
Open LLM Pretraining Guided by
Quantile Benchmarking Heterogeneous Web Corpora

Anonymous Author(s)
Affiliation
Address
email

Abstract

Fully open pretraining now has increasingly reproducible recipes and accessible1

web-scale corpora. What remains missing is a principled way to merge scored2

open-web data. Corpora such as DCLM Baseline and FineWeb-Edu are built3

with different filters and scorers, so their raw scores are not directly comparable.4

Because web data is large, heterogeneous, and token-budget dominant, choosing5

an additional retained fraction is a consequential compute decision rather than a6

minor sampling detail. We formulate this setting as heterogeneous top-p mixing:7

choosing top-p retained fractions for each corpus along its score distribution under8

a fixed total token budget. We propose quantile benchmarking, a proxy-training9

framework that probes fixed score quantiles from each source and compares them10

through a shared downstream-utility metric. The resulting measurements reveal11

benchmark-dependent source orderings, large within-source utility variance, and a12

strong knowledge bias in current scorers. In particular, higher-score regions often13

degrade broader commonsense benchmarks such as PIQA and HellaSwag. We then14

fit benchmark-conditioned utility curves and derive top-p mixing cutoffs through15

a global utility threshold. 40B-token ablation experiments show that quantile-16

benchmarking-guided thresholds improve over both uniform mixing and heuristic17

top-p filtering. Finally, we apply the resulting recipe to train a 2B model over 2.2T18

tokens with a fully open recipe, reaching the Pareto frontier of parameter efficiency19

among compared fully open models of similar scale.20

1 Introduction21

Fully open language model pretraining has made recipes increasingly reproducible, with recent22

releases documenting architectures, hyperparameters, final data mixtures, ablation protocols, and23

scaling behavior in increasing detail [3, 8, 9, 34, 70]. But data recipes are harder to reuse than24

optimizer or architecture choices, because they depend on the training objective, available corpora,25

licensing constraints, and token budget. Before training, practitioners still need a principled way to26

decide which open data sources to collect, how deeply to filter each source, and how to combine the27

retained subsets.28

Open curated web corpora are central to this decision. Red Pajama [21], RefinedWeb [58], DCLM29

Baseline [41], FineWeb-Edu [59], and Nemotron-CC-v2 [66] have become common infrastructure for30

fully open pretraining, data-mixing studies, and recipe ablations [47, 70, 77, 78]. These collections31

are processed, and often scored or filtered, produced by large-scale curation pipelines. Compared to32

scarce high-value sources such as math, code, and reasoning data, curated web corpora are massive,33

noisy, internally diverse, and thus token-budget dominant in pretraining. A small change in their34

retained fraction can therefore differ by tens or hundreds of billions of training tokens.35
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Figure 1: Capability profiles of heterogeneous web corpora. Left: average capability profiles
of five web sources in the resume setting, averaged over the shared score quantiles 0, 30, and 60,
where smaller quantile indices correspond to higher-scored windows. Right: capability profiles of
FineWeb-Edu at the same three score quantiles. In both panels, each benchmark axis is normalized
independently. The figure shows two effects: source ordering is benchmark-dependent, and FineWeb-
Edu’s higher-scored windows help MMLU and ARC-E/C but can reduce PIQA and HellaSwag utility.
Full curves are provided in Figures 6 and 7.

The open question is how these retained fractions should be chosen across scored corpora. A natural36

recipe would combine their strengths by retaining high-scoring regions of each source under a fixed37

token budget. This is not standard source-weight optimization. We call the setting heterogeneous38

top-p mixing: choose source-specific retained top-p fractions for several scored corpora, then merge39

the retained subsets into the final mixture. Filtering and mixing are coupled because increasing one40

source’s retained fraction both changes its token share and moves selection into lower-scored regions,41

so the average quality of the retained subset can decrease.42

The difficulty is that the rankings are dataset-specific, and there is no common score scale across43

sources. For example, DCLM Baseline and FineWeb-Edu both derive from web-scale text, but they44

are built with different filtering pipelines, different scorers, and different score semantics. DCLM45

Baseline uses ELI5 and OH-2.5 as reference datasets to train a FastText scorer, while FineWeb-Edu46

uses LLM judgments to train an educational-value scorer [41, 59]. Therefore, a high score in one47

source does not mean the same as a high score in another. Figure 5 shows this mismatch on a shared48

document sample: sorting by one scorer produces little structure in the other scorer. As a result, a49

shared raw-score threshold cannot reliably determine how to combine these corpora. We therefore50

need a shared downstream utility metric for comparing source-specific score regions.51

Quantile benchmarking. We propose quantile benchmarking to make this problem measurable.52

For each source, we probe several score quantiles using fixed-size training chunks and evaluate53

the resulting proxy checkpoints on downstream benchmarks. These benchmark scores provide a54

shared utility metric for comparing sources whose raw scores are not calibrated to one another.55

Compared to prior work, which typically uses top-p filtering to evaluate a scorer [41, 51], quantile56

benchmarking captures fine-grained information on how different regions of the score distribution57

contribute to different capabilities. It serves both as a dataset benchmark and as a calibration tool for58

corpus-provided scores. Figure 1 provides representative dataset profile comparisons.59

From observations to mixture deduction and data-centric strategies. Quantile benchmarking60

supports both diagnosis and recipe design. It explicitly reveals benchmark-dependent source ordering,61

large within-source utility variance, and knowledge-biased scorer behavior, as previewed in Figure 1.62

In particular, it is surprising that common higher-score regions can flatten or degrade broader63

commonsense benchmarks such as PIQA and HellaSwag. Moreover, the same probes can be64

converted into a practical mixture. We fit benchmark-conditioned utility functions and solve for a65

global utility threshold. The threshold then induces retained fractions for different sources. The66

measurements also connect to prior work on data-centric strategies, including curriculum model67

averaging [47] and selective repetition [69].68
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Validation and open pretraining. We validate the framework in controlled 40B-token ablations.69

Moving from uniform mixing to heuristic top-p filtering improves the Core benchmark suite. Re-70

placing the heuristic thresholds with quantile-benchmarking-guided thresholds gives an additional71

gain, and a quality curriculum adds a further improvement by leveraging utility variance. These72

experiments provide the main controlled evidence for the proposed mixture deduction. We then apply73

the resulting recipe components (top-p mixing, curriculum averaging, and selective repetition) to a74

fully open 2B-scale pretraining run, called KAIYUAN-2B. It serves as a practical end-to-end transfer75

case and exhibits competitive pretraining performance compared to similar scale models (Figure 2).76
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Figure 2: Fully open 2B release case. KAIYUAN-2B
applies the threshold-guided recipe in a full pretraining
run and lies on the frontier of recent fully open models
at a similar scale. Full benchmark tables are in Sec-
tion J.

Our contributions are threefold.77

(1) We formulate open-web recipe design as78

a heterogeneous top-p mixing problem, and79

propose quantile benchmarking to calibrate80

source-specific scores through downstream81

utility.82

(2) We quantify benchmark-dependent83

source ordering, scorer bias, and within-84

source utility variance in widely used open85

curated web corpora.86

(3) We validate benchmarking-guided mix-87

ing and related data-centric strategies88

through controlled 40B-token ablations, and89

apply the resulting recipe in a fully open90

2.2T-token, 2B-scale pretraining run. We re-91

lease all assets (including model weights,92

data, and code) under the Apache 2.0 li-93

cense.194

2 Related Work95

Data recipe in fully open pretraining. Fully open language model pretraining releases not only96

model weights, but also data recipes, hyperparameter settings, and training details [3, 8, 9, 24, 34, 54,97

70, 85, 95]. This transparency supports reproduction, but final data mixtures alone do not explain98

how those mixtures were chosen. The gap matters because available corpora, licensing constraints,99

target capabilities, and token budgets can all change across reproduction settings. Our work focuses100

on this design step, especially mixture design over dominant open-web corpora.101

Data mixing with uniform sampling. Our work is related to data mixture optimization. Methods102

such as DoReMi, RegMix, data mixing laws, MDE, MergeMix, and TiKMiX estimate how mixture103

weights affect downstream or language-modeling performance and search for better source ratios [10,104

43, 71, 74, 79, 84]. These methods are highly relevant, but they usually treat each component domain105

or dataset as a fixed unit and optimize how much to sample from it. In contrast, our top-p mixing106

formulation chooses how deeply to retain each scored corpus. The retained fraction determines both107

the amount of data contributed by that source and the average quality and capability profile of the108

retained subset.109

Score and dataset bias. Score and dataset bias have been observed in prior work. For example,110

Penedo et al. [59] shows that educational filtering changes content coverage, including stronger111

coverage of Wiki-like content. Wettig et al. [78] studies domain organization for processed web data,112

and Su et al. [66] diagnoses partial orthogonality between DCLM and FineWeb-Edu scores. These113

results show that different web corpora and scorers capture different quality signals. Our contribution114

is a quantile-resolved diagnosis: we measure how score regions within each source contribute to115

downstream tasks, and show that higher-score samples can improve knowledge-heavy benchmarks116

while hurting or flattening broader commonsense benchmarks.117

1The 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/.
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Additional discussion appears in Section B.118

3 Problem Setup: Heterogeneous Top-p Mixing119

We consider a set of scored web corpora D1, . . . ,Dm. Each source Di has its own local score function120

si(x) and total available token volume Ni. Here, x denotes a document or training sequence from121

Di. These raw scores are not aligned across sources. They come from different filters and different122

scorers, so they do not share a common numerical meaning.123

In conventional domain mixing, one chooses source weights wi and then samples uniformly within124

each source. This implicitly assumes that each source is internally homogeneous enough for its score125

structure to be ignored. This assumption fails for scored web corpora, as shown in Section 5. The top126

10% of one source can be very different from a uniform sample of the same source, and ignoring this127

difference wastes information produced by the curation pipeline.128

We instead define the recipe by source-specific retention quantiles qi ∈ (0, 100]. For each source,129

we select a retention set Ri(qi) = {x ∈ Di : x belongs to the top-qi% under si}. We use retained130

fraction for the numeric value qi, top-p filtering for the single-source selection action, and top-p mixing131

for the multi-source recipe formed after these selections. The final mixture is the union of retained132

token pools, without an additional source-level resampling weight: M(q1, . . . , qm) =
⋃

i Ri(qi).133

The effective source weight is therefore proportional to the retained token volume, wi(qi) =
Niqi∑
ℓ Nℓqℓ

.134

This makes filtering and mixing coupled. Changing qi changes both the internal quality profile135

of source i and its share in the final token budget. Increasing qi also moves selection deeper into136

lower-scored regions, lowering the average score of the retained subset by construction. Top-p mixing137

is therefore non-trivial even before raw-score incompatibility is considered. It needs a shared utility138

metric that can align heterogeneous source scores; we state the practical assumptions in Section F.139

Quantile benchmarking provides this metric through fine-grained measurements of source-specific140

score regions.141

4 Quantile Benchmarking142

Quantile benchmarking pipeline. We propose quantile benchmarking to estimate how score143

quantiles within a source map to downstream capability. For a chosen source, we first select a set144

of target quantiles Q = {q1, . . . , qK}. Around each quantile, we construct a fixed-size probing145

chunk and train a proxy model on that chunk. We then evaluate the resulting checkpoint on a146

target benchmark suite. Repeating this process yields discrete observations {(qj , yj)} that describe147

how downstream utility changes over the source’s score distribution. These observations serve two148

purposes. They reveal how a scorer behaves across different benchmarks, and they identify benchmark149

dimensions that can serve as shared metrics for top-p mixing. The method assumes that the main150

utility trend can be approximated from a small number of quantile probes. The resulting trends are151

examined in Section 5; resolution limits are discussed below and in Section C.1.152

In our implementation, a probing chunk is defined by a target score quantile and a fixed token budget.153

We first sort each source by its local quality score. Starting from the target quantile boundary, we154

then collect the next fixed-size block of tokens in score order, from high to low. This produces a155

quantile-anchored and token-controlled window in the source-specific score distribution. Additional156

setup details are summarized in Section C.1; we discuss the resulting quantile resolution limitation,157

probing overhead, and cost estimation in Section C.1. For DCLM Baseline and FineWeb-Edu,158

quantiles are computed after global fuzzy deduplication; Nemotron-CC-v2 has a lower duplication159

rate, so we do not apply an additional deduplication step (Section C.1).160

We run quantile benchmarking in two regimes. In the from-scratch regime, the proxy model is161

trained only on the probing chunk. This estimates the chunk’s raw utility. In the resume regime,162

the proxy model starts from a pretrained checkpoint and continues on the probing chunk. This163

estimates its refinement utility. The two regimes provide different views of the same source and help164

us study whether the observed ordering is robust to training context. The whole pipeline of quantile165

benchmarking and representative benchmarking results can refer to Figure 3.166
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Figure 3: Quantile benchmarking and threshold deduction. Panel (a) shows the quantile probing
pipeline: sort each source by its own score, collect fixed-token chunks anchored at selected top-p
boundaries, train proxy checkpoints, and evaluate them on downstream benchmarks. Panel (b)
converts MMLU utility observations into source-specific retained fractions under a 40B-token budget
by fitting monotone utility curves and solving a global threshold. Panels (c)–(e) show representative
probing curves for MMLU and PIQA, restricted to the top-60% region because the induced mixtures
mainly operate in this high-score range. Across different scoring, high-score samples are beneficial
to the MMLU, but hurt PIQA. Resume and from-scratch experiments show overall aligned trends for
MMLU. Section 5 shows finding details.

Difference from top-p filtering evaluation. This procedure differs from standard top-p filtering167

evaluation. A single top-p experiment measures only the cumulative average quality above one168

threshold. It cannot show whether utility changes smoothly, reverses direction, or varies sharply169

inside a high-score region. It also hides variance within a source because all retained samples170

are averaged into one training run. Quantile benchmarking gives a more fine-grained view: each171

probe measures a local region of the score distribution. The right column of Figure 3 illustrates172

why these additional probes are informative: they surface benchmark-dependent utility trends that173

single-threshold filtering would hide.174

5 What Quantile Benchmarking Reveals about Open Web Data175

We apply quantile benchmarking to three representative English web sources: DCLM Baseline [41],176

FineWeb-Edu [59], and Nemotron-CC-v2 [9, 66]. For Nemotron-CC-v2, which does not expose177

per-sample quality scores, we annotate the data with PreSelect scores [64]. We also separately study178

its high-quality (HQ), high-quality synthetic (HQS), and medium-high-quality (MHQ) partitions.179

We focus on these sources for two reasons. First, they are common open-web corpora in fully open180

pretraining, recipe ablations, and data-mixing studies. Second, they represent different curation styles.181

DCLM uses score-based filtering with a lightweight learned scorer. FineWeb-Edu uses educational-182

value refinement with an LLM-involved annotation pipeline. Nemotron uses a heavier refinement183

pipeline with released stratified partitions and additional synthetic data. Quantile benchmarking184

therefore tests both the corpora and the assumptions behind their scoring or refinement pipelines.185

Finding 1: Source ordering depends on the target benchmark. There is no single universally186

best web source. The ordering changes with the benchmark. Figure 1 and the right column of187
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Figure 4: Quantile benchmarking reveals benchmark-conditioned source orderings and large
within-source utility variation. Top row: average resume performance by source on two benchmark
groups. We average over the shared score quantiles 0, 30, and 60. The left panel averages MMLU and
ARC-Easy, while the right panel averages PIQA and HellaSwag. Middle row: score-quantile trends
differ by benchmark within the top-60% region; the gray band connects the upper and lower source
envelopes. The arrows mark the dominant direction. Bottom row: FineWeb-Edu and Nemotron-HQ
both show large ARC-Easy variation across score quantiles in the resume regime. Dashed guides
mark the best and worst probed quantiles.

Figure 3 give a concrete example. FineWeb-Edu and Nemotron-HQS are stronger on MMLU in188

both resume and from-scratch regimes. On PIQA, however, DCLM Baseline and Nemotron-MHQ189

lead among the compared sources. Nemotron-HQ is more balanced, but it still trails Nemotron-HQS190

on MMLU and trails Nemotron-MHQ on PIQA. The top row of Figure 4 summarizes the same191

pattern by averaging over shared quantiles. FineWeb-Edu and Nemotron-HQS are stronger on the192

knowledge-oriented group (MMLU and ARC-Easy), while DCLM and Nemotron-MHQ contribute193

more on the commonsense-oriented group (PIQA and HellaSwag). The practical implication is that194

source comparison should be benchmark-conditioned rather than treated as an absolute ranking, such195

as Nemotron-MHQ can be a good choice when intended for commonsense capability196

Finding 2: Current scorers are strongly knowledge-biased. Prevailing scorers behave more like197

knowledge-oriented utility signals than benchmark-independent quality measures. On knowledge-198

heavy benchmarks such as MMLU and ARC-Easy, higher-score regions usually perform best or199

remain close to the best. However, this trend can weaken or even reverse on broader commonsense200

benchmarks such as PIQA and HellaSwag. For FineWeb-Edu, moving from the highest-score window201

(q = 0) to the q = 60 window decreases ARC-Easy by 8.11 points, but increases PIQA by 1.09 and202

HellaSwag by 1.73 (Figures 1 and 3). DCLM is similar: MMLU decreases by 2.19 and ARC-Easy203

decreases by 6.87, while PIQA increases by 2.24 and HellaSwag increases by 1.27. The middle row204

of Figure 4 makes this contrast explicit. These results show that current scorers encode a capability205

bias: higher score does not always mean higher utility for every target benchmark.206

This bias has direct implications for open-web recipe design. If the target capability is not knowledge-207

oriented, existing scores should be used conservatively; in some score regions, they can even behave208
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like reverse signals for the target benchmark. Recent and concurrent work has started to address209

scorer bias by using benchmark datasets to guide scorer training [51, 73], and prior work has also210

observed that educational or quality classifiers can trade retained volume against benchmark gains and211

over-emphasize particular text styles [59, 78]. Our contribution is to make this bias quantile-explicit:212

we show where along each source distribution the bias appears, how it differs across sources, and how213

it changes the retained fractions used by threshold-based mixing. This suggests that more balanced214

multi-objective scorers are important for data recipes targeting capabilities beyond knowledge-heavy215

evaluation, as a future direction.216

Finding 3: Within-source utility variance is large. Different score quantiles within the same217

source can differ substantially in downstream utility. The bottom row of Figure 4 shows this directly218

on ARC-Easy. In the resume setting, FineWeb-Edu varies by 8.11 points between score quantiles219

0 and 60. Nemotron-HQ varies by 4.76 points between score quantiles 10 and 60. The effect220

also appears on MMLU in Figure 3: for Nemotron-HQ, Nemotron-HQS, and DCLM, the best221

and worst probed quantiles differ by more than 1.5 points. At the scale of a 0.6B proxy model222

trained on 8.4B-token probes, this is a large downstream-utility margin. It is direct evidence that223

uniform-within-source sampling is a poor abstraction for modern scored corpora.224

Finding 4: Ordering is reasonably stable across probing regimes. Although absolute scores225

differ between from-scratch and resume experiments, the relative ordering is often stable. Over shared226

source-quantile units, from-scratch/resume Spearman correlation reaches 0.91 for HellaSwag, 0.85227

for MMLU, and 0.82 for ARC-Easy, although it is lower in others (Table 4). Both setups also agree on228

coarse-grained source-level trends, such as Fineweb-Edu consistently outperforming DCLM Baseline229

on MMLU (Figure 3). This supports using stable benchmarks as utility anchors and motivates future230

work to focus on the resume setting, which shows a less noisy trend.231

Taken together, these findings make two points clear. First, open-web data mixing should not assume232

a single benchmark-independent quality standard. Second, the community’s intuition about these233

corpora is partly right but too coarse. DCLM, FineWeb-Edu, and Nemotron do have distinct strengths,234

but those strengths only become visible when we examine score quantiles and target capabilities235

together. Full quantile plots are provided in Figures 6 and 7.236

Discussion: connection to prior work. These findings help explain several observations in prior237

work and suggest corresponding data-centric strategies. First, stronger filtering is not necessarily238

better [41, 51]. When score distributions are biased toward particular capabilities, more aggressive239

filtering can amplify this bias and reduce average performance. Second, curriculum learning can240

benefit from matching data order with training dynamics [47]. Our observation of large within-source241

utility variance provides a data-side explanation: if high-utility regions are concentrated within a242

source, exposing them at the right stage can improve their effective use. Third, selective repetition can243

improve data efficiency when useful examples are concentrated rather than uniformly distributed [69].244

This is consistent with our finding that top-ranked regions can carry disproportionate benchmark245

utility compared with the rest of the corpus. We test these connections in Section 7, where we adopt246

benchmarking-guided curriculum and selective repetition in our fully open pretraining run. We247

discuss the mechanistic interpretation in more detail in Section C.2.248

6 From Benchmarking to Top-p Mixing249

Quantile benchmarking gives discrete observations, but recipe design needs a concrete retention250

decision for each source. We therefore fit a source-specific utility curve for each scored source.251

Let (qi,j , yi,j) denote the downstream utility of source i at probed retained fractions qi,j . Here, q is252

measured as a top-p percentage of the source, so a larger q means that the retained subset reaches253

deeper into lower-scored data. We fit a monotone decreasing surrogate fi(q) so that y = fi(q), where254

y is the target benchmark utility. The deduction depends on the choice of anchor benchmark: the255

downstream benchmark used as the shared utility axis for converting source-specific score quantiles256

into retained fractions. We discuss this choice below and test its robustness in Section F.257

From discrete probes to an operational utility curve. The monotonicity constraint is operational258

rather than literal. Empirical curves can be noisy, and they can also be mildly non-monotone,259

especially on biased or low-signal benchmarks. We enforce monotonicity because mixture deduction260
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Table 1: Controlled 40B-token ablations. Core averages MMLU, ARC-C, ARC-E, and CSQA
(Section D for details). Avg. averages the full eight-task suite reported in Table 8; this main-text table
shows five representative tasks for space. The subscripts on Avg. and Core report the absolute margin
over the uniform baseline. Positive margins are shown in green.

Method Mixture Curriculum MMLU ARC-C ARC-E CSQA PIQA Avg. Core
Baseline Uniform Random 34.49 34.58 72.84 59.79 74.27 55.470.00 50.430.00
Top-p Mixture Vanilla Top-p Random 35.79 36.95 71.60 60.28 73.39 55.54+0.07 51.16+0.73
QB Quantile-Based Random 36.51 36.95 74.60 59.62 73.07 55.68+0.21 51.92+1.49
QB-Asc Quantile-Based Ascending 36.65 38.64 75.66 58.72 74.92 56.43+0.96 52.42+1.99

needs a stable inverse map from target utility to retained fraction. The fitted curve therefore does261

not claim that every underlying benchmark curve is perfectly monotone. It provides an approximate262

surrogate for threshold selection. We give the exact constrained fitting procedure in Section F.263

Global-threshold deduction. Once these curves are available, mixture deduction reduces to thresh-264

old search. Let Ni be the available token volume of source i. For a global utility threshold T , source265

i contributes Vi(T ) = Ni ·
f−1
i (T )

100 tokens. Under a total token budget D, we iteratively search266

for a shared threshold T ∗ such that
∑

i Ni ·
f−1
i (T∗)

100 = D. This yields source-specific retained267

fractions q∗i = f−1
i (T ∗) automatically. We clamp the inverse map to the feasible probed interval:268

out-of-range thresholds correspond to retaining either the shallowest available high-score region or269

the full candidate pool allowed by the recipe. If several fractions have nearly the same fitted utility,270

we use the shallowest feasible fraction to avoid adding lower-scored data without a clear utility gain.271

Figure 3 panel (b) illustrates this thresholding procedure.272

Choosing an anchor benchmark. The anchor is not meant to be a universal measure of data273

quality. It is a practical utility proxy under a constrained open-pretraining setting: the web corpora274

and their scorers are already given, and the remaining decision is how to expose and use their shared275

implicit bias. In our measurements, the shared bias is strongest for knowledge-oriented benchmarks.276

MMLU and ARC-Easy show more stable source ordering and more usable monotone trends than277

broader commonsense benchmarks such as PIQA and HellaSwag. We therefore use MMLU-oriented278

utility for the main threshold deduction, while reporting anchor-robustness tests in Section F. This279

choice predicts that gains should concentrate on knowledge-oriented metrics, a pattern we test in the280

controlled ablations. It is a passive choice forced by the available scorers, not the ideal end state.281

A better future pipeline would first specify the target capability family, then design or train scorers282

explicitly aligned with that utility.283

7 Validation in Controlled Experiments and Open Pretraining284

7.1 Controlled Validation at 40B Tokens285

Step-by-step validation. We validate the framework with a Qwen3-1.7B variant and 1×Chinchilla286

setup, with setup details in Section D. The ablation progresses through four stages: uniform mixing287

as baseline, vanilla top-p mixing, quantile-benchmarking-guided mixing, and an additional ascending288

quality curriculum. Uniform mixing samples from the downsampled sources with weights propor-289

tional to source size. Vanilla top-p mixing chooses retained fractions such that the effective weights290

wi(qi) in Section 3 remain proportional to source size. Quantile-benchmarking-guided mixing fol-291

lows Section 6, and the curriculum version adopts the curriculum model averaging strategy detailed292

in Sections B and E.293

This design tests three claims in order. (1) Source-internal scores are useful, measured by vanilla top-p294

mixing over uniform mixing. (2) Benchmark-guided threshold deduction improves over heuristic295

top-p filtering. (3) Curriculum can add further gain by exploiting within-source utility variance.296

Additional setup, Core suite evaluation, and mixture details are in Section D.297

The results support this interpretation. Moving from uniform mixing to equal top-p filtering improves298

the Core suite by +0.73. Moving from equal top-p filtering to quantile-benchmarking-guided299

thresholds adds another +0.76. In this ablation, correcting the relative retained fractions gives a gain300

comparable to the gain from score-based filtering itself. Adding the quality curriculum yields an301

additional positive gain of +0.50.302
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What the trade-off tells us. The trade-off pattern is also informative. Knowledge-intensive metrics303

improve the most. Some broader commonsense metrics remain flat, and some slightly degrade in the304

full eight-task table (Table 1). This pattern is expected under the scorer-bias findings: current scorers305

are knowledge-biased, and the MMLU-oriented anchor benchmark optimizes knowledge-heavy utility.306

The validation therefore does more than report a better average. It connects the empirical findings to307

the behavior of the final recipe.308

7.2 Curriculum and Selective Repetition309

Table 2: Curriculum and selective-
repetition pilots. Core averages MMLU,
ARC-C, ARC-E, and CSQA. Detailed
eight-task results are in Table 9.

Method Retain MMLU ARC-E PIQA Avg. Core

Uniform 100% 30.77 61.05 72.42 50.56 46.21

CMA 100% 31.68 61.93 71.71 50.99 46.89

Filter&Repeat 13.8% 32.99 61.75 71.71 48.87 44.14
Filter&Repeat 33.4% 32.44 61.93 72.09 50.83 46.65
Filter&Repeat 77.4% 31.68 60.70 72.52 50.49 45.83

Motivated by Section 5, we also test data-centric strategies310

that are connected to the utility bias-variance observations.311

The curriculum run follows the CMA setting [47]: it sorts312

data in ascending quality order and averages the last six313

checkpoints. The Filter&Repeat runs retain different top-314

p fractions and repeat them to match the baseline token315

budget [69]. Full setup details are in Sections D and E.316

The results mirror the quantile-benchmarking findings.317

CMA improves the Core average, suggesting that an318

ascending-quality schedule can exploit within-source util-319

ity variance. Filter&Repeat improves MMLU strongly at320

small retained fractions, but the most aggressive setting321

hurts the average and Core suite. This matches the bias pattern in Section 5: concentrating on322

high-scored tails can amplify knowledge-oriented utility while narrowing the data distribution. These323

supportive pilots motivate carrying curriculum and the moderate Filter&Repeat strategy into the final324

open pretraining recipe, since they provide benefits on the intended capabilities and show moderately325

better average performance.326

7.3 Open 2B Pretraining327

Data recipe in fully open pretraining. We next apply the resulting recipe to the fully open328

KAIYUAN-2B pretraining run. The model serves as a practical transfer test of the framework and as329

a fully open release case.330

The final recipe uses several practical extensions, including approximate top-p mixing, selective331

repetition, and late-stage curriculum with model averaging, discussed in prior sections. We also adopt332

phase-wise domain mixture evolution following prior work [3]. These ingredients are not individually333

new. Instead, the 2B run applies the data-valuation view suggested by quantile benchmarking, and334

supported by the controlled ablations, into a practical scaling setting. We adapt heterogeneous mixing335

on FineWeb-Edu and DCLM Baseline, resulting in the phase mixture shown in Table 13. We provide336

the concrete curriculum and selective-repetition construction in Section E.337

On targeted Chinese, mathematics, and coding benchmarks, KAIYUAN-2B achieves an average of338

46.05. In Figure 2, it reaches the parameter-efficiency Pareto frontier among similarly scaled fully339

open baselines in our comparison, and it remains competitive with larger models in focused domains.340

On reasoning and knowledge benchmarks, KAIYUAN-2B averages 67.74. This matches YuLan-341

Mini-2.4B while using fewer effective backbone parameters, and it outperforms SmolLM2-1.7B342

within the fully open group. The compact comparison in Figure 2 previews this release result, while343

full benchmark tables, parameter breakdowns, and evaluation settings are provided in Sections H344

and J. The datasets, training recipe, and data preprocessing framework are all open-source.345

8 Conclusion346

We first model the open-web pretraining data design into a heterogeneous top-p mixing problem. We347

then propose quantile benchmarking to make this decision measurable by mapping source-specific348

score regions onto a shared benchmark utility scale. Our measurements reveal benchmark-dependent349

source ordering, large within-source utility variance, and a clear knowledge bias in current scorers;350

threshold deduction turns these observations into source-specific retained fractions. Controlled351

ablations validate the recipe, and the fully open KAIYUAN-2B run demonstrates an end-to-end352

application. We release the model, recipe, and diagnostics so that these data decisions are inspectable353

and reproducible.354
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A Limitations and Discussion962

The main limitation of our framework is benchmark dependence. Quantile-benchmarking-guided963

thresholding optimizes the recipe for a target capability proxy. It does not optimize for an all-purpose964

notion of quality. This is why knowledge-oriented anchors produce stronger gains on MMLU and965

ARC than on broader commonsense tasks.966

A second limitation is that current web scorers are mostly one-dimensional. They compress many967

aspects of data quality into one local score. This makes scorer bias hard to avoid. Our findings968

suggest that future recipe design should move toward multi-objective or multi-dimensional scoring969

rather than searching for a single benchmark-independent quality number.970

A third limitation is validation scale. Our strongest disentangled evidence comes from controlled971

40B-token experiments. The fully open 2B run provides an end-to-end transfer case. However, we972

do not exhaustively rerun trillion-token training under multiple seeds or many alternative anchor973

benchmarks because of compute cost.974

A fourth limitation is release compatibility. Some sources, such as Nemotron, perform well under975

proxy benchmarking but are not compatible with a fully redistributable open-data release. This means976

that the best benchmark-guided source is not always the one that can appear in a fully open final977

recipe.978

Broader impacts. Our framework can help academic groups study pretraining data recipes with979

lower cost and better reproducibility. This is a positive outcome for open research. At the same time,980

any method that improves general-purpose language model pretraining can also strengthen systems981

that may be misused for harmful text generation. In addition, benchmark-conditioned recipe design982

can amplify existing scorer bias if it is applied without care. These risks further motivate better scorer983

design, clearer licensing practice, and more balanced multi-objective data selection.984

Future directions. These limitations also point to future work. A natural next step is multi-objective985

threshold deduction that explicitly balances knowledge-heavy, commonsense, multilingual, code,986

and math targets. Another is to measure ordering stability more quantitatively, for example through987

rank correlation across probing regimes and benchmark families. A third is to study how quantile988

benchmarking should interact with multi-phase scheduling decisions when the final recipe includes989

curriculum, repetition, and domain transitions simultaneously.990

AI assistant usage. AI tools were used only for writing support. They were not part of the scientific991

method or the experimental pipeline.992

B Additional Related Work993

Fully open pretraining and curated web corpora. Fully open pretraining efforts have made994

language-model recipes increasingly reproducible by releasing model weights, training data, code,995

logs, ablation protocols, and detailed data compositions [3, 8, 9, 24, 34, 54, 70, 85, 95]. These996

reports show that modern open recipes are built from mixtures of curated web text and more targeted997

sources such as code, mathematics, scientific text, multilingual text, and instruction-style data. They998

also reveal a persistent gap between fully open models and strong open-weight systems such as999

Qwen [81–83], making recipe design and data use increasingly central.1000

Additionally, earlier efforts such as Pythia [13], TinyLlama [89], StableLM 2 [11], OpenELM [48],1001

MiniCPM [33], and Phi [1, 2, 36] also helped establish the value of transparent small- and medium-1002

scale pretraining. These works differ from ours mainly in focus. Many emphasize model release or1003

reproducibility of a full pipeline, while we focus on the specific scientific problem of how to compare1004

and mix scored open-web corpora.1005

Open curated web corpora are a major part of this design space. RedPajama, RefinedWeb, DCLM1006

Baseline, FineWeb-Edu, Nemotron-CC, and related datasets provide large processed web collections,1007

often together with filtering pipelines, quality annotations, or classifier scores [21, 41, 58, 59, 64, 66].1008

They have become common infrastructure for fully open pretraining, data-mixing studies, and recipe1009

ablations [47, 70, 77, 78]. However, existing reports mostly document the final mixtures that were1010
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used, rather than provide a general way to decide how much of each scored web corpus should be1011

retained. Our work focuses on this missing design problem: given several large curated web sources1012

with their own scores, how should a recipe choose source-specific top-p retained fractions under a1013

fixed token budget?1014

Data curation, scoring, and filtering. Data curation consistently improves open-web pretraining1015

quality. Prior work studies heuristic filtering, learned quality classifiers, proxy-model selection,1016

classifier ensembling, and selective refinement [9, 41, 51, 59, 64, 66]. These works are important1017

because they show that scorer-guided filtering can produce better training corpora. In most cases,1018

however, the scorer is evaluated by selecting a high-score subset, training on the filtered data, and1019

comparing the resulting model with models trained on less-filtered or differently filtered data. This1020

establishes that filtering helps, but it gives a relatively coarse view of what the scorer prefers.1021

Several observations in prior work already suggest that scorer behavior is not one-dimensional. For1022

example, different filtering pipelines can preserve different regions of the web distribution, and1023

classifier-based curation can trade off benchmark quality against retained token volume [41, 59, 66].1024

Such results implicitly point to scorer bias and source mismatch. Our work makes these effects1025

explicit and systematic. Instead of evaluating only one retained top-p subset, quantile benchmarking1026

probes multiple score quantiles from each source and evaluates the resulting proxy checkpoints. This1027

lets us measure benchmark-dependent source ordering, within-source utility variance, and scorer1028

bias across the score distribution. In this sense, our goal is not to propose another web filter, but to1029

evaluate and calibrate existing corpus-provided scores so that they can be used more reliably in open1030

recipe design.1031

Data mixing and selection methods. Our work is also related to data mixture optimization. Meth-1032

ods such as DoReMi, RegMix, and data mixing laws estimate how different source mixtures affect1033

downstream or language-modeling performance and use this signal to optimize domain or dataset1034

weights [43, 79, 84]. Recent efficient mixture-search methods, including MDE, DeMix/MergeMix,1035

TiKMiX, and related approaches, further reduce the cost of mixture search by using proxy models,1036

regression, online adaptation, or model merging to infer better data ratios [10, 42, 71, 74]. These1037

methods are highly relevant, but they usually take the candidate domains or datasets as the units of1038

optimization. In other words, they ask how much weight to assign to each source, often assuming1039

that sampling within each source is uniform or already fixed.1040

Our setting changes the interface of the problem. For scored web corpora, the key decision is not1041

only the source-level mixture weight, but also which top-scoring fraction of each source is retained1042

before mixing. This matters because curated web corpora are not internally homogeneous: different1043

score regions within the same source can support different downstream capabilities. Heterogeneous1044

top-p mixing therefore treats filtering and mixing as a coupled problem. The source-specific retained1045

fraction determines both the internal quality profile of the retained subset and its contribution to the1046

final token budget.1047

Influence-based and group-level data selection methods, such as Group-MATES, BLISS, and related1048

learned selection approaches, are also connected to our work [26, 87]. These methods learn model-1049

aware scores or group utilities for selecting training data. In addition, the proxy experiment framework1050

is related to prior work. Wang et al. [75] also proposes to evaluate data by resuming from a checkpoint.1051

By contrast, our method starts from a practical constraint common in open pretraining: large web1052

corpora already come with source-specific scores, and these scores are not calibrated to one another.1053

Quantile benchmarking is therefore complementary to mixture search and learned selection. It first1054

turns heterogeneous within-source scores into benchmark-conditioned utility estimates; standard1055

mixture-search or selection methods could then be applied on top of the retained subsets. For1056

this reason, we compare primarily against uniform mixing and heuristic top-p filtering, which are1057

the direct baselines for the filtering-and-mixing interface studied here, while discussing broader1058

mixture-search methods as complementary tools rather than drop-in replacements.1059

Curriculum and repetition. Our work also connects to curriculum learning, repeated exposure, and1060

late-stage data scheduling [47, 52, 69, 80]. Luo et al. [47] identify a mismatch between curriculum1061

schedules and training dynamics, and propose to use model averaging to replace learning rate decay or1062

use moderate LR decay. Tirumala et al. [69] investigates improving data efficiency by deduplication1063

and selectively repeating high-quality data. We do not claim these ingredients are individually1064
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Across sampled documents: Pearson r (linear) = 0.12; Spearman ρ (rank) = 0.13.

Figure 5: FineWeb-Edu and DCLM scores are almost uncorrelated on a shared document
sample. In each panel, the x-axis orders the same documents by one scorer. The left y-axis shows the
sorting scorer, which becomes monotone by construction. The right y-axis shows the other scorer
at the same document indices, which remains close to noise rather than following the sorted trend.
This illustrates why raw scores from different web corpora should not be compared with a shared
threshold. The rolling mean uses convolution with a window length of 13. Similar observations are
reported in Su et al. [66].

Table 3: Training hyperparameter configurations for quantile benchmarking.

Training from Scratch

Parameter Value

Learning Rate 1× 10−3

Batch Size 512 sequences
Warmup Steps 400
Total Steps 4,000

Continual Training

Parameter Value

Peak Learning Rate 1× 10−3

Final Learning Rate 1× 10−5

Batch Size 2048 sequences
Total Steps 1,000

new. Instead, our results provide a data-valuation view that helps explain why they can be useful in1065

open-web pretraining. Large within-source utility variance suggests that the order and frequency with1066

which different score regions are seen can matter; scorer bias further suggests that these schedules1067

should be interpreted relative to the target capability profile of the recipe.1068

C Quantile Benchmarking Results and Discussions1069

C.1 Detailed Quantile Benchmarking Results1070

Quantile benchmarking settings. The from-scratch quantile probes use a Qwen3-0.6B-scale1071

model and approximately 8.4B probe tokens per run. The resume probes start from a checkpoint1072

trained on approximately 367B deduplicated DCLM tokens and then continue for approximately1073

8.4B probe tokens. It adopts the AdamW optimizer with weight decay, β1, β2 as in Table 17. The1074

from-scratch run uses a constant LR schedule, following setup in Table 3, and the resume run uses a1075

linear decay, resuming from a constant LR trained checkpoint, and decay to near-zero learning rate,1076

shown in Table 3.1077

PreSelect scoring and deduplication. Nemotron-CC-v2 does not release aligned per-sample scores1078

in the same way as DCLM or FineWeb-Edu. We therefore rescore it with PreSelect [64], using the1079

lightweight released FastText model as a common proxy for its internal ordering. For DCLM and1080

FineWeb-Edu, we first apply global fuzzy deduplication before quantile benchmarking. The quantiles1081

are then computed on the deduplicated corpora, not on the original raw corpora. This is important1082

because the score distribution and the retained token volume both change after deduplication. 21083

Quantile resolution and overhead. Because each probing chunk has a fixed token budget, the1084

quantile width covered by one window depends on the total source size after deduplication. A1085

2The Nemotron-CC-v2 duplication rate is relatively smaller and we do not perform additional deduplication.
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Table 4: From-scratch/resume ordering consistency over shared source-quantile units. We report
Spearman rank correlation on the shared score quantiles 0, 30, 45, and 60.

Benchmark Spearman Interpretation

HSwag 0.91 highly stable
MMLU 0.85 highly stable
ARC-E 0.82 highly stable
SIQA 0.66 moderately stable
CSQA 0.36 weakly stable
ARC-C 0.04 unstable

smaller source is therefore probed at coarser quantile resolution than a larger source. In our main1086

English experiments, each probing run uses approximately 8.4B tokens, and benchmarking five1087

quantiles consumes 42B probe tokens in total for one dominant source. The main deduplicated1088

candidate pools are still large: DCLM Baseline and FineWeb-Edu exceed 600B and 190B tokens in1089

the relevant recipe tables, so one 8.4B-token probe covers only a small slice of each score distribution.1090

We nevertheless treat this as a resolution limitation rather than a fully ablated design choice, and1091

account for it when interpreting the discrete probes. The method is designed to be cheap enough for1092

recipe development, especially for large web corpora, where a small change in retained fraction can1093

move many tokens. Consequently, the compute cost for the 0.6B model trained on 42B tokens is1094

approximately (0.6× 42)/(2× 609) ≈ 2.07% relative to the one-pass training on the dedup-DCLM1095

Baseline dataset. In the final end-to-end application, the 0.6B-scale probing experiments for five1096

DCLM quantiles account for less than 0.6% of the total pretraining budget in Section 7. We therefore1097

view quantile benchmarking as a lightweight recipe-search overhead rather than a separate large-scale1098

pretraining stage.1099

Ordering is reasonably stable across probing regimes. This stability is not uniform across1100

benchmarks, and that is itself informative. Over the shared source-quantile units, from-scratch/resume1101

Spearman rank correlation reaches 0.91 for HellaSwag, 0.85 for MMLU, and 0.82 for ARC-Easy.1102

In contrast, it is only 0.36 for CSQA and 0.04 for ARC-Challenge. Some benchmarks are therefore1103

much better anchors than others. This aligns with recent work on benchmark signal-to-noise ratio [29].1104

In particular, MMLU and ARC-Easy are not only knowledge-oriented, but also far more stable for1105

recipe deduction. We summarize these values in Table 4.1106

Full quantile benchmarking plots. We provide the full quantile plots here. The main paper uses1107

representative findings, while this appendix preserves the full visual evidence across benchmark1108

families and probing regimes. Results in Figures 6 and 7.1109

C.2 Discussion: Connection to Prior Work1110

Quantile benchmarking and the controlled results also provide a common lens for understanding prior1111

work.1112

Why a smaller filtering ratio does not contribute to better performance. Methods such as1113

BETR [51] study how performance changes with different filtering ratios under a fixed scorer.1114

They find that making the retained fraction smaller does not always improve average performance,1115

especially when the retained fraction is already low. Quantile benchmarking gives one explanation.1116

The highest-scored region can be biased toward some benchmarks, or it can be unstable. Filtering1117

more aggressively can therefore improve one capability while hurting the average.1118

Why curriculum can work. Curriculum methods become more meaningful once the within-source1119

utility variance is large. Recent work shows that curriculum learning can help when it is paired with1120

a training dynamic that keeps late high-quality data from being under-trained [47]. Our findings1121

explain why this condition appears in scored web corpora: even within strong curated sources, the1122

gap between better and worse score quantiles can be several benchmark points. Moving high-utility1123

partitions toward later training stages lets the model spend more final updates on data aligned with1124

the target capability. This explains why the ascending curriculum still improves the controlled 40B1125
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Figure 6: Understanding- and commonsense-oriented quantile plots.
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Figure 7: Knowledge-oriented quantile plots.
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Table 5: Training hyperparameter configurations for the controlled 40B-token top-p mixing ablation
and the 30B-token curriculum and selective repetition ablation.

Top-p mixing runs

Parameter Value

Peak Learning Rate 1× 10−3

Final Learning Rate 1× 10−5

Global Batch Size 1024 sequences
Context Length 4096
Total Steps 10,000
Decay Steps 2,500
Warmup Steps 500

Curriculum and selective repetition runs

Parameter Value

Peak Learning Rate 3× 10−3

Final Learning Rate 1× 10−3

Global Batch Size 512 sequences
Context Length 4096
Total Steps 15,375
Decay Steps 2,875
Warmup Steps 768

ablation after the mixture has already been corrected. The curriculum pilot in Table 2 provides a1126

small-scale reproduction of this effect.1127

Why repetition and D4-style designs can work. The same utility-distribution view also explains1128

selective repetition and related designs such as D4 [69]. If the highest-utility portion of a source1129

is concentrated in a relatively small tail, then repeating that tail can improve parameter efficiency1130

under a fixed token budget. Repetition helps when the marginal utility of the best retained region is1131

high enough to justify extra exposure. The selective-repetition pilot in Table 2 is consistent with this1132

picture: mild repetition of a refined subset helps, while more aggressive repetition can over-specialize1133

toward a narrow capability slice.1134

D Detailed Ablation Results1135

This section provides the full controlled ablation materials referred to in the main paper.1136

Experiments setup. The controlled ablations use the 2B-scale architecture family used in the final1137

application run. The architecture follows Qwen3-1.7B but unties word embeddings, resulting in1138

about 1.4B non-embedding parameters and about 0.6B embedding parameters. The LR schedule1139

uses WSDSC [46]. Each run is trained for approximately 40B tokens. The training hyperparameter1140

setup refers to Table 5. The main comparison changes only the data interface: uniform source1141

sampling, vanilla top-p filtering, quantile-benchmarking-guided top-p filtering, and the same QB1142

mixture with an ascending instance-level curriculum. The token count is approximate because1143

distributed preprocessing and source sharding make exact token equality inefficient.1144

The ablation candidate pool is constructed before applying the four strategies. We uniformly sample1145

approximately 50B tokens from each of FineWeb-Edu, DCLM Baseline, and Nemotron-CC-v21146

(51.4B, 51.7B, 51.9B, respectively), and then attach the corresponding source-specific quality scores;1147

Nemotron-CC-v2 uses PreSelect scores [64]. All percentages in Table 6 are percentages of the final1148

40B-token mixed dataset, while the top-p retained fractions are measured against these approximately1149

50B-token candidate pools. The vanilla top-p baseline keeps roughly equal final token contributions1150

from the three sources and fills each quota with the highest-scored tokens from the corresponding1151

candidate pool.1152

In practice, we use top-p sampling on documents rather than directly on tokens, so there are some1153

approximations. The detailed selection table sees Table 7, where we top-p sample from candidate1154

documents and obtain the final mixtures.1155

The curriculum and selective repetition experiments use the Qwen2.5-1.5B model without shared1156

embedding and are trained on 30B tokens. The training hyperparameter setup detail is also shown in1157

Table 5. For the curriculum averaging setup, we use a 0.21B checkpoint interval and average over the1158

last 6 checkpoints.1159
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Table 6: Detailed data mixture compositions for the controlled ablation experiments. Token counts
are after source selection and preprocessing. Percentage is the token share inside the final mixed
40B-token dataset, not the retained fraction relative to the full raw corpus. The underlying Ni for the
threshold equation is the approximately 50B-token candidate pool sampled from each source for this
ablation.

Configuration Dataset Sampling Method Total Tokens (B) Percentage

Baseline
FineWeb-Edu Uniform 15.23 34.5%
DCLM Baseline Uniform 13.38 30.3%
Nemotron-CC-v2 Uniform 15.49 35.1%

Top-p Mixture
FineWeb-Edu Top-p Filtered 14.05 33.0%
DCLM Baseline Top-p Filtered 13.57 31.8%
Nemotron-CC-v2 Top-p Filtered 14.94 35.1%

QB / QB-Asc
FineWeb-Edu QB Threshold 16.14 38.6%
DCLM Baseline QB Threshold 4.05 9.7%
Nemotron-CC-v2 QB Threshold 21.61 51.7%

Table 7: Data mixture construction for the controlled ablation experiments. Candidate tokens are
sampled before thresholding, with approximately 50B tokens from each source. Doc top-p denotes
the document-level retained fraction used to choose the threshold. Because the threshold is applied
at the document level, the resulting token retention can differ from the nominal doc top-p. Mixture
share is the token share within the final mixed dataset.

Configuration Dataset Candidate Docs Candidate Tokens Doc Top-p Retained Tokens Token Retention Mixture Share
(M) (B) (B)

Top-p Mixture
FineWeb-Edu 51.1 51.4 27% 14.1 27.3% 33.0%
DCLM Baseline 40.8 51.7 33% 13.6 26.2% 31.9%
Nemotron-CC-v2 66.2 51.9 31% 14.9 28.8% 35.1%

QB / QB-Asc
FineWeb-Edu 51.1 51.4 31% 16.1 31.4% 38.6%
DCLM Baseline 40.8 51.7 13% 4.1 7.8% 9.7%
Nemotron-CC-v2 66.2 51.9 41% 21.6 41.6% 51.7%

For evaluation, performance gains are particularly notable in the “Core” set3, which consists of1160

high-signal benchmarks used to distinguish model capabilities [29].1161

E Curriculum and Selective Repetition Details1162

This section records how we implement curriculum and selective repetition in the fully open1163

KAIYUAN-2B application run and how they connect to the quantile-benchmarking view.1164

E.1 Multi-Dataset Curriculum Construction1165

The goal of the instance-level curriculum is simple: keep the phase-level source mixture stable, but1166

present higher-scored samples later inside each phase. This matters because late training steps and1167

late checkpoints have a strong effect on the final model. If source mixtures were implemented by1168

concatenating datasets, the model would see large distribution jumps. We instead interleave sources1169

after normalizing their within-source ranks.1170

For each source Di, let ri(x) denote the local rank of sample x after sorting by the source’s own1171

quality score in ascending order. We compute a global rank1172

R(x) = ri(x) ·
Ntotal

|Di|
,

where Ntotal =
∑

i |Di|. In this equation, Di denotes the retained partition of source i used in1173

the current phase, not the original unfiltered corpus. Sorting all samples by R(x) gives a globally1174

interleaved curriculum. The key property is that a phase can maintain its target mixture ratios while1175

still making the average local quality increase over training time. This is the implementation behind1176

the “ascending” curriculum used in the controlled ablation of Tables 1 and 8.1177

3including MMLU [31], ARC-Easy and ARC-Challenge [17], CSQA [68]
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Table 8: Detailed downstream evaluation results for the controlled ablation configurations. Avg.
averages all eight visible benchmark columns in this table. Core averages MMLU, ARC-Challenge,
ARC-Easy, and CSQA. Avg. and Core subscripts report the absolute margin over the uniform baseline.
Positive margins are shown in green.

Method Mixture Curriculum MMLU ARC-c ARC-e BoolQ CSQA PIQA SIQA Wino. Avg. Core
Baseline Uniform Random 34.49 34.58 72.84 64.95 59.79 74.27 48.67 54.14 55.470.00 50.430.00

Top-p Mixture Vanilla Top-p Random 35.79 36.95 71.60 64.34 60.28 73.39 47.70 54.30 55.54+0.07 51.16+0.73
QB Quantile-Based Random 36.51 36.95 74.60 63.39 59.62 73.07 48.16 53.12 55.68+0.21 51.92+1.49
QB-Asc Quantile-Based Ascending 36.65 38.64 75.66 65.57 58.72 74.92 47.44 53.83 56.43+0.96 52.42+1.99

Table 9: Selective repetition and curriculum-learning pilot results.

Method Retain MMLU ARC-c ARC-e CSQA OBQA PIQA SIQA Wino. Avg. Core
Uniform 100% 30.77 42.14 61.05 50.86 45.20 72.42 45.75 56.27 50.56 46.21

CMA 100% 31.68 41.47 61.93 52.50 46.00 71.71 45.39 57.22 50.99 46.89
Filter&Repeat 13.8% 32.99 35.79 61.75 46.03 42.00 71.71 44.37 56.35 48.87 44.14
Filter&Repeat 33.4% 32.44 41.14 61.93 51.11 43.80 72.09 45.34 58.80 50.83 46.65
Filter&Repeat 77.4% 31.68 38.46 60.70 52.50 45.00 72.52 45.80 57.22 50.49 45.83

E.2 Phase-Wise Selective Repetition1178

Selective repetition uses the same utility-tail intuition as threshold deduction. If the highest-scored1179

part of a source has much higher marginal utility than the rest, then a fixed token budget should not1180

spend equal exposure on all regions. Instead, later phases can retain a smaller and higher-scored1181

subset, so the best tail receives multiple exposures while the lower-scored tail is seen fewer times.1182

The FineWeb-Edu schedule in Figure 9 illustrates the exposure pattern. The top 10% region appears1183

in Phases 2–5. The 10–30% band appears in Phases 2–4. The 30–50% band appears in Phases 2–3,1184

and the remaining 50–100% region appears only in Phase 2. This practice follows prior work like1185

SmolLM2 [3]: later exposures operate on a smaller and higher-utility tail.1186

The pilot results in Table 2 show why the schedule should be moderate. Repeating a refined subset can1187

improve parameter efficiency, but overly aggressive repetition can over-specialize toward a narrow1188

capability slice. In the final recipe, we therefore cap repetition by the number of training phases and1189

use repetition as a controlled extension of the threshold view rather than as an unconstrained data1190

amplification trick.1191

E.3 Instruction-Style Data in Late Pretraining1192

The final KAIYUAN-2B recipe includes a small amount of instruction-style and downstream-style1193

data in the last phases, as recorded in Tables 15, 16 and 18. This is a common practical choice in1194

recent open recipes: late instruction-style mixtures can act as a warmup for later supervised tuning,1195

reduce the distribution shift between base pretraining and downstream adaptation, and stabilize1196

behavior on structured prompt formats. YuLan and OLMo-style open recipes similarly include1197

curated high-value or instruction-like components in late training stages [34, 70, 95]. For fairness,1198

we have excluded all evaluation test splits from the downstream-style training mixture.1199

This design also creates an attribution caveat. The 2B release case should not be read as a pure1200

causal ablation of open-web quantile benchmarking alone. It is an end-to-end application recipe1201

that combines threshold-guided web selection with phase-wise domain mixtures, selective repetition,1202

curriculum, and small late-stage instruction-style components. The controlled 40B-token ablation in1203

Tables 1 and 8 is the cleaner evidence for the effect of quantile-guided top-p selection. For fairness,1204

the comparison tables use base checkpoints without separate post-training.1205

F Utility Fitting and Mixture Deduction1206

Monotone Fitting Details The threshold-deduction step needs an inverse map from benchmark1207

utility to a retained top-p fraction. Raw quantile probes do not always provide such a map directly1208
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Dataset A (Web) 3.2 7.8 5.1 6.9 4.5 8.2 2.9

Dataset B (Math) 6.5 4.1

Dataset C (Code) 5.8 3.6 7.2 4.9 6.3

Datasets with quality scores use their provided values;
datasets without such annotations use random scores.
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Maintains: (1) Within-dataset ordering; (2) Across-dataset mixing ratios.

Step 3: Rank Rescaling & Global Interleaving (Final Curriculum)

Multi-Dataset Curriculum Construction
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3

Figure 8: Multi-dataset curriculum construction. This schematic shows how we build an instance-
level curriculum when sources have different local quality scores. We first sort each source by its own
score. We then rescale each sample’s local rank to a shared global rank and interleave the sources by
that rank. The procedure preserves the intended source mixture while moving higher-scored samples
toward later training steps. Sources without quality scores are shuffled by assigning random ranks.

because the observed benchmark values can be noisy. We therefore fit a conservative monotone1209

surrogate before interpolation.1210

For one source and one anchor benchmark, let the probed points be {(qj , yj)}Kj=1, sorted by increasing1211

retained fraction qj . Larger qj means that the retained subset reaches deeper into lower-scored data.1212

We solve1213

min
ŷ1,...,ŷK

K∑
j=1

(ŷj − yj)
2

subject to1214

ŷj − ŷj+1 ≥ ϵ, j = 1, . . . ,K − 1.

We use ϵ = 10−3 in the plotting and threshold scripts. This small margin removes flat inversions1215

without materially changing benchmark values. After obtaining the fitted values ŷj , we build a1216

shape-preserving PCHIP interpolator over (qj , ŷj). For thresholds outside the probed range, we1217

use linear head or tail extrapolation with a non-positive slope bounded by −ϵ. The inverse is then1218

clamped to the valid interval [0, 100]: thresholds above the best attainable fitted utility map to 0%,1219

and thresholds below the worst full-source utility map to 100%.1220

The threshold T ∗ is then found by grid search. The retained fraction for each source is obtained by1221

inverting its fitted curve at T ∗. In the controlled 40B-token ablation, the token volumes Ni are the1222

approximately 50B-token candidate pools sampled for that ablation, not the full raw corpus sizes.1223

This convention matches the ablation table and avoids a misleading comparison in which uniform1224

and heuristic top-p baselines would sample only from the absolute tip of multi-trillion-token corpora.1225

Discussion on top-p mixing assumptions. The formulation of top-p mixing relies on two practical1226

assumptions. First, the local scores must contain some useful signal: retaining a higher-scored top-p1227
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Figure 9: Selective repetition through phase-wise top-p schedules. The plot shows the FineWeb-
Edu-Dedup schedule used as a representative example. Phase 2 uses the full retained source. Later
phases progressively narrow the retained subset to the top 50%, 30%, and 10%. As a result, the
highest-scored 10% tail is reused across all later phases, while lower-scored regions receive fewer
exposures.

Table 10: Performance across Chinese, mathematics, and coding benchmarks.

Model Name Params
Chinese Math Code

AvgC-Eval CMMLU GSM8K MATH sanitized-MBPP HumanEval
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.

fraction should help at least one capability dimension. Second, the sources must share at least one1228

target capability dimension that can serve as a common utility metric. If lower-scored regions are1229

consistently better, or if the score distribution has no relation to downstream utility, then threshold1230

deduction is not the right tool. In that case, quantile benchmarking is still useful as a diagnostic, but1231

it should not be used as an optimization procedure without redesigning the scorer or target metric.1232

Boundary cases in threshold. For completeness, we clamp the inverse map at the feasible bound-1233

aries. If the threshold is higher than a source can reach, the mathematical solution gives q∗i = 0,1234

meaning that the source contributes no tokens under the strict threshold rule. If the threshold is lower1235

than the whole source tail, we set q∗i = 100. In practical release recipes, one may still keep a small1236
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Table 11: Performance across reasoning and knowledge benchmarks.

Model Name Params
Reasoning & Knowledge

AvgMMLU ARC-C ARC-E BoolQ CSQA HSwag PIQA SocIQ Wino
5 shot 5 shot 5 shot 5 shot 5 shot 5 shot 5 shot 5 shot 5 shot

Open-Weight SOTA
Qwen2-1.5B 1.5B 56.36 70.17 83.60 71.90 70.52 60.77 75.73 63.46 59.83 68.04
Qwen2.5-1.5B 1.5B 61.56 79.32 90.48 76.39 75.10 64.18 76.17 64.94 59.67 71.98
Qwen2.5-3B 3B 66.86 86.44 92.59 83.88 76.09 73.85 81.45 69.40 63.69 77.14
Qwen3-0.6B 0.6B 55.09 68.14 84.48 69.05 61.18 48.51 69.97 61.51 55.64 63.73
Qwen3-1.7B 1.7B 65.35 80.34 91.89 79.82 74.61 60.76 77.20 68.58 59.27 73.09
Qwen3-4B 4B 75.78 89.83 97.53 86.09 81.9 79.46 84.98 75.59 65.43 81.84
Gemma2-2B 2B 55.20 66.44 82.54 72.42 69.45 66.20 78.89 65.92 65.35 69.16
Llama-3.2-1B 1B 37.74 36.95 70.55 67.43 62.82 60.20 74.92 50.61 58.17 57.71
Llama-3.2-3B 3B 57.87 72.20 83.95 76.73 70.35 71.06 79.05 64.33 64.09 71.07
Fully-Open SOTA
SmolLM2-1.7B 1.7B 51.99 59.66 82.72 69.85 67.16 65.30 78.51 60.18 59.12 66.05
OLMo-2-0425-1B 1B 44.25 47.46 76.72 70.55 65.60 61.61 76.44 55.53 60.38 62.06
YuLan-Mini-2.4B 2.4B 51.76 64.75 82.54 78.59 66.18 61.20 77.31 63.25 61.88 67.50
SmolLM3-3B 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 74.37 62.59 65.75 67.74
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Figure 10: Anchor robustness of threshold deduction. We recompute threshold-based mixtures
under four anchors, ordered from pure MMLU to pure ARC-Easy, using the same monotone fitted
threshold rule as in Figure 3. Retained fraction is the top-p percentage kept within each original
source dataset, so its denominator is the source’s own token volume. Token share is the percentage of
the final 40B-token mixture contributed by that source. The exact proportions change across anchors,
but the source ordering remains stable: DCLM is shallowest, FineWeb-Edu is intermediate, and
Nemotron-HQ is deepest.

predefined floor, such as the top 2–5%, for diversity or coverage reasons. We do not use such a floor1237

in the controlled threshold ablation, so the mixture reported there follows the strict clamped rule.1238

Anchor robustness. The anchor benchmark matters, but the resulting mixture is not arbitrarily1239

fragile. In additional robustness tests, we move the anchor gradually from pure MMLU to pure ARC-1240

Easy. We use four anchors: MMLU, 0.7 ·MMLU+0.3 ·ARC-Easy, 0.5 ·MMLU+0.5 ·ARC-Easy,1241

and ARC-Easy. The robustness computation uses the same fitted threshold-deduction pipeline as1242

Figure 3: DCLM and FineWeb-Edu use probes at top-{0, 15, 30, 45, 60}%, while Nemotron-HQ1243

uses top-{0, 10, 30, 45, 60}% because its available probe grid contains top-10% rather than top-15%.1244

Figure 10 summarizes this behavior. The retained fractions change in a systematic way, but the1245

ordering remains stable: DCLM is truncated most aggressively, FineWeb-Edu is intermediate, and1246

Nemotron-HQ is retained deepest. The robustness test therefore supports a structural claim: the1247

method captures a stable ordering of source tails, not a brittle threshold chosen from one benchmark.1248

G Recipe Details and Phase-wise Mixtures1249

This section records the concrete phase-wise recipe used in the KAIYUAN-2B application run. The1250

main paper treats this as a practical realization of the threshold view rather than as a primary scientific1251

contribution.1252
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Figure 11: Phase-wise mixture: English sources.
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Figure 12: Phase-wise mixture: Chinese sources.
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CODE Datasets

Swallow-Code-V2 (80.3B)
StarCoder (57.9B)
StackExchange (42.4B)
Stack V2 Smol (25.6B)
MegaMath-Code (21.4B)
Python-Edu (6.9B)

Figure 13: Phase-wise mixture: code sources.
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MATH Datasets

Swallow-Math-V2 (66.6B)
MegaMath-Web-Pro (37.8B)
OpenWebMath (34.9B)
FineMath (27.9B)
LLM360-Math (18.7B)
AutoMathText (16.0B)
Algebraic-Stack (2.2B)

Figure 14: Phase-wise mixture: math sources.

Table 12: 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%
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SFT Datasets

JiuZhang3.0-PT-CoT (14.3B)
Tulu-3-Sft-0225 (4.5B)
Downstream (0.5B)
Slimorca (0.4B)

Figure 15: Phase-wise mixture: supervised signals.

Table 13: 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%

Pes2O 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 14: 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 lm_q1q2_score 8.71 2.97 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%

Table 15: 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-V2 score 50.62 46.30 91.5%

Python-Edu (fully used) 3.41 3.41 100.0%

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-V2 (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%

38
Confidential reviewer copy. This manuscript is submitted to the 40th Conference on Neural Information Processing Systems (NeurIPS 2026). Unauthorized

sharing, redistribution, or disclosure is strictly prohibited.



Table 16: 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 lm_q1q2_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 4.48 700.0%

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%

H Training and Evaluation Details1253

H.1 Training Configuration1254

In Table 17, we present the details of our training hyperparameter configuration in three parts:1255

• For the model architecture, we primarily follow Qwen3-1.7B [83] and adopt the vocabulary1256

from the Qwen series [81, 83]. We use θ = 10000 for RoPE [67] to support a context length1257

of 4K. The Soft-Capping threshold is set to 30.0.1258

• We use AdamW as the optimizer with β1 = 0.9 and β2 = 0.95. We adopt a µP with base1259

dimension of 896 and set the learning rate to 5× 10−3 for Phase 1 and 3× 10−3 thereafter1260

before decay.1261

• To support FP16 training, we use dynamic loss scaling with a factor of 2 and a window of1262

20 to handle widely varying gradient scales.1263

This detailed configuration facilitates the reproduction of our training run.1264

H.2 Evaluation Setup1265

H.2.1 Base Model Evaluation Setup1266

We compare KAIYUAN-2B against state-of-the-art baselines with comparable parameter counts,1267

categorized into two groups: open-weight models (public weights with proprietary data/recipes)1268
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Table 17: 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 θ 10000.0
Logit Soft-capping threshold 30.0
Initialization Std 0.018

Optimizer Configuration
Optimizer Type AdamW
Learning Rate (Phase 1) 5× 10−3

Learning Rate (Phase 2+) 3× 10−3

Batch Size 2048
β1 0.9
β2 0.95
ϵ 1e-8
Weight Decay 0.1
Warmup Steps 5000
µP Width Base 896

and fully open models (public weights, architecture, code, and datasets). All evaluations use base1269

checkpoints without finetuning.41270

Open-weight models. This group includes Qwen2-1.5B [81] (7T tokens), optimized for multi-1271

lingual and coding tasks; the Qwen2.5 series [82] (1.5B and 3B, 18T tokens), featuring refined1272

architectures for mathematical reasoning; and the Qwen3 series [83] (0.6B to 4B, 36T tokens),1273

supporting extended contexts. We also include Gemma2-2B [60], distilled using 2T tokens, and the1274

Llama3.2 series [49] (1B and 3B, 9T tokens), designed for on-device inference.1275

Fully open models. We compare against SmolLM2-1.7B [3] (11T tokens), which utilizes the Llama1276

2 architecture; SmolLM3-3B [8], a data-centric model trained on 11T tokens; OLMo2-1B [70] (4T1277

tokens); and YuLan-Mini [85], a 2.4B-parameter model optimized for data efficiency using 1.1T1278

tokens, with handcrafted fine-grained 28-phase training.1279

H.2.2 Benchmarks1280

Evaluation spans four primary domains. Mathematics is assessed via GSM8K [18] and MATH [32].1281

Coding proficiency is measured using the MBPP [6] sanitized subset and HumanEval [15]. Chinese1282

language processing utilizes CMMLU [40] and C-Eval [35]. Finally, General Reasoning &1283

Knowledge is assessed via a suite of eight benchmarks: MMLU [31], HellaSwag [88], CSQA [68],1284

BoolQ [16], PIQA [14], SocialIQA [62], WinoGrande [61], and ARC [17].1285

H.2.3 Implementation Details1286

Evaluations are conducted using the OpenCompass framework [22]. Mathematics and coding tasks1287

use generation mode5, while other benchmarks employ perplexity-based (PPL) evaluation. Following1288

the OLMES protocol [25], PPL tasks are assessed under both multiple-choice (MCF) and completion1289

formulations (CF), with the higher score reported.1290

4For consistency, we standardize naming by omitting suffixes; e.g., “Qwen3” denotes the base model, regardless of its
HuggingFace designation.

5For generation tasks, we report official results for baseline models when available, as exact reproduction can be challenging.
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I Release and Dataset Details1291

The fully open release case prioritizes redistributable datasets and reproducible preprocessing. This1292

means that not every strong source discovered during quantile benchmarking can be used in the final1293

released recipe. In particular, Nemotron data are excluded from the final open recipe because their1294

license does not permit unrestricted redistribution.1295

1296
Table 18: All Datasets Used in the Training of KAIYUAN-2B.

DCLM-
Baseline English mlfoundations/dclm-baseline-

1.0 [41] 4T CC BY 4.01

FineWiki-
EN English HuggingFaceFW/finewiki [57] 8.7B CC BY-SA 4.06

FinePDFs English HuggingFaceFW/finepdfs [38] 3T ODC-By 1.01

Flan English allenai/dolmino-mix-1124 17B ODC-By 1.0

Pes2O English allenai/dolmino-mix-1124 58.6B ODC-By 1.0

FineWeb-
Edu-EN English HuggingFaceTB/smollm-

corpus [12] 220B ODC-By 1.01

ArXiv English togethercomputer/RedPajama-
Data-1T [21] 28B Metadata: CC0 1.0 [5]

Content: various [4]

Cosmopedia-
v2 English HuggingFaceTB/smollm-

corpus [12] 27B ODC-By 1.0

FineWiki-
CN Chinese HuggingFaceFW/finewiki [57] 1.1B CC BY-SA 4.06

Fineweb-
Edu-CN Chinese opencsg/Fineweb-Edu-Chinese-

V2.1 [86] 1.5T OpenCSG Community
License [20], Apache 2.0

Baidu-Baike Chinese mohamedah/baidu_baike 1.2B MIT

UNDL
ZH-EN
Aligned

Chinese bot-yaya/undl_zh2en_aligned 1.8B MIT

Dedup-
Merged-
PAC-CN4

Chinese

BAAI/CCI-Data
BAAI/CCI2-Data
BAAI/CCI3-Data [72]
Skywork/SkyPile-150B [76]
OpenDataLab/WanJuan1.0 [27,
28]5

BAAI/IndustryCorpus
BAAI/IndustryCorpus2 [63]
WuDaoCorpus2.0 [91, 92]5

178B

CCI{,2,3}-Data: CCI Usage
Agreement [55]

SkyPile-150B: Skywork
Community License [65],

Apache 2.0
WanJuan1.0: CC BY-4.0

IndustryCorpus{,2}: Apache
2.0

WuDaoCorpus2.0: Apache 2.0

OpenWebMath Math open-web-math/open-web-
math [56] 14.7B ODC-By 1.01

FineMath Math HuggingFaceTB/finemath [3] 10B ODC-By 1.0

MegaMath-
Web-Pro Math LLM360/MegaMath [93] 300B ODC-By 1.0

AutoMathText Math math-ai/AutoMathText [90] 8.7B CC BY-SA 4.0

SwallowMath-
v2 Math tokyotech-llm/swallow-math-

v2 [23] 32B Apache 2.0

StarCoder Code bigcode/starcoderdata [37] 250B Original Licenses2

Name Type Hugging Face ID #Tokens0 License(s)

Continued on next page1297
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Table 18: All Datasets Used in the Training of KAIYUAN-2B. (Continued)

Stack V2
Smol Code bigcode/the-stack-v2 [45] 900B Original Licenses2

StackExchange Code togethercomputer/RedPajama-
Data-1T [21] 20B CC BY-SA 2.5/3.0/4.03

Python-Edu Code HuggingFaceTB/smollm-
corpus [12, 45] 3.4B

ODC-By 1.0, Original
Licenses2

Algebraic-
Stack Code typeof/algebraic-stack [7, 56] 11B ODC-By 1.01

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

v2 [23] 49.8B Apache 2.0

SlimOrca SFT Open-Orca/SlimOrca [44, 53] 190M MIT

JiuZhang3.0-
Corpus-CoT SFT ToheartZhang/JiuZhang3.0-

Corpus-CoT [94] 358B Not Specified

Tulu-3-Sft-
0225 SFT allenai/tulu-3-sft-mixture [39] 640M ODC-By 1.0 (mixed)

downstream4 SFT

cais/mmlu [30, 31]
openai/gsm8k [18]
allenai/ai2_arc [17]
allenai/openbookqa [50]
Rowan/hellaswag [88]
allenai/winogrande [61]

12.6M

MMLU, GSM8K: MIT
ai2_arc: CC BY-SA 4.0

OpenBookQA: Not Specified
hellaswag: MIT

winogrande: Not Specified

Name Type Hugging Face ID #Tokens0 License(s)

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 [19].
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 OpenDataLab (https://opendatalab.com).
6 Some old content of Wikipedia is dual-licensed under CC BY 4.0 and GFDL.1298

J Full Benchmark and Parameter Tables1299
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Figure 16: Performance over total parameters. KAIYUAN-2B remains on the frontier of recent
fully open models under a total-parameter view.

Table 19: Model parameter statistics comparison.

Model Name Total Embedding Non-Embedding Tied Embedding
SOTA Models
Qwen2-1.5B 1.54B 0.23B 1.31B ✓
Qwen2.5-1.5B 1.54B 0.23B 1.31B ✓
Qwen2.5-3B 3.09B 0.31B 2.77B ✓
Qwen3-0.6B-Base 0.60B 0.16B 0.44B ✓
Qwen3-1.7B-Base 1.72B 0.31B 1.41B ✓
Qwen3-4B-Base 4.02B 0.39B 3.63B ✓
Gemma-2-2B 2.61B 0.59B 2.02B ✓
Llama-3.2-1B 1.24B 0.26B 0.97B ✓
Llama-3.2-3B 3.21B 0.39B 2.82B ✓
Fully-Open SOTA Models
SmolLM2-1.7B 1.71B 0.10B 1.61B ✓
OLMo-2-0425-1B 1.48B 0.41B 1.07B ✗
YuLan-Mini 2.42B 0.38B 2.04B ✗
SmolLM3-3B 3.08B 0.26B 2.81B ✓
Ours
Kaiyuan-2B 2.03B 0.62B 1.41B ✗
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Table 20: Full benchmark comparison across all reported evaluation tasks.

Model Name Params Math Code Chinese Reasoning & Knowledge Avg.
GSM8K MATH sanitized_MBPP HumanEval C-Eval CMMLU MMLU ARC-C ARC-E BoolQ CSQA HSwag PIQA SocIQ 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 71.90 70.52 60.77 75.73 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 90.48 76.39 75.10 64.18 76.17 64.94 59.67 65.57
Qwen2.5-3B 3B 79.10 42.60 66.54 42.10 74.65 73.92 66.86 86.44 92.59 83.88 76.09 73.85 81.45 69.40 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 84.48 69.05 61.18 48.51 69.97 61.51 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 74.61 60.76 77.20 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 84.98 75.59 65.43 78.03
gemma2-2B 2B 23.90 15.00 38.91 17.70 41.35 39.63 55.20 66.44 82.54 72.42 69.45 66.20 78.89 65.92 65.35 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 67.43 62.82 60.20 74.92 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 83.95 76.73 70.35 71.06 79.05 64.33 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 82.72 69.85 67.16 65.30 78.51 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 76.44 55.53 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 78.59 66.18 61.20 77.31 63.25 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 65.25 64.40 64.61

Ours
Kaiyuan-2B 2B 51.33 30.34 56.42 42.68 46.30 49.25 53.90 66.10 82.89 78.53 67.40 58.13 74.37 62.59 65.75 59.07
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NeurIPS Paper Checklist1300

1. Claims1301

Question: Do the main claims made in the abstract and introduction accurately reflect the1302

paper’s contributions and scope?1303

Answer: [Yes]1304

Justification: Our contributions lie in problem formulation of heterogeneous top-p mixing,1305

quantile benchmarking framework, some interesting and useful findings, validation ablations,1306

and a fully open pretraining recipe for the community. See the abstract and Section 11307

Guidelines:1308

• The answer [N/A] means that the abstract and introduction do not include the claims1309

made in the paper.1310

• The abstract and/or introduction should clearly state the claims made, including the1311

contributions made in the paper and important assumptions and limitations. A [No] or1312

[N/A] answer to this question will not be perceived well by the reviewers.1313

• The claims made should match theoretical and experimental results, and reflect how1314

much the results can be expected to generalize to other settings.1315

• It is fine to include aspirational goals as motivation as long as it is clear that these goals1316

are not attained by the paper.1317

2. Limitations1318

Question: Does the paper discuss the limitations of the work performed by the authors?1319

Answer: [Yes]1320

Justification: Due to the pretraining cost, we can not ablate the benefit of each component1321

from the end-to-end final run, and we can not afford a multi-seed run in validation exper-1322

iments to report the error bound. Other limitations include benchmark dependence and1323

release-compatibility constraints. Details in Section A.1324

Guidelines:1325

• The answer [N/A] means that the paper has no limitation while the answer [No] means1326

that the paper has limitations, but those are not discussed in the paper.1327

• The authors are encouraged to create a separate “Limitations” section in their paper.1328

• The paper should point out any strong assumptions and how robust the results are to1329

violations of these assumptions (e.g., independence assumptions, noiseless settings,1330

model well-specification, asymptotic approximations only holding locally). The authors1331

should reflect on how these assumptions might be violated in practice and what the1332

implications would be.1333

• The authors should reflect on the scope of the claims made, e.g., if the approach was1334

only tested on a few datasets or with a few runs. In general, empirical results often1335

depend on implicit assumptions, which should be articulated.1336

• The authors should reflect on the factors that influence the performance of the approach.1337

For example, a facial recognition algorithm may perform poorly when image resolution1338

is low or images are taken in low lighting. Or a speech-to-text system might not be1339

used reliably to provide closed captions for online lectures because it fails to handle1340

technical jargon.1341

• The authors should discuss the computational efficiency of the proposed algorithms1342

and how they scale with dataset size.1343

• If applicable, the authors should discuss possible limitations of their approach to1344

address problems of privacy and fairness.1345

• While the authors might fear that complete honesty about limitations might be used by1346

reviewers as grounds for rejection, a worse outcome might be that reviewers discover1347

limitations that aren’t acknowledged in the paper. The authors should use their best1348

judgment and recognize that individual actions in favor of transparency play an impor-1349

tant role in developing norms that preserve the integrity of the community. Reviewers1350

will be specifically instructed to not penalize honesty concerning limitations.1351

3. Theory assumptions and proofs1352
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Question: For each theoretical result, does the paper provide the full set of assumptions and1353

a complete (and correct) proof?1354

Answer: [No]1355

Justification: The paper contains formal problem formulations and deduction equations in1356

Sections 3, 6, and Appendix F, but these are operational formulations rather than theorem-1357

proof style theoretical results.1358

Guidelines:1359

• The answer [N/A] means that the paper does not include theoretical results.1360

• All the theorems, formulas, and proofs in the paper should be numbered and cross-1361

referenced.1362

• All assumptions should be clearly stated or referenced in the statement of any theorems.1363

• The proofs can either appear in the main paper or the supplemental material, but if1364

they appear in the supplemental material, the authors are encouraged to provide a short1365

proof sketch to provide intuition.1366

• Inversely, any informal proof provided in the core of the paper should be complemented1367

by formal proofs provided in appendix or supplemental material.1368

• Theorems and Lemmas that the proof relies upon should be properly referenced.1369

4. Experimental result reproducibility1370

Question: Does the paper fully disclose all the information needed to reproduce the main ex-1371

perimental results of the paper to the extent that it affects the main claims and/or conclusions1372

of the paper (regardless of whether the code and data are provided or not)?1373

Answer: [Yes]1374

Justification: We provide setup details, from training hyperparameters (Sections C.1, D1375

and H, Tables 3 and 5), model architecture (Sections C.1 and D), data sampling details1376

(Table 7), evaluation setup (Section H.2), and data mixture document (Section I and tables 121377

to 16). This is an open-source pretraining project, but due to double-blind, we do not include1378

open-source links.1379

Guidelines:1380

• The answer [N/A] means that the paper does not include experiments.1381

• If the paper includes experiments, a [No] answer to this question will not be perceived1382

well by the reviewers: Making the paper reproducible is important, regardless of1383

whether the code and data are provided or not.1384

• If the contribution is a dataset and/or model, the authors should describe the steps taken1385

to make their results reproducible or verifiable.1386

• Depending on the contribution, reproducibility can be accomplished in various ways.1387

For example, if the contribution is a novel architecture, describing the architecture fully1388

might suffice, or if the contribution is a specific model and empirical evaluation, it may1389

be necessary to either make it possible for others to replicate the model with the same1390

dataset, or provide access to the model. In general. releasing code and data is often1391

one good way to accomplish this, but reproducibility can also be provided via detailed1392

instructions for how to replicate the results, access to a hosted model (e.g., in the case1393

of a large language model), releasing of a model checkpoint, or other means that are1394

appropriate to the research performed.1395

• While NeurIPS does not require releasing code, the conference does require all submis-1396

sions to provide some reasonable avenue for reproducibility, which may depend on the1397

nature of the contribution. For example1398

(a) If the contribution is primarily a new algorithm, the paper should make it clear how1399

to reproduce that algorithm.1400

(b) If the contribution is primarily a new model architecture, the paper should describe1401

the architecture clearly and fully.1402

(c) If the contribution is a new model (e.g., a large language model), then there should1403

either be a way to access this model for reproducing the results or a way to reproduce1404

the model (e.g., with an open-source dataset or instructions for how to construct1405

the dataset).1406
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(d) We recognize that reproducibility may be tricky in some cases, in which case1407

authors are welcome to describe the particular way they provide for reproducibility.1408

In the case of closed-source models, it may be that access to the model is limited in1409

some way (e.g., to registered users), but it should be possible for other researchers1410

to have some path to reproducing or verifying the results.1411

5. Open access to data and code1412

Question: Does the paper provide open access to the data and code, with sufficient instruc-1413

tions to faithfully reproduce the main experimental results, as described in supplemental1414

material?1415

Answer: [No]1416

Justification: Fully reproducing needs a complex code repo and computing resources. But1417

we offer data preprocessing code in an anonymous GitHub repo in Section 1 (https:1418

//anonymous.4open.science/r/Kaiyuan-Spark-4E83/). Other open-source assets1419

are not reported due to the double-blind.1420

Guidelines:1421

• The answer [N/A] means that paper does not include experiments requiring code.1422

• Please see the NeurIPS code and data submission guidelines (https://neurips.cc/1423

public/guides/CodeSubmissionPolicy) for more details.1424

• While we encourage the release of code and data, we understand that this might not1425

be possible, so [No] is an acceptable answer. Papers cannot be rejected simply for not1426

including code, unless this is central to the contribution (e.g., for a new open-source1427

benchmark).1428

• The instructions should contain the exact command and environment needed to run to1429

reproduce the results. See the NeurIPS code and data submission guidelines (https:1430

//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.1431

• The authors should provide instructions on data access and preparation, including how1432

to access the raw data, preprocessed data, intermediate data, and generated data, etc.1433

• The authors should provide scripts to reproduce all experimental results for the new1434

proposed method and baselines. If only a subset of experiments are reproducible, they1435

should state which ones are omitted from the script and why.1436

• At submission time, to preserve anonymity, the authors should release anonymized1437

versions (if applicable).1438

• Providing as much information as possible in supplemental material (appended to the1439

paper) is recommended, but including URLs to data and code is permitted.1440

6. Experimental setting/details1441

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-1442

rameters, how they were chosen, type of optimizer) necessary to understand the results?1443

Answer: [Yes]1444

Justification: We provide setup details, from training hyperparameters (Sections C.1, D1445

and H, Tables 3 and 5), model architecture (Sections C.1 and D), data sampling details1446

(Table 7), evaluation setup (Section H.2), and data mixture document (Section I and tables 121447

to 16).1448

Guidelines:1449

• The answer [N/A] means that the paper does not include experiments.1450

• The experimental setting should be presented in the core of the paper to a level of detail1451

that is necessary to appreciate the results and make sense of them.1452

• The full details can be provided either with the code, in appendix, or as supplemental1453

material.1454

7. Experiment statistical significance1455

Question: Does the paper report error bars suitably and correctly defined or other appropriate1456

information about the statistical significance of the experiments?1457

Answer: [No]1458

47
Confidential reviewer copy. This manuscript is submitted to the 40th Conference on Neural Information Processing Systems (NeurIPS 2026). Unauthorized

sharing, redistribution, or disclosure is strictly prohibited.

https://anonymous.4open.science/r/Kaiyuan-Spark-4E83/
https://anonymous.4open.science/r/Kaiyuan-Spark-4E83/
https://anonymous.4open.science/r/Kaiyuan-Spark-4E83/
https://neurips.cc/public/guides/CodeSubmissionPolicy
https://neurips.cc/public/guides/CodeSubmissionPolicy
https://neurips.cc/public/guides/CodeSubmissionPolicy
https://neurips.cc/public/guides/CodeSubmissionPolicy
https://neurips.cc/public/guides/CodeSubmissionPolicy
https://neurips.cc/public/guides/CodeSubmissionPolicy


Justification: The main results are reported as single-run pretraining outcomes and controlled1459

ablations without error bars. Section A explicitly notes the limited multi-seed validation at1460

large scale.1461

Guidelines:1462

• The answer [N/A] means that the paper does not include experiments.1463

• The authors should answer [Yes] if the results are accompanied by error bars, confidence1464

intervals, or statistical significance tests, at least for the experiments that support the1465

main claims of the paper.1466

• The factors of variability that the error bars are capturing should be clearly stated (for1467

example, train/test split, initialization, random drawing of some parameter, or overall1468

run with given experimental conditions).1469

• The method for calculating the error bars should be explained (closed form formula,1470

call to a library function, bootstrap, etc.)1471

• The assumptions made should be given (e.g., Normally distributed errors).1472

• It should be clear whether the error bar is the standard deviation or the standard error1473

of the mean.1474

• It is OK to report 1-sigma error bars, but one should state it. The authors should1475

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis1476

of Normality of errors is not verified.1477

• For asymmetric distributions, the authors should be careful not to show in tables or1478

figures symmetric error bars that would yield results that are out of range (e.g., negative1479

error rates).1480

• If error bars are reported in tables or plots, the authors should explain in the text how1481

they were calculated and reference the corresponding figures or tables in the text.1482

8. Experiments compute resources1483

Question: For each experiment, does the paper provide sufficient information on the com-1484

puter resources (type of compute workers, memory, time of execution) needed to reproduce1485

the experiments?1486

Answer: [No]1487

Justification: The paper reports model size and token budget in Sections C.1, D and H), but1488

it does not yet provide a complete per-experiment resource accounting with runtime and full1489

memory details.1490

Guidelines:1491

• The answer [N/A] means that the paper does not include experiments.1492

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,1493

or cloud provider, including relevant memory and storage.1494

• The paper should provide the amount of compute required for each of the individual1495

experimental runs as well as estimate the total compute.1496

• The paper should disclose whether the full research project required more compute1497

than the experiments reported in the paper (e.g., preliminary or failed experiments that1498

didn’t make it into the paper).1499

9. Code of ethics1500

Question: Does the research conducted in the paper conform, in every respect, with the1501

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?1502

Answer: [Yes]1503

Justification: We have checked.1504

Guidelines:1505

• The answer [N/A] means that the authors have not reviewed the NeurIPS Code of1506

Ethics.1507

• If the authors answer [No], they should explain the special circumstances that require a1508

deviation from the Code of Ethics.1509
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• The authors should make sure to preserve anonymity (e.g., if there is a special consid-1510

eration due to laws or regulations in their jurisdiction).1511

10. Broader impacts1512

Question: Does the paper discuss both potential positive societal impacts and negative1513

societal impacts of the work performed?1514

Answer: [Yes]1515

Justification: Section A discusses positive impacts for reproducible open research and1516

negative impacts such as misuse, inherited bias, and benchmark-driven recipe bias.1517

Guidelines:1518

• The answer [N/A] means that there is no societal impact of the work performed.1519

• If the authors answer [N/A] or [No], they should explain why their work has no societal1520

impact or why the paper does not address societal impact.1521

• Examples of negative societal impacts include potential malicious or unintended uses1522

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations1523

(e.g., deployment of technologies that could make decisions that unfairly impact specific1524

groups), privacy considerations, and security considerations.1525

• The conference expects that many papers will be foundational research and not tied1526

to particular applications, let alone deployments. However, if there is a direct path to1527

any negative applications, the authors should point it out. For example, it is legitimate1528

to point out that an improvement in the quality of generative models could be used to1529

generate Deepfakes for disinformation. On the other hand, it is not needed to point out1530

that a generic algorithm for optimizing neural networks could enable people to train1531

models that generate Deepfakes faster.1532

• The authors should consider possible harms that could arise when the technology is1533

being used as intended and functioning correctly, harms that could arise when the1534

technology is being used as intended but gives incorrect results, and harms following1535

from (intentional or unintentional) misuse of the technology.1536

• If there are negative societal impacts, the authors could also discuss possible mitigation1537

strategies (e.g., gated release of models, providing defenses in addition to attacks,1538

mechanisms for monitoring misuse, mechanisms to monitor how a system learns from1539

feedback over time, improving the efficiency and accessibility of ML).1540

11. Safeguards1541

Question: Does the paper describe safeguards that have been put in place for responsible1542

release of data or models that have a high risk for misuse (e.g., pre-trained language models,1543

image generators, or scraped datasets)?1544

Answer: [Yes]1545

Justification: The paper discusses release constraints and licensing-based exclusions, espe-1546

cially for Nemotron data in Appendix I.1547

Guidelines:1548

• The answer [N/A] means that the paper poses no such risks.1549

• Released models that have a high risk for misuse or dual-use should be released with1550

necessary safeguards to allow for controlled use of the model, for example by requiring1551

that users adhere to usage guidelines or restrictions to access the model or implementing1552

safety filters.1553

• Datasets that have been scraped from the Internet could pose safety risks. The authors1554

should describe how they avoided releasing unsafe images.1555

• We recognize that providing effective safeguards is challenging, and many papers do1556

not require this, but we encourage authors to take this into account and make a best1557

faith effort.1558

12. Licenses for existing assets1559

Question: Are the creators or original owners of assets (e.g., code, data, models), used in1560

the paper, properly credited and are the license and terms of use explicitly mentioned and1561

properly respected?1562
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Answer: [Yes]1563

Justification: Section I lists the datasets used in the release case, their sources, and their1564

licenses, and the paper explicitly excludes non-redistributable sources from the final open1565

recipe.1566

Guidelines:1567

• The answer [N/A] means that the paper does not use existing assets.1568

• The authors should cite the original paper that produced the code package or dataset.1569

• The authors should state which version of the asset is used and, if possible, include a1570

URL.1571

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.1572

• For scraped data from a particular source (e.g., website), the copyright and terms of1573

service of that source should be provided.1574

• If assets are released, the license, copyright information, and terms of use in the1575

package should be provided. For popular datasets, paperswithcode.com/datasets1576

has curated licenses for some datasets. Their licensing guide can help determine the1577

license of a dataset.1578

• For existing datasets that are re-packaged, both the original license and the license of1579

the derived asset (if it has changed) should be provided.1580

• If this information is not available online, the authors are encouraged to reach out to1581

the asset’s creators.1582

13. New assets1583

Question: Are new assets introduced in the paper well documented and is the documentation1584

provided alongside the assets?1585

Answer: [No]1586

Justification: The paper describes a fully open 2B release case and its recipe, but the1587

anonymized submission does not include the full accompanying release documentation.1588

Guidelines:1589

• The answer [N/A] means that the paper does not release new assets.1590

• Researchers should communicate the details of the dataset/code/model as part of their1591

submissions via structured templates. This includes details about training, license,1592

limitations, etc.1593

• The paper should discuss whether and how consent was obtained from people whose1594

asset is used.1595

• At submission time, remember to anonymize your assets (if applicable). You can either1596

create an anonymized URL or include an anonymized zip file.1597

14. Crowdsourcing and research with human subjects1598

Question: For crowdsourcing experiments and research with human subjects, does the paper1599

include the full text of instructions given to participants and screenshots, if applicable, as1600

well as details about compensation (if any)?1601

Answer: [N/A]1602

Justification: No crowdsourcing or human-subject experiments.1603

Guidelines:1604

• The answer [N/A] means that the paper does not involve crowdsourcing nor research1605

with human subjects.1606

• Including this information in the supplemental material is fine, but if the main contribu-1607

tion of the paper involves human subjects, then as much detail as possible should be1608

included in the main paper.1609

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,1610

or other labor should be paid at least the minimum wage in the country of the data1611

collector.1612

15. Institutional review board (IRB) approvals or equivalent for research with human1613

subjects1614
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Question: Does the paper describe potential risks incurred by study participants, whether1615

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)1616

approvals (or an equivalent approval/review based on the requirements of your country or1617

institution) were obtained?1618

Answer: [N/A]1619

Justification: No crowdsourcing or human-subject research.1620

Guidelines:1621

• The answer [N/A] means that the paper does not involve crowdsourcing nor research1622

with human subjects.1623

• Depending on the country in which research is conducted, IRB approval (or equivalent)1624

may be required for any human subjects research. If you obtained IRB approval, you1625

should clearly state this in the paper.1626

• We recognize that the procedures for this may vary significantly between institutions1627

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the1628

guidelines for their institution.1629

• For initial submissions, do not include any information that would break anonymity (if1630

applicable), such as the institution conducting the review.1631

16. Declaration of LLM usage1632

Question: Does the paper describe the usage of LLMs if it is an important, original, or1633

non-standard component of the core methods in this research? Note that if the LLM is used1634

only for writing, editing, or formatting purposes and does not impact the core methodology,1635

scientific rigor, or originality of the research, declaration is not required.1636

Answer: [N/A]1637

Justification: LLMs are not used as a non-standard component of the core scientific method;1638

AI assistance was limited to writing/editing support and is disclosed in Section A.1639

Guidelines:1640

• The answer [N/A] means that the core method development in this research does not1641

involve LLMs as any important, original, or non-standard components.1642

• Please refer to our LLM policy in the NeurIPS handbook for what should or should not1643

be described.1644
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