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ABSTRACT

The training of large language models (LLMs) for code generation incurs sub-
stantial computational costs, yet the resource allocation strategies are often guided
by scaling laws derived from natural language (NL). Given the distinct statistical
properties of code, it is unclear if these heuristics are optimal. This paper presents
the first large-scale, systematic investigation into the scaling laws of LLMs trained
specifically on source code. We conduct 117 training runs, spanning model sizes
from 0.2B to 3.8B parameters and dataset sizes from 2B to 128B tokens, to derive
a precise scaling law for code. Our findings show that while code models adhere to
the existing Farseer scaling law paradigm, they operate in a fundamentally differ-
ent, “more data-hungry” regime. The compute-optimal data-to-parameter (D/N)
ratio for code is significantly higher than for NL and accelerates with the compute
budget. This suggests that the primary bottleneck for state-of-the-art code models
is data availability, not diminishing returns from model size. Furthermore, through
two additional sets of 117 experiments on code-NL mixtures, we find that while
adding NL data can benefit smaller models in low-data scenarios, pure in-domain
data is superior for larger-scale, compute-optimal training. Our findings provide
a more refined, practical guide for the compute-optimal pre-training of LLMs for
code.

1 INTRODUCTION

Large-scale training on code corpora has enabled Code Large Language Models (LLMs) to achieve
remarkable code-related capabilities (Chen et al., 2021; Li et al., 2022; Roziere et al., 2023; Li et al.,
2023; OpenAI et al., 2025). Built upon these models, applications such as OS, GUI, and Terminal
Agents significantly enhance developer productivity and substantially impact the field (Zheng et al.,
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Figure 1: The relationship between compute budget (C) and the optimal loss for various existing
language models. The Farseer and Chinchilla curves, derived from natural language data, diverge
from the observed performance of several code-centric models, indicating that a different scaling
behavior may govern code.
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2024; Hong et al., 2024; Mei et al., 2024). The fuel for this technological revolution is the continuous
growth of data and model size, which also incurs substantial computational costs (Kaplan et al.,
2020; Hoffmann et al., 2022). Training frontier LLMs requires thousands of petaflop/s-days and
millions of dollars, making it impractical to conduct ablation experiments on the largest models,
whether on the structure, data, or training strategies.

Scaling Laws provide a theoretical foundation to address this challenge (Kaplan et al., 2020; Hoff-
mann et al., 2022). By using results from smaller models to fit empirical formulas, Scaling Laws de-
scribe the relationship between model performance and factors like model size (N), dataset size (D),
and compute (C). They offer guidance for training general-purpose natural language (NL) LLMs
and provide important references for resource allocation on the data and model. However, code,
as a highly structured data type, has statistical properties that fundamentally differ from NL: it has
strict syntax, complex long-range dependencies, and unique vocabulary distributions. This raises
the question: Can Scaling Laws developed for NL be applied to code?

Exploring this open question is particularly important. On one hand, Code LLMs tend to be con-
centrated in smaller model sizes, unlike NL LLMs, which have a more even distribution of sizes.
Does model scaling for Code LLMs plateau more quickly? On the other hand, Code LLMs often
require a larger data size relative to their model size. Does it mean that Code LLMs require more
code data? Answering these questions is crucial for understanding code pretraining and guiding the
future development of large models for code.

To address these questions, we conduct the first systematic explorations of Scaling Laws on code.
We perform 117 experiments with models from 0.2B to 3.8B parameters and datasets from 2B to
128B tokens to derive a code-specific scaling law. Our findings show that code adheres to the Farseer
scaling paradigm without requiring a new formulation. We observe that Code LLMs scale robustly
with model size but show diminishing returns with data size after a certain point. Further analysis
of the compute-optimal data-to-parameter (D/N) ratio reveals that code is significantly more “data-
hungry” than natural language (NL). For a given model size, a Code LLM requires substantially
more data to reach its optimal performance. This suggests that the smaller size of typical code
models is not due to a lack of benefit from scaling model parameters, but rather the scarcity of
available high-quality code data.

Given the relative abundance of NL data, we also investigate its potential to augment code model
training. We conduct two additional sets of 117 experiments using 70%/30% and 30%/70% code-
NL mixtures. The results indicate that when the volume of code data is limited, incorporating a
moderate amount of NL data can indeed enhance performance on code-related tasks. However, this
benefit diminishes and eventually becomes a detriment as the proportion of NL data increases or as
more pure code data becomes available.

Our contributions are summarized as follows:

• To our knowledge, we conduct one of the first Scaling Law studies on code data, showing
that code adheres to the Scaling Law paradigm and can be well-predicted within our tested
ranges.

• Scaling Laws demonstrate that Code LLMs exhibit good scaling properties with respect to
model size. The compute optimal shows that the D/N ratio for code will be significantly
larger than for NL, indicating that Code LLMs require more data for training.

• By adding two different NL-Code mixture ratios to our Scaling Law experiments, we show
that when code data is limited, increasing NL data can indeed help enhance code perfor-
mance.

2 METHODOLOGY

2.1 BACKGROUND AND MOTIVATION

Scaling laws are empirical formulas that guide the efficient training of large-scale models by de-
scribing the relationship between a model’s performance (loss) and key factors like model size
(N ), dataset size (D), and compute (C). Foundational work for natural language (NL), such
as the Chinchilla scaling law Hoffmann et al. (2022), proposed a power-law relationship where
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model and data size are scaled proportionally: L(N,D) = E + A
Na + B

Db . More recent re-
finements like Farseer Li et al. (2025b) have introduced more complex formulations, such as
L(N,D) = es·N

q+S+eB·Nb+Q ·D−eA·Na+E

, to capture the nuanced interplay where larger models
learn more efficiently from data.

However, while these laws have proven effective for NL, their direct applicability to code is ques-
tionable. Code possesses fundamentally different statistical properties, including strict syntax and
complex long-range dependencies, that distinguish it from NL. This theoretical difference is sup-
ported by preliminary observations; as shown in Figure 1, the performance of existing code models
does not align with the optimal data-to-model size (D/N) ratios predicted by NL-derived scaling
laws. This discrepancy highlights the need for a dedicated investigation to establish a scaling law
tailored specifically for code, which can provide more accurate guidance for training state-of-the-art
code LLMs.

2.2 EXPERIMENTAL DESIGN

To investigate the scaling properties of code, we conducted a comprehensive set of experiments.
We adopted a principled experimental design methodology inspired by the large-scale approach of
Farseer Li et al. (2025b), focusing on maximizing the information gained from each training run
within a feasible computational budget.

Sampling Strategy Given the significant computational cost of training, we selected 117 distinct
configurations of model size (N ) and dataset size (D) for our experiments. To ensure comprehensive
coverage across different orders of magnitude, we employed a log-uniform sampling strategy across
both dimensions. Our chosen points span model sizes from 0.2B to 3.8B parameters and training
tokens from 2B to 128B. This strategic selection, illustrated in Figure 2, provides a cost-effective
basis for mapping the loss surface.
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Figure 2: Scatter plot showing the relationship between model parameters (N) and training tokens
(D) for our experimental configurations. Points are colored by D/N ratio, with ours (blue) represent-
ing our selected 117 training points and raw (white) showing all the Farseer experimental points.

Model Architecture and Parameterization To isolate the effects of scale, we maintained a con-
sistent decoder-only Transformer architecture across all 117 models, incorporating standard com-
ponents like SwiGLU activations, Rotary Position Embeddings (RoPE), and RMSNorm (Shazeer,
2020; Su et al., 2021; Zhang & Sennrich, 2019). We used a deterministic procedure, guided by the
principles in Farseer Li et al. (2025b), to map a target parameter count N to concrete architectural
hyperparameters. This ensures that models at different scales are structurally sound and comparable
by maintaining near-optimal aspect ratios. A detailed table of representative model configurations
is provided in Appendix A.1.

Training Hyperparameters To ensure that each model was trained efficiently without a cost-
prohibitive hyperparameter search, we followed StepLaw’s optimal hyperparameter scaling rules to
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set near-optimal learning rates, global batch sizes, and schedules as a function of model size N (Li
et al., 2025a). Notably, StepLaw reports and validates a code pretraining recipe (among diverse
data recipes), which makes these settings appropriate for our code-focused study. We used the
AdamW optimizer (Loshchilov & Hutter, 2019) with a cosine learning rate decay schedule for all
experiments.

Train Set and Validation Set We train on a large, deduplicated public code corpus (895.51B to-
kens after sampling) and evaluate on a high-quality, closed-source code validation set (6.3M tokens).
Full dataset composition, sampling ratios, and contamination checks are provided in Appendix A.2
(Table 3).

3 EXPERIMENT

3.1 COMPUTATIONAL SETUP

All experiments run on NVIDIA H100-80GB GPUs. We derive near-optimal global batch size and
micro-batch size (MBZ) from N and D using compute-aware heuristics (consistent with StepLaw
scaling rules), and set per-GPU MBZ by memory and sequence length. We use gradient accumu-
lation to reach the target GBZ and choose the number of GPUs (8–128) to balance wall-clock time
against MFU. The total compute expended is approximately 13,600 A100 GPU-days; further hard-
ware and scheduling details are in Appendix A.3.

3.2 SCALING BEHAVIOR

After training, the validation loss is computed for each of the 117 models. As a prerequisite for
fitting a scaling law, we first qualitatively verify that the model performance scales predictably with
N and D. Figure 3 provides a comprehensive visualization of this behavior. Figure 3(a) shows
that for a fixed data budget, the validation loss monotonically decreases as N increases, a trend that
holds consistently across all tested data budgets. Symmetrically, Figure 3(b) demonstrates that for
any given model size, the loss also smoothly declines as the number of D grows. Both subplots are
shown on double-logarithmic axes; the near-linear trends indicate approximate power-law relation-
ships between loss and N /D, consistent with scaling-law assumptions. These clear and consistent
trends suggest that performance on code exhibits stable scaling behavior, thus providing an empirical
foundation for our subsequent quantitative analysis.
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Figure 3: Scaling behavior of loss across different model sizes (N) and data sizes (D). (a) shows
loss decreasing with increasing N for fixed D values, (b) shows loss decreasing with increasing
D for fixed N values. The color gradients represent different D values (left) and N values (right).
Both subplots are displayed on double-logarithmic axes; the near-linear trends indicate approximate
power-law relationships between code-model loss and N/D under fixed D/N, respectively.
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3.3 CODE SCALING LAW FITTING

To quantitatively model the observed scaling behavior, we fit both the Chinchilla and Farseer for-
mulations to the complete set of our 117 experimental data points. The resulting fitted Chinchilla
law is presented in Equation 1, and the Farseer law in Equation 2:

L(N,D) = 0.2193 +
534.374

N0.4853
+

76.0743

D0.2983
(1)

L(N,D) = exp(−0.0047 ·N0.239 − 0.8188)

+ exp(62.8936 ·N−0.0614 − 14.0414) ·D− exp(−0.0209·N0.1943−0.1826)
(2)

For asymptotic (irreducible) loss limits implied by these forms, please see Appendix A.4.

Farseer achieves a lower mean relative fitting error than Chinchilla (0.82‰vs. 1.03‰), suggesting
it more accurately captures the underlying scaling dynamics of the observed data. However, the
ultimate test of a scaling law is not merely its ability to fit existing data, but its power to extrapolate
and predict performance in new, large-scale scenarios. Therefore, to comparatively assess their
predictive utility, we design a dedicated validation experiment.

N (B) D (B) D/N GBZ GPUs MBZ PLF PLC Loss REF(‰) REC(‰)
6.37 127 20 640 160 2 0.259271 0.265707 0.256833 9.49 34.55
2.27 341 150 1080 120 9 0.253488 0.262330 0.253786 1.17 33.67
1.34 567 424 1456 112 13 0.255846 0.262939 0.258546 10.44 16.99

Table 1: Validation results for three model configurations trained at a fixed compute budget of
C = 5.36 × 1021FLOPs. The selected D/N ratios represent the Chinchilla-prescribed optimum for
natural language (20), the Farseer-predicted optimum for code (150), and an additional data-heavy
validation point (424). GPUs indicates the number of GPUs used for the run. GBZ and MBZ refer
to the Global and Micro Batch Size. PLF and REF denote the predicted loss and relative error from
Farseer, respectively, with PLC and REC representing the counterparts for Chinchilla. Loss is the
empirically measured validation loss.

To validate our fitted laws, we conducted experiments at a fixed compute budget of C = 5.36 ×
1021FLOPs, comparing models at different D/N ratios as shown in Table 1. The empirical results
yield two key findings. First, the NL-optimal ratio (D/N=20) is suboptimal for code, as a model
trained at our predicted optimum (D/N=150) achieved significantly lower loss. Second, the Farseer
law demonstrated superior predictive accuracy over Chinchilla across all validation points, with a
remarkably low relative error of just 1.17‰at the empirically confirmed optimum. Farseer’s accu-
racy, especially at the optimal point, confirms its effectiveness for guiding resource allocation for
code model training.

In summary, our experiments demonstrate that while NL training recipes are suboptimal for code,
code performance is nonetheless highly predictable under a scaling law paradigm. The existing
Farseer formulation accurately captures these scaling dynamics without requiring a novel functional
form, showing its adaptability to the code domain. We emphasize that our primary goal is to iden-
tify the most suitable form of the scaling law for code, not to establish universal constants for its
parameters, as these may vary with different experimental setups.

4 ANALYSIS

4.1 SCALING SURFACE

Figure 4 summarizes two key views: the fitted Farseer surfaces for Code vs. NL over (N,D), and
the compute-optimal D/N as a function of compute. Together they show that code attains lower
loss across the plane and prefers higher D/N .

Code is More Predictable than NL. The validation losses for code and NL models are computed
on their own validation sets. In our fitted surfaces and validation sets, code loss is generally lower

5
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than NL across a broad range of (N,D). This suggests a difference in intrinsic entropy between the
two modalities. Although code can be logically complex, its statistical regularities—strict syntax,
standard templates, keywords, and common programming idioms—are often more prevalent than
in NL. This view aligns with evidence from speculative decoding, where code tokens are easier to
predict than NL tokens, enabling higher acceleration (Leviathan et al., 2023). Differences across
programming languages also appear smaller than across natural languages, making code tokens
easier to learn and predict.

Code LLMs Scale More Efficiently. The Code surface exhibits a steeper overall gradient than NL.
Investing additional compute into scaling either N or D yields larger marginal improvements for
code. This may reflect a more focused domain with stronger transferability and generalization of
patterns once syntax and structural priors are learned.

Code Has Different Scaling Priorities. Contrary to our initial hypothesis that code would plateau
faster along N , we observe excellent scaling along the model-size axis: gains from increasing N
are larger for code than NL. Along the data-size axis, however, NL improves more consistently,
whereas code saturates sooner. This is consistent with higher redundancy in large code corpora (e.g.,
GitHub), where additional tokens increasingly repeat known patterns; comparable gains require
substantially more diverse data.
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Figure 4: 3D visualization of the fitted Farseer scaling-law surfaces for Code (blue) and Natural
Language (orange) over (N,D) (left), and the compute-optimal D/N ratio vs. compute budget C
(right). Code exhibits lower loss and steeper gradients across (N,D), and a higher, accelerating
optimal D/N compared to NL in our fits.

4.2 OPTIMAL D/N RATIO

Based on the scaling landscapes, we derive the optimal D/N ratio as a function of compute budget
C. For these calculations, we assume the FLOPs-per-token to be approximately 6.

Code LLMs Tend to Be More Data-Hungry. Across all compute budgets, the optimal D/N ratio
for code is markedly higher than for NL, and this gap widens as compute increases. This suggests
that achieving optimal performance for a Code LLM requires proportionally more data. We hypoth-
esize this is due to the inherent repetitiveness of code; in later training stages, a much larger dataset
is needed to provide novel learning signals. Consequently, targeted upsampling of high-quality,
complex code may be more effective than simply expanding the corpus with common code.

The Optimal D/N Ratio Grows with C, and May Accelerate. The optimal D/N ratio for code is
not static but grows with the compute budget (C). Our Chinchilla-style fit shows a linear increase,
but the more accurate Farseer formulation exhibits super-linear growth. This acceleration in the
Farseer model stems from the principle that larger models (N) learn from data more efficiently, thus
demanding a larger dataset (D) for optimal training. This suggests that data becomes disproportion-
ately more valuable at higher compute scales.
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D/N May Help Explain Smaller SOTA Code LLMs. This high data requirement helps explain why
mainstream code LLMs are generally smaller than their NL counterparts. The primary bottleneck
appears to be the lack of sufficient data to optimally train a massive model, rather than diminishing
returns from scaling the model size itself. In practice, model size is further constrained by the limited
availability of code data and by factors like inference cost, especially for low-latency applications
like code completion. Nevertheless, larger code LLMs can still deliver significant performance
benefits when sufficient data and compute are available.

4.3 DATA MIXING

Our analysis in Section 4.2 revealed that Code LLMs are significantly more data-hungry than their
NL counterparts, a finding that presents a practical challenge given the relative scarcity of high-
quality code data. This raises a critical question: can the vast corpora of NL be leveraged to improve
code model performance? To investigate this, we conducted two additional large-scale experiments
by creating distinct training datasets with the following mixture ratios:

• 70% Code + 30% NL: A code-dominant mixture, denoted as code nl 73.

• 30% Code + 70% NL: An NL-dominant mixture, denoted as code nl 37.

For each mixture, we replicated our full set of 117 experimental runs, covering the same range of N
and D as the baseline. This rigorous approach allowed us to fit a new, distinct Farseer scaling law
for each condition, enabling a direct and fair comparison of their scaling behaviors on our held-out
code validation set.

The initial results of these experiments are summarized by the 3D loss surfaces in Figure 5. At a
high level, the surface for the 100% code model (baseline) is generally the lowest across the studied
(N, D) space, indicating stronger overall performance in our setting.
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Figure 5: 3D visualization comparing scaling surfaces for different code-NL data mixtures: baseline
(100% code), code nl 73 (70% code + 30% NL), and code nl 37 (30% code + 70% NL). In our
setting, pure code typically achieves lower loss.

The 30/70 NL-dominant mixture (code nl 37, green) consistently yields the highest (worst) loss.
However, this holistic view masks a more intricate interaction, particularly between the baseline and
the 70/30 mixture (code nl 73, red). This interaction becomes clear when we analyze 2D slices of
these surfaces.

Figure 6 plots the predicted BPC against the D/N ratio for several fixed model sizes (N). Here we
observe a distinct crossover phenomenon for smaller models. For instance, with a model size of
N = 2.64 × 108, the code nl 73 mixture (red dashed line) achieves a lower loss than the pure
code model (blue solid line) in the low-data regime (approximately D/N < 10). This empirically
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Figure 6: Predicted loss vs. D/N ratio for fixed model sizes. A crossover phenomenon is observed
for smaller models: the 70/30 code-NL mixture performs better in low-data regimes, but pure code
models excel with sufficient data. This benefit diminishes for larger models.

validates that when code data is limited, a moderate amount of NL data can indeed enhance a smaller
model’s performance on code tasks. However, as the D/N ratio increases, the pure code model’s loss
decreases more steeply, eventually surpassing the mixed model to become the superior choice.

This benefit of data mixing diminishes and ultimately disappears as model size increases. For large
models (e.g., N = 1.83 × 1010; extrapolated), the fitted surfaces suggest that the pure code model
performs better across a broad spectrum of D/N ratios. For these high-capacity models, the potential
benefit of knowledge transfer from NL may be outweighed by the cost of distributional shift; the
introduction of out-of-domain data can act as a performance impediment from the outset.

A complementary perspective is offered in Figure 7, which shows performance scaling with N at
several fixed D/N ratios. This view simulates a common scaling strategy where model size and data
volume are increased proportionally.
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Figure 7: Predicted loss vs. model size (N ) under a fixed D/N ratio scaling strategy. Each subplot
corresponds to a constant D/N ratio. In this scaling scenario, the 100% code model (Base Model)
generally outperforms the data mixtures across the tested ratios and model scales in our fitted mod-
els.
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Unlike the crossover phenomenon observed when fixing model size, this scenario shows a clear
trend: for a given D/N ratio, the 100% code model generally yields the lowest loss across model
sizes within our tested ranges. This supports the view that if the goal is compute-optimal scaling
prioritizing in-domain data purity appears effective in our setting from the outset. The benefit of
mixing data appears to be confined to scenarios where a small model is constrained to an extremely
low-data regime, rather than being a feature of an optimal scaling path.

We hypothesize two primary factors explain this behavior. The initial benefit for small models in
low-data settings suggests that NL data provides valuable, transferable linguistic and structural pri-
ors. It helps the model build a more robust semantic understanding of concepts often described in
code comments and variable names, which is particularly effective when code examples are sparse.
However, as model capacity (N ) and data volume (D) grow, the model becomes increasingly sensi-
tive to the statistical purity of the training distribution. The model’s vast capacity is more efficiently
utilized by focusing solely on the intricate syntax and long-range structural patterns unique to code,
making the inclusion of out-of-domain NL data a detrimental distraction.

5 RELATED WORK

Neural Scaling Laws. The predictable scaling of Large Language Model (LLM) performance
with compute, model size (N ), and data volume (D) has been a cornerstone of their development.
Early empirical studies established power-law relationships, advocating for a parameter-centric scal-
ing strategy where model size was the primary focus (Kaplan et al., 2020). A significant paradigm
shift occurred with the introduction of compute-optimal scaling laws, which demonstrated that for a
fixed compute budget, model and dataset size should be scaled in tandem (Hoffmann et al., 2022).
The Chinchilla laws suggested a near-constant optimal ratio of approximately 20 tokens per parame-
ter. However, more recent work has refined this understanding, showing that the optimal D/N ratio
is not fixed but increases with the total compute budget. This dynamic is better captured by more
complex functional forms, such as the Farseer law, which model the interdependence of N and D
on the final loss and offer superior predictive accuracy for modern LLM training regimes (Li et al.,
2025b).

Large Language Models for Code. Parallel to the development of general scaling laws, a distinct
research area has focused on specializing LLMs for source code. This was pioneered by proprietary
models like OpenAI’s Codex, which set the standard for function-level synthesis (Chen et al., 2021),
and DeepMind’s AlphaCode, which demonstrated competitive performance on complex algorithmic
reasoning tasks (Li et al., 2022). The success of these systems spurred the creation of powerful open-
source alternatives, such as StarCoder (Li et al., 2023) and Code Llama (Roziere et al., 2023), which
democratized access to state-of-the-art code intelligence. The current trend in the field emphasizes
methodological transparency and reproducibility, as exemplified by projects like OpenCoder, which
publish entire data processing and training methodologies (Huang et al., 2024).

Despite these advances, the specific scaling laws for LLMs trained on source code remain poorly
understood. Consequently, training recipes often rely on heuristics or extrapolate from laws devel-
oped for natural language, a practice whose validity is unverified. Current code models are often
trained on heuristic mixtures of code and natural language data without a strong empirical basis.
This work addresses this gap by conducting the first large-scale, systematic study of scaling laws
for code. We analyze models trained on pure code and controlled code-NL mixtures to establish a
principled guide for the compute-optimal training of foundation models for code.

6 CONCLUSION

In this work, we present the first large-scale empirical study of code-specific scaling laws. Our
results show that code follows the Farseer paradigm but in a distinctly more data-hungry regime: the
compute-optimal data-to-parameter (D/N ) ratio is significantly higher than for natural language and
increases with the compute budget, empirically demonstrating that data availability is the primary
bottleneck for improving code LLMs, not diminishing returns from model size. We further find that
while mixing in natural language can benefit smaller models in low-data regimes, pure in-domain
code is the superior choice for compute-optimal scaling. While our fitted parameters are specific
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to our experimental setup, these findings provide concrete guidance for training future code LLMs
and highlight promising directions for future work, such as validating these laws at larger scales and
exploring more effective data curation strategies.
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A APPENDIX

A.1 MODEL CONFIGURATIONS

The architectural hyperparameters for a representative set of the 117 models are enumerated in
Table 2. In accordance with the methodology outlined in Section 2.3, each model’s architecture
was algorithmically derived from its target non-embedding parameter count (N ). This determinis-
tic mapping maintains structural consistency and near-optimal aspect ratios across scales, thereby
isolating the effects of scale from architectural variance.

Table 2: Architectural specifications for a representative subset of the models used in our scaling
law experiments. All models share a consistent decoder-only Transformer architecture. N : Number
of non-embedding parameters. Dcount: The number of distinct dataset sizes this model architecture
was trained on. Drange: The range of training tokens used for this architecture. dmodel: The hidden
dimension of the model. dff: The intermediate dimension of the feed-forward network. Nhead: The
number of attention heads. Nlayer: The number of Transformer layers. Nwith emb: The total number
of model parameters, including token embeddings.

Model N Dcount Drange dmodel dff Nhead Nlayer Nwith emb

1 201M 13 [2B, 128B] 1024 2728 16 16 335M
2 284M 13 [2B, 128B] 1152 3032 18 18 435M
3 398M 13 [2B, 128B] 1280 3472 20 20 566M
4 568M 13 [2B, 128B] 1472 3888 23 22 761M
5 798M 13 [2B, 91B] 1600 4264 25 26 1.01B
6 1.13B 13 [2B, 128B] 1792 4832 28 29 1.36B
7 1.61B 13 [2B, 128B] 2048 5448 32 32 1.88B
8 2.27B 13 [2B, 128B] 2304 6064 36 36 2.58B
9 3.18B 13 [4B, 128B] 2560 6952 40 40 3.52B

A.2 DATASET AND VALIDATION DETAILS

We use the pretraining corpus released by OpenCoder (Huang et al., 2024) as the training set, which
covers public GitHub content up to November 2023. The dataset has already undergone strict dedu-
plication and rule-based filtering, following best practices established for large-scale open code cor-
pora such as The Stack (Lozhkov et al., 2024). The strong performance of OpenCoder indicates the
coverage and quality of this corpus. We remove synthetic data to better match the natural distri-
bution of real-world code. After tokenization with our in-house tokenizer, the raw corpus contains
1216.93B tokens. Since knowledge density does not scale proportionally with raw volume across
programming languages, we downsample languages with high redundancy and extreme volume to
improve balance and pretraining efficiency. The resulting train set contains 895.51B tokens. Table 3
reports the detailed language composition and summary statistics. For the scaling-law experiments,
training sets at different D are obtained as nested subsets of the same pool. We shuffle the entire
pool once with a fixed random seed and take progressively larger contiguous prefixes to form each
budget. This design keeps the distribution stable across budgets. To evaluate trained models, we
measure loss on a high-quality validation set drawn from a closed-source internal codebase. It is
written by experienced engineers for production use, which aims to ensure realism and quality. Its
closed-source nature reduces the risk of contamination from the public training pool. We further
perform exact and near-duplicate checks against the training pool to guard against accidental over-
lap. Although no single source can perfectly represent the entire distribution of code, this validation
set provides a consistent benchmark with checks to minimize contamination across all models. The
final validation set contains 6.3M tokens.

A.3 COMPUTATIONAL SETUP (DETAILS)

All experiments are conducted on a cluster of NVIDIA H100-80GB GPUs. A meticulous resource
allocation strategy is employed to maximize computational efficiency while adhering to the optimal
training hyperparameters. For each run, the optimal global batch size (GBZ) is calculated by N
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Language Original (B) Sample Sampled (B) Weight(%)
C 52.33 1.00 52.33 5.84
C++ 67.43 1.00 67.43 7.53
C# 66.53 1.00 66.53 7.43
Go 12.76 1.00 12.76 1.43
HTML 260.27 0.05 13.01 1.45
Java 148.29 0.50 74.14 8.28
JavaScript 75.84 1.00 75.84 8.47
Others 307.22 1.00 307.22 34.31
PHP 75.67 1.00 75.67 8.45
Python 74.53 1.00 74.53 8.32
Jupyter 15.04 1.00 15.04 1.68
Stack v2 55.46 1.00 55.46 6.19
LeetCode 5.56 1.00 5.56 0.62

Total 1,216.93 - 895.51 100.00

Table 3: Composition and sampling configuration of the training set by language.

and D through a compute-aware heuristic. The maximum per-GPU micro batch size (MBZ), is
then determined based on the model’s size and training sequence length. This value can be slightly
lower in multi-GPU setups. While using more GPUs can accelerate experiments, it often reduces
Model FLOPs Utilization (MFU). We carefully manage this trade-off. The ideal number of GPUs,
approximated by GBZ / MBZ, often requires adjustment due to hardware constraints such as integer
divisibility. In making the adjustment, the priority is to maintain the GBZ as close to the optimal
number as possible, given its critical impact on scaling law dynamics. Across our experimental
runs, this strategy resulted in configurations using 8 to 128 GPUs, with a total compute equivalent
to approximately 13,600 A100 GPU-days.

A.4 IRREDUCIBLE LOSS LIMIT DERIVATION

A key theoretical divergence between the Chinchilla and Farseer scaling laws lies in their prediction
of the model’s performance limit. The Chinchilla formulation posits a non-zero irreducible loss,
E, while the Farseer law’s structure allows for a limit that can be zero. This difference is a direct
consequence of their mathematical structures. For our fitted Chinchilla law (Equation 3), the limit
is a substantial non-zero constant:

lim
N,D→∞

(
0.2193 +

534.374

N0.4853
+

76.0743

D0.2983

)
= 0.2193 (3)

For our specific fitted Farseer law (Equation 4), while one term decays to zero, the second term
converges to a very small, non-zero constant, making the final limit non-zero:

lim
N,D→∞

L(N,D) = lim
N→∞

e−0.0047N0.239−0.8188︸ ︷︷ ︸
=0

+ lim
N,D→∞

e62.8936N
−0.0614−14.0414 ·D−e−0.0209N0.1943−0.1826

︸ ︷︷ ︸
=e−14.0414

≈ 8.00× 10−7

(4)

While our specific fit results in a near-zero irreducible loss rather than a true zero, it still stands in
stark contrast to the much larger value predicted by the Chinchilla model. This motivates a deeper
look into the theoretical argument for why such a limit should be possible, as it explores why, for
models with sufficient context, the empirical entropy of a finite dataset can be expected to approach
zero.

From an information-theoretic perspective, this discussion is centered on the entropy rate h of the
data, which can be expressed as the limit of the conditional entropy:

h = lim
n→∞

H(Xn|X1, . . . , Xn−1)
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The central question is whether h must be a positive constant. While this may be true for an ide-
alized, infinite data generating process, it is plausible to argue that the empirical entropy rate of
any finite training corpus trends towards zero as the modeled context length n becomes sufficiently
large. To make this abstract concept more concrete, let us examine the practical realities of modern
transformers.

Consider a model with a typical context window of n = 4096 tokens. Its objective is to predict
the 4096-th token given the prefix of 4095 tokens. The space of all possible prefixes is vast, on
the order of V 4095 where V is the vocabulary size. Given the finite size of any real-world training
corpus (e.g., trillions of tokens), this number is minuscule compared to the space of possible prefixes.
Consequently, it is highly improbable that a specific, long prefix of 4095 tokens appears more than
once in the entire dataset.

For the vast majority of training instances, the model is therefore presented with a prefix that is
empirically unique. This uniqueness implies that the token that follows it is also unique from the
dataset’s point of view, making it deterministic in this context. In such cases, the empirical condi-
tional probability for the next token is effectively 1 for a single outcome. The conditional entropy
for such a unique prefix is therefore zero:

H(X4096|X1, . . . , X4095) = −
∑
x

P (x|prefix) log2 P (x|prefix) ≈ −(1 · log2 1) = 0

A unique prefix leading to a deterministic next token is not a rare edge case but the dominant scenario
when dealing with large context windows on finite data. This prevalence of empirically determin-
istic sequences suggests that as a model’s context capacity increases, the average empirical entropy
it is tasked with modeling should decrease. Therefore, a scaling law whose functional form per-
mits a limit of or near zero, like Farseer, may provide a more accurate theoretical foundation for
transformers with large context windows. Such models have the capacity to leverage long-range,
near-deterministic patterns that are inherent to any finite data collection.

A.5 THE USE OF LARGE LANGUAGE MODELS (LLMS)

This article utilizes LLMs for polishing writing and helping to draw figures.
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