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Abstract001

Data quality has become a key factor in en-002
hancing model performance with the rapid de-003
velopment of large language models (LLMs).004
Model-driven data filtering has increasingly be-005
come a primary approach for acquiring high-006
quality data. However, it still faces two main007
challenges: (1) the lack of an efficient data ver-008
ification strategy makes it difficult to provide009
timely feedback on data quality; and (2) the010
selection of seed data for training classifiers011
lacks clear criteria and relies heavily on human012
expertise, introducing a degree of subjectivity.013
To address the first challenge, we introduce an014
efficient verification strategy that enables rapid015
evaluation of the impact of data on LLM train-016
ing with minimal computational cost. We then017
build upon the assumption that high-quality018
seed data is beneficial for LLM training, and019
by integrating the proposed verification strat-020
egy, we optimize the selection of positive and021
negative samples and propose an efficient data022
filtering pipeline. This pipeline not only im-023
proves filtering efficiency, classifier quality, and024
robustness, but also significantly reduces exper-025
imental and inference costs. By employing a026
lightweight fastText-based classifier within this027
pipeline, we successfully process two widely-028
used pre-training corpora (FineWeb and Chi-029
nese FineWeb), resulting in the creation of the030
higher-quality Ultra-FineWeb dataset with ap-031
proximately 1.8 trillion English and 120 billion032
Chinese tokens. Empirical evaluations demon-033
strate that LLMs pre-trained on Ultra-FineWeb034
exhibit significant performance improvements035
across multiple benchmarks, validating the ef-036
fectiveness of our pipeline in enhancing both037
data quality and training efficiency.038

1 Introduction039

The evolution of Large Language Models040

(LLMs) (Ouyang et al., 2022; Hu et al., 2024; Cai041

et al., 2024; Grattafiori et al., 2024; Yang et al.,042

2025; Team et al., 2025) has yielded transformative043

breakthroughs in logical reasoning, code genera- 044

tion, and scientific discovery (Guo et al., 2024, 045

2025; Lyu et al., 2025; Zhang et al., 2024). Be- 046

yond model scaling, evidence suggests that large- 047

scale, information-intensive pre-training data is a 048

key factor in driving the continuous improvement 049

of LLMs’ capabilities (Penedo et al., 2024; Li et al., 050

2024; Gunasekar et al., 2023) To construct such 051

corpora, the prevailing paradigm involves selec- 052

tive filtering of massive and noisy internet data 053

sources (Crawl, 2007). Early efforts primarily uti- 054

lized heuristic-based rules (Raffel et al., 2020; We- 055

ber et al., 2025; Rae et al., 2021; Wenzek et al., 056

2019) and deduplication (Lee et al., 2021). 057

With increasing demands for data fidelity, heuris- 058

tic approaches struggle to identify complex content 059

noise, leading to suboptimal LLM performance. 060

Consequently, model-driven filtering has emerged 061

as a superior strategy, utilizing neural classifiers 062

to identify and curate high-quality content (Gu- 063

nasekar et al., 2023; Shao et al., 2024). This 064

paradigm is exemplified by the success of datasets 065

like FineWeb-edu (Penedo et al., 2024), Chinese 066

FineWeb-edu (Yu et al., 2025), and DCLM (Li 067

et al., 2024), integrating model-based scoring post- 068

preprocessing to achieve both enhanced corpus pu- 069

rity and measurable performance gains across di- 070

verse downstream benchmarks. Despite its suc- 071

cess, model-driven filtering faces two critical bot- 072

tlenecks. First, verifying the effectiveness of a fil- 073

tering strategy is computationally prohibitive, typi- 074

cally requiring large-scale LLM training to observe 075

measurable gains. Second, training these classi- 076

fiers requires "seed data" (initial high-quality exem- 077

plars), yet selecting such data remains an opaque 078

process heavily reliant on subjective human exper- 079

tise and heuristics. 080

To address these challenges, we develop a data 081

filtering pipeline centered on an Efficient Verifi- 082

cation Strategy. Instead of training LLMs from 083

scratch, this strategy evaluates candidate corpora 084
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by observing performance improvements during085

the final stages of training. Then we leverage086

this strategy to iteratively refine classifier seeds,087

guided by the premise that high-quality seed data088

is fundamental to LLM training. This objective089

refinement process further enables the deployment090

of a lightweight fastText classifier, ensuring high091

filtering quality and efficiency at web-scale. Uti-092

lizing this pipeline, we curate Ultra-FineWeb, a093

superior-quality pre-training corpus comprising 1.8094

trillion English and 120 billion Chinese tokens.095

Experimental results show that LLMs trained on096

Ultra-FineWeb perform excellently across multi-097

ple benchmark tasks, providing empirical valida-098

tion for the effectiveness of our high-quality data099

filtering pipeline and its efficiency in reducing com-100

putational costs.101

Our main contributions are as follows. The102

datasets and classifier are made publicly available.103

• Efficient Verification Strategy: We propose104

a computationally efficient verification strat-105

egy that enables rapid evaluation of the impact106

of data on LLM training performance with107

minimal computational cost, significantly im-108

proving the efficiency of high-quality data fil-109

tering experiments.110

• Large-Scale High-Quality Pre-training111

Datasets: We design and implement an ef-112

ficient high-quality data filtering pipeline, ap-113

plied to the FineWeb and Chinese FineWeb114

datasets, resulting in the creation of higher-115

quality Ultra-FineWeb-en and Ultra-FineWeb-116

zh datasets, collectively referred to as Ultra-117

FineWeb. Ultra-FineWeb contains approx-118

imately 1.8 trillion English tokens and 120119

billion Chinese tokens, and can facilitate high-120

quality LLM training.121

• Lightweight Classifier: The Ultra-FineWeb122

classifier significantly reduces inference costs,123

achieving superior performance on extracted124

text from the same data source, thus validating125

the effectiveness of our proposed data filtering126

pipeline in enhancing data quality and training127

efficiency.128

2 Methodology129

This section introduces the design and implemen-130

tation of our efficient, high-quality data filtering131

pipeline, with the overall workflow illustrated in132

Figure 1(c). First, in Section 2.2, we present an133

Efficient Verification Strategy that significantly re- 134

duces experimental costs while ensuring the relia- 135

bility of evaluation results. Subsequently, Section 136

2.3 outlines our methodology for selecting positive 137

sample seed data for classifier training. Finally, 138

Sections 2.4 and 2.5 introduce classifier training 139

recipes and fastText-based quality filtering, respec- 140

tively, which together ensure optimal data selection 141

quality and inference efficiency. 142

2.1 Overall Workflow 143

The overall workflow of the proposed efficient 144

verification-based high-quality filtering pipeline is 145

illustrated in Figure 1(c). We begin by constructing 146

an initial candidate seed pool and applying our effi- 147

cient verification strategy to identify high-quality 148

samples that significantly improve training perfor- 149

mance. These verified samples serve as positive 150

seeds for training a classifier, while negative sam- 151

ples are randomly selected from the raw data pool 152

to create a balanced training set. During the classi- 153

fier filtering stage, we sample a small subset from 154

the raw data pool and validate the classifier’s selec- 155

tions using our efficient verification strategy to as- 156

sess its effectiveness. Based on verification results, 157

we iteratively update the high-quality seed pool, ad- 158

just the ratio of positive and negative samples, and 159

fine-tune classifier training hyperparameters to op- 160

timize the data selection strategy. Only classifiers 161

demonstrating stable and reliable performance in 162

efficient verification are deployed for full-scale data 163

selection and subsequent model training, thereby 164

significantly reducing computational costs while 165

maintaining high data quality. 166

2.2 Efficient Verification Strategy 167

Validating the effectiveness of training data typi- 168

cally requires significant computational resources. 169

For instance, training a 1 billion (B) LLM on 100B 170

tokens requires approximately 1,200 H100 GPU 171

hours (equivalent to 64 GPUs running continu- 172

ously for nearly 19 hours). This computational 173

burden becomes particularly prohibitive when it- 174

eratively developing high-quality data classifiers. 175

Moreover, large-scale training validation proves 176

impractical for smaller datasets, as models trained 177

with limited token counts fail to exhibit statistically 178

significant performance differences, with training 179

instability further compromising result reliability. 180

This limitation is evident in our comparative anal- 181

ysis of FineWeb and FineWeb-edu (Penedo et al., 182

2024). When trained from scratch with 8 billion to- 183
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Figure 1: Comparison of High-Quality Data Filtering Pipelines. Traditional model-based data filtering methods (a)
and (b) rely on human expertise for seed data selection and lack data quality verification.

kens, FineWeb-edu achieves superior performance184

on HellaSwag (Zellers et al., 2019), while at 380185

billion tokens, FineWeb demonstrates better re-186

sults across multiple benchmarks, including Wino-187

grande (Sakaguchi et al., 2021), HellaSwag (Zellers188

et al., 2019), and PIQA (Bisk et al., 2020), high-189

lighting the inconsistency in evaluation outcomes190

based on training scale1.191

Inspired by Llama 3.1 (Dubey et al., 2024), we192

design an Efficient Verification Strategy. We begin193

by training a 1B LLM on 1.1 trillion (T) tokens194

using a WSD scheduler (Hu et al., 2024) (compris-195

ing stable training on 1T tokens, followed by decay196

training on 0.1T tokens). Based on this pretrained197

LLM, we then implement a two-stage annealing198

process with 10B tokens, allocating 30% of the199

weight to the verification data, while keeping the200

remaining 70% for the default mixed data ratio.201

Model details and training hyperparameters can202

be found in Appendix A. This optimized strategy203

reduces computational costs from 1,200 to approx-204

imately 110 H100 GPU hours (see Table 4), sig-205

nificantly improving the efficiency and iterability206

of the filtering process. This strategy allows for207

efficient assessment of the impact of verification208

data across various evaluation dimensions. To val-209

idate the reliability of this strategy, we compare210

the results of training 100B tokens from scratch on211

the 1B LLM using FineWeb and FineWeb-edu, re-212

spectively. As shown in Table 6, the results follow213

similar trends, with further experimental analysis214

provided in Appendix C.215

1https://huggingface.co/spaces/HuggingFaceFW/
blogpost-fineweb-v1

2.3 Classifier Training Seeds 216

The effectiveness of high-quality data classifiers 217

fundamentally depends on the selection of superior 218

positive training samples. As illustrated in Fig- 219

ure 1(a), datasets such as FineWeb-edu (Penedo 220

et al., 2024), Chinese-FineWeb-edu (Yu et al., 221

2025), and CCI3-HQ (Wang et al., 2024) em- 222

ploy LLM annotation-based frameworks to par- 223

tially label source-consistent data, generating 224

“seed data”. In contrast, Figure 1(b) demon- 225

strates manual seed-based filtering (DCLM’s (Li 226

et al., 2024)) pipeline, which relies on manual 227

curation for positive sample selection, focusing 228

specifically on instruction-formatted data by in- 229

corporating samples from OpenHermes 2.5 (OH- 230

2.5) (Teknium, 2023) and high-quality posts from 231

the r/ExplainLikeImFive (ELI5) subreddit. 232

Although both pipelines demonstrate distinct 233

advantages in selecting positive samples, they 234

are accompanied by inherent limitations. The 235

LLM annotation-based pipeline can effectively fil- 236

ter high-quality samples from source-consistent 237

data, but its performance is constrained by the scor- 238

ing criteria of the LLM, potentially introducing sys- 239

tematic biases and annotation noise. Furthermore, 240

classifiers trained exclusively on source-consistent 241

data often exhibit limited generalization capabili- 242

ties and poor robustness. Conversely, manual cu- 243

ration faces significant methodological challenges: 244

the effectiveness of seed data is difficult to assess 245

before classifier training, and its validation relies 246

heavily on the performance of LLMs trained on the 247

filtered data. These constraints lead to high com- 248

putational costs and reduced adaptability across 249

different tasks. 250

Based on these considerations, we propose a key 251

assumption: high-quality seed data that enhances 252
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LLM performance will yield classifiers capable of253

identifying similarly beneficial training data. As254

illustrated in Figure 1 (c), we implement our Effi-255

cient Verification Strategy to rapidly evaluate and256

validate seed data quality within the candidate pool,257

ensuring the selection of samples that can improve258

LLM training results. This pipeline not only en-259

sures superior data quality but also optimizes fil-260

tration efficiency, thereby generating more reliable261

positive samples for classifier training. Further-262

more, to enhance classifier robustness, we expand263

negative sample selection beyond source-consistent264

data. Experimental results further demonstrate that265

incorporating diverse data sources for negative sam-266

ples can improve the generalizability of the classi-267

fier.268

2.4 Classifier Training Recipes269

We evaluate a large pool of candidate seed data270

and ultimately select those with clear effectiveness271

as positive samples. The positive samples include:272

(1) LLM-annotated data with scores above 42,3;273

(2) instruction-formatted datasets such as OH-2.5274

and ELI5; (3) authentic textbook data; (4) LLM-275

synthesized educational data; and (5) high-quality276

web content obtained through targeted crawling.277

For negative samples, we incorporate raw data278

from diverse sources, including English corpora279

(FineWeb (Penedo et al., 2024), C4 (Raffel et al.,280

2020), Dolma (Soldaini et al., 2024), Pile (Gao281

et al., 2020), and RedPajama (Weber et al., 2025))282

and Chinese datasets (IndustryCorpus2 (Shi et al.,283

2024), MiChao (Liu et al., 2023), WuDao (BAAI,284

2023), SkyPile (Wei et al., 2023), WanJuan (Qiu285

et al., 2024), ChineseWebText (Chen et al., 2023),286

TeleChat (He et al., 2024), and CCI3 (Wang et al.,287

2024)) in the initial iteration. To maintain dataset288

diversity and balance, we implement a uniform dis-289

tribution strategy, with underrepresented categories290

undergoing 3-5 rounds of strategic resampling.291

Subsequently, we conduct a single iteration of292

the classifier, utilizing its current predictions as293

training data for the next round. However, empir-294

ical results indicate that the iterative process only295

contributed meaningfully in the first round, as sub-296

sequent updates do not yield further performance297

improvements and, in some cases, even lead to a298

decrease in LLM performance. Our analysis shows299

2https://huggingface.co/datasets/
HuggingFaceFW/fineweb-edu-llama3-annotations

3https://huggingface.co/datasets/BAAI/
CCI3-HQ-Annotation-Benchmark

that classifier improvement primarily depends on 300

the seed data selection, rather than iterative refine- 301

ment using inferred samples. Interestingly, we find 302

that intersecting high-quality data filtered by multi- 303

ple classifiers consistently improves LLM perfor- 304

mance. 305

2.5 FastText-based Quality Filtering 306

Current high-quality data classifiers are primar- 307

ily divided into LLM-based (Penedo et al., 2024; 308

Yu et al., 2025; Wang et al., 2024) and fastText- 309

based (Li et al., 2024; Shao et al., 2024; Guo et al., 310

2024) methods. While LLM-based classifiers are 311

effective, they need significantly higher inference 312

costs. To address this, we adopt a fastText-based 313

classifier, which significantly reduces inference 314

costs while maintaining competitive performance 315

under certain conditions. This approach not only 316

minimizes resource consumption but also speeds 317

up data filtering experiments. For instance, pro- 318

cessing 15T tokens with an LLM-based classifier 319

requires approximately 6,000 H100 GPU hours, 320

whereas fastText completes the same task in 1,000 321

hours on a CPU-only machine (80 CPUs), without 322

any GPU, greatly improving efficiency. Notably, 323

most of our large-scale experiments are conducted 324

in a distributed manner using a Spark4 cluster. 325

For data preprocessing, we implement several 326

key steps, including removing redundant empty 327

lines and extra spaces, stripping diacritics, and con- 328

verting all English text to lowercase. Additionally, 329

we adopt the DeepSeek-V2 tokenizer (Liu et al., 330

2024), which outperforms traditional tokenization 331

methods (such as space-based tokenization for En- 332

glish and Jieba5 for Chinese). Meanwhile, we pre- 333

serve structural information such as \n, \t, and \r. 334

To ensure dataset integrity and balance, the final 335

training set comprised 600K samples, evenly split 336

between positive and negative examples. 337

For training details, we trained a fastText clas- 338

sifier with a vector dimension of 256, a learning 339

rate of 0.1, a maximum word n-gram length of 3, 340

a minimum word occurrence threshold of 5, and a 341

total of 3 training epochs. Additionally, during in- 342

ference, we maintain the default threshold of 0.5 to 343

simplify operations and ensure experimental con- 344

sistency, avoiding the need for additional tuning 345

steps. 346

4https://spark.apache.org/
5https://pypi.org/project/jieba/
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3 Experiments347

In this section, we first detail the experimental set-348

tings in Section 3.1, including the training con-349

figuration, data composition, and evaluation met-350

rics. Then, in Section 3.2, we present the experi-351

mental results, highlighting the performance com-352

parisons between individual datasets and mixed353

datasets, and analyze the performance of the pro-354

posed method. These results demonstrate that355

Ultra-FineWeb, obtained through our efficient data356

filtering pipeline, exhibits superior quality to other357

datasets derived from the same data source, with358

the corresponding trained models achieving en-359

hanced performance.360

3.1 Experimental Setting361

In our experiments, all models are trained using the362

open-source Megatron-LM library (Shoeybi et al.,363

2019). We utilize the MiniCPM-1.2B model archi-364

tecture with the MiniCPM3-4B tokenizer. Each ex-365

periment involves training on approximately 100B366

tokens. We employ the Lighteval (Fourrier et al.,367

2023) library for model evaluation, mirroring the368

setup used with FineWeb (Penedo et al., 2024) and369

CCI3-HQ (Wang et al., 2024). All evaluation met-370

rics are based on a zero-shot setting. The evalua-371

tion metrics include English and Chinese metrics.372

Detailed configurations, dataset composition, and373

evaluation metrics are provided in Appendix B.374

3.2 Results and Analysis375

Individual Dataset Results. We compare the376

performance of models trained on 100B tokens377

using data extracted from the FineWeb and Chi-378

nese FineWeb sources, using three different ap-379

proaches: raw data, LLM-based classifiers (-edu),380

and the fastText-based classifier trained via the Ef-381

ficient Data Filtering Pipeline (Ultra-). As shown382

in Tables 1, on the English Metrics, Ultra-FineWeb-383

en demonstrates significant improvements in per-384

formance on multiple tasks, including MMLU,385

ARC-C, ARC-E, CommonSenseQA, and Open-386

BookQA. Specifically, Ultra-FineWeb outperforms387

FineWeb in these tasks, with only a slight drop388

of 0.15 percentage points (pp) in HellaSwag com-389

pared to FineWeb, but a 0.6pp improvement over390

FineWeb-edu. The English average score for Ultra-391

FineWeb-en (45.891pp) is 3.61pp higher than that392

of FineWeb (42.287pp) and 1.3pp higher than393

FineWeb-edu (44.560pp). On the Chinese metrics,394

Ultra-FineWeb-zh also outperforms both FineWeb-395

zh and FineWeb-edu-zh on C-Eval and CMMLU. 396

Specifically, Ultra-FineWeb-zh improves by 0.31pp 397

and 3.65pp over Chinese FineWeb and Chinese 398

FineWeb-edu-v2 on C-Eval and CMMLU, respec- 399

tively, and by 0.09pp and 0.13pp compared to 400

FineWeb-edu-zh. The Chinese average score 401

for Ultra-FineWeb-zh increases by 1.98pp and 402

0.61pp, respectively, compared to FineWeb-zh and 403

FineWeb-edu-zh. These results indicate that our 404

proposed High-Quality Data Filtering Pipeline sig- 405

nificantly improves data quality, leading to notable 406

improvements in model performance. Addition- 407

ally, we evaluate the performance at each training 408

checkpoint. As shown in Figure 2, Ultra-FineWeb- 409

en surpasses both FineWeb and FineWeb-edu early 410

in the training process, while Ultra-FineWeb-zh 411

demonstrates a marked improvement in Chinese 412

average scores after 40B tokens of training. 413
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Figure 2: Average scores at each checkpoint for different
individual datasets.

Mixed Dataset Results. In the mixed data ex- 414

periments, we compare the model performance 415

on different evaluation sets after training 100B to- 416

kens with the original data, LLM-based classifier- 417

extracted edu data, and our Ultra-FineWeb dataset, 418

using the same training configuration, and com- 419

bining 60% English, 30% Chinese, and 10% 420

code. As shown in Table 2, Ultra-FineWeb 421

demonstrates significant performance improve- 422
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Metrics FineWeb FineWeb-edu Ultra-FineWeb-en

MMLU 28.84 31.80+2.96 32.24+3.4

ARC-C 25.17 34.56+9.39 35.67+10.5

ARC-E 59.18 69.95+10.77 70.62+11.44

CommonSenseQA 34.32 31.53−2.79 36.45+2.13

HellaSwag 42.91 42.17−0.74 42.76−0.15

OpenbookQA 22.20 25.20+3.00 26.20+4.00

PIQA 73.29 72.14−1.15 73.67+0.38

SIQA 38.95 38.13−0.82 39.61+0.66

Winogrande 55.64 55.56−0.08 55.80+0.16

AverageEnglish 42.278 44.560+2.282 45.891+3.613

Metrics Chinese-FineWeb Chinese-FineWeb-edu-v2 Ultra-FineWeb-zh

C-Eval 33.95 34.17+0.22 34.26+0.31

CMMLU 32.41 34.93+2.52 36.06+3.65

AverageChinese 33.18 34.55+1.370 35.16+1.980

Table 1: Comparison of individual results on English and Chinese datasets.

ments on multiple benchmarks. The average En-423

glish score is 2.905pp higher than FineWebmix424

(41.366pp) and 0.538pp higher than FineWeb-425

edumix (43.733pp). For the Chinese evaluation426

set, Ultra-FineWeb achieves a 1.715pp advantage427

over than FineWebmix (32.01pp), while showing a428

marginal 0.025pp decrease compared to FineWeb-429

edumix (33.75pp). This minor discrepancy may430

stem from dataset weight setting or inherent train-431

ing instability, warranting further investigation in432

future studies. The comprehensive analysis reveals433

Ultra-FineWeb’s superior performance over both434

baseline and LLM-filtered datasets, demonstrating435

significant overall score improvements. Despite436

task-specific fluctuations, Ultra-FineWeb, gener-437

ated through our Efficient Data Filtering Pipeline,438

consistently delivers effective performance en-439

hancements. The line charts of checkpoint eval-440

uations are shown in Figure 3. In the early training441

phases, Ultra-FineWeb and FineWeb-edumix ex-442

hibit comparable performance, but both outperform443

FineWebmix. Notably, Ultra-FineWeb starts to sur-444

pass FineWeb-edumix after training approximately445

60B tokens. As for Chinese evaluation metrics,446

both Ultra-FineWeb and FineWeb-edumix demon-447

strate training fluctuations while maintaining sub-448

stantial advantages over FineWebmix throughout449

the training process.450

Multi-Turn Training Recipes Results. To verify451

the impact of multiple iterations on classifier per-452

formance, we implement three rounds of iterations453

for both English and Chinese classifiers. The initial454

iteration utilizes the selected high-quality seed data455

for positive samples and multi-source original data456

for negative samples. The second iteration involves 457

using the classifier from the first round to process 458

the negative samples, and the inferred positive and 459

negative samples are incorporated into the next 460

round of training data. The third iteration involves 461

updating the classifier with more precisely identi- 462

fied samples from the second round. Experimental 463

results (Tables 3) indicate that second-iteration clas- 464

sifiers achieved superior performance across multi- 465

ple tasks compared to the first-iteration. Notably, 466

English classifiers demonstrate significant improve- 467

ments in MMLU, ARC-C, and OpenbookQA tasks, 468

with an average score increase of 3.613 percentage 469

points (pp) over both the first iteration and original 470

FineWeb dataset, reaching 45.89pp. However, the 471

third iteration, which focused solely on updating 472

samples from original source data, failed to yield 473

additional performance gains. In fact, there were 474

slight declines in some tasks, such as HellaSwag 475

and PIQA. For the Chinese data, the second it- 476

eration of Ultra-FineWeb-zh also shows notable 477

improvements in CMMLU and C-Eval. However, 478

similar to the English results, the third iteration pro- 479

vided only marginal overall improvements, with no 480

significant gains in specific tasks. This suggests 481

that iterative sample refinement through enhanced 482

classifiers alone is insufficient for achieving further 483

performance improvements. 484

To further substantiate the robustness and ef- 485

fectiveness of our approach, we provide extended 486

analyses in the Appendix. Specifically, Appendix C 487

offers a rigorous validation of the Efficient Verifi- 488

cation Strategy, including its stability, sensitivity 489

to verification ratios, and model-agnostic behav- 490

ior across different training cutoffs. Furthermore, 491
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Metrics FineWebmix FineWeb-edumix Ultra-FineWeb

MMLU 28.50 30.95+2.45 30.94+2.44

ARC-C 24.15 32.34+8.19 33.36+9.21

ARC-E 55.60 67.13+11.53 67.97+12.37

CommonSenseQA 36.20 35.79−0.41 37.18+0.98

HellaSwag 40.28 40.21−0.07 39.65−0.63

OpenbookQA 21.60 23.80+2.20 24.40+2.80

PIQA 71.11 71.22+0.11 70.08−1.03

SIQA 39.76 39.20−0.56 40.48+0.72

Winogrande 55.09 52.96−2.13 54.38−0.71

C-Eval 33.79 34.32+0.53 34.10+0.31

CMMLU 30.23 33.18+2.95 33.35+3.12

AverageEnglish 41.366 43.733+2.367 44.271+2.905

AverageChinese 32.010 33.750+1.740 33.725+1.715

Average 39.665 41.918+2.253 42.354+2.689

Table 2: Comparison of results on mixed datasets.
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Figure 3: Average scores at each checkpoint for different mixed datasets.

Appendix D presents detailed ablation studies on492

multi-classifier intersections, token length distribu-493

tions, and performance estimations based on scal-494

ing laws.495

4 Related Work496

The success of LLMs largely depends on the avail-497

ability of large-scale, high-quality pretraining cor-498

pora, which provide models with rich knowledge499

and reasoning capabilities. Common Crawl (Crawl,500

2007) has served as the foundation data source501

for LLM development, and to meet the growing502

data requirements for training larger models, a vast503

amount of pretraining corpora have been made504

open source. Early efforts, such as C4 (Raffel505

et al., 2020) with 160B tokens and Pile (Gao et al.,506

2020) with 300B tokens, provide critical resources507

for early model pretraining. In recent years, sub-508

stantially larger corpora have emerged, including509

RefinedWeb (Penedo et al., 2023) with 600B to-510

kens, Dolma (Soldaini et al., 2024) with 3T tokens,511

FineWeb (Penedo et al., 2024) with 15T tokens,512

RedPajama-v2 (Weber et al., 2025) with 30T to-513

kens, and DCLM (Li et al., 2024) with 240T tokens,514

significantly advancing LLM development, foster-515

ing community collaboration, and establishing new516

benchmarks for innovation. Meanwhile, Chinese 517

pretraining corpora have also been rapidly devel- 518

oped, such as ChineseWebText (Chen et al., 2023) 519

with 50B tokens, WuDao (BAAI, 2023) with 120B 520

tokens, IndustryCorpus2 (Shi et al., 2024) with 521

200B tokens, and CCI3 (Wang et al., 2024) with 522

200B tokens. However, despite progress in tradi- 523

tional data processing methods (such as heuristic 524

filtering and deduplication) during the early stages, 525

the processed data still often contains noise and un- 526

structured content. With the continuous scaling up 527

of models and increasing demands for data quality, 528

these methods have become insufficient to meet 529

current requirements. 530

To address these challenges, model-driven data 531

filtering strategies have gradually become an ef- 532

fective approach to improving data quality in re- 533

cent years. These approaches are primarily imple- 534

mented during the final stages of large-scale data 535

preprocessing, aiming to filter high-quality and 536

high-value samples from massive datasets to further 537

enhance model performance. Traditional quality fil- 538

tering techniques (Penedo et al., 2024; Wang et al., 539

2024; Li et al., 2024; Yu et al., 2025) typically train 540

classifiers to distinguish between high-quality data 541

(such as textbook text) and low-quality data (such 542
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Metrics FineWeb fastText-en-v1 Ultra-FineWeb-en fastText-en-v3

MMLU 28.84 32.30+3.46 32.24+3.40 32.29+3.45

ARC-C 25.17 35.67+10.50 35.67+10.50 35.07+9.9

ARC-E 59.18 70.33+11.15 70.62+11.44 70.54+11.36

CommonSenseQA 34.32 32.27−2.05 36.45+2.13 36.55+2.23

HellaSwag 42.91 42.82−0.09 42.76−0.15 42.62−0.29

OpenbookQA 22.20 24.40+2.20 26.20+4.00 26.20+4.00

PIQA 73.29 72.09−1.20 73.67+0.38 72.53−0.76

SIQA 38.95 38.59−0.36 39.61+0.66 39.41+0.46

Winogrande 55.64 55.09−0.55 55.80+0.16 55.92+0.28

AverageEnglish 42.278 44.840+2.562 45.891+3.613 45.681+3.403

Metrics Chinese-FineWeb fastText-zh-v1 Ultra-FineWeb-zh fastText-zh-v3

C-Eval 33.95 33.63−0.32 34.26+0.31 34.26+0.31

CMMLU 32.41 35.82+3.41 36.06+3.65 35.07+2.66

AverageChinese 34.035 35.390+1.355 35.875+1.840 34.26+0.225

Table 3: Comparison of results on English and Chinese datasets with multiple iterations.

as raw web text), subsequently filtering out samples543

with lower inference scores. Additionally, data fil-544

tering methods based on perplexity (Muennighoff545

et al., 2024; Wenzek et al., 2019), and strategies546

using pre-trained LLMs to evaluate multiple dimen-547

sions of data quality through prompts (Sachdeva548

et al., 2024; Wettig et al., 2024), have been intro-549

duced. These advancements have greatly expanded550

the range of data filtering methods available.551

The common trend of these methods is to ob-552

tain higher-quality data by reducing computational553

costs. By optimizing the filtering process and re-554

ducing inference resource consumption, not only555

is dataset quality improved, but data processing556

efficiency is also accelerated. This optimization557

enables LLMs to access superior training corpora,558

facilitating enhanced model performance with re-559

duced training token requirements.560

5 Conclusion561

In this paper, we construct a higher-quality Ultra-562

FineWeb dataset (including English data Ultra-563

FineWeb-en, approximately 1.8T tokens, and Chi-564

nese data Ultra-FineWeb-zh, approximately 120B565

tokens, totaling approximately 1.9T tokens). This566

dataset is based on the FineWeb and Chinese567

FineWeb datasets, utilizing our proposed efficient568

data filtering pipeline. Through rigorous exper-569

imental evaluations, we demonstrate that Ultra-570

FineWeb-en and Ultra-FineWeb-zh outperform571

FineWeb-edu and Chinese FineWeb-edu-v2 when572

used for small-scale model training from scratch.573

Additionally, we show the effectiveness of the high-574

quality data filtered by our classifier on the DCLM-575

Pool and MAP-CC datasets, further confirming 576

the reliability and effectiveness of our proposed 577

pipeline. These results indicate that classifiers 578

based on our efficient data filtering pipeline can 579

select higher-quality data with reduced computa- 580

tional cost, thereby improving model training per- 581

formance. We provide a detailed description of 582

the implementation of our efficient data filtering 583

pipeline, especially the efficient verification strat- 584

egy driven by classifiers in the pipeline. This strat- 585

egy enables reliable assessment of training data im- 586

pact on LLM performance while maintaining mini- 587

mal computational requirements. Furthermore, we 588

present detailed methodologies for classifier seed 589

data selection, training recipes, and FastText model 590

training configuration, ensuring experimental re- 591

producibility and result transparency. This study 592

aims to provide novel insights and methodologies 593

for high-quality data filtering, offering valuable ref- 594

erences for data quality optimization in future LLM 595

training processes, and contributing to the further 596

development of LLMs. 597

Limitations 598

While our work demonstrates the effectiveness of 599

an efficient and scalable data filtering and verifica- 600

tion pipeline, several limitations remain. First, our 601

experiments adopt a fixed classification threshold 602

(thr = 0.5), which provides a stable and practi- 603

cal operating point in large-scale settings but may 604

not be optimal across all data sources or iterative 605

filtering stages. Second, our evaluation primar- 606

ily focuses on general-domain web data, and the 607

behavior of the proposed pipeline in highly spe- 608

8



cialized domains (e.g., mathematics, code, or le-609

gal text) has not been systematically explored. Fi-610

nally, data quality is mainly assessed through down-611

stream model performance, which, while practical,612

remains dependent on specific model architectures613

and training configurations. We view these limita-614

tions as natural boundaries of the current study, and615

addressing them may further extend the applicabil-616

ity of efficient verification for large-scale language617

model pretraining.618

Ethical Considerations and Broader619

Impacts620

UltraFineWeb is developed using publicly avail-621

able datasets, with a focus on data quality improve-622

ment for natural language processing tasks. Data623

collection and preprocessing adhere to guidelines624

that minimize potential harm, ensuring no person-625

ally identifiable information (PII) is included and626

mitigating biased or inappropriate content. Ultra-627

FineWeb aims to advance language model capabili-628

ties across multilingual and cross-lingual contexts,629

benefiting research, education, and industry. The630

dataset enhances data quality and diversity to sup-631

port fairer, more inclusive AI systems. However,632

potential risks include misuse of generated content,633

intellectual property concerns, and the propagation634

of biases. To address these risks, we implement635

data curation protocols, provide usage guidelines,636

and engage with the research community to pro-637

mote transparency and accountability.638
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A Implementation Details for Efficient941

Verification942

All Efficient Verification experiments are trained943

using the open-source Megatron-LM library. We944

utilize the MiniCPM-1.2B model architecture with945

the MiniCPM-3-4B tokenizer. The model train-946

ing utilizes the MiniCPM-3-4B training corpus,947

and the WSD scheduler. We train the model from948

scratch with 1.1T tokens (1T for the stable stage949

and 0.1T for the decaying stage). Based on this950

pretrained model, we further perform a two-stage951

annealing training with 10B tokens, allocating 30%952

of the weight to the verification data, while keep-953

ing the remaining 70% for the default mixed data954

ratio. Key training parameters include a sequence955

length of 4096, weight decay of 0.1, and a gradient956

clipping threshold of 1.0. We employed a global957

batch size of 512. For larger datasets, we train for958

a total of 5000 steps (approximately 10B tokens).959

For smaller datasets, we compute the total training960

steps based on the actual token size of the data and961

typically allowed the validation data to undergo 3-5962

training epochs (nepoch).963

The training steps calculation formula is as fol-964

lows:965

Total Iter = max

(
Total Token

Global BS × Seq Len
, 5000

)
Where Total Token is calculated as:

Total Token =
Curr Data Token× nepoch

0.3

To reduce the cost of baseline experiments, we966

typically choose training steps of 100, 500, 1,000,967

2,500, or 5,000, balancing experimental accuracy968

and computational resource consumption. This969

means that for datasets of different scales, we dy-970

namically adjust the training steps based on the971

data tokens required for training. It is important 972

to note that the training steps for the baseline ex- 973

periments are also dynamically adjusted based on 974

the corresponding dataset size. Additionally, we 975

set the warmup fraction to 0.1, and the annealing 976

phase used an exponential decay approach, with the 977

maximum learning rate to 1e-3 and the minimum 978

learning rate to 5e-5. To enhance training stability, 979

we use Maximal Update Parameterization (MuP). 980

Strategy GPU Hours

100B from scratch 1,200
380B from scratch 4,600
Efficient Verification Strategy 110

Table 4: Comparison of computational costs across dif-
ferent verification strategies on a 1B LLM (transposed).

B Detailed Experimental Settings 981

Model Training Configuration. In our exper- 982

iments, all models are trained using the open- 983

source Megatron-LM library (Shoeybi et al., 2019). 984

We utilize the MiniCPM-1.2B model architecture 985

with the MiniCPM3-4B tokenizer. Each experi- 986

ment involves training on 100B tokens (though 987

the actual number is 104B tokens, calculated as 988

4096× 1024× 26000 = 104B tokens; for simplic- 989

ity, we refer to it as 100B), allowing for compre- 990

hensive data performance validation within com- 991

putationally efficient parameters. Key training pa- 992

rameters include a sequence length of 4096, weight 993

decay of 0.1, and a gradient clipping threshold of 994

1.0. We employ a global batch size of 1,024 across 995

26,000 training steps. The learning rate follows 996

a cosine decay schedule, with a warm-up phase 997

of 1,000 steps. The initial learning rate is set to 998

1e-5, the maximum learning rate to 1e-2, and the 999

final learning rate to 1e-3. To enhance training 1000

stability, we use Maximal Update Parameteriza- 1001

tion (MuP) (Yang et al., 2022). Additionally, we 1002

save a checkpoint every 1,000 steps (approximately 1003

4B tokens) for analysis during the training pro- 1004

cess. Detailed model configurations are provided 1005

in Table 5, where Params., V ocab., dm, dff , dh, 1006

nhead, nkv, and nLayer represent the total num- 1007

ber of non-embedding parameters, vocabulary size, 1008

model hidden dimension, feedforward layer bottle- 1009

neck dimension, attention head dimension, number 1010

of queries, number of key/values, and the number 1011

of layers, respectively. 1012
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Configuration Value

Name MiniCPM-1.2B
Params. 1,247,442,432
V ocab. 73,448
dm 1,536
dff 3,840
dh 64
nhead 24
nkv 8
nLayer 52

Table 5: Model Configurations for the MiniCPM-1.2B
model (transposed).

Dataset Composition. We conduct two types of1013

experiments for evaluating the datasets generated1014

by our pipeline:1015

• Individual Data Experiments: We perform1016

isolated training runs using single datasets,1017

facilitating direct comparisons between differ-1018

ently processed data from identical sources.1019

For English datasets, FineWeb is chosen as1020

the source dataset, and comparisons are made1021

with FineWeb-edu and Ultra-FineWeb-en. For1022

Chinese datasets, Chinese FineWeb is selected1023

with comparisons to Chinese FineWeb-edu-v21024

and Ultra-FineWeb-zh. In the ablation studies,1025

we primarily use individual data experiments1026

for analysis.1027

• Mixed Data Experiments: Similar to the1028

CCI3-HQ (Wang et al., 2024) experiment,1029

we use a mix of 60% English data, 30%1030

Chinese data, and 10% code data. The1031

English-Chinese comparisons involve three1032

dataset combinations: (1) FineWeb and Chi-1033

nese FineWeb, (2) FineWeb-edu and Chinese1034

FineWeb-edu-v2, and (3) Ultra-FineWeb-en1035

and Ultra-FineWeb-zh. The code data is1036

sourced exclusively from the StarCoder-v21037

dataset (Lozhkov et al., 2024), maintaining1038

consistent proportions across all experimental1039

conditions.1040

Evaluation Metrics. We employ the Lighte-1041

val (Fourrier et al., 2023) library for model1042

evaluation, mirroring the setup used with1043

FineWeb (Penedo et al., 2024) and CCI3-1044

HQ (Wang et al., 2024). All evaluation metrics1045

are based on a zero-shot setting. The evaluation1046

metrics include:1047

• AverageEnglish: Average score across1048

standard English metrics including 1049

MMLU (Hendrycks et al., 2020), ARC- 1050

C (Clark et al., 2018), ARC-E (Clark et al., 1051

2018), CommonSenseQA (Talmor et al., 1052

2018), HellaSwag (Zellers et al., 2019), 1053

OpenbookQA (Mihaylov et al., 2018), 1054

PIQA (Bisk et al., 2020), SIQA (Sap et al., 1055

2019), and Winogrande (Sakaguchi et al., 1056

2021). 1057

• AverageChinese: Average score of Chinese 1058

metrics, including C-Eval (Huang et al., 2023) 1059

and CMMLU (Li et al., 2023). 1060

• Average: The combined average score of all 1061

the above evaluation metrics. 1062

C Results and Analysis of Efficient 1063

Verification 1064

C.1 Overall Effectiveness of Efficient 1065

Verification 1066

To verify the effectiveness of the efficient verifica- 1067

tion strategy, we use the FineWeb and FineWeb-edu 1068

datasets, training both on the efficient verification 1069

and from-scratch 100B token strategies, and com- 1070

pare the results. For evaluation, we use OpenCom- 1071

pass (Contributors, 2023) for the model trained 1072

with the efficient verification strategy, and Lighte- 1073

val (Fourrier et al., 2023) for the model trained 1074

from scratch with 100B tokens. The experimental 1075

results are shown in Table 6. 1076

We can observe that the efficient verification 1077

strategy exhibited consistent trends across multi- 1078

ple evaluation tasks when compared to the from- 1079

scratch 100B model. For example, in metrics 1080

like MMLU, ARC-E, ARC-C, and OpenbookQA, 1081

FineWeb-edu consistently outperformed FineWeb 1082

under both training paradigms. Similarly, for met- 1083

rics such as HellaSwag, PIQA, SIQA, and Wino- 1084

grande, FineWeb-edu showed performance degra- 1085

dation compared to FineWeb, regardless of training 1086

strategy. Overall, the efficient verification strat- 1087

egy quickly revealed the impact of the validation 1088

data on various evaluation dimensions and pro- 1089

vided accurate feedback. This strategy significantly 1090

reduces computational resource requirements, en- 1091

abling more efficient data quality assessment and 1092

optimization, ultimately enhancing model training 1093

effectiveness. 1094
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Efficient Verification 100B From Scratch

Metrics FineWeb FineWeb-edu Diff. FineWeb FineWeb-edu Diff.

MMLU 45.84 47.35 +1.51 28.84 31.80 +2.96
HellaSwag 57.72 56.99 -0.73 42.91 42.17 -0.74
ARC-C 38.98 39.66 +0.68 25.17 34.56 +9.39
ARC-E 57.67 59.08 +1.41 59.18 69.95 +10.77
PIQA 74.48 72.91 -1.57 73.29 72.14 -1.15
SIQA 43.55 43.35 -0.20 38.95 38.13 -0.82
Winogrande 56.67 55.56 -1.11 55.64 55.56 -0.08
OpenbookQA 66.80 69.40 +2.60 22.20 25.20 +3.00

Average 55.21 55.54 +0.33 41.00 43.00 +2.00

Table 6: Comparison of efficient verification strategy and from-scratch 100B token strategies on FineWeb and
FineWeb-edu.

C.2 Stability under a Fixed Verification Ratio1095

In our experiments, we adopt a setting that allo-1096

cates 30% of the training weight to the verification1097

data. This choice was primarily motivated by the1098

need to stabilize training and reduce the interfer-1099

ence caused by fluctuations in optimization. To1100

assess the stability of this setting, we conducted1101

three independent runs using the same configura-1102

tion. The results are shown in Table 7.1103

These results suggest that allocating 30% weight1104

to verification data provides a stable and reliable1105

training signal, enabling efficient verification to de-1106

liver consistent feedback with minimal sensitivity1107

to stochastic training effects.1108

In the following subsection, we analyze the sensi-1109

tivity of efficient verification to varying verification1110

data weights.1111

C.3 Impact of Different Verification Ratios1112

To investigate the effect of different verification1113

ratios, we conduct a two-stage annealing process1114

with 10B tokens on the FineWeb, FineWeb-edu,1115

and Ultra-FineWeb-en datasets. We evaluate six1116

distinct verification ratios: 5%, 10%, 20%, 30%,1117

40%, and 50%. The comprehensive results are1118

presented in Table 8.1119

From a stability standpoint, overall performance1120

trends remain consistent across different verifica-1121

tion ratios. However, at lower ratios such as 5%1122

and 10%, the performance gains from verification1123

data are marginal and fail to clearly distinguish the1124

quality differences across datasets. Starting from1125

20%, performance variances across benchmarks1126

become more pronounced. For instance, compared1127

to FineWeb, the MMLU performance improvement1128

of Ultra-FineWeb-en is +1.22pp at 20%, peaking1129

at +2.18pp at 30% and +2.16pp at 40%. Notably,1130

when the verification ratio is further increased to1131

50%, the improvement diminishes to +0.87pp. This 1132

indicates that a higher verification ratio does not 1133

linearly yield better results and may introduce is- 1134

sues such as sample redundancy or distributional 1135

skew, thereby complicating the interpretability of 1136

the results. 1137

Moreover, the choice of verification ratio influ- 1138

ences the discernibility of evaluation results. Our 1139

strategy demonstrates strong generalizability, al- 1140

lowing practitioners to dynamically adjust verifica- 1141

tion ratios according to their specific training con- 1142

figurations. By conducting a small number of full- 1143

scale pilot experiments, researchers can establish 1144

mappings between datasets and determine appro- 1145

priate evaluation thresholds, enabling more stable 1146

and reliable assessments. Additionally, this map- 1147

ping mechanism can support the selection of high- 1148

quality data tailored to specific evaluation bench- 1149

marks. 1150

Therefore, the proposed Efficient Verification 1151

Strategy offers an efficient and robust means of 1152

evaluating pre-training data quality with controlled 1153

computational costs. These findings substantiate 1154

the selection of verification ratios and confirm the 1155

robustness of our experimental framework. 1156

C.4 Model-Agnostic Behavior across Training 1157

Cutoffs 1158

To further demonstrate the generality of efficient 1159

verification, we further evaluate whether the con- 1160

clusions drawn from efficient verification remain 1161

consistent across different pre-training cutoffs and 1162

token budgets. Given the constraints of computa- 1163

tional resources, we selected two additional rep- 1164

resentative settings to compare against our main 1165

experiments: 1166

1. Jan. 2025 Cutoff: A 1B model trained on 1167
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Metrics Baseline Run 1 Run 2 Run 3 Mean Std

MMLU 46.75 47.35 47.51 47.29 47.38 0.013
HellaSwag 55.72 56.99 56.99 56.86 56.95 0.006
ARC-C 38.31 39.66 38.58 38.64 38.96 0.368
ARC-E 57.32 59.08 59.30 58.91 59.10 0.038
PIQA 72.74 72.91 72.95 73.01 72.96 0.003
SIQA 41.97 43.35 43.09 43.07 43.17 0.024
Winogrande 52.46 55.56 55.63 55.91 55.70 0.034
OpenbookQA 70.40 69.40 69.00 69.40 69.27 0.053

Table 7: Stability analysis of efficient verification with 30% verification data weight. Results are reported over three
independent runs under identical settings.

Ratio Dataset MMLU HellaS. ARC-C ARC-E PIQA SIQA Wino. OBQA Average

- Baseline 46.75 55.72 38.31 57.32 72.74 41.97 52.46 70.40 54.46

5%
FW 46.71 56.38 39.02 57.91 72.99 42.78 52.78 70.40 54.87
FE 46.79+0.08 56.02−0.36 39.08+0.06 58.55+0.64 73.03+0.04 42.57−0.21 52.69−0.09 70.60+0.20 54.92+0.05

UFWen 46.95+0.24 56.03−0.35 39.21+0.19 58.73+0.82 73.09+0.10 42.93+0.15 53.06+0.28 70.80+0.40 55.10+0.23

10%
FW 46.73 56.89 38.31 59.08 73.83 42.43 55.33 69.60 55.28
FE 46.93+0.20 56.26−0.63 38.64+0.33 60.14+1.06 73.12−0.71 42.07−0.36 54.99−0.34 70.60+1.00 55.34+0.07

UFWen 47.05+0.32 56.35−0.54 39.02+0.71 60.14+1.06 73.91+0.08 42.84+0.41 55.65+0.32 70.60+1.00 55.70+0.42

20%
FW 46.27 57.45 38.64 57.50 73.39 42.99 56.75 69.00 55.25
FE 47.31+1.04 56.57−0.88 39.27+0.63 58.51+1.01 72.31−1.08 42.82−0.17 55.68−1.07 71.20+2.20 55.46+0.21

UFWen 47.49+1.22 56.83−0.62 39.29+0.65 59.61+2.11 73.45+0.06 43.14+0.15 56.82+0.07 71.80+2.80 56.05+0.81

30%
FW 45.84 57.72 38.98 57.67 74.48 43.55 56.67 66.80 55.21
FE 47.35+1.51 56.99−0.73 39.66+0.68 59.08+1.41 72.91−1.57 43.35−0.20 55.56−1.11 69.40+2.60 55.54+0.32

UFWen 48.02+2.18 57.10−0.62 39.70+0.72 60.32+2.65 74.23−0.25 44.06+0.51 56.79+0.12 70.20+3.40 56.30+1.09

40%
FW 45.96 58.19 39.02 58.73 74.27 43.24 58.07 66.20 55.46
FE 47.27+1.31 57.33−0.86 39.54+0.52 59.79+1.06 73.12−1.15 42.89−0.35 57.24−0.83 68.40+2.20 55.70+0.24

UFWen 48.12+2.16 57.86−0.33 39.72+0.70 60.54+1.81 73.78−0.49 43.34+0.10 58.05−0.02 69.40+3.20 56.35+0.89

50%
FW 45.50 58.17 38.68 58.01 73.94 42.94 57.85 66.20 55.16
FE 46.14+0.64 57.23−0.94 39.64+0.96 59.61+1.60 73.39−0.55 43.05+0.11 56.49−1.36 67.40+1.20 55.37+0.21

UFWen 46.37+0.87 57.78−0.39 40.00+1.32 60.85+2.84 73.61−0.33 44.06+1.12 57.90+0.05 68.20+2.00 56.10+0.94

Table 8: Performance comparison across different verification ratios. Base denotes the baseline. Subscripts represent
the performance delta (∆) relative to the baseline. We use FW, FE, and UFWen to denote FineWeb, FineWeb-edu,
and Ultra-FineWeb-en, respectively.

1.1T tokens (1T stable phase, 100B decay1168

phase).1169

2. Jun. 2025 Cutoff: A 1B model trained on1170

1.5T tokens (1.3T stable phase, 200B decay1171

phase).1172

The comparative results across three distinct data1173

snapshots (Sep. 2024, Jan. 2025, and Jun. 2025)1174

are detailed in Table 9.1175

Experimental results indicate that as the pre-1176

training cutoff progresses and total token count1177

increases, the absolute performance of the model1178

improves across most benchmarks. Crucially, the1179

relative ranking of verification datasets remains1180

consistent: Ultra-FineWeb-en consistently outper-1181

forms FineWeb-edu, which in turn surpasses the1182

baseline FineWeb. This stability underscores the1183

robust generalizability of our proposed verification1184

strategy across different stages of model maturity.1185

However, we observe that the performance delta 1186

(∆) between datasets tends to narrow as the pre- 1187

training data quality and volume increase. For in- 1188

stance, in the Sep. 2024 setting, Ultra-FineWeb-en 1189

achieves a +1.09pp gain over FineWeb, whereas 1190

this advantage reduces to +0.52pp by the Jun. 2025 1191

cutoff. We attribute this phenomenon to two fac- 1192

tors: first, a potential performance plateau as mod- 1193

els approach their capacity on specific benchmarks; 1194

and second, the likelihood that high-quality cor- 1195

pora (similar to Ultra-FineWeb-en) were already 1196

integrated into the larger pre-training mixes used 1197

for the 2025 models, thereby partially saturating 1198

the marginal gains during the annealing phase. 1199

In summary, the proposed efficient verification 1200

strategy remains a reliable proxy for data quality 1201

assessment, independent of the training cutoff. It 1202

enables practitioners to establish stable mappings 1203

between datasets and downstream performance, fa- 1204
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Metric Sep. 2024 Cutoff (Main) Jan. 2025 Cutoff Jun. 2025 Cutoff

FW FE UFWen FW FE UFWen FW FE UFWen

MMLU 45.84 47.35+1.51 48.02+2.18 51.13 52.45+1.32 53.04+1.91 53.61 53.72+0.11 53.86+0.25

HellaSwag 57.72 56.99−0.73 57.10−0.62 58.64 58.42−0.22 58.64+0.00 57.71 56.68−1.03 57.04−0.67

ARC-C 38.98 39.66+0.68 39.70+0.72 38.31 38.64+0.33 39.32+1.01 39.66 40.00+0.34 39.88+0.22

ARC-E 57.67 59.08+1.41 60.32+2.65 62.08 63.32+1.24 64.02+1.94 58.55 59.79+1.24 60.67+2.12

PIQA 74.48 72.91−1.57 74.23−0.25 75.08 74.94−0.14 75.14+0.06 73.88 73.86−0.02 74.16+0.28

SIQA 43.55 43.35−0.20 44.06+0.51 44.32 44.28−0.04 44.55+0.23 43.19 43.20+0.01 43.81+0.62

Winogrande 56.67 55.56−1.11 56.79+0.12 57.06 56.62−0.44 57.10+0.04 56.91 56.90−0.01 57.03+0.12

OpenbookQA 66.80 69.40+2.60 70.20+3.40 70.00 71.40+1.40 71.80+1.80 74.60 74.80+0.20 75.80+1.20

Average 55.21 55.54+0.32 56.30+1.09 57.08 57.51+0.43 57.95+0.87 57.26 57.37+0.11 57.78+0.52

Table 9: Performance comparison across different training data cutoffs and token budgets. Subscripts denote the
performance delta (∆) relative to the FineWeb (FW) baseline for each respective period. FE and UFWen represent
FineWeb-edu and Ultra-FineWeb-en, respectively.

cilitating informed decisions for data filtering and1205

selection even as baseline model performance con-1206

tinues to evolve.1207

D Further Analysis and Ablation Studies1208

D.1 Classifier Inference Intersection Results.1209

To investigate the impact of intersecting positive1210

samples from multiple classifiers on LLM perfor-1211

mance, we conduct experiments using the inter-1212

section of classifier-inferred positive samples for1213

model training. As demonstrated in Tables 10, the1214

model trained on Ultra-FineWeb-eninter exhibits1215

substantial performance gains across multiple En-1216

glish metrics. Compared to the Ultra-FineWeb-1217

en, the score improved by 0.447pp, with the most1218

significant improvements observed in tasks such1219

as MMLU, ARC-C, ARC-E, and OpenbookQA.1220

Similarly, for Chinese metrics, the model trained1221

on Ultra-FineWeb-zhinter also showed notable per-1222

formance gains, with the overall Chinese average1223

score increasing from 35.16pp to 36.455pp. In par-1224

ticular, the score in CMMLU improved by 1.8pp1225

compared to Ultra-FineWeb-zh. Additionally, we1226

visualize the evaluation scores at each checkpoint1227

during training, as shown in Figure 4, where the1228

model using intersection data consistently maintain1229

the highest score throughout training. These results1230

indicate that combining the inference results from1231

multiple classifiers, particularly through intersect-1232

ing positive sample data, can significantly further1233

enhance model performance, yielding significant1234

improvements across key metrics.1235

D.2 Analysis of Token Length Distributions1236

Inspired by ProX (Zhou et al., 2024), we ana-1237

lyze the token length distributions across different1238

datasets, as shown in Figure 5. For the English1239
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Figure 4: Average scores at each checkpoint during
training for different datasets: Compared with using
the intersection of positive samples inferred by multiple
classifiers.
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Metrics FineWeb FineWeb-edu Ultra-FineWeb-en Ultra-FineWeb-eninter

MMLU 28.84 31.80+2.96 32.24+3.40 33.37+4.53

ARC-C 25.17 34.56+9.39 35.67+10.50 38.31+13.14

ARC-E 59.18 69.95+10.77 70.62+11.44 73.48+14.30

CommonSenseQA 34.32 31.53−2.79 36.45+2.13 36.94+2.62

HellaSwag 42.91 42.17−0.74 42.76−0.15 41.39−1.52

OpenbookQA 22.20 25.20+3.00 26.20+4.00 28.60+6.40

PIQA 73.29 72.14−1.15 73.67+0.38 71.16−2.13

SIQA 38.95 38.13−0.82 39.61+0.66 39.41+0.46

Winogrande 55.64 55.56−0.08 55.80+0.16 54.38−1.26

AverageEnglish 42.278 44.560+2.282 45.891+3.613 46.338+4.06

Metrics Chinese-FineWeb Chinese-FineWeb-edu-v2 Ultra-FineWeb-zh Ultra-FineWeb-zhinter

C-Eval 33.95 34.17+0.22 34.26+0.31 35.05+1.1

CMMLU 32.41 34.93+2.52 36.06+3.65 37.86+5.45

AverageChinese 33.180 34.550+1.37 35.160+1.98 36.455+3.275

Table 10: Comparison of results on English and Chinese datasets using the intersection of positive samples inferred
by multiple classifiers.

datasets, the token length distributions of Ultra-1240

FineWeb-en and FineWeb are quite similar, while1241

FineWeb-edu exhibits a rightward shift, indicating1242

that the classifier tends to extract longer tokens.1243

In terms of average token length, FineWeb has1244

the shortest average, followed by Ultra-FineWeb,1245

with FineWeb-edu having the longest average token1246

length. For the Chinese datasets, Ultra-FineWeb-zh1247

and Chinese FineWeb exhibit similar token length1248

distributions, while Chinese FineWeb-edu-v2 also1249

shows a rightward shift. The average token length1250

follows the order: Chinese FineWeb < Chinese1251

FineWeb-edu-v2 < Ultra-FineWeb-zh. We believe1252

these differences may stem from the inherent pref-1253

erence of LLM-based models, which tend to favor1254

longer tokens in their scoring. Additionally, this1255

phenomenon might be further influenced by train-1256

ing recipes, as LLM-based models label data from1257

the same source, typically assigning lower scores1258

to shorter texts and higher scores to longer ones,1259

leading classifiers to favor longer texts. In contrast,1260

our data seeds are more diverse, making the classi-1261

fiers less focused on token length, which results in1262

the token length distribution of our extracted data1263

aligning more closely with the original source data.1264

1265

D.3 Loss and Performance Estimation Results1266

We use the performance estimation methods pro-1267

posed in (Xiao et al., 2024) for further analy-1268

sis and verification of the effectiveness of Ultra-1269

FineWeb. First, we establish the standard configu-1270

ration in (Xiao et al., 2024) as the baseline. Specif-1271
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Figure 5: Comparison of token length distributions
across different datasets.
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ically, we adopt the MiniCPM-3-4B (Hu et al.,1272

2024) training corpus, applying models across six1273

scales (0.005B, 0.03B, 0.1B, 0.2B, 0.4B, 0.8B),1274

and train with six token configurations (10, 15,1275

20, 30, 40, 60 × N, where N represents the model1276

parameter size). Based on these 36 models, we1277

compute and plot the compute (= 6ND)-Loss1278

curve, and subsequently predict the performance1279

of each model using the Loss-Performance curve1280

from the Densing Law. This analysis is performed1281

on MMLU (Hendrycks et al., 2020), BBH (Suz-1282

gun et al., 2022), MATH (Hendrycks et al., 2021),1283

MBPP (Austin et al., 2021), HumanEval (Chen1284

et al., 2021), C-Eval (Huang et al., 2023), and1285

CMMLU (Li et al., 2023) evaluation metrics. Next,1286

we replace the “High-Quality” data in the baseline1287

with Ultra-FineWeb and repeat the experiment, per-1288

forming Loss Estimation. Finally, through this two-1289

step estimation, we predict the performance of an1290

8B model trained on 8T tokens. The loss values1291

and estimated results are shown in Table 11, with1292

the Loss-Performance curve shown in Figure 6.1293

Experimental results demonstrate that using Ultra-1294

FineWeb significantly reduces the loss for metrics1295

such as MMLU, MATH, C-Eval, and CMMLU,1296

thereby improves model performance.1297

D.4 Ablation Study on Multi-Source Seed1298

Selection1299

To verify the impact of selecting multi-source seed1300

on the robustness of the classifier during the ef-1301

ficient data filtering pipeline process, we choose1302

DCLM-Pool (Li et al., 2024) as the English data1303

source and MAP-CC (Du et al., 2024) as the Chi-1304

nese data source for verification. In the exper-1305

iment, we compare the performance of models1306

trained with original data, LLM-based classifier1307

(-edu), and data extracted by our classifier (Ultra-)1308

on different evaluation sets. Notably, due to the1309

unavailability of an open-source LLM-based clas-1310

sifier for Chinese-FineWeb-edu, we only compare1311

the performance difference between the original1312

MAP-CC data and the data extracted by our clas-1313

sifier (Ultra-MAP-CC). As detailed in Tables 121314

and 13, Ultra-DCLM demonstrates superior per-1315

formance over both DCLM-Pool and DCLM-edu1316

across multiple English evaluation tasks. The En-1317

glish average score for Ultra-DCLM (47.252pp)1318

shows a 1.671pp improvement over DCLM-Pool1319

(45.581pp) and a 0.658pp advantage over DCLM-1320

edu (46.594pp), with particularly notable gains in1321

MMLU, ARC-C, and OpenbookQA metrics. For1322

Chinese evaluations, Ultra-MAP-CC also exhibits 1323

significant enhancements, especially in CMMLU 1324

with a 2.8pp increase, achieving an overall 1.43pp 1325

improvement over the original dataset. These re- 1326

sults demonstrate that our classifier remains highly 1327

robust and effective even in non-homogeneous data 1328

scenarios, further confirming the positive impact 1329

of the multi-source seed selection strategy on im- 1330

proving classifier robustness and performance. Fig- 1331

ure 7 presents the evaluation results at each check- 1332

point during training. In the early stages of train- 1333

ing, the performance of Ultra-DCLM and DCLM- 1334

edu is similar, but both outperform DCLM-Pool 1335

significantly. When training reaches 30B tokens, 1336

Ultra-DCLM begins to surpass DCLM-edu. For 1337

the Chinese evaluation sets, Ultra-MAP-CC signifi- 1338

cantly outperforms MAP-CC from the early stages 1339

of training. 1340

E Use of AI 1341

We used ChatGPT to support language polishing 1342

of the manuscript. The tool was applied to im- 1343

prove grammar, fluency, and stylistic consistency 1344

in English writing. It was not used for generat- 1345

ing research ideas, experimental designs, datasets, 1346

models, results, or interpretations. All technical 1347

content and scientific contributions are solely the 1348

work of the authors. 1349
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Baseline Ultra-FineWeb

Metrics Loss Estimate Acc. Loss Estimate Acc.

MMLU 0.182 70.84 0.143−0.039 85.60+14.76

BBH 0.097 56.70 0.092−0.005 60.48+3.78

MATH 0.225 25.96 0.162−0.063 59.05+33.09

MBPP 0.175 84.91 0.176+0.001 84.87−0.04

HumanEval 0.119 48.18 0.113−0.006 54.81+6.63

C-Eval 0.244 60.44 0.226−0.018 69.33+8.89

CMMLU 0.243 66.02 0.226−0.017 73.75+7.73

Average 0.189 42.40 0.174−0.015 49.85+7.45

Table 11: Loss values and estimated performance for 8B model trained on 8T tokens.
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Figure 6: Loss-performance curve: Showing the estimated performance of an 8B model trained on 8T tokens
using baseline and replacing high-quality data with Ultra-FineWeb.

Metrics DCLM-Pool DCLM-edu Ultra-DCLM

MMLU 31.45 34.07+2.62 34.33+2.88

ARC-C 31.48 37.71+6.23 38.48+7.00

ARC-E 66.08 73.40+7.32 72.77+6.69

CommonSenseQA 41.52 39.72−1.80 40.70−0.82

HellaSwag 44.28 41.77−2.51 43.31−0.97

OpenbookQA 25.00 26.60+1.60 27.40+2.40

PIQA 73.67 70.73−2.94 73.89+0.22

SIQA 40.79 39.00−1.79 39.51−1.28

Winogrande 55.96 56.35+0.39 54.88−1.08

AverageEnglish 45.581 46.594+1.013 47.252+1.671

Table 12: Comparison of results on DCLM-Pool-based datasets.

Metrics MAP-CC Ultra-MAP-CC

C-Eval 34.58 34.64+0.06

CMMLU 32.02 34.82+2.80

AverageChinese 33.300 34.730+1.430

Table 13: Comparison of results on MAP-CC-based datasets.
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Figure 7: Average scores at each checkpoint during training for different source data.
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