dividual language capabilities, providing guidance 554

for designing efficient multilingual code LLMs and 555

establish a theoretical foundation for understanding 556

cross-lingual transfer in code pre-training. 557
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Limitations558

This work presents the first comprehensive inves-559

tigation of scaling laws for multilingual code pre-560

training, drawing insights from over 1000 exper-561

iments equivalent to 336,000+ H800 GPU hours562

across diverse programming languages, model ar-563

chitectures ranging from 0.2B to 14B parameters,564

and datasets up to 1T tokens. Our findings reveal565

that scaling behavior varies significantly across pro-566

gramming languages, with interpreted languages567

demonstrating greater performance gains from in-568

creased scale compared to compiled languages. We569

demonstrate that multilingual pre-training yields570

synergistic effects, particularly between linguis-571

tically similar programming languages, and that572

parallel code pairing substantially improves cross-573

lingual transfer capabilities. Based on these in-574

sights, we introduce a proportion-dependent scal-575

ing law that strategically allocates training tokens576

by emphasizing high-utility languages such as577

Python, optimizing synergistic language pairs like578

JavaScript-TypeScript, and reducing allocation to579

languages that saturate quickly such as Rust. This580

principled approach to token allocation consistently581

outperforms uniform distribution strategies, provid-582

ing a practical framework for efficient multilin-583

gual code model pre-training that maximizes per-584

formance while optimizing computational resource585

utilization.586

Ethics Statement587

This research investigates scaling laws for multi-588

lingual code pre-training using publicly available589

code corpora and does not involve human subjects590

or personal data collection. The code translation591

evaluation set was annotated by professional soft-592

ware engineers who were fairly compensated and593

informed about the research purpose. We acknowl-594

edge that our extensive experiments (equivalent595

to 336,000+ H800 GPU hours) consume substan-596

tial computational resources and energy. However,597

by sharing our scaling laws and findings, we aim598

to reduce the need for future researchers to con-599

duct similarly expensive experiments, thereby miti-600

gating the overall environmental impact. We also601

recognize that code generation models trained on602

existing corpora may inherit biases present in pro-603

gramming practices and documentation styles. We604

encourage responsible deployment of code gener-605

ation technologies with appropriate safeguards to606

prevent potential misuse.607

References 608

Loubna Ben Allal, Raymond Li, Denis Kocetkov, 609
Chenghao Mou, Christopher Akiki, Carlos Munoz 610
Ferrandis, Niklas Muennighoff, Mayank Mishra, 611
Alex Gu, Manan Dey, et al. 2023. SantaCoder: Don’t 612
reach for the stars! arXiv preprint arXiv:2301.03988. 613

Anysphere Inc. 2025. Cursor features. https:// 614
cursor.com/features. 615

Xiao Bi, Deli Chen, Guanting Chen, Shanhuang Chen, 616
Damai Dai, Chengqi Deng, Honghui Ding, Kai Dong, 617
Qiushi Du, Zhe Fu, et al. 2024. Deepseek llm: Scal- 618
ing open-source language models with longtermism. 619
arXiv preprint arXiv:2401.02954. 620

Tom Brown, Benjamin Mann, Nick Ryder, Melanie 621
Subbiah, Jared D Kaplan, Prafulla Dhariwal, Arvind 622
Neelakantan, Pranav Shyam, Girish Sastry, Amanda 623
Askell, et al. 2020. Language models are few-shot 624
learners. Advances in neural information processing 625
systems, 33:1877–1901. 626

Mark Chen, Jerry Tworek, Heewoo Jun, Qiming Yuan, 627
Henrique Pondé de Oliveira Pinto, Jared Kaplan, 628
Harrison Edwards, Yuri Burda, Nicholas Joseph, 629
Greg Brockman, Alex Ray, Raul Puri, Gretchen 630
Krueger, Michael Petrov, Heidy Khlaaf, Girish Sas- 631
try, Pamela Mishkin, Brooke Chan, Scott Gray, 632
Nick Ryder, Mikhail Pavlov, Alethea Power, Lukasz 633
Kaiser, Mohammad Bavarian, Clemens Winter, 634
Philippe Tillet, Felipe Petroski Such, Dave Cum- 635
mings, Matthias Plappert, Fotios Chantzis, Eliza- 636
beth Barnes, Ariel Herbert-Voss, William Hebgen 637
Guss, Alex Nichol, Alex Paino, Nikolas Tezak, Jie 638
Tang, Igor Babuschkin, Suchir Balaji, Shantanu Jain, 639
William Saunders, Christopher Hesse, Andrew N. 640
Carr, Jan Leike, Joshua Achiam, Vedant Misra, Evan 641
Morikawa, Alec Radford, Matthew Knight, Miles 642
Brundage, Mira Murati, Katie Mayer, Peter Welinder, 643
Bob McGrew, Dario Amodei, Sam McCandlish, Ilya 644
Sutskever, and Wojciech Zaremba. 2021. Evaluat- 645
ing large language models trained on code. arXiv 646
preprint arXiv:2107.03374, abs/2107.03374. 647

Zhangyin Feng, Daya Guo, Duyu Tang, Nan Duan, Xi- 648
aocheng Feng, Ming Gong, Linjun Shou, Bing Qin, 649
Ting Liu, Daxin Jiang, and Ming Zhou. 2020. Code- 650
bert: A pre-trained model for programming and nat- 651
ural languages. In Findings of the Association for 652
Computational Linguistics: EMNLP 2020, Online 653
Event, 16-20 November 2020, volume EMNLP 2020 654
of Findings of ACL, pages 1536–1547. Association 655
for Computational Linguistics. 656

Daya Guo, Shuo Ren, Shuai Lu, Zhangyin Feng, Duyu 657
Tang, Shujie Liu, Long Zhou, Nan Duan, Alexey Svy- 658
atkovskiy, Shengyu Fu, Michele Tufano, Shao Kun 659
Deng, Colin B. Clement, Dawn Drain, Neel Sundare- 660
san, Jian Yin, Daxin Jiang, and Ming Zhou. 2021. 661
Graphcodebert: Pre-training code representations 662
with data flow. In 9th International Conference on 663
Learning Representations, ICLR 2021, Virtual Event, 664
Austria, May 3-7, 2021. OpenReview.net. 665

9

https://arxiv.org/abs/2301.03988
https://arxiv.org/abs/2301.03988
https://arxiv.org/abs/2301.03988
https://cursor.com/features
https://cursor.com/features
https://cursor.com/features
http://arxiv.org/abs/2107.03374
http://arxiv.org/abs/2107.03374
http://arxiv.org/abs/2107.03374
https://doi.org/10.18653/V1/2020.FINDINGS-EMNLP.139
https://doi.org/10.18653/V1/2020.FINDINGS-EMNLP.139
https://doi.org/10.18653/V1/2020.FINDINGS-EMNLP.139
https://doi.org/10.18653/V1/2020.FINDINGS-EMNLP.139
https://doi.org/10.18653/V1/2020.FINDINGS-EMNLP.139
https://openreview.net/forum?id=jLoC4ez43PZ
https://openreview.net/forum?id=jLoC4ez43PZ
https://openreview.net/forum?id=jLoC4ez43PZ


Daya Guo, Dejian Yang, Haowei Zhang, Junxiao Song,666
Ruoyu Zhang, Runxin Xu, Qihao Zhu, Shirong Ma,667
Peiyi Wang, Xiao Bi, et al. 2025. Deepseek-r1: In-668
centivizing reasoning capability in llms via reinforce-669
ment learning. arXiv preprint arXiv:2501.12948.670

Daya Guo, Qihao Zhu, Dejian Yang, Zhenda Xie, Kai671
Dong, Wentao Zhang, Guanting Chen, Xiao Bi,672
Y Wu, YK Li, et al. 2024. Deepseek-coder: When the673
large language model meets programming–the rise of674
code intelligence. arXiv preprint arXiv:2401.14196.675

Joel Hestness, Sharan Narang, Newsha Ardalani, Gre-676
gory Diamos, Heewoo Jun, Hassan Kianinejad,677
Md Mostofa Ali Patwary, Yang Yang, and Yanqi678
Zhou. 2019. Deep learning scaling is predictable,679
empirically. arXiv preprint arXiv:1712.00409.680

Jordan Hoffmann, Sebastian Borgeaud, Arthur Men-681
sch, Elena Buchatskaya, Trevor Cai, Eliza Ruther-682
ford, Diego de Las Casas, Lisa Anne Hendricks,683
Johannes Welbl, Aidan Clark, et al. 2022. Train-684
ing compute-optimal large language models. arXiv685
preprint arXiv:2203.15556.686

Xueyu Hu, Tao Xiong, Biao Yi, Zishu Wei, Ruixuan687
Xiao, Yurun Chen, Jiasheng Ye, Meiling Tao, Xi-688
angxin Zhou, Ziyu Zhao, et al. 2025. Os agents: A689
survey on mllm-based agents for general computing690
devices use. arXiv preprint arXiv:2508.04482.691

Binyuan Hui, Jian Yang, Zeyu Cui, Jiaxi Yang, Day-692
iheng Liu, Lei Zhang, Tianyu Liu, Jiajun Zhang,693
Bowen Yu, Kai Dang, et al. 2024. Qwen2. 5-coder694
technical report. arXiv preprint arXiv:2409.12186.695

Aaron Hurst, Adam Lerer, Adam P Goucher, Adam696
Perelman, Aditya Ramesh, Aidan Clark, AJ Os-697
trow, Akila Welihinda, Alan Hayes, Alec Radford,698
et al. 2024. Gpt-4o system card. arXiv preprint699
arXiv:2410.21276.700

Jared Kaplan, Sam McCandlish, Tom Henighan, Tom B701
Brown, Benjamin Chess, Rewon Child, Scott Gray,702
Alec Radford, Jeffrey Wu, and Dario Amodei. 2020.703
Scaling laws for neural language models. arXiv704
preprint arXiv:2001.08361.705

Hung Le, Yue Wang, Akhilesh Deepak Gotmare, Silvio706
Savarese, and Steven Chu-Hong Hoi. 2022. Coderl:707
Mastering code generation through pretrained mod-708
els and deep reinforcement learning. In Advances in709
Neural Information Processing Systems 35: Annual710
Conference on Neural Information Processing Sys-711
tems 2022, NeurIPS 2022, New Orleans, LA, USA,712
November 28 - December 9, 2022.713

Raymond Li, Loubna Ben Allal, Yangtian Zi, Niklas714
Muennighoff, Denis Kocetkov, Chenghao Mou,715
Marc Marone, Christopher Akiki, Jia Li, Jenny716
Chim, Qian Liu, Evgenii Zheltonozhskii, Terry Yue717
Zhuo, Thomas Wang, Olivier Dehaene, Mishig718
Davaadorj, Joel Lamy-Poirier, João Monteiro, Oleh719
Shliazhko, Nicolas Gontier, Nicholas Meade, Armel720
Zebaze, Ming-Ho Yee, Logesh Kumar Umapathi,721

Jian Zhu, Benjamin Lipkin, Muhtasham Oblokulov, 722
Zhiruo Wang, Rudra Murthy V, Jason Stillerman, 723
Siva Sankalp Patel, Dmitry Abulkhanov, Marco 724
Zocca, Manan Dey, Zhihan Zhang, Nour Moustafa- 725
Fahmy, Urvashi Bhattacharyya, Wenhao Yu, Swayam 726
Singh, Sasha Luccioni, Paulo Villegas, Maxim Ku- 727
nakov, Fedor Zhdanov, Manuel Romero, Tony Lee, 728
Nadav Timor, Jennifer Ding, Claire Schlesinger, Hai- 729
ley Schoelkopf, Jan Ebert, Tri Dao, Mayank Mishra, 730
Alex Gu, Jennifer Robinson, Carolyn Jane Ander- 731
son, Brendan Dolan-Gavitt, Danish Contractor, Siva 732
Reddy, Daniel Fried, Dzmitry Bahdanau, Yacine 733
Jernite, Carlos Muñoz Ferrandis, Sean Hughes, 734
Thomas Wolf, Arjun Guha, Leandro von Werra, and 735
Harm de Vries. 2023. StarCoder: May the source 736
be with you! arXiv preprint arXiv:2305.06161, 737
abs/2305.06161. 738

Xianzhen Luo, Wenzhen Zheng, Qingfu Zhu, Rongyi 739
Zhang, Houyi Li, Siming Huang, YuanTao Fan, 740
and Wanxiang Che. 2025. Scaling laws for 741
code: A more data-hungry regime. arXiv preprint 742
arXiv:2510.08702. 743

Erik Nijkamp, Bo Pang, Hiroaki Hayashi, Lifu Tu, Huan 744
Wang, Yingbo Zhou, Silvio Savarese, and Caiming 745
Xiong. 2023. CodeGen: An open large language 746
model for code with multi-turn program synthesis. In 747
The Eleventh International Conference on Learning 748
Representations, ICLR 2023, Kigali, Rwanda, May 749
1-5, 2023. OpenReview.net. 750

Baptiste Roziere, Jonas Gehring, Fabian Gloeckle, Sten 751
Sootla, Itai Gat, Xiaoqing Ellen Tan, Yossi Adi, 752
Jingyu Liu, Tal Remez, Jérémy Rapin, et al. 2023. 753
Code llama: Open foundation models for code. 754

Rylan Schaeffer, Brando Miranda, and Sanmi Koyejo. 755
2023. Are emergent abilities of large language mod- 756
els a mirage? Advances in neural information pro- 757
cessing systems, 36:55565–55581. 758

Christopher J Shallue, Jaehoon Lee, Joseph Antognini, 759
Jascha Sohl-Dickstein, Roy Frostig, and George E 760
Dahl. 2019. Measuring the effects of data paral- 761
lelism on neural network training. Journal of Ma- 762
chine Learning Research, 20(112):1–49. 763

Shuai Wang, Weiwen Liu, Jingxuan Chen, Yuqi Zhou, 764
Weinan Gan, Xingshan Zeng, Yuhan Che, Shuai Yu, 765
Xinlong Hao, Kun Shao, et al. 2024. Gui agents with 766
foundation models: A comprehensive survey. arXiv 767
preprint arXiv:2411.04890. 768

Yue Wang, Weishi Wang, Shafiq Joty, and Steven CH 769
Hoi. 2021. CodeT5: Identifier-aware unified 770
pre-trained encoder-decoder models for code un- 771
derstanding and generation. arXiv preprint 772
arXiv:2109.00859. 773

Jason Wei, Yi Tay, Rishi Bommasani, Colin Raffel, 774
Barret Zoph, Sebastian Borgeaud, Dani Yogatama, 775
Maarten Bosma, Denny Zhou, Donald Metzler, et al. 776
2022. Emergent abilities of large language models. 777
arXiv preprint arXiv:2206.07682. 778

10

https://arxiv.org/abs/2401.14196
https://arxiv.org/abs/2401.14196
https://arxiv.org/abs/2401.14196
https://arxiv.org/abs/2401.14196
https://arxiv.org/abs/2401.14196
http://papers.nips.cc/paper_files/paper/2022/hash/8636419dea1aa9fbd25fc4248e702da4-Abstract-Conference.html
http://papers.nips.cc/paper_files/paper/2022/hash/8636419dea1aa9fbd25fc4248e702da4-Abstract-Conference.html
http://papers.nips.cc/paper_files/paper/2022/hash/8636419dea1aa9fbd25fc4248e702da4-Abstract-Conference.html
http://papers.nips.cc/paper_files/paper/2022/hash/8636419dea1aa9fbd25fc4248e702da4-Abstract-Conference.html
http://papers.nips.cc/paper_files/paper/2022/hash/8636419dea1aa9fbd25fc4248e702da4-Abstract-Conference.html
https://doi.org/10.48550/arXiv.2305.06161
https://doi.org/10.48550/arXiv.2305.06161
https://doi.org/10.48550/arXiv.2305.06161
https://arxiv.org/abs/2109.00859
https://arxiv.org/abs/2109.00859
https://arxiv.org/abs/2109.00859
https://arxiv.org/abs/2109.00859
https://arxiv.org/abs/2109.00859

