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Abstract

Large language models (LLMs) are powerful
but costly to train, with scaling laws predict-
ing performance from model size, data, and
compute. However, different programming lan-
guages (PLs) have varying impacts during pre-
training that significantly affect base model per-
formance, leading to inaccurate performance
prediction. Existing works focus on language-
agnostic settings, neglecting the inherently mul-
tilingual nature of modern software develop-
ment. Therefore, it is first necessary to investi-
gate the scaling laws of different PLs, and then
consider their mutual influences to arrive at the
final multilingual scaling law. In this paper,
we present the first systematic exploration of
scaling laws for multilingual code pre-training,
conducting over 1000+ experiments (Equiva-
lent to 336,000+ H800 hours) across multiple
PLs, model sizes (0.2B to 14B parameters), and
dataset sizes (1T tokens). We establish scal-
ing laws for code LLMs, showing interpreted
languages benefit more from scale than com-
piled ones. Multilingual pre-training provides
synergistic benefits between similar languages,
with parallel pairing enhancing cross-lingual
abilities. We propose a proportion-dependent
scaling law that optimally allocates training
tokens by prioritizing high-utility languages
(e.g., Python), balancing high-synergy pairs
(e.g., JavaScript-TypeScript), and reducing fast-
saturating languages (Rust), achieving superior
performance versus uniform distribution.

1 Introduction

Code large language models (code LLMs) have
achieved excellent coding performance in multi-
ple programming languages (PLs), guided by the
scaling law in general domains (Chen et al., 2021;
Hui et al., 2024; Guo et al., 2024; Wang et al.,
2024; Bi et al., 2024; Hurst et al., 2024; Yang
et al., 2025). Code LLMs significantly enhance
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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.

developer productivity (Anysphere Inc., 2025), but
training top-tier LLMs consumes enormous com-
puting resources and costs (Kaplan et al., 2020;
Hoffmann et al., 2022; Brown et al., 2020; Bi et al.,
2024), making it prohibitively expensive to con-
duct ablation experiments on data composition or
pre-training strategies at scale. This cost barrier
limits our ability to systematically understand the
key factors driving code LLM performance and
hinders the development of more efficient training
methodologies.

Scaling laws characterize how model perfor-
mance depends on model size, dataset size, and
compute budget (Kaplan et al., 2020; Hoffmann
et al., 2022). Recent work (Luo et al., 2025) ex-
tended these laws to code, showing that code pre-
training is more data-hungry than natural language
pre-training. However, modern software develop-
ment is inherently multilingual, with developers
working across Python, Java, and other PLs for di-
verse downstream tasks (e.g., OSAgent (Hu et al.,
2025)). This raises critical questions: (1) What is
the scaling law for multilingual code pre-training
and cross-lingual capabilities? (2) What is the
optimal strategy for allocating training resources
across different programming languages?

To address this gap, we conduct the first sys-
tematic exploration of scaling laws for multilin-
gual code pretraining. Our study comprises over
1000+ experiments spanning multiple PLs, model
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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.

sizes (0.2B to 14B parameters), and dataset sizes
(1T tokens), where all base models are pre-trained
from scratch. In Figure 1, our multilingual scaling
law consistently outperforms the equal-weighted
baseline across different model scales and training
regimes. We investigate four fundamental aspects:
(1) the trade-off between language diversity and
language depth, (2) cross-lingual transfer effects
in multilingual pre-training, (3) scaling dynamics
for code translation tasks, and (4) optimal language
proportion allocation strategies. Our findings re-
veal insights about the interplay between linguistic
diversity and model performance, providing action-
able guidance for training multilingual code LLMs.

Our key contributions include: (1) We establish
language-specific scaling laws for each PL, reveal-
ing that interpreted PLs benefit more from scale
than compiled PLs. The irreducible loss metric
shows a complexity ordering (C# < Java ≈ Rust <
Go < TypeScript < JavaScript < Python), where
strictly-typed PLs are more learnable than dynamic
ones. (2) We study synergy gains between PLs,
showing that syntactically similar languages (e.g.,
Java-C#) enable positive transfer. Most PLs ben-
efit from multilingual pre-training, indicating that
optimal PL mixing must be tailored to each lan-
guage’s characteristics. (3) We investigate how
data organization affects cross-lingual abilities. Ex-
periments show that parallel pairing (concatenat-
ing translated code snippets) significantly outper-
forms baselines on multilingual translation and
generation, with favorable scaling properties for
learning cross-lingual alignments. (4) We pro-
pose a proportion-dependent multilingual scaling

law with language-specific parameters and cross-
lingual transfer effects. Under optimal allocation,
the model prioritizes high-utility PLs (e.g., Python)
and high-synergy pairs (e.g., JS-TS) while reducing
tokens for fast-saturating PLs (e.g., Rust), achiev-
ing higher average performance across all PLs with-
out degrading any single language.

2 Scaling Laws for Code Pre-training

2.1 ChinChilla Scaling Law
Scaling laws provide a theoretical framework for
understanding how model performance evolves
with computational resources. For LLM, the rela-
tionship between validation loss L and key factors
(model parameters N , training tokens D, and com-
pute budget C) can be characterized by power-law
formulations (Hoffmann et al., 2022) as below:

L(N,D) =

(
Nc

N

)αN

+

(
Dc

D

)αD

+ L∞ (1)

where N is the number of model parameters, D is
the dataset size (number of tokens), and C is the
compute budget (FLOPs). Nc and Dc are scaling
constants. αN and αD are power law exponents,
and L∞ is the irreducible loss (the inherent error
that no model can eliminate).

2.2 Motivation and Formulation
Our goal is to address three fundamental ques-
tions about multilingual code pre-training: (1)
Language-Specific Scaling Dynamics: How does
each programming language scale with model size
and data? Do different languages exhibit dis-
tinct scaling exponents and irreducible losses? (2)
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Cross-Lingual Synergy Effects: What synergis-
tic or antagonistic effects arise when mixing lan-
guages during pre-training? Can bilingual training
outperform monolingual baselines under fixed com-
pute budgets? (3) Compositional Cross-Lingual
Transfer: Can models trained on supervised lan-
guage pairs generalize to unseen pairs? Do differ-
ent data organization strategies enable zero-shot
cross-lingual transfer?

To address these questions, we conduct three
complementary experimental studies spanning over
1000+ training runs across diverse model scales
(0.2B to 14B parameters) and data volumes (up to
1T tokens). Our approach isolates specific variables
while controlling for confounding factors, enabling
the derivation of actionable scaling laws for practi-
cal multilingual code pre-training.

3 Language-specific Scaling Law

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.

3.1 Experimental Setting
We first try to establish baseline scaling laws for
each programming language in isolation, investigat-
ing whether different programming languages ex-
hibit distinct scaling exponents (αN , αD). and how
the irreducible loss L∞ varies across languages and
what this reveals about intrinsic language complex-
ity. We select 7 PLs that span diverse paradigms
and application domains, including Python, Java,
JavaScript, TypeScript, C#, Go, and Rust. For each
PL, we train LLMs with different model param-
eters (different model sizes of 10 settings: 0.1B,
0.2B, 0.4B, 0.6B, 1.1B, 1.3B, 1.6B, 2.0B, 2.4B,
3.1B) and token budgets (budget training tokens of
6 settings: 2B, 4B, 8B, 16B, 32B, and 64B tokens),
yielding 10 (model sizes) × 6 (token budgets) ×
7 (PLs) = 420 experiments in total. These experi-
ments provide dense coverage of the (N,D) space,
enabling robust estimation of Chinchilla scaling
law formulations for each PL.

To ensure a fair comparison across languages, all
LLMs share the same model architecture, similar to
LLaMA-2, including SwiGLU activations, rotary
position embeddings (RoPE), multi-head attention

(MHA), and RMSNorm . We collect a high-quality
training corpus spanning multiple languages, where
Python and other PLs are parallel corpus.

3.2 Language-Specific Scaling Laws

To establish the scaling laws for each PL, we train
420 LLMs across 7 PLs with different model sizes
(N ) and training tokens (D). For each PL, we fit
both the Chinchilla-style power law.

Scaling Exponents and Optimal Allocation
Figure 2 summarizes the fitted scaling parameters
for each PL, revealing significant heterogeneity in
scaling behaviors across languages. Interpreted lan-
guages exhibit larger scaling exponents than com-
piled languages. Python, as a dynamically-typed
interpreted language, obtains the highest αN and
αD values, benefiting more from increases in both
model parameters and training data. In contrast,
Rust shows notably smaller exponents due to its ex-
plicit type annotations and rigid syntactic structure,
making it more learnable with fewer parameters
and less data. The optimal N :D ratios also vary
substantially: PLs with higher αD relative to αN

(e.g., Python) favor larger datasets, while those
with lower αD (e.g., Rust) achieve comparable per-
formance with fewer tokens but may benefit from
increased model capacity.

Irreducible Loss and Language Complexity
The irreducible loss L∞ measures language com-
plexity as the lower bound on achievable perplex-
ity with infinite compute. Our results show: C#
< Java ≈ Rust < Go < TypeScript < JavaScript
< Python. C# achieves the lowest L∞ due to its
strict type system and standardized ecosystem. Java
and Rust enforce strong constraints limiting ex-
pression diversity. Go’s minimalist design yields
moderate predictability, while TypeScript retains
JavaScript’s unpredictability through optional typ-
ing. JavaScript’s high L∞ stems from dynamic
typing and flexible paradigms. Python exhibits
the highest L∞, reflecting its dynamic nature and
diverse coding styles.
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4 Language Mixture for Data Scarcity

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.

4.1 Experimental Setting
The second experiment investigates the effects of
mixing two PLs during pre-training, examining
whether mixing with a different PL improves per-
formance compared to pre-training on a single PL.
We use the total training budget of 128B tokens
and compare different data compositions for each
PL. For a given target PL Li (e.g., Python), we con-
struct a baseline training setting by repeating DLi

(|DLi | = 64 B) twice and obtain a total of 128B
tokens. Then, we mix the PL Li (|DLi | = 64B)
and PL Lj (|DLj | = 64B) to study the language
interference between Li and Lj . In summary, we
compare pre-training setting (1): DLi +DLi and
setting (2): DLi +DLj . After pre-training, LLM
is only evaluated on downstream tasks in the tar-
get language Li to study the interference of Lj to
Li. For example, an LLM trained on “Python +
Java” is evaluated on Python validation loss. This
setup allows us to quantify the benefit (or harm) of
including auxiliary language data. We define the
synergy gain as:

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

where L(Li + Lj) denotes the validation loss
trained on DLi+DLj while L(Li+Li) denotes the
validation loss trained on DLi +DLi . A positive ∆
indicates that mixing with PL Lj improves perfor-
mance on Li compared to the self-repetition base-
line. For most low-resource PLs, providing aux-
iliary PLs can significantly enhance low-resource
language performance.

4.2 Bilingual Mixture Effects
We train 28 LLMs with different mixing PLs (7×6

2 +
7 = 28) with a fixed architecture ranging from 0.1B
to 3.1B parameters and 128B total tokens.

Synergy Gain Matrix Table 1 presents the syn-
ergy gain ∆(Li,Lj) for all language pairs, where
positive values indicate performance improvements

over the self-repetition baseline (DLi × 2). Our re-
sults reveal two key findings: (1) Multilingual pre-
training provides substantial benefits, with 6/7 lan-
guages showing consistent positive synergy across
auxiliary language combinations. (2) PLs sharing
similar syntax, semantics, or paradigms benefit sig-
nificantly from joint training through transferred
representations. Java exhibits exceptional syn-
ergy gains with all auxiliary PLs, particularly C#
(∆ = 0.186), JavaScript (∆ = 0.114), TypeScript
(∆ = 0.109), and Rust (∆ = 0.112). The Java-
C# pair likely benefits from their shared object-
oriented paradigm and design patterns. However,
Python shows small negative effects with most aux-
iliary PLs: JavaScript (∆ = −0.009), TypeScript
(∆ = −0.007), C# (∆ = −0.013), Go (∆ =
−0.016), and Rust (∆ = −0.021), with only Java
providing modest positive synergy (∆ = 0.010).
Notably, this transfer is asymmetric: Python as
an auxiliary language benefits other targets (e.g.,
∆ = 0.054 for Java), but Python itself suffers
when mixed with them. Overall, multilingual pre-
training benefits most PL, though Python may re-
quire tailored mixture strategies.

Suggestions for Data Curation These findings
have direct implications for constructing multilin-
gual code corpora. When training tokens are lim-
ited, mixing syntactically-related PLs outperforms
naively upsampling a single PL. The positive syn-
ergy effects suggest that linguistic diversity acts as
data augmentation that improves model robustness.
For realistic multilingual pre-training, a mixed-
language training regime is superior to language-
specific fine-tuning. However, the optimal mixing
ratio remains an open question. While this sec-
tion uses a 50:50 ratio, section 6 will investigate
whether asymmetric mixtures (e.g., 75:25) yield
further improvements.

5 Cross-Lingual Scaling Laws

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#).
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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 Setting

Training Corpus We construct a comprehensive
multilingual corpus of 900B tokens containing al-
gorithmically equivalent implementations across
seven programming languages, where Python
serves as a pivot language with parallel implemen-
tations to six target languages (Java, JavaScript,
TypeScript, C#, Go, and Rust). Notably, direct
pairs between non-Python languages are absent
from the training data. We augment this with 100B
tokens from FineWeb-Edu for natural language un-
derstanding, yielding 1T total tokens. We train
LLMs with different model parameters (different
model sizes of 10 settings: 0.1B, 0.2B, 0.4B, 0.6B,
1.1B, 1.3B, 1.6B, 2.0B, 2.4B, 3.1B) and token bud-
gets (budget training tokens of 6 set- tings: 2B, 4B,
8B, 16B, 32B, and 64B tokens) We systematically
evaluate two data organization paradigms across
five model scales (0.2B, 0.5B, 1.5B, 3B, and 7B
parameters), training each configuration for a full
epoch over the 1T token corpus, comprised of 900B
code tokens and 100B natural language tokens for
natural language understanding.

Cross-lingual Evaluation We construct an eval-
uation set to evaluate PL translation task. Three
software engineers select 50 Python files from
GitHub, ensuring that each code snippet is function-
ally translatable to all target PLs and the samples
span diverse algorithmic tasks to avoid evaluation
bias toward specific programming paradigms. Hu-
man annotators then manually produce equivalent
implementations for 6 target PLs (Java, JavaScript,
TypeScript, C#, Go, and Rust), following strict
guidelines to preserve semantic equivalence while
adhering to language-specific idioms. The result-
ing evaluation set comprises 50 × A2

7 = 2,100
translation instances covering all 42 translation di-
rections, with an average sequence length of 464
tokens. This comprehensive coverage enables sys-

tematic evaluation of both seen translation direc-
tions (Python ↔ Others) and unseen zero-shot
directions (Non-Python ↔ Non-Python). Given
the source code x of PL Li, we calculate the loss
−E[logP (y|x)] of the target code y of PL Lj .

5.2 Pre-training on Unsupervised Data

Zero-shot Scaling Law Since the standard pre-
training provides no direct alignment between lan-
guage pairs, we evaluate LLM on code translation
loss that require implicit cross-lingual capabilities.
The zero-shot scaling follows:

Lz(N) = Az ·N−αz +Bz ·D−βz + L∞,z (3)

where Az = 0.1574, Bz = 9.553, αz = 0.3470,
βz = 0.8829, and L∞,z = 0.1236. Even without
explicit supervision, LLMs develop emergent cross-
lingual capability, suggesting that unsupervised pre-
training can get the basic cross-lingual capability.

5.3 Pre-training on Supervised Data

Unlike pre-training without the explicit cross-
lingual alignment, we concatenate the code snip-
pet x of PL Li and the corresponding translation
y of PL Lj as (x, y), which provides an explicit
document-level alignment signal.

Translation Scaling Law For language pairs ex-
plicitly aligned during training (Python ↔ {Java,
JavaScript, TypeScript, C#, Go, Rust}), we observe
enhanced cross-lingual performance that scales as:

La(N) = Aa ·N−αa +Ba ·D−βa + L∞,a (4)

where Aa = 0.0508, Ba = 0.793, αa = 6.404,
βa = 0.8829, and L∞,a = 0.1006. The high scal-
ing exponent αz indicates that parallel pairing en-
ables efficient exploitation of model capacity for
learning cross-lingual alignment between seen lan-
guage pairs.
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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-
level pairing also improves zero-shot performance
on unseen language pairs (e.g., Java ↔ Go, Rust ↔
JavaScript). Despite never observing direct align-
ments between non-Python languages, models ex-
hibit compositional generalization:

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

where Azt = 0.0350, Bzt = 4.518, αzt = 0.781,
βzt = 0.869, and L∞,zt = 0.0524. Zero-shot
performance under document-level pairing sub-
stantially exceeds the shuffled baseline, suggest-
ing the model uses Python as an implicit bridge
through learned bidirectional mappings (e.g., Java
→ Python → Go). Table 2 shows that parallel pair-
ing yields superior scaling performance for both
seen and unseen translation directions.

5.4 Cross-Lingual Translation Strategies
We examine how different data organization strate-
gies during pre-training affect the ability of LLM
to perform cross-lingual code translation. We com-
pare two strategies, including (1) random shuffling
and (2) parallel pairing, across five LLM sizes
(0.2B to 7B parameters) on 1T tokens.

Performance on Code Translation Figure 4 re-
ports the average validation loss on the 12 seen
translation directions (Python ↔ {Java, JavaScript,
TypeScript, C#, Go, Rust}). As expected, the par-
allel pairing strategy achieves better performance
compared to the random shuffling strategy. The
parallel pairing acts as a soft alignment signal to en-
force the LLM to learn the cross-lingual alignment.
To further evaluate the cross-lingual capability, we
evaluate all LLMs on multilingual code generation.
Figure 4 explores two strategies of code concate-
nation, including direct concatenation (x+ y) and
prompt-based concatenation (Please translate the
following Python code to PL:\n \n x + Answer:y).

Performance on Code Generation Table 3
presents the evaluation results on the multilingual
code generation benchmark MultiPL-E. The LLM

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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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
multilingual code generation performance This sug-
gests that document-level pairing is the optimal
data organization strategy for multilingual code pre-
training, balancing translation competence with
general-purpose code understanding.

Zero-Shot Translation on Unseen Directions A
key question is whether LLMs can generalize to
translation directions not seen during pre-training,
particularly between non-Python language pairs
(e.g., Java → Go, Rust → JavaScript). Figure 4
reports validation loss on the 30 unseen translation
directions. Both strategies demonstrate zero-shot
translation capability on unseen directions. For the
random shuffling strategy, it performs poorly on
seen directions, but does not completely fail on un-
seen pairs, which can generate syntactically plausi-
ble translations, albeit with higher error rates. This
suggests that the model learns some general notion
of algorithmic equivalence across languages, even
without explicit alignment during training. LLMs
trained on parallel PLs achieve better performance
on unseen directions compared to the baseline.

Scaling Laws for Code Translation To quantify
how translation performance scales with model size
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and data, we fit power-law curves to the validation
loss on both seen and unseen translation directions.
In Equation 4 and Equation 5, the fitted exponents
α reveal how efficiently each strategy leverages
additional model capacity. Strategies with higher
α benefit more from scaling, while lower L∞ indi-
cates better asymptotic performance. These scal-
ing laws enable practitioners to predict translation
quality at scales beyond what was experimentally
evaluated, informing decisions about model size
and training compute allocation.

6 Guideline for Code Pre-training

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.

6.1 Experimental Setup

We train two 1.5B parameter models with differ-
ent training data distributions (400B tokens: 350B
code + 50B FineWeb-Edu): (1) Baseline (Uni-
form Allocation): Equal allocation of 50B to-
kens to each PL (350B code + 50B FineWeb-Edu
= 400B total), representing standard multilingual
pre-training practice. (2) Optimized (Guided Al-
location): Strategic allocation of the same 350B
code tokens based on fitted scaling laws, synergy
matrix, and language complexity analysis (350B
code + 50B FineWeb-Edu = 400B total). Figure 5
presents the detailed token distribution for both
strategies. The optimized allocation redistributes
tokens based on marginal utility: more for high-αD

PLs (Python), balanced allocation for high-synergy
pairs, and reduced tokens for fast-saturating PLs.

Proportion-dependent Multilingual Scaling Law
Traditional scaling laws treat multilingual code as
homogeneous, but PLs contribute differently to
performance. We extend this by incorporating lan-
guage proportions p = (p1, . . . , pK) explicitly:

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

where αN (p) =
∑

k pkα
k
N , αD(p) =

∑
k pkα

k
D,

and L∞(p) =
∑

p pL
k
∞ are proportion-weighted

averages of language-specific parameters from Fig-
ure 2. The effective data term captures the effects
of the cross-lingual transfer:

Dx = Dall


1 + γ

∑

Li ̸=Lj

pLipLj τij


 (7)

where τij is the transfer coefficient derived from
Table 1.

Scaling Law under Optimal Allocation Substi-
tuting the optimal proportions p∗ from Figure 5:

L∗(N,D) = A∗ ·N−α∗
N +B∗ ·D−α∗

D + L∗
∞ (8)

where α∗
D = 0.6859, α∗

N = 0.2186, L∗
∞ = 0.2025

are the fitted parameters under the optimal multilin-
gual allocation for the multilingual code generation
and translation at the same time. These coefficients
are obtained through weighted fitting of the multi-
lingual code generation and the translation loss.

Evaluation on Multilingual Code Generation
and Translation Both LLMs are evaluated on
MultiPL-E across all 7 PLs using Pass@1 and
our code translation test set with a BLEU score.
Figure 6 shows that optimized allocation outper-
forms uniform distribution under identical com-
pute budgets. High-synergy pairs (e.g., JavaScript-
TypeScript) benefit from balanced allocation,
Python improves with increased data due to high
αD, while low-αD languages (e.g., Rust) maintain
performance despite fewer tokens. Importantly, no
language suffers significant degradation, demon-
strating that strategic reallocation achieves better
equilibrium without creating imbalances. Our re-
sults provide concrete evidence that multilingual
scaling laws can guide data allocation strategies.

7 Related Work

Scaling Laws The systematic study of scaling
laws has evolved from early power-law observa-
tions (Hestness et al., 2019; Shallue et al., 2019)
to foundational work (Kaplan et al., 2020) estab-
lishing predictable relationships between model
size, dataset size, and compute. This was re-
fined by (Hoffmann et al., 2022), demonstrating
compute-optimal training requires equal scaling of
parameters and training tokens. While the previ-
ous works (Wei et al., 2022) document emergent
abilities that appear at certain scale thresholds and
is later challenged as metric-dependent (Schaef-
fer et al., 2023). Recent work (Luo et al., 2025)
shows code exhibits more data-hungry scaling than
natural language.
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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 code
large language models (code LLMs) have shown
remarkable progress in understanding, generating,
and reasoning about code (Guo et al., 2024; Hui
et al., 2024; Li et al., 2023; Allal et al., 2023).
Early works like CodeBERT (Feng et al., 2020)
and GraphCodeBERT (Guo et al., 2021) applied
masked language modeling and AST-based repre-
sentations to source code. Subsequent models such
as CodeT5 (Wang et al., 2021) and CodeGen (Ni-
jkamp et al., 2023) adopted encoder-decoder ar-
chitectures for generative tasks. Recent founda-
tion models like Codex (Chen et al., 2021), Star-
Coder (Li et al., 2023), Code Llama (Roziere
et al., 2023), QwenCoder (Hui et al., 2024), and
DeepSeek-Coder (Guo et al., 2024) have scaled
to trillions of tokens, employing pre-training and
post-training (Le et al., 2022; Guo et al., 2025) to
improve generalization and reasoning.
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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

In this work, we present the first systematic in-
vestigation of scaling laws for multilingual code
pre-training through 1000+ experiments, reveal-
ing that: (1) different PLs exhibit distinct scaling
behaviors, with interpreted languages like Python
showing larger scaling exponents than compiled
languages like Rust; (2) strategic language pairing
yields synergistic benefits, especially for syntacti-
cally similar languages; (3) parallel pairing strate-
gies significantly enhance translation capabilities;
and (4) the proportion-dependent multilingual scal-
ing law enables optimal token allocation that im-
proves average performance without degrading in-
dividual language capabilities, providing guidance
for designing efficient multilingual code LLMs and
establish a theoretical foundation for understanding
cross-lingual transfer in code pre-training.
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Limitations

This work presents the first comprehensive inves-
tigation of scaling laws for multilingual code pre-
training, drawing insights from over 1000 exper-
iments equivalent to 336,000+ H800 GPU hours
across diverse programming languages, model ar-
chitectures ranging from 0.2B to 14B parameters,
and datasets up to 1T tokens. Our findings reveal
that scaling behavior varies significantly across pro-
gramming languages, with interpreted languages
demonstrating greater performance gains from in-
creased scale compared to compiled languages. We
demonstrate that multilingual pre-training yields
synergistic effects, particularly between linguis-
tically similar programming languages, and that
parallel code pairing substantially improves cross-
lingual transfer capabilities. Based on these in-
sights, we introduce a proportion-dependent scal-
ing law that strategically allocates training tokens
by emphasizing high-utility languages such as
Python, optimizing synergistic language pairs like
JavaScript-TypeScript, and reducing allocation to
languages that saturate quickly such as Rust. This
principled approach to token allocation consistently
outperforms uniform distribution strategies, provid-
ing a practical framework for efficient multilin-
gual code model pre-training that maximizes per-
formance while optimizing computational resource
utilization.

Ethics Statement

This research investigates scaling laws for multi-
lingual code pre-training using publicly available
code corpora and does not involve human subjects
or personal data collection. The code translation
evaluation set was annotated by professional soft-
ware engineers who were fairly compensated and
informed about the research purpose. We acknowl-
edge that our extensive experiments (equivalent
to 336,000+ H800 GPU hours) consume substan-
tial computational resources and energy. However,
by sharing our scaling laws and findings, we aim
to reduce the need for future researchers to con-
duct similarly expensive experiments, thereby miti-
gating the overall environmental impact. We also
recognize that code generation models trained on
existing corpora may inherit biases present in pro-
gramming practices and documentation styles. We
encourage responsible deployment of code gener-
ation technologies with appropriate safeguards to
prevent potential misuse.
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