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Abstract

The rapid advancement of Large Language
Models (LLMs) has resulted in a significant
knowledge gap between the open-source com-
munity and industry, primarily because the lat-
ter relies on closed-source, high-quality data
and training recipes. To address this, we in-
troduce KATYUAN-2B, a fully open-source 2-
billion-parameter model focused on improv-
ing training efficiency and effectiveness un-
der resource constraints. Our methodology in-
cludes three key innovations in a data-centric
way: a Quantile Data Benchmarking method
for systematically comparing heterogeneous
open-source datasets and providing insights on
data mixing strategies; a Bi-Level Curriculum
Training policy that progressively introduces
domain-specialized and refined samples at both
phase and instance levels; and a Strategic Selec-
tive Repetition scheme within the multi-phase
paradigm to effectively leverage sparse, high-
quality data. KATYUAN-2B achieves perfor-
mance competitive with state-of-the-art fully
open-source models, demonstrating practical
and scalable solutions for resource-limited pre-
training. We release all assets (including model
weights, data, and code) under the Apache 2.0
license.!

1 Introduction

Scaling the volume and quality of pretraining data,
as well as model scale, has driven the rapid ad-
vancement of Large Language Models (LLMs).
However, the core engineering “recipes” for state-
of-the-art models remain largely opaque. The com-
munity currently faces two major transparency
challenges: (1) the pretraining of proprietary
models is closed-source (OpenAl, 2023; Gemini
Team, 2025); and (2) some models are released

'The model weight and dataset are released in Huggingface
but we do not include links here for the double-blind review
policy. The data preprocessing framework is in https://
anonymous . 4open.science/r/Kaiyuan-Spark-4E83/.

with open weights but with closed-source train-
ing recipes (DeepSeek-Al et al., 2024; Yang et al.,
2025).

Academic progress relies on fully open-source
initiatives that release weights, data, and detailed
methodologies. While pioneers like OLMo (Groen-
eveld et al., 2024) and SmolLLM (Allal et al., 2025a)
have made significant strides, matching the per-
formance of industry-leading open-weight mod-
els remains difficult under academic resource con-
straints. In this report, we introduce KATYUAN-2B,
a fully open-source model designed to narrow this
performance gap through data-centric innovations.
We specifically address two critical bottlenecks:
(1) Heterogeneous Open-Source Data: Existing
datasets (Li et al., 2024c; Penedo et al., 2024)
use varied preprocessing and scoring pipelines,
making it difficult to systematically compare and
mix them effectively. (2) Limited Compute Re-
sources: Academic groups cannot typically match
the tens of trillions of tokens used for training by
leading industry labs, underscoring the need for
greater training efficiency and more strategic data
utilization.

To tackle these bottlenecks, we propose practical
solutions centered on data utilization: benchmark-
ing heterogeneous open-source datasets, phase-
wise and instance-wise curriculum learning, and
strategic selective repetition of high-quality data.
KAIYUAN-2B advances the Pareto frontier of
the performance-parameter trade-off among fully
open-source models (Figure 1), with 1.4B non-
embedding parameters trained over 2.2T tokens.

Our primary contributions are:

Quantile Data Benchmarking. Due to the ab-
sence of a unified metric to compare quality scores
across different open-source datasets, we introduce
quantile benchmarking to provide a unified evalua-
tion of heterogeneous datasets systematically. To
achieve this, we first fix several quality-score quan-
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Figure 1: Performance over non-embedding parameters. KAIYUAN-2B surpasses the frontier of fully open-
source models at a similar scale and narrows the gap to leading open-weight models like Qwen2-1.5B. See Table 2
for full results. Parameter counts for various models are provided in Table 9.

tiles, then quantify how data at different score lev-
els contributes to specific model capabilities by
training small reference models using data around
these quantiles. This method deepens the under-
standing of heterogeneous dataset properties, espe-
cially for leading open-source datasets, and enables
data selection and mixing guided by quantitative
results (§ 3).

Bi-Level Curriculum Training. We adopt cur-
riculum training at two levels. First, we conduct
a 5-phase training process that progressively in-
creases domain data (Chinese, code, math) ratios
phase by phase. Second, we incorporate a quality-
based instance-level curriculum in the final three
stages, where data are presented in ascending order
of quality. To ensure effective learning of the most
informative samples, we adopt a moderate learning
rate (LR) decay and apply model averaging, based
on Curriculum Model Average (CMA) (Luo et al.,
2025). The use of this larger learning rate than
usual enables the model to learn high-quality data
sufficiently (§ 4).

Strategic Selective Repetition. Recognizing that
high-quality data is scarce, we employ selective rep-
etition on high-quality data classified by our quan-
tile data benchmarking. Unlike typical pretraining,
which visits each data sample only once, our setup
allows high-quality samples to be revisited across
phases—up to a 5-phase limit—to maximize the
utility of limited high-quality tokens without over-
fitting (§ 5).

Parameter Efficiency Frontiers. KAIYUAN-2B
attains great parameter efficiency, pushing the limit
of fully-open models. KAIYUAN-2B establishes
a new performance-parameter Pareto optimal for

fully open-source models around the 2B scale (Fig-
ure 1).2 It substantially outperforms the open-
weight Gemma?2-2B in math and coding tasks (Ta-
ble 10) and matches its general abilities with fewer
parameters. It also matches the average perfor-
mance of the larger Yulan-2.4B in reasoning and
knowledge tasks (Table 11). Moreover, KATYUAN-
2B is trained on 2.2T tokens, focusing more on data
quality than merely quantity, and exhibits great
data and compute efficiency, thereby facilitating
the open-source community. Comparisons based
on total parameters are in Figure 14, and parameter
details are in Table 9. (§ 7)

2 Related Works

Recent advancements in fully open-source pre-
training are exemplified by the OLMo series (Walsh
et al., 2025; Muennighoff et al., 2025), SmolLM
series (Allal et al., 2025a; Bakouch et al., 2025),
Nemotron series (Basant et al., 2025; NVIDIA
et al., 2025), and YuLan series (Hu et al., 2024,
Zhu et al., 2024). These initiatives enhance trans-
parency by disclosing weights, pre-training cor-
pora, training recipes, and data processing frame-
works (Soldaini et al., 2024; Kuchaiev et al., 2019).

Proprietary data mixtures and undisclosed train-
ing recipes remain the primary causes of the per-
formance gap between open-source models and in-
dustry leaders. While open-weight models like the
Qwen series (Yang et al., 2024a,b, 2025) release de-
tailed architectural designs, the open-source com-
munity still struggles with the efficiency of data
strategies. Current fully open-source models typ-
ically follow two paradigms. First, models such

%Since vocabulary sizes vary and embedding layers require

less compute per parameter, we use non-embedding parame-
ters for the X-axis.



as OLMo2-1B and SmolLM2-1.7B adopt an “over-
trained” regime, utilizing 4T and 11T tokens re-
spectively. This extreme token-to-parameter ra-
tio imposes prohibitive computational and data
costs, hindering iterative research and replica-
tion. Second, data-efficient alternatives like YuLan-
Mini (Yiwen et al., 2025) utilize fewer tokens (e.g.,
1.1T) but require complex human intervention, in-
volving over 20 training stages and manually ad-
justed sampling ratios.

Both paradigms suffer from a lack of principled
methodology, as the rationale behind their data
recipes remains largely heuristic or manually hand-
crafted. This limitation is exacerbated by the re-
cent surge of diverse, high-volume open-source
datasets (Yu et al., 2025a; Su et al., 2025; Li et al.,
2024c), because there are few effective and inex-
pensive testbeds to evaluate these datasets and draw
heuristics from. We argue that bridging the perfor-
mance gap requires a deeper understanding of data
quality and its integration with training strategies.

Our work addresses these hurdles through two
primary contributions: (1) a quantile benchmark-
ing approach to evaluate datasets across multi-
ple dimensions rigorously, and (2) a data-aware
training paradigm that utilizes selective repeti-
tion and interleaved multi-dataset curricula to op-
timize efficiency. Our final model, featuring 1.4B
non-embedding parameters trained on 2.2T tokens,
establishes a replicable benchmark for academic
pre-training research.

3 Data Quantile Benchmarking

Constructing high-quality pretraining corpora from
heterogeneous open-source data presents two fun-
damental challenges: (1) the absence of a uni-
fied metric to compare quality across disparate
sources (e.g., DCLM Baseline (Li et al., 2024c) vs.
FineWeb-Edu (Penedo et al., 2024)), and (2) the
prohibitive cost of exhaustive ablation to determine
optimal mixing ratios. To address these, we pro-
pose Quantile Data Benchmarking, a compute-
efficient framework to evaluate dataset characteris-
tics across quality distributions empirically.

One approach to evaluate the quality score met-
ric is by performing top-k filtering based on this
metric and then evaluating the models trained on
the filtered data (Li et al., 2024c; SHUM et al.,
2025; Mizrahi et al., 2025). However, this approach
only reflects average quality above a threshold and
fails to capture the entire data quality distribution.
Quantile Benchmarking instead stratifies a dataset
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Figure 2: Quantile Benchmarking Framework. We ex-
tract fixed-size probing chunks (e.g., 5% of total tokens)
from specific quality quantiles (e.g., top 0%, 20%, .. .).
Small-scale reference models (0.5B) are then trained to
evaluate each chunk’s utility for specific downstream
capabilities, covering both training-from-scratch and
resume-from-checkpoint scenarios.

into quality-score quantiles and probes them inde-
pendently. This method not only benchmarks the
target dataset, but it also simultaneously reflects
the intrinsic inclinations of its corresponding score
metrics.

Methodology. Our quantile benchmarking frame-
work is illustrated in Figure 2. Given a dataset with
associated quality scores, we first identify a target
quantile set @ (e.g., {0,0.1,...,0.8}). For each
q € Q, we select a probing subset D, of fixed-size
tokens (e.g., 5B) starting from that percentile. We
then train a reference model (0.5B parameters) un-
der two regimes: (1) From-scratch, to measure
raw data utility, and (2) Continual training, to
assess the data as a refinement signal. Finally, we
evaluate the resulting checkpoints across a suite of
benchmarks.

This approach is highly efficient. First of all, the
quantile benchmarking is primarily conducted on
dominant datasets, like DCLM Baseline, FineWeb-
Edu-Chinese-v2.1, etc., since they account for the
majority of pretraining data but are not extensively
understood. For the DCLM-Baseline (609B tokens
after deduplication), benchmarking five quantiles
requires only 42B tokens, utilizing 8.4B tokens
per quantile. Using a 0.6B reference model, the
total computational cost is less than 0.6% of the
total KATYUAN-2B pretraining budget. This cost
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Figure 3: Representative results from quantile benchmarking. (1) Task-dependent dataset characteristics: FineWeb-
Edu and Nemotron-HQS excel on knowledge-intensive tasks (MMLU, ARC-Easy), whereas DCLM-Baseline
and Nemotron-MHQ perform better on commonsense reasoning (PIQA). (2) Internal heterogeneity: Performance
on ARC-Easy can differ by more than 8% between the best and worst quantile partitions within FineWeb-Edu.
(3) Biased refinement: Prevailing score metrics align with knowledge-oriented tasks (MMLU, ARC-Easy) but
can be less informative or even show reverse correlation in other dimensions (PIQA). (4) Regime consistency:
Both from-scratch and resume-from-checkpoint setups show similar inclinations. For instance, in MMLU, DCLM
Baseline and Nemotron-MHQ underperform overall in both settings, though relative rankings may not be identical.

can be amortized among future pretraining while
providing more granular insights than traditional
scaling law ablations.

Empirical Findings. Benchmarking dominant
English datasets—DCLM Baseline (Li et al.,
2024c), FineWeb-Edu (Penedo et al., 2024),
and Nemotron-CC-v2 (Su et al., 2025; Bas-
ant et al., 2025)—yields key insights into lead-
ing open source corpora and their quality met-
rics® (Figure 3). We perform global dedupli-
cation on DCLM Baseline and FineWeb-Edu,
retaining approximately one-fifth of the origi-
nal volume*. For Nemotron-CC-v2, duplica-
tion ratios are significantly lower; for example,
the high-quality-synthetic partition does not ex-
ceed 5%. Consequently, we directly benchmark
their partitions, including high-quality (Nemotron-
HQ), high-quality-synthetic (Nemotron-HQS), and
medium-high-quality (Nemotron-MHQ). Down-
stream benchmarks evaluate general knowl-
edge (e.g., MMLU (Hendrycks et al., 2021b),
ARC (Clark et al., 2018)) and commonsense un-

3DCLM Baseline corresponds to the DCLM fasttext score;
FineWeb-Edu corresponds to the FineWeb-Edu classifier. For
Nemotron-CC-v2, which does not disclose quality metrics,
we annotate samples using the PreSelect score (SHUM et al.,
2025) via a lightweight fasttext model.

*For FineWeb-Edu, we use the FineWeb-Edu-Dedup parti-
tion from the SmolLM corpus (Ben Allal et al., 2024)

derstanding and reasoning (e.g., PIQA (Bisk et al.,
2020), HellaSwag (Zellers et al., 2019)). Repre-
sentative results are shown in Figure 3, with full
results in Figures 7 and 8.

Task-Dependent Superiority: Datasets exhibit
domain-specific strengths that reflect the intrinsic
inclinations of their quality metrics. As shown
in Figure 3, FineWeb-Edu and Nemotron-HQ ex-
cel in knowledge-intensive tasks, while DCLM-
Baseline shows a consistent advantage in situated
commonsense reasoning. This dependency likely
stems from metric design: DCLM-Baseline is re-
fined toward datasets like ELI-5, which emphasizes
accessible explanations, whereas FineWeb-Edu is
refined based on educational value (Li et al., 2024c;
Penedo et al., 2024). These findings explicitly re-
veal the intrinsic characteristics of the datasets and
are partially testified by evaluation results reported
in prior work (Wettig et al., 2025). Moreover, they
offer clear guidance for future experimental design:
for knowledge-intensive tasks (e.g., MMLU), mod-
els should be trained on FineWeb-Edu or Nemotron-
CC-v2, whereas for understanding-oriented tasks
(e.g., HellaSwag), training on the DCLM Baseline
is more appropriate.

Internal Heterogeneity: Substantial perfor-
mance variance exists within individual datasets.
In Figure 3, for the DCLM dataset, MMLU perfor-



mance drops by 2% between the top 0% and 60%
quantiles, and ARC-Easy performance drops by
8% in resume experiments and even up to 15% in
the from-scratch setup (Figure 8). Similar patterns
are also observed for other datasets. Such hetero-
geneity necessitates quality-aware selection even
within supposedly “clean” sources.

Biased Refinement and Non-Monotonicity:
Most data quality metrics correlate well with
knowledge-oriented capabilities. For example,
MMLU and ARC-Easy scores show a consistent
trend across quantiles (Figures 3 and 8). However,
higher quality scores do not always yield better per-
formance. Paradoxically, across all evaluated met-
rics and datasets, higher scores lead to worse perfor-
mance on understanding- and reasoning-oriented
tasks, like PIQA (Figures 3 and 7). This non-
monotonicity highlights the risk of over-filtering
and the task-specific nature of data “quality,” sug-
gesting a need for more systematic, unbiased qual-
ity measurements.

Regime Consistency: The relative ranking of
data partitions remains stable whether training from
scratch or continuing from a checkpoint. This con-
sistency holds across different datasets and quality
metrics (Figures 7 and 8). The resume checkpoint
was sufficiently pretrained on the DCLM Baseline
dataset (details in Section E.4). This observation
suggests that future efforts can focus on resume
experiments, as they provide reliable downstream
accuracy trends at a lower cost.

Implications for Selection. These findings di-
rectly inform our training strategy (Sections 4
and 5). First, we employ benchmark-guided ratios
to balance different datasets and enhance model
capabilities. Since quality metrics correlate reli-
ably with knowledge-intensive tasks like MMLU,
we use the downstream performance of reference
models as a unified metric to align heterogeneous
datasets. For example, our results (Figure 3) show
that only the top 30% of the DCLM Baseline
matches the utility of FineWeb-Edu and Nemotron
high-quality partitions in the MMLU dimension;
performance greatly drops below this quantile. We
therefore use these performance anchors to deter-
mine selection thresholds. As a result, shown in
Table 14, the top 30% of DCLM Baseline and full
FineWeb-Edu datasets are mixed in the second
phase. Second, we implement a quality-based
curriculum, scheduling the highest-performing
quantiles for the final training stages to maximize

convergence on high-utility tokens. Finally, despite
their high utility, we exclude Nemotron partitions
from our final recipe to ensure strict compliance
with licensing constraints (Section C).

4 Multi-Phase and Instance-Level
Curriculum

We implement a multi-phase pretraining strategy
to address the data quality heterogeneity identified
in Section 3. While high-quality samples enhance
model capabilities more efficiently than average
data, they represent only a small fraction of the
available tokens. To maximize data efficiency, we
adopt curriculum training at both the phase and
instance levels. Specifically, we progressively in-
crease the proportions of specialized domain data
(Chinese, Mathematics, and Code) in successive
phases. Simultaneously, we implement an instance-
level curriculum that prioritizes refined samples
by increasing their relative ratios across phases
and introduces an instance-level interleaved cur-
riculum within the last three phases, respectively.
This dual-level scheduling ensures that the model’s
final convergence is focused on the most informa-
tive and domain-specific data, leading to superior
performance-parameter trade-offs. The data pre-
processing framework to support our data-centric
methods is introduced in Section E.6.

Phase-Level Curriculum. We partition the pre-
training process into five distinct phases (Figure 4).
This progression involves a gradual shift in the
domain mixture: early phases focus on general-
purpose English corpora, while later phases in-
troduce specialized domains (Chinese, Code, and
Math) and supervised finetuning (SFT) samples.
To maintain stability during these transitions, we
keep the English part at least 30% of the mixture in
each phase, ensuring English remains the dominant
language across phases. Details are in Section D.

Instance-Level Curriculum. Implementing a
curriculum across heterogeneous datasets is chal-
lenging because source corpora often utilize in-
compatible quality metrics. We address this with
a three-step interleaving algorithm (Algorithm 1).
First, we perform Within-Dataset Ranking by
sorting samples in each dataset D; by local qual-
ity scores. Second, we apply Rank Rescaling to
align dataset scales, computing a rescaled global
rank R(z) = ri(x) X (Nt /| Dil), where r;(x) is
the local rank and Ny, is the combined sample
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Figure 4: The five training phases of KATYUAN-2B. Later phases prioritize increasingly refined data samples.

count. Finally, we execute Global Interleaving
by merging all datasets and sorting the union by
R(z). This ensures a stable global mixture ratio
throughout the phase while allowing the average
batch quality to increase monotonically.

To leverage this curriculum, we incorporate Cur-
riculum Model Averaging (CMA) (Luo et al.,
2025). This approach alleviates the conflict be-
tween curriculum data and the low learning rates
(LR) typical of the late part of training. By using
a moderate LR decay alongside model averaging,
we maximize the utility of high-quality data while
reducing optimization noise. In our setup, the LR
is decayed to 6 x 10™* (20% of the peak LR at
3 x 1073) in the final phase, where we average the
last eight checkpoints to stabilize weights on the
high-quality tail of the distribution.

Ablation results in Table 1 demonstrate that
CMA improves average scores (50.99 vs. 50.56)
compared to uniform sampling. Performance gains
are particularly notable in the “Core” set’, which
consists of high-signal benchmarks used to distin-
guish model capabilities (Heineman et al., 2025).
The experiment details are in Section E.S5.

5 Multi-Phase Progressive Data
Repetition

We further improve the efficacy of high-quality
data through Quality-Based Selective Repetition.
While repetition is discussed in prior work like
D4 (Tirumala et al., 2023), it has not been exten-
sively scaled for general pretraining. Our strategy
utilizes a quality-based exposure mechanism. We
revisit high-utility partitions across phases, aligned
with the multi-phase setup, with the highest-quality

3 including MMLU (Hendrycks et al., 2021b), ARC-Easy
and ARC-Challenge (Clark et al., 2018), CSQA (Talmor et al.,
2019)

Algorithm 1 Multi-Dataset Curriculum Construc-

tion

Require: Datasets Di, Do, ...
quality metrics

Ensure: Multi-dataset curriculum dataset

1: Now < >, |Dil > Total sample count
2: for each dataset D; do

, Dy, with dataset-specific

3: (Optional) Assign random scores for datasets lacking
quality labels

4: Sort D; by quality metric in ascending order >
Within-dataset ranking

5: Assign ordinal ranks r;(x) € [1,|D;|] to each sam-
plex € D;

6: Compute rescaled ranks: R(x) < r;(x) X %

7: end for

8 U« U, D; > Merge all datasets

9: Sort U by R(z) in ascending order > Global interleaving

10: return sorted U

partitions receiving the most exposure to amplify
their impact on final capabilities. Unlike standard
multi-epoch pretraining (Muennighoff et al., 2023;
Yan et al., 2025)—repeat the dataset as a whole—
we progressively decrease the retention ratio k% of
datasets across phases, in a more fine-grained way.
For example, with FineWeb-Edu (Figure 4), we
utilize the full dataset in Phase 2, then retain only
the top 50%, 30%, and 10% in subsequent phases.
Consequently, the highest-quality 10% of samples
are seen four times, while the lowest-quality sam-
ples appear only once.

Ablation experiments with a 1.5B-parameter
model on a 30B token budget validate the effi-
ciency of this approach. As shown in Table 1, the
Filter&Repeat strategy (retaining the top 33.4%
for three epochs) outperforms uniform one-pass
training, confirming that repeating refined subsets
improves parameter efficiency in data-constrained
scenarios (Muennighoff et al., 2023). However,
overly aggressive repetition (e.g., repeating the top
13.8% seven times) can cause overfitting, improv-
ing MMLU while degrading average performance.



Table 1: Selective Repetition and Curriculum Learning Strategies Ablation, Compared to Uniform Baseline.

Method Retain MMLU ARC-c ARC-e CSQA OBQA PIQA SIQA Wino. Avg. Core
Uniform 100% 30.77 42.14 61.05 50.86 4520 7242 4575 5627 5056 4621
CMA 100% 31.68 41.47 6193 5250 46.00 71.71 4539 5722 50.99 46.89
Filter&Repeat 13.8% 32.99 35.79 61.75 46.03 4200 7171 4437 5635 48.87 44.14
Filter&Repeat 33.4% 32.44 41.14 6193 51.11 4380 72.09 4534 58.80 50.83 46.65
Filter&Repeat 77.4% 31.68 38.46 60.70 5250 45.00 72.52 4580 5722 5049 4583

In our setup, the repetitions are mostly capped to

Open-weight models.

This group includes

the number of training phases to prevent such degra-
dation.

6 Training Configuration and Design

We train our 2B-parameter model using an architec-
ture based on Qwen3-1.7B (1.4B non-embedding,
0.3B embedding parameters), omitting tied embed-
dings to reduce the communication overhead of
shared parameters. The model is trained with a
context length of 4,096 and a batch size of 2,048.
We employ a Warmup-Stable-Decay schedule with
apeak LR of 5 x 1073, reduced to 3 x 1073 after
Phase 1 to mitigate instability from inter-phase dis-
tribution shifts. Training is conducted on Ascend
910A clusters. Since these clusters lack BF16 sup-
port, we utilize FP16 along with sandwich normal-
ization and soft clipping to ensure numerical stabil-
ity (Section A). Detailed settings for the primary
training and ablation experiments are provided in
Section E.

7 Evaluation

We conduct extensive evaluations of KATYUAN-2B
against both open-weight and fully open-source
models. Our results demonstrate that KAIYUAN-
2B advances the parameter-efficiency frontier for
fully open models, significantly narrowing the gap
with leading proprietary-recipe counterparts and
exhibiting great compute-efficiency.

7.1 Evaluation Setup
7.1.1 Baseline Models

We compare KATYUAN-2B against state-of-the-art
baselines with comparable parameter counts, cat-
egorized into two groups: open-weight models
(public weights with proprietary data/recipes) and
fully open models (public weights, architecture,
code, and datasets). All evaluations use base check-
points without finetuning.®

8For consistency, we standardize naming by omitting suf-
fixes; e.g., “Qwen3” denotes the base model, regardless of its
HuggingFace designation.

Qwen2-1.5B (Yang et al., 2024a) (7T tokens),
optimized for multilingual and coding tasks; the
Qwen2.5 series (Yang et al., 2024b) (1.5B and
3B, 18T tokens), featuring refined architectures
for mathematical reasoning; and the Qwen3 se-
ries (Yang et al., 2025) (0.6B to 4B, 36T tokens),
supporting extended contexts. We also include
Gemma2-2B (Riviere et al., 2024), distilled us-
ing 2T tokens, and the Llama3.2 series (Meta Al,
2024) (1B and 3B, 9T tokens), designed for on-
device inference.

Fully open models. We compare against
SmolLM2-1.7B (Allal et al., 2025a) (11T tokens),
which utilizes the Llama 2 architecture; SmolLM3-
3B (Bakouch et al., 2025), a data-centric model
trained on 11T tokens; OLMo2-1B (Walsh et al.,
2025) (4T tokens); and YuLan-Mini (Yiwen et al.,
2025), a 2.4B-parameter model optimized for data
efficiency using 1.1T tokens, with handcrafted fine-
grained 28-phase training.

7.1.2 Benchmarks

Evaluation spans four primary domains. Mathe-
matics is assessed via GSM8K (Cobbe et al., 2021)
and MATH (Hendrycks et al., 2021¢c). Coding
proficiency is measured using the MBPP (Austin
etal., 2021) sanitized subset and HumanEval (Chen
etal., 2021). Chinese language processing utilizes
CMMLU (Li et al., 2024a) and C-Eval (Huang
et al., 2023). Finally, General Reasoning &
Knowledge is assessed via a suite of eight bench-
marks: MMLU (Hendrycks et al., 2021b), Hel-
laSwag (Zellers et al., 2019), CSQA (Talmor et al.,
2019), BoolQ (Clark et al., 2019), PIQA (Bisk
et al., 2020), SociallQA (Sap et al., 2019), Wino-
Grande (Sakaguchi et al., 2020), and ARC (Clark
et al., 2018).

7.1.3 Implementation Details

Evaluations are conducted using the OpenCompass
framework (Contributors, 2023). Mathematics and



Table 2: Comprehensive comparison across all benchmarks. KATYUAN-2B shows great parameter-efficiency among

fully open-source models.

Math Code

Model Name Params

Chinese

Reasoning & Knowledge

GSM8K MATH  sanitized_ MBPP HumanEval C-Eval

CMMLU MMLU ARC-C

ARC-E  BoolQ CSQA HSwag PIQA Wino

Open-Weight SOTA Models
Qwen2-1.5B 1.5B
Qwen2.5-1.5B 1.5B
Qwen2.5-3B
Qwen3-0.6B
Qwen3-1.7B
Qwen3-4B
gemma2-2B
llama-3.2-1B
llama-3.2-3B

58.50
68.50
79.10
59.59
75.44
87.79
23.90
44.40
77.70

21.70
35.00
42.60
32.44
43.50
54.1
15.00
30.60
48.00

50.58 31.10
37.20
42.10
29.88
52.44
62.2
17.70
18.90
29.88

7129
68.63
74.65
57.03
66.70
78.5
41.35
29.82
45.67

70.62
68.01
73.92
52.36
66.55
77.01
39.63
31.03
4433

75.73
76.17
81.45
69.97
77.20
84.98
78.89
74.92
79.05

59.83
59.67
63.69
55.64
59.27
65.43
65.35
58.17
64.09

56.36
61.56
66.86
55.09
65.35
75.78
55.20
37.74
57.87

70.17
79.32
86.44
68.14
80.34
89.83
66.44
36.95
72.20

83.60
90.48
92.59
84.48
91.89
97.53
82.54
70.55
83.95

71.90
76.39
83.88
69.05
79.82
86.09
72.42
67.43
76.73

70.52
75.10
76.09
61.18
74.61
81.9
69.45
62.82
70.35

60.77

Fully-Open SOTA Models
SmolLM2-1.7B 1.7B
OLMo-2-0425-1B 1B
YuLan-Mini-2.4B 2.4B
SmolLM3-3B 3B

31.10
68.30
66.65
67.63

11.60
20.70
27.12
46.10

22.60
6.71
61.60
39.63

35.06
30.53
528687/
50.84

34.03
28.62
48.14
49.35

78.51
76.44
77.31
79.05

SOA A
60.38
61.88
64.40

51.99
44.25
51.76
63.04

59.66
47.46
64.75
77.29

82.72
76.72
82.54
88.54

69.85
70.55
78.59
76.12

67.16
65.60
66.18
70.52

Ours

Kaiyuan-2B 2B 51.33 30.34 42.68 46.30

49.25

53.90 66.10 8289 7853 6740 74.37 65.75

coding tasks use generation mode’, while other
benchmarks employ perplexity-based (PPL) evalu-
ation. Following the OLMES protocol (Gu et al.,
2025), PPL tasks are assessed under both multiple-
choice (MCF) and completion formulations (CF),
with the higher score reported.

7.2 Evaluation Results

Performance summaries are provided in Tables 10
and 11, with full results in Table 2.

Core Capabilities: Math, Code, and Chi-
nese (Table 10). KAIYUAN-2B achieves an av-
erage score of 46.05 across specialized bench-
marks, outperforming similarly scaled fully open
models like SmolLM2-1.7B. On Chinese tasks,
KAIYUAN-2B (C-Eval: 46.30; CMMLU: 49.25)
markedly exceeds OLMo2-1B and rivals the larger
SmolLM3-3B. In mathematics, KAIYUAN-2B
achieves 30.34 on MATH, surpassing YuLan-
Mini-2.4B (27.12). In coding, KAIYUAN-2B
reaches 42 .68 on HumanEval, outperforming both
SmolLLM3-3B (39.63) and Qwen2.5-3B (42.10),
demonstrating superior parameter efficiency.

Reasoning and Knowledge (Table 11).
KAIYUAN-2B attains an average score of
67.74 across nine reasoning benchmarks, match-
ing YuLan-Mini-2.4B (67.50) despite using
fewer parameters. It surpasses SmolLM?2-1.7B
by 1.69 points within the fully open category.
Moreover, KATYUAN-2B performs competitively
with Gemma2-2B (69.16) using a comparable
token count, while larger open-weight models like
Qwen3-4B maintain a lead due to significantly
larger training budgets.

"For generation tasks, we report official results for baseline
models when available, as exact reproduction can be challeng-
ing.

Parameter-Efficient and Compute-Economic.
KAIYUAN-2B consistently advances the perfor-
mance frontier for fully open-source models,
outperforming similarly sized models such as
Gemma2-2B and SmolLM2-1.7B while rival-
ing larger baselines like YuLan-Mini-2.4B and
Llama3.2-3B (Figure 1, with comprehensive eval-
uation results are provided in Table 2). This posi-
tioning shows extraordinary parameter efficiency.

Beyond parameter count, KAIYUAN-2B exhibits
compelling data and compute efficiency. By train-
ing on only 2.2T tokens, KAIYUAN-2B matches or
exceeds results from counterparts that utilize sig-
nificantly larger data budgets, such as SmolLM2-
1.7B. While a performance gap remains relative
to the Qwen series, likely due to their 36 T-token
scale and proprietary data mixtures, KAIYUAN-
2B establishes a fully open, parameter-efficient,
and compute-economic alternative for the research
community.

8 Conclusion

The KAIYUAN-2B project successfully demon-
strates a systematic and resource-efficient approach
to fully open-source LLM pretraining, providing
concrete answers to the challenges of data hetero-
geneity and computational scarcity. Our core con-
tributions include Quantile Data Benchmarking,
Strategic Selective Repetition, and Comprehensive
Curriculum Training. Together, they represent a
practical framework for the academic community
to select and utilize public data effectively. By re-
leasing the model checkpoint, the data preprocess-
ing framework, and the final pretraining dataset,
we provide a complete, transparent recipe for high-
quality LL.M pretraining. We believe KATYUAN-
2B will facilitate further exploration in the open-
source LLLM ecosystem, pushing the frontier of
what is achievable under limited resources.



9 Limitations

Primarily, although KAIYUAN-2B has made
progress, there is still a great gap between our
model and the leading open-weight model, like
Qwen3 series (Yang et al., 2025). Moreover, due
to the scale and cost of our pretraining setup, we
may not conduct extensive ablation studies on each
design choice. For example, how the multi-phase
design is compared to the conventional two-phase
mid-training strategy, and how the multi-dataset
curriculum is effective over the data mixture in the
last three phases. And there is still space for more
quantitative design, like how to decide the repeti-
tion number and sampling ratio for each specific
dataset, which can be a promising future direction.
Al Assistant Usage. We use the Al Assistant to
polish the paper writing.
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Appendices

A Architecture Design and Training
Stability
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Figure 5: Comparison of internal activation magnitudes
before and after architectural optimization. The experi-
ment is conducted with a 3B model.

KAIYUAN-2B is trained on Huawei Ascend
910A accelerators, which are similar to NVIDIA
V100s in supporting only FP16 precision. How-
ever, FP16 has a limited dynamic numerical range,
which introduces overflow risks when model pa-
rameters or activations grow too large. To keep
training stable, we first identify the activations that
are most likely to overflow and then introduce struc-
tural changes that keep their values within safe
bounds.

Following the standard Llama architecture, the
model uses SWiGLU (Dauphin et al., 2017), RM-
SNorm (Zhang and Sennrich, 2019), and RoPE (Su
et al., 2024). We adopt mixed precision training,
where operators that need higher precision, such
as Softmax and RMSNorm, run in FP32, and the
remaining computations run in FP16. Despite this
setup, training on large and diverse datasets, in-
cluding code and mathematics, still leads to strong
numerical instability. As shown in Figure 5a, most
instability comes from two places: the attention
logits and the activations after the SwiGLU func-
tion in the MLP layers. In practice, the maximum
activation values grow without control. They ex-
ceed 10,000 after processing one trillion tokens,
which is close to the FP16 upper limit. As a result,
the dynamic loss scaler decreases its scaling factor
to avoid overflow. This drop pushes many gradi-
ents below the FP16 minimum representable value,
which causes underflow. The gradients then be-
come inaccurate, harming convergence and some-
times causing training to fail.

To solve these issues, we use Logits Soft-
Capping (Bello et al., 2017) and Sandwich Nor-
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Figure 6: Learning Rate Schedule, Training Loss, and
Validation Loss Curves across five phases.

malization (Ding et al., 2021). This follows the
design choices of Gemma 2 (Riviere et al., 2024).
These techniques place strict bounds on activation
values. As shown in Figure 5b, soft-capping re-
duces the L1 norm of attention logits by about an
order of magnitude. At the same time, sandwich
normalization reduces the accumulation of large
values in residual connections and keeps the L1
norm of MLP activations within a safe range. To
further improve stability, we set the weight decay
to 0.1, apply soft-capping to the final output logits,
and replace the soft-capping inside each attention
layer with QK-Norm (Henry et al., 2020). The full
configuration of KATYUAN-2B is listed in Table 3
and the implementation details are discussed in
Section E.1.

Loss Dynamics and Transition Analysis. The
training trajectories are visualized in Figure 6.
Training loss exhibits sharp drops at phase tran-
sitions, driven by the introduction of a higher ra-
tio of low-perplexity mathematical and code data.
Alongside the quality-based curriculum, which ac-
celerates convergence toward the end of each phase,
we observe a different loss curve pattern from tradi-
tional scaling law (Kaplan et al., 2020). Moreover,



as the validation set consists of the high-quality
DCLM subset, the validation loss shows anomalous
increases during later phases. This “misalignment"
reflects the model’s specialization: as KAITYUAN-
2B focuses on the specialized data (math and code),
its performance on general English validation sets
slightly degrades, highlighting the trade-offs inher-
ent in multi-domain curriculum progression. This
observation aligns with the prior work on continual
training scaling laws (Wang et al., 2025).

B Quality-Score Quantile Benchmarking

We show full quantile benchmarking results in Fig-
ures 7 and 8. The overall observations are discussed
in Section 3 in detail. The DCLM-Baseline leading
experiments are shown in Figure 7 and Fineweb-
Edu leading experiments are shown in Figure 8.

C Datasets Used in Training

Table 18 is a comprehensive list of all datasets
used in the training process of KAITYUAN-2B. All
datasets are publicly available to acquire, and most
of them are hosted on Hugging Face unless other-
wise noted.

To enhance the reproducibility of our results and
accessibility, we have conducted careful screening
and selection of datasets at the best of our ability.
We would like to ensure that our model (KAIYUAN-
2B) and training datasets are compliant with all
licenses and agreements presented in Table 18, so
that they can be released under a permissive license
for the community to use (still on an “as-is” and
“use-at-your-own-risk” basis). Everyone can use
these same datasets to reproduce our results and fur-
ther adapt and/or publish both the modified datasets
and models at will, free from potential legal risk.

For example, although the Nemotron series
datasets from NVIDIA are also available on Hug-
ging Face upon request, the NVIDIA Data Agree-
ment for Model Training (NVIDIA, 2025) applied
to them disallows redistribution, and even public
display of the dataset. Therefore, they are fully
excluded from our training data.

D Phase-wise Data Mixture

In this section, we first visualize the dataset counts
within each domain throughout multi-phase train-
ing. The transitions of the English, Chinese, Math,
Code, and SFT datasets are shown in Figures 9
to 13, respectively. Moreover, we list the detailed
dataset composition for each phase in Tables 13
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to 17, from Phase 1 to Phase 5. In these tables,
there are four primary cases:

1. The entire dataset is used in this phase. The
score column is denoted as (fully used), and
the actual ratio is 100.0%, such as DCLM-
Baseline in Phase 1 (Table 13) and Fineweb-
Edu-EN in Phase 2 (Table 14).

. The dataset is filtered according to its spe-
cific score column (Score Col in the tables),
retaining only top-scoring samples with an
Actual Ratio. For example, Fineweb-Edu-CN
in Phase 1 keeps the top 20.8% of score (Ta-
ble 13), and StarCoder in Phase 2 keeps the
top 10.4% of max_stars_count.

. The dataset has no quality metrics, and we
randomly select samples accounting for the
Actual Ratio. For example, we randomly se-
lect 10.0% of samples from StarCoder and
30.0% from LLM360-Math in Phase 1 (Ta-
ble 13).

. The dataset is repeated within the phase. The
score column is denoted as duplicate, and the
actual ratio exceeds 100%. The repetition
count is determined by rounding the actual
ratio according to its decimal part. For exam-
ple, FineWiki-CN is repeated twice in Phase 3
(Table 15), and for Baidu-Baike in Phase 5,
we round 1.5 to either 1 or 2 with equal proba-
bility, then repeat the samples that many times
(Table 17).

In addition, LLM360-Math is a deduplicated
subset of the MegaMath dataset (Zhou et al., 2025),
and we select only the top 5% of rows from the
English partition of the FinePDFs dataset (Kydlicek
et al., 2025), according to Fineweb-Edu classifier
scores (Penedo et al., 2024).

E Experimental Settings

E.1 Implementation of Stability Components

To maintain numerical values within the FP16
safety margin without sacrificing model perfor-
mance, we implement Logits Soft-Capping and
Sandwich Normalization. These mechanisms cap
extreme values and normalize residual branches,
respectively.

Logits Soft-Capping. Standard linear layers in
Large Language Models often produce logits that
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Figure 7: Quantile Benchmarks: DCLM-Baseline is better on understanding-oriented benchmarks.
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Figure 8: Quantile Benchmarks: FineWeb-Edu is better on knowledge-oriented benchmarks.
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Figure 9: Phase-wise Dataset Mixture: English.
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Figure 11: Phase-wise Dataset Mixture: Code.

MATH - Dataset Distribution Across Training Phases
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Figure 12: Phase-wise Dataset Mixture: Math.
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SFT - Dataset Distribution Across Training Phases
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Figure 13: Phase-wise Dataset Mixture: SFT.

grow unbounded during training, causing the Soft-
max function to saturate and gradients to vanish or
explode. Soft-capping addresses this by squashing
the logits into a fixed range using the hyperbolic
tangent (tanh) function before scaling them back.
Formally, given the raw logits = and a capping
threshold o (e.g., 30.0 or 50.0), the capped logits
x’ are computed as:

2’ = o - tanh (E)

g

ey

In our implementation, we apply this transforma-
tion to the output logits of the language model head.
This ensures that the input to the cross-entropy loss
remains within the range (—o, o), preventing logits
from exceeding the FP16 maximum value while
preserving the relative order of probabilities.

Sandwich Normalization. In the standard Pre-
Norm Transformer architecture, the input z is nor-
malized before the sub-layer (Attention or Feed-
Forward Network), and the output is added directly
to the residual stream: z;; = x; + F(Norm(z;)).
While effective, this allows the magnitude of the
residual stream z to grow monotonically with
depth, potentially destabilizing deep networks.
Sandwich Normalization introduces an additional
normalization layer explicitly on the output of the
sub-layer branch before the residual addition. The
modified update rule for a block containing a sub-
layer F' (e.g., Self-Attention or MLP) is defined
as:

Ti41 = 2] + NOrmpost (F(Normpfe(xl)))

2

In our implementation, we apply this strictly to the
residual branches. This ensures that the contribu-
tion of each layer has unit variance, preventing the
accumulation of extreme activation values as the
network depth increases.



E.2 Training Configuration

In Table 3, we present the details of our training
hyperparameter configuration in three parts:

* For the model architecture, we primarily fol-
low Qwen3-1.7B (Yang et al., 2025) and adopt
the vocabulary from the Qwen series (Yang
et al., 2024a, 2025). We use 8 = 10000 for
ROPE (Su et al., 2024) to support a context
length of 4K. The Soft-Capping threshold is
set to 30.0, as discussed in Section A.

* We use AdamW as the optimizer with 5; =
0.9 and B2 = 0.95. We adopt a uP with base
dimension of 896 and set the learning rate to
5 x 1073 for Phase 1 and 3 x 103 thereafter
before decay.

* To support FP16 training, we use dynamic loss
scaling with a factor of 2 and a window of 20
to handle widely varying gradient scales.

This detailed configuration facilitates the reproduc-
tion of our training run.

Table 3: Training Hyperparameter Configuration.

Parameter Value
Model Architecture
Sequence Length 4096
Hidden Size 2048
FFN Dimension 6144
Number of Layers 28
Number of Attention Heads 16
Number of KV Heads (GQA) 8
Vocabulary Size 151936
Rotary 0 10000.0
Logit Soft-capping threshold 30.0
Initialization Std 0.018
Optimizer Configuration
Optimizer Type AdamW
Learning Rate (Phase 1) 5x 1073
Learning Rate (Phase 2+) 3x1073
Batch Size 2048
B1 0.9
[ 0.95
€ le-8
Weight Decay 0.1
Warmup Steps 5000
1P Width Base 896
Loss Scaling (Dynamic)
Scale Factor 2
Scale Window 20
Minimum Loss Scale 524288

E.3 Model Average

Following recent work (Luo et al., 2025), we av-
erage the near-end checkpoints to reduce variance
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and consolidate learned knowledge and capabili-
ties. We first evaluate the last eight checkpoints on
a subset of lightweight benchmarks, as shown in
Table 4. Consecutive checkpoints are spaced 400
steps apart, corresponding to 3.36B tokens. These
checkpoints fluctuate during training and do not
exhibit a clear upward or downward trend. There-
fore, we apply simple model averaging (Li et al.,
2025), directly averaging the last eight checkpoints
to obtain the final model.

E.4 Reference Experiments for Quantile
Benchmarking

We conduct quantile benchmarking experiments
across two primary scenarios: training from scratch
and continual training from checkpoints. For each
experiment, given a target quantile p%, we select
the data partition above the p% threshold, compris-
ing roughly 10B tokens, which are then used for
the respective training scenarios.

Training from Scratch. In the training-from-
scratch scenario, we train a model with the Qwen3-
0.6B architecture (Yang et al., 2025). Following
the default configuration in Table 3, we conduct a
small-scale experiment using the settings detailed
in Table 5, training over approximately 8.4B tokens
from the quantile data chunks. We employ a con-
stant learning rate schedule with a sufficiently long
warmup phase to ensure stable training dynamics.

Continual Training. In the continual training
scenario, we resume from a checkpoint previ-
ously trained on approximately 367B tokens of the
deduplicated DCLM-Baseline dataset. The model
adopts the Qwen2.5-0.5B architecture (Yang et al.,
2024b). We then train over approximately 8.4B
tokens from the quantile data chunks using the
configuration specified in Table 6. For these exper-
iments, we linearly decay the learning rate from a
peak value of 1 x 1073 to a final value of 1 x 1075,

Consistency Across Scenarios. As illustrated in
Figures 7 and 8, the benchmarking results exhibit
strong alignment between the training-from-scratch
and continual training experiments. This consis-
tency persists for evaluations on both the DCLM-
Baseline and Fineweb-Edu datasets, despite resum-
ing from a checkpoint trained exclusively on the
deduplicated DCLM-Baseline dataset. This ob-
servation supports the robustness of our quantile-
based data selection approach across different train-
ing paradigms.



Table 4: Model Performance Across Checkpoints.

Ckpt Step ARC-Challenge ARC-Easy CSQA PIQA Average
260632 64.41 82.72 6593 73.39 71.61
261032 65.42 82.19 6536  73.72 71.67
261432 63.05 81.48 65.68  74.59 71.2
261832 65.42 81.83 64.78  73.56 71.40
262232 61.36 83.25 65.77 73.78 71.04
262632 65.76 82.01 66.34 735 71.90
263032 63.73 80.78 66.42 7378 71.17
263132 62.71 80.6 66.09 73.88 70.82
Compute Cost Comparison. We use the DCLM-  architecture without tied embeddings and train on

Baseline as a reference for comparison, as dis-
cussed in Section 3. Following previous work (Ka-
plan et al., 2020), we estimate the compute budget
using the formula C' = 6 N D, where N represents
the number of model parameters and D represents
the data size. Consequently, the compute cost for
the 0.6B model trained on 42B tokens is approx-
imately (0.6 x 42)/(2 x 609) ~ 2.07% relative
to the baseline. Similarly, we conclude that this
accounts for less than 0.6% of the total pretraining
budget.

Table 5: Training Hyperparameter Configuration for
Quantile Benchmarking: Training from Scratch.

Parameter Value
Learning Rate 1 x 1073
Batch Size 512
Warmup Steps 400
Total Steps 4000

Table 6: Training Hyperparameter Configuration for
Quantile Benchmarking: Continual Training.

Parameter Value
Peak Learning Rate 1 x 1073
Final Learning Rate 1 x 107°
Batch Size 2048
Total Steps 1000

E.5 Reference Experiments for Repetition
and Curriculum Model Averaging

These experiments primarily follow the experimen-
tal framework established in CMA (Luo et al.,
2025). We use a model with the Qwen2.5-1.5B
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a subset of the first shard of the DCLM-Baseline
dataset.

Baseline Configuration. The baseline experi-
ment adopts uniform data ordering and employs a
Warmup-Stable-Decay (WSD) learning rate sched-
ule with a 1-sqrt decay function (Hégele et al.,
2024; Tian et al., 2025), decaying to a near-zero
final learning rate. The detailed experimental con-
figuration is provided in Table 7.

High-Quality Data Utilization Strategies. To
investigate effective high-quality data utilization,
we explore two complementary approaches:

(1) Repetition Strategy: We repeat high-quality
data partitions for various top-k retention ra-
tios, matching the computational FLOPs of
the single-pass baseline experiment for fair
performance comparison.

(2) Curriculum with Model Averaging: We
adopt CMA/CDMA?® (Luo et al., 2025), which
integrates curriculum learning with either no
or moderate LR decay, accompanied by model

averaging over the final checkpoints.

Experimental Variants. The repetition experi-
ments follow identical settings to the baseline, dif-
fering only in dataset construction. For the curricu-
lum experiments, we use a higher final learning rate
of 1 x 1073 and perform an exponential moving
average (EMA) over the final six checkpoints (the
last-step checkpoint is weighted by (1 — «) rela-
tive to the current-step checkpoint, where « is the

$We do not distinguish these variants in our context, and
refer to both as CMA. By definition, the CMA method in
Table 1 corresponds to the CDMA variant, which retains LR
decay.



Table 7: Training Hyperparameter Configuration for
Baseline and Repetition.

Parameter Value
Peak Learning Rate 3 x 1073
Final Learning Rate 1 x 107°
Batch Size 512
Total Steps 15,375
Decay Steps 2,875
Warmup Steps 768

Table 8: Training Hyperparameter Configuration for
Curriculum Model Average.

Parameter Value
Peak Learning Rate 3x 1073
Final Learning Rate 1x1073
Batch Size 512
Total Steps 15,375
Decay Steps 2,875
Warmup Steps 768
Checkpoint Number 6
Decay Factor of EMA («) 0.2
Checkpoint Interval 0.21B

decay factor), replicating the methodology from
CMA (Luo et al., 2025).

Evaluation Settings. In Table 1, we evalu-
ate performance on a high—signal-to—noise-ratio
benchmark subset (Core in Table 1) comprising
MMLU (Hendrycks et al., 2021b), ARC (Clark
et al., 2018), and CSQA (Talmor et al., 2019), fol-
lowing established practices in prior work (Heine-
man et al., 2025; Luo et al., 2025). These bench-
marks provide strong discriminative power for iden-
tifying performance differences between training
approaches.

E.6 Data Processing Framework

To address the challenges of data processing, our
data processing framework is designed to satisfy
three critical requirements:

Reproducibility: Given that the training dataset
of KATYUAN-2B is composed of various open-
source datasets, the framework should be able to
reconstruct the exact dataset from these original
sources with a configuration file.

Usability and Scalability: The framework
should support various operations like filtering,
deduplication and mixing. Furthermore, this frame-
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work should scale to large clusters without addi-
tional engineer efforts.

High Performance: To handle hundreds of ter-
abytes of data, the framework must be optimized
to reduce computation overhead.

To meet these demands, we developed
KAIYUAN-SPARK, a distributed data processing
framework built on Spark (Zaharia et al., 2012).
KAIYUAN-SPARK adopts a tree-structured process-
ing pipeline design. The leaf nodes represent the
raw open-source datasets, while internal nodes rep-
resent processing operators like filters and samplers.
The root node generates the final mixed training
dataset. With this design, the entire processing
pipeline, including dataset sources and operator
parameters, can be defined with a YAML configu-
ration file. This ensures strict reproducibility, en-
abling researchers to reconstruct the exact training
corpus from raw datasets simply by applying the
configuration.

As KATYUAN-SPARK is built on Spark, it inher-
its the programming flexibility and scalability. We
utilize the powerful Spark RDD API to develop
complex data processing operators, and rely on the
Spark Engine for distributed processing, resource
management, and fault tolerance. This design al-
lows KAIYUAN-SPARK to process over 100 TB
of data across large-scale clusters with minimal
engineering efforts.

Despite Spark’s scalability, the overhead of
JVM-based execution can become a bottleneck
for compute-intensive tasks. To address this, we
integrated the Chukonu (Yu et al., 2021) frame-
work, utilizing its C++ interface to refactor cer-
tain performance-critical operators. By conducting
computations with native C++, we accelerates the
processing procedure. For instance, the optimized
MinHash deduplication operator is approximately
2.5 x faster than the Spark implementation.

F Model Performance across
Benchmarks (Full Table)

Table 2 merges the results from both Tables 10
and 11, providing a complete evaluation of the
models across all target capability dimensions.
Because the models differ in total parameters
and non-embedding parameters, we present per-
formance—parameter visualizations in Figures 1
and 14. These plots show that KATYUAN-2B lies
on the frontier of fully open-source models.



Table 9: Model Parameter Statistics Comparison.

Model Name Total Embedding Non-Embedding Tied Embedding
SOTA Models

Qwen2-1.5B 1.54B 0.23B 1.31B v
Qwen2.5-1.5B 1.54B 0.23B 1.31B v
Qwen2.5-3B 3.09B 0.31B 2.77B v
Qwen3-0.6B-Base 0.60B 0.16B 0.44B v
Qwen3-1.7B-Base 1.72B 0.31B 1.41B v
Qwen3-4B-Base 4.02B 0.39B 3.63B v
Gemma-2-2B 2.61B 0.59B 2.02B v
Llama-3.2-1B 1.24B 0.26B 0.97B v
Llama-3.2-3B 3.21B 0.39B 2.82B v
Fully-Open SOTA Models

SmollLM2-1.7B 1.71B 0.10B 1.61B v
OLMo-2-0425-1B 1.48B 0.41B 1.07B X
YuLan-Mini 2.42B 0.38B 2.04B X
SmolLM3-3B 3.08B 0.26B 2.81B v
Ours

Kaiyuan-2B 2.03B 0.62B 1.41B X

Table 10: Performance across Chinese, Mathematics, and Coding benchmarks.

Chinese Math Code

Model Name Params - gl CMMLU GSMS8K MATH  sanitized-MBPP HumanEval Y8

5 shot 5 shot 4 shot 4 shot 3 shot 3 shot
Open-Weight SOTA
Qwen2-1.5B 1.5B 71.29 70.62 58.50*  21.70* 50.58 31.10* 50.63
Qwen2.5-1.5B 1.5B 68.63 68.01 68.50*  35.00* 58.37 37.20* 55.95
Qwen2.5-3B 3B 74.65 73.92 79.10*  42.60* 66.54 42.10* 63.15
Qwen3-0.6B 0.6B 57.03 52.36 59.59*  32.44* 51.75 29.88 47.18
Qwen3-1.7B 1.7B 66.70 66.55 75.44* 43.5* 64.20 52.44 61.47
Qwen3-4B 4B 78.5 77.01 87.79*  54.10* 74.32 62.20 72.32
Gemma2-2B 2B 41.35 39.63 23.90*  15.00* 38.91 17.70* 29.42
Llama-3.2-1B 1B 29.82 31.03 44.40*  30.60* 34.63 18.90 31.56
Llama-3.2-3B 3B 45.67 44.33 77.70*  48.00* 49.42 29.88 49.17
Fully-Open SOTA
SmolLM2-1.7B 1.7B 35.06 34.03 31.10*  11.60* 49.42 22.60* 30.64
OLMo-2-0425-1B 1B 30.53 28.62 68.30*  20.70* 15.56 6.71 28.40
YuLan-Mini-2.4B 2.4B 52.32 48.14 66.65* 27.12 62.26 61.60* 53.02
SmolLM3-3B 3B 50.84 49.35 67.63*  46.10* 62.26 39.63 52.64
Ours
Kaiyuan-2B 2B 46.30 49.25 51.33 30.34 56.42 42.68 46.05

* Cited from official reports or original papers.
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Model Performance: Average Score vs Parameters
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Figure 14: Performance over total parameters. KAIYUAN-2B still surpasses the frontier of fully open-source
models at a similar scale and narrows the gap to leading open-weight models like Qwen2-1.5B. See Table 2 for full
results.

Table 11: Reasoning and Knowledge Capabilities.

Reasoning & Knowledge

Model Name Params ;17 ARC.C ARC-E BoolQ CSQA HSwag PIQA SoclQ Wino AY8
5 shot 5 shot S5shot 5shot 5shot 5shot 5shot 5shot 5 shot

Open-Weight SOTA

Qwen2-1.5B 1.5B 56.36 70.17 83.60 7190 70.52 60.77 7573 6346 59.83 68.04
Qwen2.5-1.5B 1.5B 61.56 79.32 9048 7639 7510 64.18 76.17 6494 59.67 7198
Qwen2.5-3B 3B 66.86 86.44 92.59 8388 76.09 7385 8145 6940 63.69 77.14
Qwen3-0.6B 0.6B 55.09 68.14 8448 69.05 61.18 4851 6997 61.51 55.64 63.73
Qwen3-1.7B 1.7B 65.35 80.34 91.89 79.82 7461 60.76 7720 68.58 59.27 73.09
Qwen3-4B 4B 75.78 89.83 97.53 86.09 819 79.46 8498 7559 6543 81.84
Gemma2-2B 2B 55.20 66.44 82.54 7242 6945 6620 78.89 6592 6535 69.16
Llama-3.2-1B 1B 37.74 36.95 70.55 6743 6282 6020 7492 50.61 58.17 57.71
Llama-3.2-3B 3B 57.87 72.20 8395 7673 7035 71.06 79.05 6433 64.09 71.07
Fully-Open SOTA

SmolLM2-1.7B 1.7B 51.99 59.66 8272 69.85 67.16 6530 7851 60.18 59.12 66.05

OLMo-2-0425-1B 1B 44.25 47.46 76.72 7055 65.60 61.61 7644 5553 60.38 62.06
YuLan-Mini-2.4B 2.4B 51.76 64.75 82.54 7859 66.18 6120 77.31 6325 61.88 67.50

SmollLM3-3B 3B 63.04 77.29 88.54 76.12  70.52 69.20 79.05 65.25 64.40 72.60
Ours
Kaiyuan-2B 2B 53.90 66.10 82.89 78.53 67.40 58.13 7437 6259 6575 67.74
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Table 12: Comparison of Model Performance across Various Benchmarks.

4

Math Code Chinese Reasoning & Knowledge

Model Name Params Avg.

GSM8K MATH sanitized MBPP HumanEval C-Eval CMMLU MMLU ARC-C ARC-E BoolQ CSQA HSwag PIQA SoclQ Wino
Open-Weight SOTA Models
Qwen2-1.5B 1.5B 58.50 21.70 50.58 31.10 71.29 70.62 56.36 70.17 83.60 7190 70.52 60.77 7573 63.46 59.83 61.08
Qwen2.5-1.5B 1.5B 68.50 35.00 58.37 37.20 68.63 68.01 61.56 79.32 9048 7639 7510 64.18 76.17 6494 59.67 65.57
Qwen2.5-3B 3B 79.10 42.60 66.54 42.10 74.65 73.92 66.86 86.44 9259 83.88 76.09 73.85 8145 6940 63.69 71.54
Qwen3-0.6B 0.6B 59.59 32.44 51.75 29.88 57.03 52.36 55.09 68.14 8448  69.05 61.18 4851 6997 6151 55.64 57.11
Qwen3-1.7B 1.7B 75.44 43.50 64.20 52.44 66.70 66.55 65.35 80.34 91.89 79.82 7461 60.76 7720 68.58 59.27 68.44
Qwen3-4B 4B 87.79 54.1 74.32 62.2 78.5 77.01 75.78 89.83 97.53  86.09 81.9 79.46 8498 7559 6543 78.03
gemma2-2B 2B 23.90 15.00 3891 17.70 41.35 39.63 55.20 66.44 82.54 7242 6945 6620 78.89 6592 6535 53.26
llama-3.2-1B 1B 44.40 30.60 34.63 18.90 29.82 31.03 37.74 36.95 70.55 6743 62.82 60.20 7492 50.61 58.17 47.25
llama-3.2-3B 3B 77.70 48.00 49.42 29.88 45.67 44.33 57.87 72.20 8395 7673 7035 71.06 79.05 6433 64.09 62.31
Fully-Open SOTA Models
SmolLM2-1.7B 1.7B 31.10 11.60 49.42 22.60 35.06 34.03 51.99 59.66 8272 6985 67.16 6530 7851 60.18 59.12 51.89
OLMo-2-0425-1B 1B 68.30 20.70 15.56 6.71 30.53 28.62 44.25 47.46 76.72  70.55 65.60 61.61 7644 5553 60.38 48.60
YuLan-Mini-2.4B 2.4B 66.65 27.12 62.26 61.60 52.32 48.14 51.76 64.75 82.54 7859 66.18 6120 77.31 6325 61.88 61.70
SmolLM3-3B 3B 67.63 46.10 62.26 39.63 50.84 49.35 63.04 77.29 88.54  76.12 70.52 69.20 79.05 6525 6440 64.61
QOurs

Kaiyuan-2B 2B 51.33 30.34 56.42 42.68 46.30 49.25 53.90 66.10 82.89 7853 6740 58.13 7437 6259 65.75 59.07




Table 13: Phase 1 Dataset Statistics.

Dataset Score Col Token Before (B) Token After (B) Actual Ratio
DCLM-Baseline  (fully used) 608.54 608.54 100.0%
FineWeb-Edu-CN score 441.66 91.78 20.8%
StarCoder random 190.60 19.08 10.0%
LLM360-Math random 31.12 9.34 30.0%

Table 14: Phase 2 Dataset Statistics.

Dataset Score Col Token Before (B) Token After (B) Actual Ratio
FineWeb-Edu-CN score 441.66 114.88 26.0%
FineWiki-CN (fully used) 1.10 1.10 100.0%
FineWeb-Edu-EN (fully used) 190.37 190.37 100.0%
DCLM-Baseline fasttext score 608.54 203.32 33.4%
Flan random 17.15 1.71 10.0%
Pes20 random 60.11 3.00 5.0%
FineWiki-EN (fully used) 8.74 8.74 100.0%
ArXiv (fully used) 28.93 28.93 100.0%
Cosmopedia-v2 (fully used) 27.41 27.41 100.0%
FineMath (fully used) 10.10 10.10 100.0%
OpenWebMath (fully used) 13.23 13.23 100.0%
MegaMath-Web-Pro (fully used) 13.45 13.45 100.0%
StackExchange (fully used) 18.46 18.46 100.0%
MegaMath-Code random 42.77 21.38 50.0%
StarCoder max_stars_count 190.60 19.82 10.4%
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Table 15: Phase 3 Dataset Statistics.

Dataset Score Col Token Before (B) Token After (B) Actual Ratio
FineWeb-Edu-CN score 441.66 74.26 16.8%
FineWiki-CN duplicate 1.10 2.20 200.0%
UNDL ZH-EN Aligned (fully used) 1.75 1.75 100.0%
Baidu-Baike (fully used) 1.19 1.19 100.0%
FineWeb-Edu-EN score 190.37 96.13 50.5%
DCLM-Baseline fasttext score 608.54 33.77 5.5%
FineWiki-EN duplicate 8.74 17.47 200.0%
ArXiv random 28.93 17.35 60.0%
FineMath score 10.10 6.00 59.4%
MegaMath-Web-Pro math_score 13.45 8.13 60.4%
StackExchange random 18.46 7.38 40.0%
StarCoder max_stars_count 190.60 9.65 5.1%
Swallow-Code-V2 score 50.62 17.00 33.6%
Python-Edu score 3.41 1.56 45.7%
Cosmopedia-v2 random 27.41 5.48 20.0%
AutoMathText Im_qlq2_score 8.71 297 34.1%
OpenWebMath math_score 13.23 3.57 27.0%
Swallow-Math-V2 random 33.29 13.32 40.0%
FinePDFs (fully used) 44.50 44.50 100.0%
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Table 16: Phase 4 Dataset Statistics.

Dataset Score Col Token Before (B) Token After (B) Actual Ratio
FineWeb-Edu-CN score 441.66 63.71 14.4%
FineWiki-CN duplicate 1.10 2.20 200.0%
Baidu-Baike duplicate 1.19 2.39 200.0%
FineWeb-Edu-EN score 190.37 57.79 30.4%
DCLM-Baseline fasttext score 608.54 17.32 2.8%
FineWiki-EN duplicate 8.74 17.47 200.0%
ArXiv random 28.93 23.15 80.0%
FineMath score 10.10 7.95 78.7%
MegaMath-Web-Pro math_score 13.45 10.76 80.0%
StackExchange random 18.46 11.07 60.0%
StarCoder max_stars_count 190.60 7.67 4.0%
Downstream duplicate 0.01 0.13 1000.0%
Swallow-Code-V?2 score 50.62 46.30 91.5%
Python-Edu (fully used) 341 341 100.0%
Cosmopedia-v2 random 27.41 10.97 40.0%
AutoMathText (fully used) 8.71 8.71 100.0%
LLM360-Math random 31.12 6.22 20.0%
OpenWebMath math_score 13.23 11.66 88.1%
Swallow-Math-V?2 (fully used) 33.29 33.29 100.0%
JiuZhang3.0-PT-CoT duplicate 3.58 7.15 200.0%
FinePDFs fineweb-edu-classifier 44.50 23.38 52.5%
Dedup-Merged-PAC-CN random 178.49 17.85 10.0%
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Table 17: Phase 5 Dataset Statistics.

Dataset Score Col Token Before (B) Token After (B) Actual Ratio
FineWeb-Edu-CN score 441.66 34.50 7.8%
FineWiki-CN duplicate 1.10 2.75 250.0%
UNDL ZH-EN Aligned random 1.75 0.88 50.3%
Baidu-Baike duplicate 1.19 1.79 150.0%
FineWeb-Edu-EN score 190.37 19.35 10.2%
DCLM-Baseline fasttext score 608.54 7.06 1.2%
FineWiki-EN duplicate 8.74 13.10 150.0%
ArXiv random 28.93 11.60 40.1%
FineMath score 10.10 3.86 38.2%
MegaMath-Web-Pro math_score 13.45 5.47 40.7%
StackExchange random 18.46 5.54 30.0%
StarCoder max_stars_count 190.60 1.64 0.9%
Downstream duplicate 0.01 0.38 3000.0%
Swallow-Code-V2 score 50.62 17.00 33.6%
Python-Edu score 3.41 1.92 56.3%
Cosmopedia-v2 random 27.41 2.74 10.0%
AutoMathText Im_qlqg2_score 8.71 4.32 49.6%
LLM360-Math random 31.12 3.11 10.0%
OpenWebMath math_score 13.23 6.41 48.5%
Swallow-Math-V2 random 33.29 19.97 60.0%
JiuZhang3.0-PT-CoT duplicate 3.58 7.15 200.0%
FinePDFs fineweb-edu-classifier 44.50 9.86 22.2%
Dedup-Merged-PAC-CN pac_score 178.49 5.77 3.2%
Tulu-3-Sft-0225 duplicate 0.64 448 700.0%
Stack V2 Smol random 127.98 25.56 20.0%
Slimorca duplicate 0.20 0.40 200.0%
Algebraic-Stack max_stars_count 8.51 2.17 25.5%
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Table 18: All Datasets Used in the Training of KATYUAN-2B.

Name Type Hugging Face ID #Tokens® License(s)
DCLM- . mlfoundations/dclm-baseline-1.0 (Li 1
Baseline English a1, 2024b) 4T CCBY 40
FineWiki-EN  English ZH(;‘ZgSg)‘“gFaceFW/ finewiki (Penedo, 8.7B CCBY-SA 4.0°
. . HuggingFaceFW/finepdfs (Kydlicek 1
FinePDFs English et al., 2025) 3T ODC-By 1.0
Flan English  allenai/dolmino-mix-1124 17B ODC-By 1.0
Pes20 English  allenai/dolmino-mix-1124 58.6B ODC-By 1.0
FineWeb-Edu- . HuggingFaceTB/smollm- 1
EN English s (Ben Allal et al., 2024) 2208 ODC-By 1.0
. Metadata: CCO 1.0 (arXiv info,
ArXiy English ;‘ffgf;f‘ﬁg“‘;g;ﬁdp@ama'Data' 28B 2025b)
puter, ) Content: various (arXiv info, 2025a)
Cosmopedia- . HuggingFaceTB/smollm-
v2 English corpus (Ben Allal et al., 2024) 27B ODC-By 1.0
FineWiki-CN  Chinese ?gf%‘“gFaceFW/ finewiki (Penedo, 1.1B CCBY-SA 4.0°
. . . OpenCSG Community
Fineweb-Edu- . opencsg/Fineweb-Edu-Chinese-V2.1 (Yu . .
CN Chinese et al., 2025b) 1.5T License (Commu;n(t)y, 2024), Apache
Baidu-Baike Chinese  mohamedah/baidu_baike 1.2B MIT
UNDL ZH-EN . .
Aligned Chinese  bot-yaya/undl_zh2en_aligned 1.8B MIT
BAAI/CCI-Data CCI{,2,3}-Data: CCI Usage
BAAI/CCI2-Data Agreement (of Artificial Intelligence,
BAAI/CCI3-Data (Wang et al., 2024) 2023)
Dedup- Skywork/SkyPile-150B (Wei et al., 2023) SkyPile-150B: Skywork Community
Merged-PAC- Chinese  OpenDatalLab/WanJuan1.0 (He et al., 178B License (Skywork-AlI, 2023),
CN* 2023, 2024)° Apache 2.0
BAAI/IndustryCorpus WanJuanl.0: CC BY-4.0
BAAV/IndustryCorpus?2 (Shi et al., 2024) IndustryCorpus{,2}: Apache 2.0
WuDaoCorpus2.0 (Zhang et al., 2021a,b)° WuDaoCorpus2.0: Apache 2.0
open-web-math/open-web-math (Paster : 1
OpenWebMath Math et al., 2023) 14.7B ODC-By 1.0
FineMath Math HuggingFaceTB/finemath (Allal et al., 10B ODC-By 1.0
2025b)
MegaMath- Math  LLM360/MegaMath (Zhou et al., 2025)  300B ODC-By 1.0
Web-Pro
AutoMathText  Math %gg;al/ AutoMathText (Zhang et al., 8.7B CC BY-SA 4.0
SwallowMath- tokyotech-1lm/swallow-math-v2 (Fujii
2 Math et al., 2025) 32B Apache 2.0
StarCoder Code l;ggzczo)de/starcoderdata (Kocetkov et al., 250B Original Licenses?
Stack V2 Smol  Code g}gﬁde/ the-stack-v2 (Lozhkov et al., 900B Original Licenses?
StackExchange ~ Code  togcthercomputer/RedPajama-Data- 20B CC BY-SA 2.5/3.0/4.0°

1T (Computer, 2023)
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Table 18: All Datasets Used in the Training of KAIYUAN-2B. (Continued)

Name Type Hugging Face ID #Tokens® License(s)
HuggingFaceTB/smollm-

Python-Edu Code corpus (Lozhkov et al., 2024; Ben Allal 3.4B ODC-By 1.0, Original Licenses?
et al., 2024)

Algebraic- typeof/algebraic-stack (Azerbayev et al., 1

Stack Code 5023; Paster et al., 2023) 1B ODC-By 1.0

Swallow-Code- tokyotech-llm/swallow-code-v2 (Fujii

V2 Code et al., 2025) 49.8B Apache 2.0

. Open-Orca/SlimOrca (Mukherjee et al.,

SlimOrca SFT 2023; Longpre et al., 2023) 190M MIT

JiuZhang3.0- ToheartZhang/JiuZhang3.0-Corpus- .

Corpus-CoT SFT CoT (Zhou et al., 2024) 3588 Not Specified

Tulu-3-Sft- allenai/tulu-3-sft-mixture (Lambert et al., .

0225 SFT 2024) 640M ODC-By 1.0 (mixed)
cais/mmlu (Hendrycks et al., 2021b,a)
opena¥/g_sm8k (Cobbe et al., 2021) MMLU, GSMSK: MIT
allenai/ai2_arc (Clark et al., 2018) . ;

4 allenai/openbookqa (Mihaylov et al ai2_arc: CCBY-5A 4.0
downstream SFT ” 12.6M OpenBookQA: Not Specified

2018)

Rowan/hellaswag (Zellers et al., 2019)
allenai/winogrande (Sakaguchi et al.,
2020)

hellaswag: MIT
winogrande: Not Specified

0 Token counts are pre-deduplication rough numbers. They may differ from the well-known ones due to partial inclusion of

mixed datasets, the use of different revisions/splits/tokenizers, or some other pre-processing.

1 This dataset originates from Common Crawl and thereby abides by its terms of use (Common Crawl, 2024).

2 This dataset contains source code with various licenses.

3 The license has changed over time, according to https://stackoverflow.com/help/licensing.

4 This dataset is created by mixing and de-duplicating all source datasets.

5 This dataset is acquired from OpenDatalLab (https://opendatalab.com).
6 Some old content of Wikipedia is dual-licensed under CC BY 4.0 and GFDL.
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