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Abstract001

Large Language Models (LLMs) have revolu-002
tionized various fields, yet their training effi-003
ciency is heavily reliant on effective data cura-004
tion. While data selection has been widely stud-005
ied, the strategic data organization for enhanced006
training remains an underexplored area, partic-007
ularly since current LLMs are often trained for008
only one or a few epochs. This paper systemat-009
ically explores the influence of data organiza-010
tion on LLM training by reusing pre-computed011
sample-level scores originally generated for012
data efficiency, thereby incurring minimal ad-013
ditional computational overhead. We identify014
and formalize four key guidances for optimiz-015
ing data organization: Boundary Sharpening,016
Cyclic Scheduling, Curriculum Continuity, and017
Local Diversity. Guided by them, we introduce018
two novel data ordering methods termed STR019
and SAW. Extensive experiments across differ-020
ent model scales and data sizes, encompass-021
ing both pre-training and SFT stages, validate022
the effectiveness of our summarized guidances.023
They also demonstrate the robustness of our024
proposed data ordering methods in enhancing025
the stability and performance of LLM training.026

1 Introduction027

Large Language Models (LLMs) have revolution-028

ized various fields by providing unprecedented ca-029

pabilities in areas such as coding (Luo et al., 2023;030

Yu et al., 2024), science (Van Noorden and Perkel,031

2023), nature (Huang et al., 2025), and healthcare032

(Väänänen et al., 2021). While data curation strate-033

gies, including acquisition (Barbaresi, 2021; Beven-034

dorff et al., 2023; Chang et al., 2024), mixing (Al-035

balak et al., 2023; Ge et al., 2025; Ye et al., 2024),036

synthesis (Chen et al., 2025; Zhou et al., 2024),037

deduplication (Abbas et al., 2023; Tirumala et al.,038

2023), filtering (Li et al., 2024b; Goyal et al., 2024;039

Thrush et al., 2024), and selection (Albalak et al.,040

2024; Xie et al., 2023; Dai et al., 2025b; Gu et al.,041
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Figure 1: Performance comparison of different data or-
ganization strategies. Bottom: Average accuracy (%) un-
der increasing model sizes (160M–1.7B). Our proposed
SAW,consistently outperform Random and Curriculum
Learning (CL) across all scales, with larger gains at
higher capacities. Top: Score–index distributions of
training data organized by different strategies. Com-
pared to Random and CL, SAW induces more structured
and progressive score patterns, revealing increasingly
organized curricula.

2025), have been extensively studied and signifi- 042

cantly advanced LLM development. 043

However, a critical but underexplored aspect of 044

LLM training efficacy lies not merely in what data 045

is used, but how it is presented in a given dataset. 046

Despite the existence of well-curated datasets, 047

the strategic organization of these training samples 048

remains a significant challenge. Current LLMs 049

are often trained for only one or a few epochs 050

over massive corpora (OpenAI; Dubey et al., 2024; 051

Team et al., 2023; Yang et al., 2025). Under such 052

paradigms, the temporal order in which training 053

samples are presented becomes a first-order fac- 054

tor shaping the learning trajectory. Existing ap- 055

proaches like Curriculum Learning (Bengio et al., 056

2009), which arranges data samples by difficulty, 057

and DELT (Dai et al., 2025a), which employs a 058

folding learning strategy to look back at the sim- 059

ilar scoring distribution of training data and offer 060
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valuable insights into data organization. Yet, none061

of these works provide a systematic exploration of062

comprehensive guidance specifically tailored for063

data ordering in LLM training.064

To bridge this critical gap, this paper presents065

the first systematic exploration into the influence of066

data organization on LLM training. A key innova-067

tion of our approach is the reuse of pre-computed,068

sample-level scores, originally generated for data069

efficiency (Lozhkov et al., 2024; Wettig et al.,070

2024), which incurs almost zero additional com-071

putational overhead. Through extensive analysis,072

we identify and formalize four novel and critical073

guidances for optimizing data organization:074

• Boundary Sharpening. Start training with low-075

score data to stabilize early learning, and finish076

with high-score data to enhance the model’s per-077

formance. This approach helps the model handle078

complex reasoning tasks effectively.079

• Cyclic Scheduling. Instead of a strict low-to-080

high score curriculum that can cause forgetting,081

cyclic scheduling periodically reintroduces a mix082

of data distribution. This helps the model retain083

fundamental knowledge and prevents forgetting.084

• Curriculum Continuity. Smooth transitions be-085

tween different score distributions of data prevent086

disruptions in training, maintaining stability and087

ensuring the model adapts progressively without088

losing momentum.089

• Local Diversity. Mixing diverse samples within090

mini-batches prevents overfitting and promotes091

learning of generalizable features, improving the092

model’s ability to generalize from the data.093

To demonstrate how these guidances can be em-094

ployed in practice, we instantiate them into two095

novel ordering strategies termed STR and SAW,096

which systematically integrate these guidances to097

create an optimized training sequence. The score-098

index distributions of these organized sequences099

are presented in the bottom part of Figure 1. Ex-100

tensive experiments across diverse model scales101

and data sizes, encompassing both pre-training and102

supervised fine-tuning (SFT) stages, confirm the103

effectiveness of our formalized guidances. The top104

part of Figure 1 illustrates the efficacy of the pro-105

posed STR and SAW methods in improving LLM106

training stability and overall performance.107

2 Problem Formulation 108

Training large language models (LLMs) with vast 109

datasets from the web is costly. To improve data ef- 110

ficiency, previous methods spend a lot of resources 111

calculating scores for each data sample (e.g., qual- 112

ity, difficulty, learnability, educational value), but 113

use them just once for selecting data. In contrast, 114

this work aims to reuse these scores to organize 115

training data, improving model performance. We 116

formalize this process in three stages: 117

Data Scoring. This stage evaluates the raw 118

dataset D = {x1, . . . , x|D|} to derive fine-grained 119

metrics. Let g denote the scoring function that 120

maps D to a score vector γ ∈ R|D|, representing 121

specific criteria such as quality or difficulty: 122

γ = g(D) = [γ1, γ2, . . . , γ|D|]
⊤. (1) 123

Data Selection. This process identifies an opti- 124

mal subset to reduce training costs. Let fs be the 125

selection function with a selection ratio R. It filters 126

D based on γ, retaining the top-K samples where 127

K = ⌊R · |D|⌋. The resulting subset Dsub changes 128

the dataset scale but does not inherently determine 129

the training order: 130

Dsub = fs(D;γ,K) = {xi ∈ D | r(γi) ≤ K} , (2) 131

where r(·) indexes elements in descending order 132

of their scores γ. 133

Data Organization. This is the core part of 134

our work, focusing on the strategic arrangement of 135

data. Unlike selection, Data Organization fo does 136

not alter the size but reorganizes the sequence of 137

the dataset based on a permutation π derived from 138

the scores γ. As a result, the initially disordered 139

data is transformed into an ordered data: 140

Dord = fo(D;γ) = [xπ(1), xπ(2), . . . , xπ(K)]. (3) 141

where the permutation π effectively translates the 142

score into an ordering index for each data point. Fi- 143

nally, the overall pipeline is formalized as Dtrain = 144

fo(fs(D;γ,K);γ), fo operates on either the full 145

dataset or a selected subset. To maximize the utility 146

of the pre-computed scores, our pipeline employs 147

the identical score vector γ to guide both data selec- 148

tion and organization, ensuring the computational 149

effort in scoring is used without additional over- 150

head. As a special case of data organization, Cur- 151

riculum Learning (CL) corresponds to an ordering 152

function fo that sorts samples in ascending order 153

of scores γ, yielding Dsort. 154
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3 Guidances for Data Organization155

3.1 G1: Boundary Sharpening.156

Motivation. The training trajectory of LLMs is157

highly sensitive to data distribution at the optimiza-158

tion boundaries, particularly at the start and end159

of training. Recent findings indicate that improper160

data characteristics at initialization can destabilize161

early optimization and hinder convergence (Luo162

and Yang, 2023; Kalra and Barkeshli, 2024; Paul163

et al., 2022; Zhang et al., 2025). Likewise, the data164

distribution at the end of training greatly affects the165

model’s attainable performance. Insufficient qual-166

ity or complexity restricts performance on down-167

stream tasks (Hu et al., 2024; Dubey et al., 2024).168

Thus, controlling data scoring distribution at these169

phases is crucial for optimal training dynamics.170

Guidance. Boundary Sharpening advocates explic-171

itly controlling the data characteristics at the start172

and end of training.173

Algorithm 1 Segment Ordering (SEG)

Input: Sorted dataset Dsort, intervals {Il}L−1
l=0

Output: Organized dataset Dord
Desc.: Percentile-based partitioning & shuffling
1: {Dl}L−1

l=0 ← ∅
2: for all x in Dsort do
3: k ∼ Uniform({l | rank(x) ∈ Il})
4: Dk ← Dk ∪ {x}
5: end for
6: {D̃l}L−1

l=0 ← Shuffle{Dl}L−1
l=0

7: Dord ← Concatenate(D̃0, D̃1, . . . , D̃L−1)

Implementation (Alg. 1). To instantiate Boundary174

Sharpening in practice, we propose a Segment Or-175

dering (SEG) strategy that discretizes the training176

sequence into L distinct segments, D0, . . . ,DL−1,177

derived from the sorted data Dsort. Each seg-178

ment Dl is defined by a target percentile interval179

[p
(l)
start, p

(l)
end] of Dsort. To construct the curriculum,180

we map samples to segments based on their score181

rankings. To prevent duplication in overlapping re-182

gions, shared samples are evenly distributed among183

segments. Each segment Dl is then randomly shuf-184

fled to create D̃l. The final organized dataset is185

constructed by concatenating these processed seg-186

ments: Dord = [D̃0, D̃1, . . . , D̃L−1].187

3.2 G2: Cyclic Scheduling.188

Motivation. While a strict scoring-based sorting189

is intuitive, it poses risks in the one-pass train-190

ing regime typical of LLMs (Tay et al., 2019; Tu-191

dor Ionescu et al., 2016). As the model transitions192

exclusively to complex samples in later stages, it193

tends to forget fundamental knowledge acquired194

from early simple data (Wang et al., 2021; Dai et al., 195

2025a). Standard solutions like Baby Step methods 196

(Spitkovsky et al., 2010; Cirik et al., 2016), which 197

mix previous simple data with new hard data, are 198

often impractical in LLMs training as they require 199

explicit data replay, inflating the training costs. 200

Guidance. Cyclic Scheduling advocates period- 201

ically revisiting training samples across the full 202

score spectrum during one-pass training. 203

Algorithm 2 Folding Ordering (FO)

Input: Sorted dataset Dsort, folding layers L
Output: Organized dataset Dord
Desc.: Strided partitioning of sorted data
1: for l = 0 to L− 1 do
2: Dl ← {Dsort[i] | 0 ≤ i ≤ |Dsort − 1|, i ≡ l

(mod L)}
3: end for
4: Dord ← Concatenate(D0,D1, . . . ,DL−1)

Implementation (Alg. 2). To practically instan- 204

tiate Cyclic Scheduling, we introduce a Folding 205

Ordering (FO) strategy based on pre-computed 206

scores γ. Let πsort be the permutation indices of 207

sorted dataset Dsort, such that γπsort(0) ≤ · · · ≤ 208

γπsort(|D|−1). We divide the training dataset into L 209

folding layers. To ensure each folding cycle covers 210

the entire score spectrum, we distribute the sorted 211

samples in a strided partitioning way. Specifically, 212

the dataset is reorganized into a series of cycles 213

D0, . . . ,DL−1. Each cycle corresponds to a fold- 214

ing layer in the training sequence, and the l-th fold- 215

ing layer Dl (0 ≤ l < L) collects samples with 216

sorted ranks congruent to l modulo L: 217

Dl =
[
xπsort(i) | i ≡ l (mod L), 0 ≤ i ≤ |D| − 1

]
. (4) 218

The final ordered dataset Dord is created by concate- 219

nating these cycles: Dord = [D0,D1, . . . ,DL−1]. 220

Within each cycle Dl, samples keep their relative 221

low-to-high score order. This construction effec- 222

tively transforms a globally increasing trajectory 223

into a periodic pattern, allowing the model to revisit 224

early basic concepts regularly while progressively 225

tackling samples with higher scores. 226

3.3 G3: Curriculum Continuity. 227

Motivation. The dynamics of the optimization pro- 228

cess are highly sensitive to the sequence of data 229

presentation. Abrupt fluctuations in data attributes 230

may induce shocks to the optimizer, manifesting as 231

rapid switching between relatively low and high- 232

scoring samples(Kong et al., 2021; Weinshall et al., 233

2018). Such shifts often lead to high variance in 234

gradient estimates, disrupting the optimization sta- 235

bility and potentially causing loss divergence. 236
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Guidance. Curriculum Continuity advocates237

maintaining smooth transitions in data attributes238

throughout the training sequence.239

Algorithm 3 Zig-zag Ordering (ZIG)

Input: Sorted dataset Dsort, folding layers L
Output: Organized dataset Dord
Desc.: Enhancing continuity across partitions
1: {Dl}L−1

l=0 ← FO(Dsort, L) {See Alg. 2}
2: for l = 0 to L− 1 do
3: if l is odd then
4: Dl ← Reverse(Dl)
5: end if
6: end for
7: Dord ← Concatenate(D0,D1, . . . ,DL−1)

Implementation. (Alg. 3) To instantiate Curricu-240

lum Continuity in practice, we propose the Zig-zag241

Ordering (ZIG) strategy. FO (Sec. 3.2) causes242

sharp attribute drops when switching between cy-243

cles, violating the continuity required for stable op-244

timization. ZIG resolves this by simply reversing245

the sample order in every odd-indexed cycle (i.e.,246

D1,D3, . . . ) from Eq. 4. The final dataset Dord247

concatenates these partially reversed subsets to a248

continuous triangle-wave pattern, ensuring that ad-249

jacent cycles typically connect at points of similar250

score and yielding a smoother training trajectory.251

3.4 G4: Local Diversity.252

Motivation. While establishing a global curricu-253

lum (e.g., via cyclic scheduling or curriculum con-254

tinuity) is beneficial, strictly sorting the dataset by255

scores γ negatively impacts Local Diversity. When256

training samples within a mini-batch possess nearly257

identical scores and attributes, the diversity of gra-258

dients diminishes (Jiang et al., 2014). This lack of259

intra-batch variance may bias the optimizer towards260

specific, repetitive patterns, leading to overfitting261

and reducing the model’s ability to learn generaliz-262

able features (Yin et al., 2018).263

Guidance. Local Diversity advocates preserving264

sufficient heterogeneity among training samples265

within local sections of the training sequence.266

Algorithm 4 Jittering Ordering (JIT)

Input: Sorted dataset Dsort, window size w
Output: Organized dataset Dord
Desc.: Injecting index noise for local diversity
1: L← ⌈|Dsort|/w⌉
2: for l = 0 to L− 1 do
3: Dl ← Shuffle(Dsort[l · w : (l + 1) · w])
4: end for
5: Dord ← Concatenate(D0,D1, . . . ,DL−1)

Implementation. (Alg. 4) To instantiate Local267

Diversity in practice, we introduce Jittering Or-268

dering (JIT) strategy by injecting tunable noise269

into the strictly sorted data Dsort (e.g., CL, FO, and270

ZIG). Specifically, we partition the sorted dataset 271

Dsort into contiguous buckets of size w (diversity 272

window). Within each bucket, we apply random 273

shuffling while preserving the relative order be- 274

tween buckets. The final dataset Dord concatenates 275

these locally shuffled buckets, restoring essential 276

gradient noise while maintaining the global trend. 277

4 Methodology 278

Besides discussing each guidance individually, we 279

also propose several cross-guidance strategies to 280

explore their interplay (Alg. 5). 281

Cross-guidance strategies. A cross-guidance 282

strategy combines multiple guidances into one data 283

ordering function by assigning different ordering 284

mechanisms to different parts of the training se- 285

quence. This approach enables controlled composi- 286

tion of global progression, periodic review, continu- 287

ity, and local diversity within a unified framework, 288

rather than relying on a single ordering heuristic. 289

(e) Random (f) CL

(d) CL (JIT-w100k)(b) FO-3 (c) ZIG-3

(g) STR-3 (w/o JIT) (h) SAW-3 (w/o JIT)

(a) SEG (l10-h10)

G1 G2 G3 G4

Baselines Ours

Figure 2: Visualization of score-index distribution under
different data organization strategies. For clear compar-
ison, L = 3 is used for FO, ZIG, STR, and SAW.

Algorithm 5 STR & SAW

Input: Sorted dataset Dsort, split points {pl}L−1
l=1 , radius

ρ, window size w, folding layers L, mode T ∈
{STR, SAW}

Output: Organized dataset Dord
Desc.: Cross-guidance strategy.
1: {Dt

l}L−1
l=1 ← {Dsort[pl − ρ : pl + ρ]}

2: {Ds
l }L−1

l=0 ← {Dsort[pl + ρ : pl+1 − ρ]}
with p0 = −ρ, pL = |Dsort|+ ρ

3: for each Dt
l ∈ {Dt

l} do
4: if T = STR then
5: Dt

l ← FO(Dt
l , L) {G2, see Alg. 2}

6: else if T = SAW then
7: Dt

l ← ZIG(Dt
l , L) {G3, see Alg. 3}

8: end if
9: end for

10: Dord ← Concatenate(Dt
0,Ds

0, . . . ,Ds
L−1,Dt

L−1)
11: if w > 0 then
12: Dord ← JIT(Dord, w) {G4, see Alg. 4}
13: end if
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Stair Ordering (STR). This strategy follows290

guidances of G1, G2, and G4. To explore the ben-291

efits of global progression (G1) and periodic review292

(G2), STR maintains a global trend while injecting293

controllable folding mechanisms at local transitions294

to facilitate early knowledge review. Building upon295

this, we optionally apply the JIT mechanism to data296

samples to enhance local diversity (G4).297

Specifically, we partition the Dsort into L sec-298

tions by identifying L − 1 split points. Around299

each point, we define a transition region Dt with300

a radius ρ, while the remaining portions constitute301

stable regions Ds. In the final sequence, stable302

regions retain their monotonic order, whereas tran-303

sition regions apply the interleaving logic fFO (Eq.304

4) to facilitate knowledge review.305

Saw Ordering (SAW). SAW generalizes STR306

by integrating G1, G2, G3, and G4, and explic-307

itly enforces continuity constraints during region308

transitions. While the STR ordering strategy effec-309

tively integrates G1&2, the use of folding mech-310

anisms to transition between regions introduces311

abrupt shifts in data attributes, posing a challenge312

to G3 described in 3.3. To address this and explore313

the benefits of attribute continuity, SAW refines314

the STR framework by replacing the folding fFO315

within transition regions with the Zig-zag mecha-316

nism fZIG, thereby ensuring a smoother transition317

between samples at region boundaries. Similarly,318

we also optionally apply the JIT mechanism (G4).319

5 Experiment320

5.1 Experimental Setup321

Data. For general data, we report FineWeb-Edu322

(Lozhkov et al., 2024) results in the main text and323

defer QuRatedPajama (Wettig et al., 2024) to Ap-324

pendix E. For specific tasks, we utilize DeepMath-325

103K (He et al., 2025) for math reasoning and326

OpenCodeInstruct (Ahmad et al., 2025) for code327

generation. See Appendix C.2 for dataset details.328

Models. We apply the Mistral (Jiang et al., 2023)329

architecture for pre-training on general data, and330

the Qwen3 (Yang et al., 2025) for SFT in the math331

and code data using the official pre-trained weights.332

See Appendix C.3 for model details.333

Baselines. We use random sampling (Random)334

and vanilla curriculum learning (CL) as baselines.335

Following Sec. 3, we verify the effectiveness of336

each guidance through specific implementations:337

SEG (G1), FO (G2), ZIG (G3), and JIT (G4). Be-338

sides, we investigate the cross-guidance strategies339

of the proposed STR and SAW in Sec. 4. These 340

strategies are visualized in Figure 2. See Appendix 341

C.4 for training details. 342

For additional details of the experimental setup, 343

such as training and evaluation, see Appendix C. 344

5.2 Guidance Analysis 345

Refer to Appendix C.1 for setup of this section. 346

5.2.1 G1: Boundary Sharpening 347

Results. For the pre-training setting, as demon- 348

strated in Table 1, we derive two observations: 349

(1) High-scoring data at the end optimizes per- 350

formance. Regardless of the initial phase, config- 351

urations ending with high-scoring samples (e.g., 352

SEG(l10-h10)) consistently yield significant gains. 353

Conversely, concluding with low-scoring data 354

leads to marked performance degradation (e.g., 355

SEG(h90)). (2) Initialization with high-score data 356

alone yields negligible benefits. Configurations 357

that exclusively prioritize high scores at the start 358

(e.g., SEG(h10)) perform comparably to the ran- 359

dom baseline. This may be attributed to the con- 360

straints of a fixed data volume, where selecting 361

high-scoring samples early on inevitably leaves 362

lower-quality data for the final stages. 363

For the SFT setting, the best performance is 364

achieved when both the beginning and the end of 365

the training utilize high-scoring data (SEG(h10- 366

h10)). This stems from the fact that starting with 367

high-scoring data stabilizes the transition from pre- 368

training, while ending with high-scoring data con- 369

sistently optimizes final performance. 370

Analysis. Figure 3 illustrates how data attributes 371

at training boundaries shapes model dynamic per- 372

formance. Variants ending with high-score data 373

(e.g., SEG(l90), SEG(l10-h10)) exhibit a sharp fi- 374

nal performance boost, surpassing the baseline. In 375

contrast, those ending with low-score data (e.g., 376

SEG(h90), SEG(h10-l10)) suffer from stagnation. 377
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Figure 3: Comparison of accuracy trajectories for SEG.
Results on Mistral-160M trained on 1B-tokens data.
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Table 1: Performance comparison of SEG variants and baselines to evaluate G1.
Pre-training (FineWeb-Edu) SFT (DeepMath-103K | OpenCodeInstruct)

ARC-c ARC-e HS LAMB OBQA PIQA SciQ Wino Avg. AIME24 AIME25 Avg. HumanEval MBPP Avg.

Random 22.53
± 0.18

35.44
± 0.23

27.87
± 0.15

14.63
± 0.12

24.40
± 0.20

56.37
± 0.51

53.50
± 0.48

51.54
± 0.04

35.78
± 0.08

1.29
± 0.02

1.30
± 0.02

1.30
± 0.01

57.93
± 0.60

52.80
± 0.06

55.37
± 0.30

SEG(h10) 22.01 34.09 27.72 13.51 27.40 57.34 55.20 49.80 35.89 ↑ 1.89 2.55 2.22 66.40 52.00 59.20
SEG(h90) 21.08 33.80 27.38 12.48 25.00 56.96 52.40 52.25 35.17 ↓ 2.10 1.82 1.96 59.10 53.20 56.15
SEG(l10) 22.01 36.57 28.05 13.12 26.60 58.11 57.50 51.78 36.72 ↑ 2.53 1.15 1.84 64.60 54.20 59.40
SEG(l90) 24.15 37.79 27.90 12.79 27.80 56.04 57.90 50.43 36.85 ↑ 2.64 2.29 2.47 59.10 53.00 56.05

SEG(h10-l10) 21.59 34.01 27.80 14.03 25.60 57.73 55.80 50.43 35.87 ↑ 2.32 2.03 2.18 60.30 53.40 56.85
SEG(l10-l10) 22.01 33.92 27.39 13.16 23.40 57.29 55.10 52.57 35.60 ↓ 2.05 1.67 1.86 63.40 52.60 58.00
SEG(l10-h10) 23.81 38.30 28.22 12.56 27.40 57.40 60.20 50.67 37.32 ↑ 1.89 1.61 1.75 59.10 53.40 56.25
SEG(h10-h10) 22.53 37.58 27.99 13.58 28.60 57.13 59.40 50.59 37.18 ↑ 2.37 2.14 2.26 66.40 54.60 60.50

Table 2: Performance comparison of FO variants and baselines to evaluate G2.
Pre-training (FineWeb-Edu) SFT (DeepMath-103K | OpenCodeInstruct)

ARC-c ARC-e HS LAMB OBQA PIQA SciQ Wino Avg. AIME24 AIME25 Avg. HumanEval MBPP Avg.

Random 22.53
± 0.18

35.44
± 0.23

27.87
± 0.15

14.63
± 0.12

24.40
± 0.20

56.37
± 0.51

53.50
± 0.48

51.54
± 0.04

35.78
± 0.08

1.29
± 0.02

1.30
± 0.02

1.30
± 0.01

57.93
± 0.60

52.80
± 0.06

55.37
± 0.30

CL 22.87 39.56 28.05 10.89 29.40 55.66 58.20 50.83 36.93 1.94 1.61 1.78 60.90 51.40 56.15

FO-2 24.15 38.38 28.09 10.69 29.40 55.82 61.20 51.07 37.35 ↑ 1.89 1.56 1.73 60.90 53.60 57.25
FO-3 23.46 38.64 27.71 10.58 27.60 56.47 61.70 50.36 37.07 ↑ 2.96 1.88 2.42 65.80 53.40 59.60
FO-4 24.76 37.26 28.00 11.01 26.90 57.77 58.20 51.88 36.97 ↑ 2.16 1.72 1.94 62.10 55.60 58.85
FO-5 23.29 38.68 28.16 11.86 26.80 56.47 59.60 52.17 37.13 ↑ 2.80 1.20 2.00 66.80 54.80 60.80
FO-20 23.46 36.99 27.66 13.62 26.60 56.37 56.80 51.22 36.59 ↓ 2.42 1.61 2.02 60.90 51.20 56.05
FO-100 22.53 35.86 27.57 11.43 24.20 56.91 53.20 47.75 34.93 ↓ 2.48 1.51 2.00 66.40 51.80 59.10

Table 3: Performance comparison of ZIG variants and baselines to evaluate G3.
Pre-training (FineWeb-Edu) SFT (DeepMath-103K | OpenCodeInstruct)

ARC-c ARC-e HS LAMB OBQA PIQA SciQ Wino Avg. AIME24 AIME25 Avg. HumanEval MBPP Avg.

Random 22.53
± 0.18

35.44
± 0.23

27.87
± 0.15

14.63
± 0.12

24.40
± 0.20

56.37
± 0.51

53.50
± 0.48

51.54
± 0.04

35.78
± 0.08

1.29
± 0.02

1.30
± 0.02

1.30
± 0.01

57.93
± 0.60

52.80
± 0.06

55.37
± 0.30

FO-2(or 5) 24.15 38.38 28.09 10.69 29.40 55.82 61.20 51.07 37.35 2.80 1.72 2.26 63.10 55.60 59.35
ZIG-2(or 5) 25.17 38.59 28.12 11.53 27.80 56.75 60.90 52.01 37.61 ↑ 2.88 2.02 2.45 63.80 55.40 59.60

FO-3 23.46 38.64 27.71 10.58 27.60 56.47 61.70 50.36 37.07 2.82 1.88 2.35 65.80 52.40 59.10
ZIG-3 23.38 39.69 27.77 11.08 27.40 57.40 61.30 51.14 37.40 ↑ 2.64 2.20 2.42 64.63 54.20 59.42

5.2.2 G2: Cyclic Scheduling378

Results. For the pre-training stage, as shown in379

Table 2, both CL and FO methods achieve varying380

degrees of improvement over the random baseline.381

The best variant (FO-2) consistently exceeds the382

CL baseline, proving that the periodic review of383

early foundational knowledge offers benefits to the384

learning process. For the SFT stage, FO yields sub-385

stantial gains, especially with FO-3 in mathematics386

and FO-4/5 in coding. This confirms that review387

strategies remain effective in SFT stage. However,388

the efficacy of FO across both stages is sensitive to389

the parameter L, as suboptimal selections can lead390

to performance degradation.391

Analysis. Figure 4 presents the training-wise Per-392

plexity (PPL) trends measured on the data with the393

10% lowest score, referred to as De, within Dsort.394

The PPL of CL on De rapidly drops (initial 30%395

phase) but rebounds after entering the high-score396

data region (latter 50%), which directly confirms397

the forgetting of early samples. For the FO-3, PPL398

drops normally in cycle 1. When simple data is399

Figure 4: The LMs’ perplexity (PPL) for De. Results
on Mistral-160M trained on 1B-tokens data.

reintroduced in cycle 2, PPL shows a secondary 400

sharp drop. By the end of training (cycle 3), the 401

model maintains a low PPL on De and exhibits no 402

rebound phenomenon seen in CL. 403

5.2.3 G3: Curriculum Continuity 404

Results. In Table 3, for the pre-training stage, 405

the ZIG variants consistently outperform their FO 406

counterparts. For the SFT stage, ZIG remains com- 407

parable to or outperforms FO in most cases. These 408

results indicate that abrupt shifts in data attributes 409

can negatively impact training, while enhancing at- 410

tribute continuity effectively mitigates such issues. 411
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Figure 5: Comparison of gradient norm trajectories.
Results on Mistral-160M trained on 1B-tokens data.

Analysis. To empirically investigate the impact of412

abrupt data attribute shifts on optimization stability,413

we visualize the global gradient norm. As shown414

in Figure 5, FO-3 exhibits a sharp spike in gradient415

norm at the boundary between cycles, indicating a416

shock to the optimizer due to the abrupt transition417

from samples with high to low score. In contrast,418

ZIG maintains a stable gradient magnitude, verify-419

ing its ability to to ensure smoother optimization420

dynamics and stabilize the training process.421

5.2.4 G4: Local Diversity422

Results. For both pre-training and SFT stages, as423

indicated in Table 4, the application of the JIT strat-424

egy leads to consistent performance gains across all425

strictly sorted ordering methods. This observation426

suggests that the lack of local diversity acts as an427

inherent limitation in model training, which can be428

effectively mitigated by the JIT strategy to further429

improve model performance.430

Table 4: Performance comparison of JIT variants and
baselines to evaluate G4.

FineWeb-Edu QuRatedPajama DeepMath OpenCodeInstruct

Random 35.78
± 0.08

35.60
± 0.16

1.30
± 0.02

55.47
± 0.22

CL 36.93 36.12 1.78 58.30

CL (JIT) 37.72
± 0.14

36.46
± 0.11

1.78
± 0.03

59.50
± 0.35

FO 37.35 36.62 2.42 60.90

FO (JIT) 37.42
± 0.09

36.85
± 0.09

2.74
± 0.12

60.96
± 0.14

ZIG 37.61 36.74 2.69 60.11

ZIG (JIT) 37.65
± 0.12

36.88
± 0.10

2.76
± 0.08

61.34
± 0.18
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Figure 6: Sensitivity analysis of model performance to
weight perturbation.

Analysis. Previous works have shown that the flat- 431

ness of the loss landscape is strongly correlated 432

with generalization and robustness (Keskar et al., 433

2016; Foret et al., 2020). To evaluate how JIT 434

enhances model robustness, we conduct weight 435

perturbation analysis by injecting multiplicative 436

Gaussian noise into parameters of various models 437

(e.g., CL, FO, ZIG) and their JIT-enhanced version. 438

As illustrated in Figure 6, the results show that 439

(1) Superior performance. Models with JIT con- 440

sistently outperform baselines across all noise lev- 441

els. (2) Flatter minima. While the performance 442

of baselines drops quickly as the noise scale α in- 443

creases, JIT-enhanced models exhibit slower degra- 444

dation. This lower sensitivity shows that JIT helps 445

the model find broader and flatter minima, leading 446

to better robustness and generalization potential. 447

5.3 Main Result 448

Setup. To investigate the interplay among different 449

guidances, we design the STR (Guidance 1&2&4) 450

and SAW (Guidance 1&2&3&4) strategies (see 451

Sec. 4). Data organization methods of CL (Bengio 452

et al., 2009) and DELT (Dai et al., 2025a) are em- 453

ployed as baselines. In the main text, we report the 454

best performance across L and JIT configurations. 455

Results. For both pre-training and SFT stages, as 456

exhibited in Table 5, the cross-guidance strategies 457

of STR and SAW significantly outperform the CL 458

and DELT baselines. Moreover, SAW and STR 459

exhibit comparable performance. This parity likely 460

stems from the fact that, unlike the full restart re- 461

view in FO, STR narrows the scope of the review 462

data, naturally mitigating the drastic attribute shifts. 463

Therefore, the additional continuity benefits (Guid- 464

ance 3) introduced by SAW become less apparent. 465

5.4 Scaling-up Result 466

Setup. To assess the scalability and robustness of 467

our ordering strategies, we evaluate our methods 468

on a 50B-token data corpus across various Mistral 469

model sizes, including 160M, 470M, 1B, and 1.7B 470

parameters. We apply STR and SAW using the 471

optimal configurations derived from the 160M/1B- 472

token setup. 473

Results. As shown in Table 6, both STR and 474

SAW exhibit strong performance as model and 475

data scales increase, consistently outperforming 476

the random baseline across downstream tasks on 477

average. Beyond downstream tasks, we show that 478

data organization also improves language modeling 479

performance on high-quality corpora as the model 480
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Table 5: Performance comparison of cross-guidance strategies (STR and SAW) against other strategies. 24 and 25
refer to the AIME24 and AIME25, while HE refers to the HumanEval benchmark.

Guidances Pre-training (FineWeb-Edu) SFT (DeepMath-103K | OpenCodeInstruct)

G1 G2 G3 G4 ARC-c ARC-e HS LAMB OBQA PIQA SciQ Wino Avg. 24 25 Avg. HE MBPP Avg.

Random - ✓ - ✓ 22.53 35.44 27.87 14.63 24.40 56.37 53.50 51.54 35.78 1.29 1.30 1.30 57.93 53.00 55.47

CL (Bengio et al., 2009) ✓ - ✓ - 22.87 39.56 28.05 10.89 29.40 55.66 58.20 50.83 36.93 1.94 1.61 1.78 61.59 55.00 58.30
DELT (Dai et al., 2025a) ✓ ✓ - - 24.15 38.38 28.09 10.69 29.40 55.82 61.20 51.07 37.35 2.96 1.88 2.42 63.80 55.60 59.70

STR (Ours) ✓ ✓ - ✓ 25.59 40.40 27.93 10.85 29.70 56.61 60.80 49.65 37.69 3.02 1.93 2.48 65.85 55.80 60.83
SAW (Ours) ✓ ✓ ✓ ✓ 23.63 40.11 28.25 12.05 28.20 55.55 61.80 53.04 37.83 2.91 2.14 2.53 64.76 56.20 60.48

Trained Tokens Trained Tokens Trained Tokens Trained Tokens

Te
st

 L
os

s

Model Size = 160M Model Size = 470M Model Size = 1B Model Size = 1.7B

Figure 7: Test losses on the DCLM corpus (Li et al., 2024a) across 160M to 1.7B model sizes. The labels STR and
SAW refer to the optimal configurations: STR-2(JIT) and SAW-2(JIT).

Table 6: Scaling-up of different cross-guidance strate-
gies during the pre-training stage on two 50B-token
training datasets. QR refers to the QuRatedPajama
dataset, while FW refers the FineWeb-Edu dataset.

160M 470M 1B 1.7B
QR FW QR FW QR FW QR FW

Random 39.83 40.52 43.50 44.16 45.96 46.83 47.28 47.72

SEC 41.27 43.13 44.75 47.65 46.33 48.45 48.76 49.85
SAW 41.51 43.10 45.07 46.83 46.59 48.06 48.42 50.11

Table 7: Test loss extrapolation via Chinchilla Scaling
Law (Hoffmann et al., 2022). We estimate losses where
model size N and trained tokens D align with GPT-3
175B, Llama 6.7B, Llama 2 70B, and Llama 3.1 405B.
The improvements of data organization remain consis-
tent for these LMs.

N D Random STR SAW

GPT-3 175B 300B 2.876 2.859 2.853
Llama 6.7B 1.0T 2.895 2.831 2.824
Llama 2 70B 2.0T 2.788 2.759 2.753
Llama 3.1 405B 15T 2.762 2.744 2.738

scale increases. Figure 7 illustrates the test loss on481

the DCLM subset, comparing conventionally pre-482

trained LMs (random) against those trained on data483

ordered by STR and SAW. The results show that484

LMs trained on ordered data constantly achieve485

better performance across various model sizes.486

Table 7 details our extrapolation of test losses487

using the Chinchilla Scaling Law (Hoffmann et al.,488

2022), showing that the gains from ordered data489

persist even when pre-training recent large LMs 490

such as GPT-3 (Brown et al., 2020) and the Llama 491

family (Touvron et al., 2023a,b; Dubey et al., 2024). 492

More details of the extrapolation are available in 493

the Appendix D. The DCLM corpus is assembled 494

using a complex heuristic-based pipeline and is 495

confirmed to be both diverse and exhaustive in its 496

knowledge representation. Utilizing existing scores 497

from data selection for data organization comes at 498

a negligible cost and introduces a new perspec- 499

tive for enhancing model performance compared 500

to complex curation pipelines. 501

6 Conclusion 502

This paper systematically explores the impact of 503

data organization on Large Language Model (LLM) 504

training, an area often overlooked despite its sig- 505

nificance, especially given the limited number of 506

training epochs for current LLMs. By utilizing pre- 507

computed sample-level scores from data efficiency 508

methods, our approach introduces minimal com- 509

putational overhead. We identified and formalized 510

four key guidances for optimizing training data or- 511

ganization. According to them, two data ordering 512

methods, STR and SAW, were proposed. Extensive 513

experiments consistently validated the effective- 514

ness of these data ordering guidances and strategies 515

enhance training stability and model performance 516

across various model scales and data sizes. 517
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Limitations518

While this work presents a systematic investiga-519

tion into data organization for LLM training and520

introduces effective guidances, it is important to521

acknowledge certain limitations. The methodol-522

ogy relies on reusing pre-computed sample-level523

scores, which, while offering the significant ad-524

vantage of almost zero additional computational525

overhead, also means that the efficacy of the pro-526

posed organization strategies is contingent upon the527

quality and relevance of these pre-existing scores.528

Ethics Statement529

We ensure transparency by utilizing publicly avail-530

able data sources and model architectures. We531

adhere to the licensing terms for both models and532

datasets, including proper attribution and sharing533

any modifications or derivative works under com-534

patible terms. While this work focuses on language535

modalities, further research is necessary for unbi-536

ased evaluation in other modalities.537
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Appendix914

A Extended Discussion on Guidances915

We offer additional insights and supplementary de-916

tails regarding the proposed guidances to further917

clarify their mechanisms.918

• Boundary Sharpening. Improper data charac-919

teristics at the start and end of training can hinder920

convergence (Luo and Yang, 2023; Kalra and921

Barkeshli, 2024; Paul et al., 2022) or restrict922

peak performance (Hu et al., 2024; Dubey et al.,923

2024). We establish a boundary sharpening guid-924

ance, initiating training with low-score (simple,925

low-information) data to stabilize early optimiza-926

tion, while concluding with high-score (complex,927

high-quality) samples to align the model’s capa-928

bilities with downstream reasoning tasks, thereby929

ensuring robust and performant models.930

• Cyclic Scheduling. In a one-pass training regime931

(Tay et al., 2019; Tudor Ionescu et al., 2016;932

Wang et al., 2020), a strict easy-to-hard data933

curriculum often leads to the forgetting of early934

fundamental knowledge as the model transitions935

to complex samples (Wang et al., 2021). More-936

over, the common practice of training LLMs for937

only one or a few epochs makes Baby Step meth-938

ods (Bengio et al., 2009; Spitkovsky et al., 2010;939

Cirik et al., 2016) impractical, given their re-940

quirement for replaying simple data whenever941

more challenging samples are introduced. To942

address this, we propose cyclic scheduling guid-943

ance, which periodically feeds the model with944

data covering a broad score distribution.945

• Curriculum Continuity. Abrupt fluctuations946

in data scores can shock the optimizer, caus-947

ing loss divergence or training instability (Kong948

et al., 2021; Weinshall et al., 2018). We effec-949

tively maintain curriculum continuity, ensuring950

smooth transitions across the spectrum of sam-951

ple attributes to allow the model to progressively952

adapt to evolving data patterns without disrupt-953

ing the optimization momentum, which is crucial954

for maintaining stable learning trajectories.955

• Local Diversity. Strictly sorting data by956

score can reduce gradient diversity within mini-957

batches, thereby influencing the model to overfit958

specific patterns rather than learning generaliz-959

able features (Jiang et al., 2014; Yin et al., 2018).960

Consequently, the local diversity guidance sug- 961

gests the introduction of diverse samples within 962

each micro-batch while maintaining the overall 963

curriculum progress, thereby maximizing the in- 964

formation entropy of gradient estimations and 965

fostering the learning of generalizable features, 966

ultimately improving model generalization. 967

B Related Work 968

B.1 Data Efficiency 969

Data efficiency aims to optimize LLMs training 970

by identifying high-quality subsets from massive 971

corpora, a guidance validated by state-of-the-art 972

LLMs (Dubey et al., 2024; OpenAI; Yang et al., 973

2025) which demonstrate that data quality often 974

outweighs quantity. Existing methods broadly fall 975

into three categories: deduplication, distribution 976

alignment, and quality-based scoring. SemDeDup 977

(Abbas et al., 2023) and D4 (Tirumala et al., 2023) 978

focus on removing semantic redundancy to enhance 979

diversity. Beyond redundancy, DSIR (Xie et al., 980

2023) selects subsets that mirror target distributions 981

via importance weighting, while PDS (Gu et al., 982

2025) evaluates sample utility based on gradient 983

consistency. More recently, fine-grained scoring 984

systems have emerged to assess content quality; 985

for instance, FineWeb-Edu (Penedo et al., 2023) 986

employs classifiers to identify educational content, 987

and QuRating (Wettig et al., 2024) evaluates text 988

across multiple dimensions such as writing style 989

and required expertise. However, a critical ineffi- 990

ciency persists across these methods: while sub- 991

stantial computational resources are invested in 992

deriving these scalar metrics, they are typically uti- 993

lized solely for a one-off binary selection decision. 994

Once the subset is constructed, this rich scoring in- 995

formation is discarded, and the model trains on the 996

retained data agnostic to the significant variance in 997

their intrinsic quality or difficulty. 998

B.2 Data Organization 999

Data organization explores the strategic sequencing 1000

of training samples to optimize model convergence 1001

and performance. It is distinguished from data ef- 1002

ficiency, which focuses on subset selection. The 1003

dominant paradigm is Curriculum Learning (Ben- 1004

gio et al., 2009), which advocates for an easy-to- 1005

hard progression. Various metrics have been pro- 1006

posed to quantify this difficulty, such as attention 1007

scores (Kim and Lee, 2024) or soft edit distance 1008

(Chang et al., 2021). Beyond monotonic sorting, 1009
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advanced scheduling strategies have emerged: an-1010

nealing approaches (Dubey et al., 2024) prioritize1011

high-quality data towards the conclusion of train-1012

ing to refine capabilities, while DELT introduces1013

folding learning strategies to mitigate catastrophic1014

forgetting by periodically exposing the model to the1015

full difficulty spectrum (Dai et al., 2025a). How-1016

ever, research on data organization remains frag-1017

mented, particularly in the context of LLMs, lack-1018

ing guidances to guide the data ordering in model1019

training. To bridge this gap, our work is the first1020

to systematically explore the guidances of data or-1021

dering, utilizing multi-dimensional scores derived1022

from data efficiency (e.g., selection). This approach1023

allows us to construct sophisticated curricula that1024

enhance model performance and training stability1025

with almost no additional computational overhead.1026

C Additional Experimental Setup1027

C.1 Setup for Guidances Analysis1028

C.1.1 G1: Boundary Sharpening1029

Setup. To systematically investigate the impact of1030

data distribution at the training boundaries, we use1031

the SEG ordering strategy with diverse configura-1032

tions (see Sec. 3.1). We first isolate the effects1033

of the initialization and ending phases by setting1034

the segment parameter L = 2. Based on the per-1035

centile intervals of the sorted scores, we define four1036

variants: SEG(h10) (D̃1 ∈ [0, 0.1], D̃2 ∈ [0.1, 1]);1037

SEG(l90) (D̃1 ∈ [0.1, 1], D̃2 ∈ [0, 0.1]); SEG(h90)1038

(D̃1 ∈ [0, 0.9], D̃2 ∈ [0.9, 1]); and SEG(l10)1039

(D̃1 ∈ [0.9, 1], D̃2 ∈ [0.1, 0.9]).1040

Furthermore, to explore the joint influence of1041

start-end distributions, we increase the granular-1042

ity to L = 3. This setup includes the variants:1043

SEG(h10-l10) (D̃1 ∈ [0, 0.1], D̃2 ∈ [0.1, 0.9],1044

D̃3 ∈ [0.9, 1]) and its reverse SEG(l10-h10), as1045

well as symmetric configurations SEG(l10-l10)1046

(D̃1, D̃3 ∈ [0.9, 1], D̃2 ∈ [0, 0.9]) and SEG(h10-1047

h10) (D̃1, D̃3 ∈ [0, 0.1], D̃2 ∈ [0.1, 1]). Visualiza-1048

tions of the data distributions for each setting are1049

provided in the Appendix.1050

C.1.2 G2: Cyclic Scheduling1051

Setup. To thoroughly investigate the importance of1052

knowledge review, we compare various configura-1053

tions of CL and FO (see Sec. 3.2). For FO, we set1054

L ∈ {2, 3, 4, 5, 20, 100}, based on optimal perfor-1055

mance in preliminary folding-layer experiments.1056

C.1.3 G3: Curriculum Continuity 1057

Setup. To explore the impact of attribute continu- 1058

ity, we compare FO with its corresponding ZIG 1059

variants (see Sec. 3.3). Based on their performance 1060

of FO, we set our baselines using L = 2, 3 for pre- 1061

training and L = 3, 5 for SFT. Identical settings 1062

are applied to ZIG for a consistent comparison. 1063

C.1.4 G4: Local Diversity 1064

Setup. To evaluate the importance of local diver- 1065

sity, we integrate the JIT strategy (Sec. 3.4) into 1066

several data ordering variants that are strictly score- 1067

ordered, including CL, FO, ZIG. Table 4 presents 1068

the best-performing configuration among various 1069

JIT settings (as w varies), while more comprehen- 1070

sive results is provided in the Appendix E. 1071

C.2 Data 1072

(1) General data. To evaluate our method on 1073

general pre-training scenarios, we utilize two 1074

widely adopted corpora that provide comprehen- 1075

sive intrinsic sample-level scores for data selection. 1076

FineWeb-Edu (Penedo et al., 2023) is a large-scale 1077

dataset comprising 1.3T tokens sourced from Com- 1078

monCrawl (Wenzek et al., 2020). It employs a spe- 1079

cialized classifier, distilled from annotations gen- 1080

erated by Llama-3-70B, to assign an educational 1081

quality score (on a scale of 0 to 5) to each web page, 1082

prioritizing content with high knowledge density 1083

and logical reasoning. QuRatedPajama (Wettig 1084

et al., 2024) consists of 260B tokens derived from 1085

the CommonCrawl corpus. It distinguishes itself by 1086

offering fine-grained quality ratings across four spe- 1087

cific dimensions: educational value, writing style, 1088

factual content, and required expertise. For the 1089

main experiments (Sec. 5.2 and 5.3), we randomly 1090

sample 1B tokens from the original corpus, while 1091

for the scaling experiments (Sec. 5.4), we sample 1092

50B tokens. Due to space limits, the main text 1093

focuses on FineWeb-Edu results while full QuRat- 1094

edPajama data is deferred to the Appendix. 1095

Math data. We utilize DeepMath-103K (He 1096

et al., 2025) to assess mathematical reasoning ca- 1097

pabilities. This dataset comprises approximately 1098

103,000 instruction-tuning samples, constructed by 1099

augmenting standard benchmarks (e.g., GSM8K 1100

and MATH) with diverse reasoning paths using 1101

CoT strategies. It provides a spectrum of difficulty 1102

based on the number of reasoning steps and logical 1103

complexity. 1104

Code Data. For programming tasks, we em- 1105

ploy OpenCodeInstruct (Ahmad et al., 2025), a 1106
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large-scale code instruction dataset synthesized to1107

enhance code generation and execution. It evolves1108

seed instructions into a broad range of algorithmic1109

challenges, where samples are implicitly graded by1110

their algorithmic complexity and execution-based1111

correctness.1112

C.3 Model1113

For pre-training on general data, we adopt the same1114

model architecture as Mistral (Jiang et al., 2023),1115

pre-training variants with 160M, 470M, 1B, and1116

1.7B parameters. Model configurations follow (Gu1117

et al., 2025), with maximal learning rates following1118

(Brown et al., 2020) detailed in Table 8. For the1119

main experiments (Sec. 5.2 and 5.3), we apply1120

the model with 160M parameters, while for the1121

scaling experiments (Sec. 5.4), we apply models1122

with 160M, 470M, 1B, and 1.7B parameters.1123

For the SFT stage, we initialize the model with1124

Qwen3-1.7B-Base1 and conduct full-parameter1125

fine-tuning.1126

Model Size dmodel dFFN nlayers nhead dhead learning rate

160M 768 3,072 12 12 64 6 × 10−4

470M 1,024 4,096 24 16 64 3 × 10−4

1B 1,536 6,144 24 16 96 2.5 × 10−4

1.7B 2,048 8,192 24 16 128 2 × 10−4

Table 8: Model configurations and corresponding learn-
ing rates.

C.4 Training Configuration1127

For pre-training on general data, all models are1128

trained with a batch size of 256 and a maximum1129

input sequence length of 1,024 for one epoch. The1130

AdamW optimizer (Loshchilov and Hutter, 2019)1131

is paired with a cosine learning rate scheduler. The1132

scheduler includes a warm-up phase for the first1133

2,000 steps, after which the learning rate decays1134

to 10% of its peak value. The model architecture1135

and corresponding learning rates are summarized1136

in Table 8.1137

For SFT on mathematics and code datasets, we1138

conduct our experiments using the Llama-Factory1139

framework2. The Qwen3-1.7B-Base model is1140

trained using full parameter fine-tuning with a per-1141

device batch size of 4 and 8 gradient accumulation1142

steps for 3 epochs. The maximum input sequence1143

length is set to 2,048, and sequence packing is1144

enabled to improve computational efficiency. A1145

1https://huggingface.co/Qwen/Qwen3-1.7B-Base
2https://github.com/hiyouga/LlamaFactory

cosine learning rate scheduler is employed with a 1146

peak learning rate of 2.0 × 10−5. The scheduler 1147

includes a warm-up phase for the first 10% of the 1148

training steps. All training is conducted in bfloat16 1149

precision. 1150

Compute Resources. For the pre-training stage, 1151

we train the 160M model on 1B-token datasets us- 1152

ing a single NVIDIA A100 GPU. For experiments 1153

with the 160M, 470M, 1B, and 1.7B models on 1154

50B-tokens data, we utilize 8*A100 GPUs. For 1155

the SFT stage, all experiments are conducted on 1156

4*A100 GPUs. 1157

C.5 Evaluation 1158

We evaluate the LMs’ 0-shot accuracy on the down- 1159

stream test datasets used in OLMo (Groeneveld 1160

et al., 2024). We also report the LM’s language 1161

modeling loss on a subset of DCLM (Li et al., 1162

2024a). For mathematics, we report results on 1163

AIME 2024 and 2025 (AIME, 2025) in the main 1164

text, with MATH-500 (Hendrycks et al., 2021) and 1165

Minerva Math (Lewkowycz et al., 2022) in the Ap- 1166

pendix E. For code, we use HumanEval (Chen et al., 1167

2021) and MBPP (Austin et al., 2021). 1168

For general scenarios, we assess the trained 1169

models on a range of standard natural language 1170

understanding and reasoning benchmarks, includ- 1171

ing Hellaswag (HS; Zellers et al., 2019), Wino- 1172

grande (Wino; Levesque et al., 2012), LAM- 1173

BADA (LAMB; Paperno et al., 2016), Open- 1174

bookQA (OBQA; Mihaylov et al., 2018), ARC- 1175

easy/challenge (ARC-e/c; Clark et al., 2018), PIQA 1176

(Bisk et al., 2020), SciQ (Welbl et al., 2017), and 1177

BoolQ (Clark et al., 2019). We also evaluate the 1178

language modeling loss on a subset of DCLM (Li 1179

et al., 2024a), a high-quality curated dataset, to 1180

confirm that models trained on organized Dord 1181

preserve diversity and long-tail knowledge. For 1182

the general benchmarks, the tasks are framed as 1183

multiple-choice questions, where the model selects 1184

the correct answer by minimizing the normalized 1185

loss across all candidate options (acc_norm). 1186

For domain-specific tasks, we assess the models 1187

on mathematical reasoning and code generation 1188

benchmarks. For mathematics, we report results on 1189

AIME 2024 and 2025 (AIME, 2025) in the main 1190

text, with MATH-500 (Hendrycks et al., 2021) and 1191

Minerva Math (Lewkowycz et al., 2022) deferred 1192

to the Appendix. For code, we use HumanEval 1193

(Chen et al., 2021) and MBPP (Austin et al., 2021). 1194

For programming benchmarks, we evaluate the 1195

fine-tuned model’s code generation capabilities on 1196
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the HumanEval and MBPP benchmarks using their1197

instruction-based variants. All inputs are formatted1198

using the standard chat template to simulate user-1199

assistant interactions. For HumanEval, we employ1200

a zero-shot setting where the model is prompted1201

to complete a function body based on its signature1202

and docstring. The maximum generation length is1203

set to 1,024 tokens. For MBPP, we adopt a 3-shot1204

setting (num_fewshot=3), where the exemplars are1205

provided as multi-turn dialogue history to facili-1206

tate in-context learning. The maximum genera-1207

tion length for MBPP is constrained to 256 tokens.1208

For both benchmarks, we utilize greedy decoding1209

(do_sample=False) and report the Pass@1 metric1210

to assess performance.1211

For the mathematical reasoning benchmarks,1212

we adopt a process-generation, answer-evaluation1213

paradigm. In this setup, the model is prompted1214

with the raw problem text alongside four exem-1215

plar demonstrations (4-shot) that contain complete1216

Chain-of-Thought reasoning, and is required to1217

generate the full reasoning process before produc-1218

ing the final answer. We employ a stochastic de-1219

coding strategy with a temperature set to 0.7 and1220

top-p set to 0.8 to encourage diverse reasoning1221

paths. During evaluation, only the final answer is1222

extracted and normalized for scoring. To rigorously1223

evaluate performance, we apply dataset-specific1224

configurations: for the competition-level AIME1225

2024 and AIME 2025, we set the maximum gen-1226

eration length to 2048 tokens and generate k=641227

independent samples per problem; for MATH-5001228

and Minerva Math, we set the maximum genera-1229

tion length to 1024 tokens and generate k=4 sam-1230

ples. The final performance is reported using the1231

avg@k metric, which quantifies the model’s accu-1232

racy across the sampled answers after standard nor-1233

malization, reflecting the model’s consistent perfor-1234

mance over multiple reasoning attempts.1235

D Test Loss Extrapolation with the1236

Scaling Law1237

We extrapolate the test losses on the DCLM cor-1238

pus (Li et al., 2024a) of the conventionally trained1239

and PDS-trained LMs with the Scaling Law (Hoff-1240

mann et al., 2022; Kaplan et al., 2020). Follow-1241

ing Hoffmann et al. (2022), we consider the scaling1242

law with the following form:1243

L(N,D) = E +
A

Nα
+

B

Dβ
, (5)1244

where N is the model parameters, D is the number 1245

of trained tokens, and A, B, E, α, β are constants. 1246

We obtain these constants by minimizing the Huber 1247

loss (Huber, 1992): 1248

min
a,b,e,α,β

∑
(Ni,Di,Li)

Huberδ(LSE(a−α logNi, b−β logDi, e)−logLi),

(6) 1249

where LSE(·) is the log-sum-exp operation. The 1250

loss is summed over all (Ni, Di, Li) tuples, which 1251

are obtained by the test losses of 160M, 470M, 1252

1B, and 1.7B LM during training from 0B to 50B 1253

tokens. We record the losses every 2.5B tokens, 1254

resulting in a total 4 × 50B/2.5B = 80 tuples 1255

like (Ni, Di, Li). After solving a, b, and e from 1256

Eq. 6 , we have A = exp(a), B = exp(b), and 1257

E = exp(e). 1258

Hoffmann et al. (2022) optimizes Eq. 6 using 1259

the LBFGS algorithm (Liu and Nocedal, 1989). 1260

However, we found this algorithm sensitive to 1261

the initialization of the parameters to be opti- 1262

mized. Therefore, we apply a two-stage opti- 1263

mization. Specifically, we first fit the follow- 1264

ing data scaling curves for N =160M, 470M, 1265

1B, and 1.7B with non-linear least squares from 1266

scipy.optimize.curve_fit3, which is much 1267

more robust to the initialization: 1268

L(D) = E′(N) +
B0(N)

Dβ0(N)
, (7) 1269

where E′(N), B0(N) and β0(N) are the fitted pa- 1270

rameters. Then, we fit the following model size 1271

scaling curve: 1272

E′ = E0 +
A0

Nα0
. (8) 1273

We use the constants from Eq. 8 and the average 1274

constants from Eq. 7 to compute the initialization 1275

for the LBFGS algorithm: 1276

a0 = logA0,

b0 = log
B0(160M) + B0(470M) + B0(1B) + B0(1.7B)

4
,

α0 = α0,

β0 =
β0(160M) + β0(470M) + β0(1B) + β0(1.7B)

4
,

e0 = logE0,

(9) 1277

where a0, b0, α0, β0, e0 are the parameter initializa- 1278

tion for the LFBGS algorithm to optimize Eq. 6. 1279

We set δ = 1×10−3 and learning rate to 0.05 when 1280

running LFBGS and obtain the constants in Table 1281

9. We use these constants and Eq. 5 to compute the 1282

predicted loss in Table 7. 1283

3https://docs.scipy.org/doc/scipy/reference/
generated/scipy.optimize.curve_fit.html
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Table 9: Scaling law constants by fitting the test losses
on the DCLM corpus. E represents the irreducible loss
inherent to the dataset.

A B α β E

Random 4.82 × 102 5.12 × 103 0.354 0.295 1.693
STR 4.28 × 102 4.55 × 103 0.359 0.299 1.693
SAW 4.15 × 102 4.38 × 103 0.361 0.302 1.693

Table 10: Correlations (R2) of fitting the scaling curves.

N=160M N=470M N=1B N=1.7B D=50×109

Random 0.992 0.995 0.998 0.997 0.999
STR 0.993 0.996 0.998 0.997 0.999
SAW 0.994 0.996 0.999 0.998 0.999

Goodness of Fit. We evaluate the goodness of fit1284

of the scaling curves with respect to the training1285

token size D and model size N respectively, by1286

computing the correlation coefficient R2 = 1 −1287 ∑
i(yi−ŷi)

2∑
i(yi−y)2

, where yi is the ground truth value and1288

ŷi is the prediction.1289

Regarding the training token size, to make the1290

original problem a linear regression problem, we1291

convert Eq. 5 into1292

log

(
L(N,D) − E −

A

Nα

)
= logB − β logD. (10)1293

Then, we consider log
(
li − E − A

Nα

)
as the1294

ground truth value for regression, where li is the1295

observed loss, and logB − β logDi as the predic-1296

tion. For each N ∈ [160M, 470M, 1B, 1.7B] we1297

compute an R2 respectively. Similarly, regarding1298

the model size, we convert Eq. 5 into1299

log

(
L(N,D) − E −

B

Dβ

)
= logA − α logN, (11)1300

to compute the corresponding R2 that measures1301

its goodness of fit. For simplicity, we only con-1302

sider the models at the end of training, where1303

D = 50× 109. The results in Table 10 show that1304

the correlations are sufficiently high, suggesting1305

the scaling curve fits the impact from both the data1306

and model sizes very well.1307

E Results on Additional Benchmarks1308

In this section, we present additional experimental1309

results to further validate our approach.For each1310

guidance setting: (1) we conduct experiments on1311

QuRatedPajama. (2) we extend our evaluation to1312

MATH-500 and Minerva Math. Note that the lower1313

performance on AIME is primarily due to the inher-1314

ent capacity constraints of the Qwen3-1.7B model.1315

Tables 11, 12, and 13 provide expanded results1316

for G1, G2, and G3. Table 14 details additional1317

findings for cross-guidance strategies. Moreover, 1318

Figure 8 illustrates the performance sensitivity of 1319

JIT (G4) across various methods under different 1320

window sizes s. 1321
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Figure 8: Impact of the JIT window size w across dif-
ferent strategies.
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Table 11: Performance comparison of SEG variants and baselines to evaluate G1.

Pre-training (QuRatedPajama) SFT (DeepMath-103K)

ARC-c ARC-e HS LAMB OBQA PIQA SciQ Wino Avg. MATH500 MinervaMath Avg.

Random 21.08
± 0.15

33.63
± 0.20

27.50
± 0.14

14.26
± 0.10

25.80
± 0.22

55.66
± 0.45

55.50
± 0.40

51.38
± 0.42

35.60
± 0.07

45.65
± 0.62

9.28
± 0.45

27.47
± 0.12

SEG(h10) 21.76 33.08 27.04 15.99 25.00 55.55 53.80 52.09 35.54 46.20 12.50 29.35
SEG(h90) 21.59 30.72 27.52 12.73 23.20 55.06 53.30 49.57 34.21 47.80 11.21 29.51
SEG(l10) 20.56 33.42 27.81 15.89 26.00 55.82 58.80 50.36 36.08 48.55 11.12 29.84
SEG(l90) 23.29 36.07 27.29 13.47 28.00 55.82 55.80 51.93 36.46 48.15 11.12 29.64

SEG(h10-l10) 22.44 30.51 27.29 13.25 24.40 54.13 54.50 49.72 34.53 44.25 9.10 26.67
SEG(l10-l10) 21.67 30.43 27.33 14.21 23.60 55.44 53.50 51.46 34.70 45.65 10.66 28.16
SEG(l10-h10) 22.01 36.57 27.71 14.09 25.20 55.88 59.50 51.30 36.53 49.45 11.58 30.52
SEG(h10-h10) 22.44 35.31 27.54 14.28 26.00 57.07 60.20 51.78 36.83 46.35 13.24 29.79

Table 12: Performance comparison of FO variants and baselines to evaluate G2.

Pre-training (QuRatedPajama) SFT (DeepMath-103K)

ARC-c ARC-e HS LAMB OBQA PIQA SciQ Wino Avg. MATH500 MinervaMath Avg.

Random 21.08
± 0.18

33.63
± 0.23

27.50
± 0.15

14.26
± 0.12

25.80
± 0.20

55.66
± 0.51

55.50
± 0.48

51.38
± 0.04

35.60
± 0.08

45.65
± 0.62

9.28
± 0.45

27.47
± 0.12

CL 23.63 36.99 27.63 9.90 27.00 55.22 58.40 50.20 36.12 45.70 10.48 28.09

FO-2 23.29 36.57 27.96 11.14 27.00 56.04 59.60 51.38 36.62 47.35 9.56 28.45
FO-3 23.12 35.77 27.71 11.78 25.40 56.31 57.20 50.04 35.92 50.25 13.13 31.69
FO-4 22.18 34.89 27.51 10.87 27.40 55.98 58.30 52.25 36.17 49.20 12.04 30.62
FO-5 23.72 34.18 27.72 11.95 25.80 54.13 56.10 52.17 35.72 44.55 10.48 27.51
FO-20 21.42 33.92 27.28 15.76 25.00 56.26 55.50 49.17 35.54 46.00 10.29 28.15
FO-100 21.25 34.05 27.78 16.20 26.20 56.04 55.70 50.51 35.97 45.05 11.86 28.45

Table 13: Performance comparison of ZIG variants and baselines to evaluate G3.

Pre-training (QuRatedPajama) SFT (DeepMath-103K)

ARC-c ARC-e HS LAMB OBQA PIQA SciQ Wino Avg. MATH500 MinervaMath Avg.

Random 21.08
± 0.18

33.63
± 0.23

27.50
± 0.15

14.26
± 0.12

25.80
± 0.20

55.66
± 0.51

55.50
± 0.48

51.38
± 0.04

35.60
± 0.08

45.65
± 0.62

9.28
± 0.45

27.47
± 0.12

FO-2 (or 4) 23.29 36.57 27.96 11.14 27.00 56.04 59.60 51.38 36.62 49.20 12.04 30.62
ZIG-2 (or 4) 23.35 36.73 29.21 11.52 27.40 56.60 58.10 52.07 36.87 49.80 12.83 31.32

FO-3 23.12 35.77 27.71 11.78 25.40 56.31 57.20 50.04 35.92 50.25 13.13 31.69
ZIG-3 23.44 36.01 27.96 11.64 26.80 56.77 56.70 52.02 36.42 50.65 12.57 31.61

Table 14: Performance comparison of cross-guidance strategies (STR and SAW) against other strategies.

Guidances Pre-training (QuRatedPajama) SFT (DeepMath-103K)

G1 G2 G3 G4 ARC-c ARC-e HS LAMB OBQA PIQA SciQ Wino Avg. MATH500 MinervaMath Avg.

Random - ✓ - ✓ 21.08 33.63 27.50 14.26 25.80 55.66 55.50 51.38 35.60 45.65 9.28 27.47

CL (Bengio et al., 2009) ✓ - ✓ - 23.63 36.99 27.63 9.90 27.00 55.22 58.40 50.20 36.12 45.70 10.48 28.09
DELT (Dai et al., 2025a) ✓ ✓ - - 23.29 36.57 27.96 11.14 27.00 56.04 59.60 51.38 36.62 49.20 12.04 30.62

STR (Ours) ✓ ✓ - ✓ 25.13 37.17 28.13 12.25 27.30 56.07 57.30 52.00 36.92 54.90 11.31 33.11
SAW (Ours) ✓ ✓ ✓ ✓ 24.49 37.34 28.55 12.28 27.20 56.04 56.40 52.14 36.81 55.10 13.42 34.26
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