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Abstract001

Preference-based alignment is pivotal for train-002
ing large reasoning models; however, stan-003
dard methods like Direct Preference Optimiza-004
tion (DPO) typically treat all preference pairs005
uniformly, overlooking the evolving utility of006
training instances. This static approach of-007
ten leads to inefficient or unstable optimiza-008
tion, as it wastes computation on trivial pairs009
with negligible gradients and suffers from noise010
induced by samples near uncertain decision011
boundaries. Facing these challenges, we pro-012
pose SAGE (Stability-Aware Gradient Effi-013
ciency), a dynamic framework designed to en-014
hance alignment reliability by maximizing the015
Signal-to-Noise Ratio of policy updates. Con-016
cretely, SAGE integrates a coarse-grained cur-017
riculum mechanism that refreshes candidate018
pools based on model competence with a fine-019
grained, stability-aware scoring function that020
prioritizes informative, confident errors while021
filtering out unstable samples. Experiments on022
multiple mathematical reasoning benchmarks023
demonstrate that SAGE significantly acceler-024
ates convergence and outperforms static base-025
lines, highlighting the critical role of policy-026
aware, stability-conscious data selection in rea-027
soning alignment.028

1 Introduction029

With the emergence of large reasoning models such030

as DeepSeek-R1 (Guo et al., 2025) and OpenAI-031

o1 (Jaech et al., 2024), significant progress has032

been made in addressing complex reasoning tasks.033

These models not only output final answers but also034

generate explicit reasoning trajectories, referred to035

as long chains-of-thought (Long-CoT). These tra-036

jectories often yield verifiable outcomes, which can037

be used as supervision signals for reinforcement038

learning (Shao et al., 2024) or transformed into039

pairwise preferences for alignment methods such040

as Direct Preference Optimization (DPO) (Rafailov041

et al., 2023). As DPO effectively models prefer-042
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Figure 1: Schematic illustration of dynamic sample
utility in the stability-informativeness space. SAGE
prioritizes samples with high signal quality and stable
optimization behavior.

ences through response likelihoods without requir- 043

ing explicit reward modeling, it is widely adopted 044

in the early stages of aligning reasoning models. 045

However, standard preference optimization often 046

treats all data pairs uniformly, overlooking critical 047

disparities in their learning value. First, from an ef- 048

ficiency perspective, strictly easier or “thin-margin” 049

pairs yield negligible gradients, contributing little 050

to the optimization while consuming computational 051

budget. Second, and more critically, from a sta- 052

bility perspective, pairs near the model’s unstable 053

decision boundaries often exhibit high local curva- 054

ture in the loss landscape. In these regions, small 055

perturbations can induce disproportionately large, 056

high-variance gradients. Naively training on such 057

“noisy” data can destabilize the alignment of rea- 058

soning models, where maintaining precise logical 059

chains is essential. 060

Furthermore, the utility of a preference pair is 061

not an inherent property but is dynamically coupled 062

to the model’s evolving state; a sample providing 063

strong supervision early in training may offer di- 064

minishing returns later as the model internalizes 065
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the underlying reasoning pattern. Consequently,066

static data selection is suboptimal.067

To overcome these challenges, we formulate068

preference selection from an optimization per-069

spective and propose Stability-Aware Gradient070

Efficiency (SAGE), a policy-aware alignment071

framework that adapts supervision to the evolving072

policy state by jointly considering gradient signal073

and prediction confidence. First, SAGE introduces074

a coarse-grained, pool-based on-policy approxi-075

mation that partitions the static corpus into refre-076

shable and disjoint pools, and re-scores only the077

active pool with the current policy. This design pre-078

serves policy adaptivity while avoiding full-dataset079

rescoring, and its scheduling mechanism naturally080

forms a curriculum over preference difficulty. Sec-081

ond, SAGE performs fine-grained sample selec-082

tion within each pool using a stability-aware util-083

ity score that balances gradient magnitude with084

prediction confidence. This score prioritizes reli-085

able, high-signal confident errors while filtering out086

weak-signal or unstable pairs, resulting in more sta-087

ble and gradient-efficient policy updates. Together,088

these components provide a dynamic and compu-089

tationally efficient preference-selection framework090

that focuses training on the most useful supervision091

signals at each stage of alignment.092

Our contributions are summarized as follows:093

• We identify that the learning value of rea-094

soning preference pairs is dynamic and con-095

strained by local loss geometry, revealing that096

static training overlooks both gradient effi-097

ciency and optimization stability.098

• We propose SAGE, a policy-adaptive align-099

ment framework that achieves dynamic pref-100

erence selection by periodically re-scoring re-101

freshable pools under the current model state.102

• We introduce a stability-aware utility score103

that enables fine-grained filtering by balanc-104

ing the gradient signal with a proxy for local105

prediction confidence, allowing the model to106

prioritize reliable and informative supervision.107

• Experiments on Long-CoT math reasoning108

benchmarks demonstrate that SAGE improves109

alignment stability, sample efficiency, and110

overall performance.111

2 Preliminaries112

Notation. Let x denote a prompt and y a re-113

sponse. We define a trainable policy by πθ(y | x)114

and a fixed reference policy µ(y | x). Preference 115

supervision consists of triples (x, yw, yl), where 116

yw ≻ yl indicates that yw is preferred over yl for 117

the same prompt x. In the context of mathematical 118

reasoning, x represents a problem statement and 119

y a candidate solution. Typically, yw corresponds 120

to a correct or higher-quality answer, whereas yl is 121

incorrect or of lower quality. 122

Direct Preference Optimization (DPO). DPO 123

optimizes πθ directly from preference data without 124

relying on an explicit reward model or on-policy 125

reinforcement learning. Formally, DPO defines an 126

implicit reward: 127

rθ(x, y) = β log
πθ(y | x)
µ(y | x)

(1) 128

where β > 0 is a temperature parameter. The train- 129

ing objective follows a Bradley–Terry likelihood: 130

LDPO = −E(x,yw,yl) log σ
(
rθ(x, y

w)− rθ(x, y
l)
)

(2) 131

with σ(·) denoting the sigmoid function. 132

Noise-Contrastive Alignment (NCA). NCA ex- 133

tends preference optimization to a multi-response 134

contrastive setting. Given a prompt x with K can- 135

didate responses {yi}Ki=1, it computes normalized 136

weights: 137

wi(x) =
exp(ri/α)∑K
j=1 exp(rj/α)

(3) 138

where ri = rθ(x, yi) and α > 0 is a temperature. 139

The NCA objective is defined as: 140

LNCA = −
K∑
i=1

[
wi(x) log σ(ri) +

1

K
log σ(−ri)

]
(4) 141

Compared to DPO, NCA encourages high-reward 142

responses while regularizing uniformly weighted 143

negatives, improving training stability. Structurally, 144

the NCA loss is a weighted sum of binary classi- 145

fication components (one positive, K negatives), 146

which allows us to analyze the optimization dynam- 147

ics of each response independently. When K=2 148

and the weight wi(x) concentrates on the preferred 149

response, this formulation reduces to the DPO ob- 150

jective structure. Unless otherwise specified, the 151

loss L in subsequent sections refers to the generic 152

pairwise preference objective. 153
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Figure 2: Overall framework of SAGE.

3 Method154

This section introduces Stability-Aware Gradient155

Efficiency (SAGE), a dynamic alignment frame-156

work designed to optimize the learning progress157

of reasoning models. Unlike static strategies that158

treat all preference pairs equally, SAGE formulates159

data selection as a policy-adaptive prioritization160

problem, motivated by improving the signal quality161

of supervision. It dynamically prioritizes samples162

that provide strong gradient signals while avoiding163

unstable updates under the evolving policy. This164

approach unfolds in two phases, as illustrated in165

Figure 2: first, generating coarse-grained candi-166

date pools based on difficulty priors (Section 3.2),167

followed by fine-grained selection to maximize gra-168

dient efficiency and ensure optimization stability169

(Section 3.3).170

3.1 Problem Setup171

We consider the alignment of a reasoning policy πθ172

using a static datasetD = {(xi, ywi , yli)}Ni=1, where173

xi is a prompt and (ywi , y
l
i) are the winning and los-174

ing responses (see Appendix A.1 for data construc-175

tion). The standard objective minimizes a loss L(θ)176

over the expectation of the data. However, mini-177

mizing the average loss over a static distribution178

ignores the dynamic nature of sample utility. Our179

goal is to dynamically select a sub-batch Bt ⊂ D180

at each step t that maximizes the optimization gain.181

Remark on On-Policy Selection. It is crucial to 182

clarify our terminology. In this work, on-policy 183

selection refers to evaluating the utility of exist- 184

ing static preference pairs using the current model 185

state πθt , rather than generating new responses (on- 186

line exploration). Our focus is on the efficient re- 187

weighting of the training corpus, avoiding the pro- 188

hibitive computational cost of online generation 189

while maintaining policy-adaptive supervision. 190

3.2 Coarse-Grained Candidate Generation 191

Evaluating the utility of all samples in D at every 192

step is computationally intractable. To address this, 193

SAGE uses a Refreshable Pool Strategy, which dy- 194

namically constructs candidate pools by sampling 195

from difficulty-based subsets (easy, medium, hard) 196

according to a time-dependent mixing ratio ρ(k). 197

This approach enables efficient sample selection by 198

evolving the pool composition over time. 199

Difficulty-Based Partitioning. We initially par- 200

tition D into three subsets {Deasy,Dmedium,Dhard} 201

based on off-policy difficulty priors. Each prefer- 202

ence pair is annotated with two auxiliary judgments 203

via an LLM-as-judge: (i) a preference clarity label 204

ci ∈ {high,medium, low}, indicating how clearly 205

the chosen response is preferred over the rejected 206

one, and (ii) a quality score qi ∈ {1, . . . , 5} for the 207

rejected answer (details in Appendix A.2). Based 208

on the resulting annotations (ci, qi), we heuristi- 209

cally bucket samples into three difficulty strata: 210

3



Deasy = {i | ci = high, qi ≤ 2}, Dmedium = {i |211

ci = medium, qi ∈ {2, 3}}, and Dhard containing212

the remaining samples. These static difficulty pri-213

ors are used only to provide a coarse stratification214

for candidate pool construction.215

Dynamic Pool Construction. To approximate216

on-policy selection under limited computation, we217

divide training into K intervals, each associated218

with a refreshable candidate pool Pk. Rather than219

treating the dataset as a static sequence, we parti-220

tion D into K non-overlapping pools:221

D =
K⋃
k=1

Pk, s.t. Pi ∩ Pj = ∅ (5)222

where each pool contains M = |D|/K samples.223

Importantly, the composition of Pk is not uniform;224

it is constructed by sampling from difficulty subsets225

according to a time-dependent mixing ratio ρ(k).226

We define a linear schedule to control the evolu-227

tion of the difficulty distribution:228

ρc(k) = ρstart
c +

(
ρend
c − ρstart

c

)
· k
K

(6)229

where c ∈ {easy,medium, hard} and
∑

c ρc(k) =230

1. This schedule implements a coarse-grained cur-231

riculum, with higher weights on easier samples in232

early stages and a gradual shift toward harder sam-233

ples in later stages. This piecewise-refresh strategy234

provides a practical compromise, preserving the235

essential dynamics of curriculum learning without236

the prohibitive cost of full-dataset re-evaluation at237

every step.238

3.3 Fine-Grained SAGE Selection239

Given the candidate pool Pk, we apply a fine-240

grained filtering mechanism to improve the effi-241

ciency of policy updates. We propose the SAGE242

Score, a heuristic utility metric motivated by local243

properties of the loss function. By jointly con-244

sidering gradient signal and prediction confidence,245

SAGE prioritizes informative samples while fil-246

tering out unstable ones, leading to more reliable247

policy updates.248

Newton-Inspired SAGE Score. Standard data249

selection strategies typically prioritize samples250

with large gradient norms ∥∇θL∥, implicitly as-251

suming that larger gradients correspond to higher252

information content. However, such first-order cri-253

teria ignore the local curvature of the loss surface.254

In regions with high curvature, large gradients can255

lead to unstable updates and increased optimization 256

variance. 257

To reason about the trade-off between gradient 258

magnitude and update stability, we draw inspira- 259

tion from the Newton decrement λ(x), a classical 260

second-order quantity that provides intuition about 261

effective optimization progress: 262

1

2
λ2(x) ≈ 1

2
∇θL(x)⊤H−1(x)∇θL(x), (7) 263

where λ2(x)/2 estimates the expected loss reduc- 264

tion under a Newton step. Directly computing the 265

Hessian inverse H−1 is infeasible for large-scale 266

models. Instead, we derive a tractable, sample- 267

level approximation by exploiting the structure of 268

the NCA objective (Eq. 4). 269

The NCA loss decomposes into a sum of 270

response-level binary classification terms ℓ(r) = 271

− log σ(zr), where r denotes the model score for 272

a response, z ∈ {+1,−1} indicates whether the 273

response is preferred or rejected, and σ(·) is the 274

sigmoid function. Under this formulation, we ap- 275

proximate the per-sample Newton decrement by 276

operating on these response-level score variables, 277

ignoring cross-score correlations and adopting a 278

diagonal Hessian approximation. 279

Let p = σ(zr) denote the model confidence for 280

a given response. For a single score variable, the di- 281

agonal Hessian entry corresponds to the curvature 282

h = ∂2
r ℓ = p(1 − p), while the squared gradi- 283

ent magnitude is g2 = (∂rℓ)
2 = (1 − p)2. This 284

yields a scalar approximation to the Newton decre- 285

ment contribution for each response, decomposing 286

the score into two computable proxies: a gradient- 287

based signal term and a curvature-based stability 288

term. 289

Reasoning trajectories can vary significantly 290

in length, which may bias the score toward 291

longer responses due to accumulated magnitudes. 292

To mitigate this effect, we introduce a length- 293

normalization term L(x), defined as the total 294

number of response tokens in the preference 295

pair. Combining these components, we define the 296

SAGE score si(x) as a length-normalized, Newton- 297

inspired measure of gradient efficiency: 298

si(x) =
1

L(x)

∑
z∈{yw,yl}

g2z
hz + ϵ

=
1

Li

∑
z∈{yw,yl}

(1− pz)
2

pz(1− pz) + ϵ
,

(8) 299
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Algorithm 1 SAGE: Stability-Aware Gradient Effi-
ciency

1: Input: Dataset D, policy πθ, difficulty sched-
ule ρ(k), selection ratio schedule γ(k).

2: Partition D into
⋃K

k=1 Pk according to the dif-
ficulty schedule ρ(k).

3: for k = 1 to K do
4: // On-Policy Score Evaluation
5: Perform a forward pass on Pk to compute

length-normalized SAGE scores {si} using
Eq. 8.

6: // Stability-Aware Filtering
7: Compute the retention count Nk = γ(k) ·

|Pk|.
8: Select the high-SNR subset Bk ← {xi ∈

Pk | rank(si) ≤ Nk}.
9: // Policy Optimization

10: Update the policy parameters θ ← θ −
η∇LNCA(Bk).

11: end for

where ϵ is a Tikhonov damping term that ensures300

numerical stability in near-deterministic regimes.301

Dynamic Batch Construction. After computing302

the SAGE score si(x) for all candidates in the cur-303

rent pool Pk, SAGE performs a hard filtering step304

to improve gradient efficiency. Specifically, sam-305

ples are ranked in descending order of their scores,306

and only the top-γk fraction is retained:307

Bk = {xi ∈ Pk | rank(si) ≤ γk · |Pk|} . (9)308

Here, γk is a time-dependent selection ratio. The309

policy is updated exclusively on the resulting high-310

SNR subset Bk, while low-scoring samples are ex-311

cluded from the backward pass.312

Optimization-Theoretic Interpretation. The313

formulation in Eq. 8 and the associated hard trun-314

cation strategy differ from entropy-based active315

learning approaches. Instead, SAGE is motivated316

by two optimization principles that are particularly317

relevant for reasoning tasks.318

• Curvature Regularization (Stability). The cur-319

vature proxy h = p(1−p) reflects the sensitiv-320

ity of the loss to changes in model confidence.321

Samples with high uncertainty (p ≈ 0.5) often322

induce unstable gradients, which are particu-323

larly harmful for long chain-of-thought rea-324

soning. By filtering out such samples, SAGE325

acts as a stability-aware filtering mechanism326

that mitigates high-variance updates.327

• Signal-to-Noise Ratio (Efficiency). SAGE fur- 328

ther seeks to improve the effective signal qual- 329

ity of the update direction. The score is large 330

when the gradient signal g is strong while the 331

curvature h is small, corresponding to confi- 332

dent errors. By physically removing samples 333

with weak gradients (g → 0) or excessive 334

curvature (h ≫ 0), SAGE ensures that re- 335

tained gradients contribute meaningfully to 336

loss reduction, leading to faster and more sta- 337

ble convergence than static or soft-weighted 338

baselines. 339

4 Experiments 340

4.1 Experimental Setup 341

Model Selection. We use the Qwen2.5-Instruct 342

family (Qwen et al., 2025) and evaluate three scales: 343

1.5B, 3B, and 7B. For 1.5B and 3B, we report the 344

base Instruct checkpoints (their SFT variants un- 345

derperform; see Appendix B.3). For 7B, we use 346

the post-SFT checkpoint. 347

Training Data. We leverage the Light-R1 348

datasets (Wen et al., 2025) for training. SFT warm- 349

up uses 76k samples from Stage 1.1 For preference 350

optimization, we construct 4,134 pairs by (i) dedu- 351

plicating the original Light-R1 preference set2 and 352

(ii) adding additional pairs by generating rejected 353

responses for randomly sampled Stage 1 instances. 354

Details are provided in Appendix A.1. 355

Evaluation Benchmarks. To comprehensively 356

evaluate the impact of our method on mathematical 357

reasoning, we evaluate on a diverse suite of bench- 358

marks, including GSM8K (Cobbe et al., 2021), 359

MATH500, Minerva-MATH (Lewkowycz et al., 360

2022) (Minerva), Gaokao23-Math (Liao et al., 361

2024) (Gaokao), OlympiadBench (He et al., 2024) 362

(Olympiad), CollegeMath (Tang et al., 2024) (Col- 363

lege), AMC23, and AIME24. These benchmarks 364

vary substantially in difficulty and scale, covering a 365

wide range of problem types and reasoning depths. 366

Additional statistics are provided in Appendix B.2. 367

Metrics. We report pass@8 on AIME24 and 368

AMC23 due to their relatively small test set sizes 369

and pass@1 on all other accuracy benchmarks. We 370

set the maximum generation length to 10,000 to- 371

kens, which we found sufficient to reach perfor- 372

1https://huggingface.co/datasets/qihoo360/
Light-R1-SFTData

2https://huggingface.co/datasets/qihoo360/
Light-R1-DPOData
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Method GSM8K MATH500 Minerva Gaokao Olympiad College AIME24 AMC23 Avg.

Qwen2.5-1.5B-Instruct
Vanilla 73.70 54.60 16.90 46.20 22.70 38.40 6.70 25.00 35.53
w/ DPO (Full) 74.70 56.20 19.50 47.30 20.00 38.00 10.00 22.50 36.03
w/ DPO (Random) 73.50 56.40 19.10 48.60 19.60 37.90 3.30 25.00 35.43
SAGE (Ours) 74.80 57.20 20.20 50.40 21.50 38.10 10.00 27.50 37.46

Qwen2.5-3B-Instruct
Vanilla 86.90 65.20 25.70 56.40 27.70 44.50 6.70 47.50 45.08
w/ DPO (Full) 86.40 65.60 27.20 56.90 27.00 44.90 10.00 50.00 46.00
w/ DPO (Random) 87.00 65.20 26.10 56.40 26.50 45.00 0.00 45.00 43.90
SAGE (Ours) 87.50 66.00 28.30 58.23 27.70 45.14 13.30 55.00 47.65

Qwen2.5-7B-Instruct
Vanilla 92.30 81.60 28.30 69.90 45.30 42.40 23.30 57.50 55.08
w/ DPO (Full) 92.70 82.00 29.40 70.60 46.50 42.70 26.70 62.50 56.64
w/ DPO (Random) 91.30 79.40 26.80 71.40 43.00 42.70 20.00 57.50 54.01
SAGE (Ours) 93.10 82.80 33.10 71.40 45.50 43.10 33.30 70.00 59.04

Table 1: Main results on mathematical reasoning benchmarks. Vanilla denotes the baseline models (either original
Instruct or SFT variants as described in Model Selection). DPO (Full) and DPO (Random) indicate DPO training on
the full preference dataset and a size-matched random subset, respectively. Avg. denotes the mean accuracy across
benchmarks, and the best results are highlighted in bold.

mance saturation across datasets in preliminary373

experiments. Evaluation is performed using the374

SimpleRL-Reason framework3.375

Implementation. We build on 360-LLaMA-376

Factory4 with sequence parallelism for long-CoT377

training. Unless specified otherwise, we use β =378

0.1, 3 epochs, and batch size 16 on 8×A800 GPUs379

(sp=8) with a maximum sequence length of 32,768.380

4.2 Main Results381

Table 1 reports the performance of SAGE and base-382

line methods on mathematical reasoning bench-383

marks across three model scales. Across all model384

sizes (1.5B, 3B, and 7B), SAGE consistently out-385

performs standard DPO in average accuracy, indi-386

cating that its effectiveness is stable across capacity387

regimes. In particular, SAGE achieves the strongest388

gains at the 3B scale and reaches state-of-the-art389

performance across all eight benchmarks, suggest-390

ing improved utilization of preference supervision391

under constrained model capacity.392

To disentangle the effect of data selection from393

data quantity, we further compare SAGE with a394

random DPO baseline using the same fraction of395

training data. As shown in Table 1, random sub-396

sampling consistently underperforms full DPO and397

often degrades performance relative to the vanilla398

models, indicating that naive data reduction can in-399

3https://github.com/hkust-nlp/simpleRL-reason
4https://github.com/Qihoo360/

360-LLaMA-Factory

Setting GSM8K MATH500 Minerva Gaokao

SAGE 74.80 57.20 20.20 50.40
w/o s1 73.70 (-1.10) 54.60 (-2.60) 16.90 (-3.30) 46.20 (-4.20)
w/o s2 73.90 (-0.90) 55.30 (-1.90) 17.50 (-2.70) 47.10 (-3.30)
w/o g 74.00 (-0.80) 56.00 (-1.20) 18.00 (-2.20) 48.10 (-2.30)
w/o h 73.80 (-1.00) 55.40 (-1.80) 17.30 (-2.90) 47.50 (-2.90)

Table 2: Ablation results on Qwen2.5-1.5B-Instruct.
w/o s1, s2, g, and h denote removing coarse-grained
pool construction, fine-grained informativeness-based
selection, gradient signal, and curvature regularization,
respectively. Red values indicate absolute performance
drops relative to full SAGE.

troduce optimization noise. In contrast, SAGE con- 400

sistently improves over both full and random DPO, 401

demonstrating that its gains stem from stability- 402

aware and gradient-efficient data selection rather 403

than reduced data volume. Moreover, the improve- 404

ments are more pronounced on harder benchmarks 405

and larger models, consistent with the motivation 406

that stable optimization is critical for long CoT 407

reasoning tasks. 408

4.3 Ablation Study 409

Table 2 presents an ablation analysis of the 410

key components in SAGE. Removing the coarse- 411

grained difficulty-based sampling (s1) results in 412

consistent but modest performance drops, with 413

larger degradation on harder benchmarks, reflect- 414

ing its role in shaping appropriate candidate dis- 415

tributions. Removing the informativeness-based 416

filtering (s2) further degrades performance, show- 417
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ing the importance of prioritizing samples with418

strong gradient signals. The largest performance419

drop occurs when curvature regularization is re-420

moved (w/o h), especially on challenging bench-421

marks such as Minerva and Gaokao, underscoring422

the role of stabilizing updates in high-curvature423

regions. Removing the gradient signal term (w/o424

g) also leads to noticeable degradation, indicating425

that gradient magnitude is essential for effective426

data selection. Overall, the results demonstrate that427

SAGE benefits from the complementary effects of428

gradient informativeness and curvature-aware stabi-429

lization, with difficulty-based sampling providing430

additional support on harder reasoning tasks.431

4.4 Analysis432

Unless otherwise specified, all analyses in this sec-433

tion are conducted on Qwen2.5-1.5B-Instruct and434

evaluated on the first four reasoning benchmarks.435
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Figure 3: Gradient-norm dynamics during training.

Stability Analysis. Figure 3 compares the436

gradient-norm dynamics of standard DPO and437

SAGE during training. DPO exhibits large gradient438

magnitudes with frequent spikes across training, in-439

dicating high-variance and unstable updates. This440

behavior is especially pronounced in long chain-of-441

thought preference optimization, where ambiguous442

preference pairs can induce high-curvature regions443

of the loss landscape and amplify gradient noise.444

In contrast, SAGE consistently reduces both445

the scale and variance of gradient norms from446

early training stages, resulting in smoother and447

more stable optimization trajectories. This pattern448

aligns with the design of SAGE, which incorporates449

curvature-aware scoring to filter high-curvature,450

low signal-to-noise samples and applies hard trun-451

cation to retain only informative gradients for back-452

propagation. Despite operating with smaller gra-453

dients, SAGE achieves stronger final performance,454
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Figure 4: Training dynamics measured by evaluation
performance over training steps.

suggesting that the improvement comes from more 455

reliable and efficient optimization. 456

Training Dynamics. We analyze training behav- 457

ior by tracking evaluation performance over train- 458

ing steps, with model checkpoints saved every 50 459

steps and evaluated independently. Due to differ- 460

ent data budgets, the total number of training steps 461

differs across methods: SAGE and DPO (Random) 462

use the same number of preference pairs, while 463

DPO (Full) runs longer. As shown in Figure 4, 464

both DPO baselines exhibit early saturation, with 465

limited improvement in later stages of training. In 466

contrast, SAGE continues to improve steadily be- 467

fore gradually converging, indicating that its adap- 468

tive and stability-aware sample selection sustains 469

learning progress over a longer period. 470

Computational Cost and Efficiency. We ana- 471

lyze the computational characteristics of SAGE in 472

terms of effective training tokens and wall-clock 473

training time. As shown in Figure 5(a), varying 474

the keep ratio γ reveals a clear trade-off between 475

accuracy and effective computation. Moderate val- 476

ues (γ ∈ [0.4, 0.6]) achieve higher accuracy than 477

DPO (Full) while using substantially fewer effec- 478

tive training tokens, indicating improved gradient 479

efficiency through selective backpropagation. 480

Figure 5(b) reports the corresponding wall-clock 481

training time. Despite the reduction in effective 482

training tokens, overall training time remains com- 483

parable across methods. This is because SAGE 484

performs forward-only scoring on all candidate 485

samples, while backpropagation is applied only 486

to the retained subset; under a fixed memory bud- 487

get, forward inference is substantially cheaper than 488

gradient computation. As a result, training time 489

is dominated by forward computation and system 490
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Figure 5: Accuracy versus effective training tokens (a)
and wall-clock training time (b) under different ratios γ.

overheads rather than the number of backpropa-491

gated tokens. Overall, SAGE provides a flexible492

performance-efficiency trade-off without relying493

on unrealistic speedups.494

Sensitivity to Pool Refresh Frequency. We ana-495

lyze the sensitivity of SAGE to the candidate-pool496

refresh frequency by varying the refresh interval497

while keeping all other hyperparameters fixed. As498

shown in Figure 6, all configurations start from the499

same initial performance and improve consistently500

during training, indicating that SAGE is not sen-501

sitive to a specific refresh schedule. A moderate502

refresh interval (25 steps) achieves the best final503

performance, while both more frequent and sparser504

refreshing lead to slightly lower accuracy. This505

trend reflects a trade-off intrinsic to SAGE: overly506

sparse refreshing yields stale utility estimates under507

a changing policy, whereas overly frequent refresh-508

ing provides diminishing returns while increasing509

scoring overhead. Overall, SAGE exhibits a broad510

and stable operating region with respect to the pool511

refresh frequency.512

5 Related Work513

Preference Optimization for Math Reasoning.514

Reinforcement learning from human feedback515

(RLHF) has been widely used to improve math-516

ematical reasoning in large language models. Early517

approaches relied on PPO (Schulman et al., 2017),518

but the need for a separate critic model incurs519

substantial computational overhead, especially for520

long chain-of-thought training. Recent methods521

such as ReMax (Li et al., 2023), GRPO (Shao522

et al., 2024), and DAPO (Yu et al., 2025) sim-523

plify optimization by removing the critic or sta-524

bilizing training dynamics. To avoid the complex-525

ity of online RL, Direct Preference Optimization526

(DPO) (Rafailov et al., 2023) and its variants, such527
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Figure 6: Sensitivity of SAGE to candidate-pool refresh
frequency.

as SimPO (Meng et al., 2024), CPO (Xu et al., 528

2024) and KTO (Ethayarajh et al., 2024), directly 529

optimize over offline preference pairs. These meth- 530

ods primarily modify the training objective while 531

typically assuming uniform utility across prefer- 532

ence pairs, without explicitly addressing optimiza- 533

tion stability under long chain-of-thought supervi- 534

sion (Morimura et al., 2024; Amini et al., 2024). 535

Data Selection and Optimization Stability. Re- 536

cent work shows that training stability is strongly 537

influenced by data selection (Zhou et al., 2024; 538

Yu et al., 2024), especially for long chain-of- 539

thought reasoning, where optimization often ex- 540

hibits high gradient variance and ambiguous su- 541

pervision (Cobbe et al., 2021; Arora and Zanette, 542

2025). Several approaches improve stability via 543

static filtering or curriculum-based selection (Xia 544

et al., 2024; Wang et al., 2024), but are typically 545

applied off-policy with fixed criteria, limiting their 546

ability to adapt to the model state. In contrast, 547

SAGE performs on-policy, dynamic filtering over 548

static preference data, adapting supervision to the 549

current model state. 550

6 Conclusion 551

We propose SAGE, a stability-aware data selection 552

framework for preference optimization in reason- 553

ing models. SAGE dynamically selects preference 554

pairs by considering gradient informativeness and 555

prediction confidence, leading to reliable optimiza- 556

tion under long chain-of-thought supervision. Ex- 557

periments across multiple model scales and math- 558

ematical reasoning benchmarks show that SAGE 559

consistently outperforms standard DPO and ran- 560

dom subsampling baselines, while improving gra- 561

dient stability and data efficiency. Results highlight 562

the benefits of on-policy, stability-aware supervi- 563

sion selection for aligning reasoning models. 564
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Limitations565

SAGE operates on a static preference corpus and566

does not consider online data collection or explo-567

ration. While this design keeps the method com-568

putationally efficient, performance depends on the569

coverage and quality of the preference data. In570

addition, SAGE introduces a forward-pass scoring571

step for estimating sample utility, which incurs ex-572

tra overhead compared to static baselines, though573

this cost is mitigated by the pool-based design.574

References575

Afra Amini, Tim Vieira, and Ryan Cotterell. 2024. Di-576
rect preference optimization with an offset. In Find-577
ings of the Association for Computational Linguistics578
ACL 2024, pages 9954–9972.579

Daman Arora and Andrea Zanette. 2025. Training lan-580
guage models to reason efficiently. arXiv preprint581
arXiv:2502.04463.582

Karl Cobbe, Vineet Kosaraju, Mohammad Bavarian,583
Mark Chen, Heewoo Jun, Lukasz Kaiser, Matthias584
Plappert, Jerry Tworek, Jacob Hilton, Reiichiro585
Nakano, Christopher Hesse, and John Schulman.586
2021. Training verifiers to solve math word prob-587
lems. Preprint, arXiv:2110.14168.588

Kawin Ethayarajh, Winnie Xu, Niklas Muennighoff,589
Dan Jurafsky, and Douwe Kiela. 2024. Kto: Model590
alignment as prospect theoretic optimization. arXiv591
preprint arXiv:2402.01306.592

Daya Guo, Dejian Yang, Haowei Zhang, Junxiao593
Song, Ruoyu Zhang, Runxin Xu, Qihao Zhu, Shi-594
rong Ma, Peiyi Wang, Xiao Bi, and 1 others. 2025.595
Deepseek-r1: Incentivizing reasoning capability in596
llms via reinforcement learning. arXiv preprint597
arXiv:2501.12948.598

Chaoqun He, Renjie Luo, Yuzhuo Bai, Shengding Hu,599
Zhen Leng Thai, Junhao Shen, Jinyi Hu, Xu Han, Yu-600
jie Huang, Yuxiang Zhang, Jie Liu, Lei Qi, Zhiyuan601
Liu, and Maosong Sun. 2024. Olympiadbench:602
A challenging benchmark for promoting agi with603
olympiad-level bilingual multimodal scientific prob-604
lems. Preprint, arXiv:2402.14008.605

Aaron Jaech, Adam Kalai, Adam Lerer, Adam Richard-606
son, Ahmed El-Kishky, Aiden Low, Alec Helyar,607
Aleksander Madry, Alex Beutel, Alex Carney, and 1608
others. 2024. Openai o1 system card. arXiv preprint609
arXiv:2412.16720.610

Aitor Lewkowycz, Anders Johan Andreassen,611
David Dohan, Ethan Dyer, Henryk Michalewski,612
Vinay Venkatesh Ramasesh, Ambrose Slone, Cem613
Anil, Imanol Schlag, Theo Gutman-Solo, Yuhuai Wu,614
Behnam Neyshabur, Guy Gur-Ari, and Vedant Misra.615
2022. Solving quantitative reasoning problems with616

language models. In Advances in Neural Information 617
Processing Systems. 618

Ziniu Li, Tian Xu, Yushun Zhang, Zhihang Lin, Yang 619
Yu, Ruoyu Sun, and Zhi-Quan Luo. 2023. Remax: A 620
simple, effective, and efficient reinforcement learning 621
method for aligning large language models. arXiv 622
preprint arXiv:2310.10505. 623

Minpeng Liao, Chengxi Li, Wei Luo, Wu Jing, and Kai 624
Fan. 2024. MARIO: MAth reasoning with code inter- 625
preter output - a reproducible pipeline. In Findings of 626
the Association for Computational Linguistics: ACL 627
2024, pages 905–924, Bangkok, Thailand. Associa- 628
tion for Computational Linguistics. 629

Aixin Liu, Bei Feng, Bing Xue, Bingxuan Wang, 630
Bochao Wu, Chengda Lu, Chenggang Zhao, Chengqi 631
Deng, Chenyu Zhang, Chong Ruan, and 1 others. 632
2024. Deepseek-v3 technical report. arXiv preprint 633
arXiv:2412.19437. 634

Michael Luo, Sijun Tan, Justin Wong, Xiaoxiang Shi, 635
William Y Tang, Manan Roongta, Colin Cai, Jef- 636
frey Luo, Tianjun Zhang, Li Erran Li, and 1 others. 637
2025. Deepscaler: Surpassing o1-preview with a 1.5 638
b model by scaling rl. Notion Blog. 639

Yu Meng, Mengzhou Xia, and Danqi Chen. 2024. 640
SimPO: Simple preference optimization with a 641
reference-free reward. In The Thirty-eighth Annual 642
Conference on Neural Information Processing Sys- 643
tems. 644

Tetsuro Morimura, Mitsuki Sakamoto, Yuu Jinnai, Ken- 645
shi Abe, and Kaito Ariu. 2024. Filtered direct prefer- 646
ence optimization. In Proceedings of the 2024 Con- 647
ference on Empirical Methods in Natural Language 648
Processing, pages 22729–22770. 649

Qwen, :, An Yang, Baosong Yang, Beichen Zhang, 650
Binyuan Hui, Bo Zheng, Bowen Yu, Chengyuan 651
Li, Dayiheng Liu, Fei Huang, Haoran Wei, Huan 652
Lin, Jian Yang, Jianhong Tu, Jianwei Zhang, Jianxin 653
Yang, Jiaxi Yang, Jingren Zhou, and 25 oth- 654
ers. 2025. Qwen2.5 technical report. Preprint, 655
arXiv:2412.15115. 656

Rafael Rafailov, Archit Sharma, Eric Mitchell, Christo- 657
pher D Manning, Stefano Ermon, and Chelsea Finn. 658
2023. Direct preference optimization: Your language 659
model is secretly a reward model. Advances in neural 660
information processing systems, 36:53728–53741. 661

John Schulman, Filip Wolski, Prafulla Dhariwal, 662
Alec Radford, and Oleg Klimov. 2017. Proxi- 663
mal policy optimization algorithms. arXiv preprint 664
arXiv:1707.06347. 665

Zhihong Shao, Peiyi Wang, Qihao Zhu, Runxin Xu, 666
Junxiao Song, Xiao Bi, Haowei Zhang, Mingchuan 667
Zhang, YK Li, Yang Wu, and 1 others. 2024. 668
Deepseekmath: Pushing the limits of mathematical 669
reasoning in open language models. arXiv preprint 670
arXiv:2402.03300. 671

9

https://arxiv.org/abs/2110.14168
https://arxiv.org/abs/2110.14168
https://arxiv.org/abs/2110.14168
https://arxiv.org/abs/2402.14008
https://arxiv.org/abs/2402.14008
https://arxiv.org/abs/2402.14008
https://arxiv.org/abs/2402.14008
https://arxiv.org/abs/2402.14008
https://arxiv.org/abs/2402.14008
https://arxiv.org/abs/2402.14008
https://openreview.net/forum?id=IFXTZERXdM7
https://openreview.net/forum?id=IFXTZERXdM7
https://openreview.net/forum?id=IFXTZERXdM7
https://doi.org/10.18653/v1/2024.findings-acl.53
https://doi.org/10.18653/v1/2024.findings-acl.53
https://doi.org/10.18653/v1/2024.findings-acl.53
https://openreview.net/forum?id=3Tzcot1LKb
https://openreview.net/forum?id=3Tzcot1LKb
https://openreview.net/forum?id=3Tzcot1LKb
https://arxiv.org/abs/2412.15115


Zhengyang Tang, Xingxing Zhang, Benyou Wang,672
and Furu Wei. 2024. Mathscale: Scaling instruc-673
tion tuning for mathematical reasoning. Preprint,674
arXiv:2403.02884.675

Jiachen Tianhao Wang, Tong Wu, Dawn Song, Prateek676
Mittal, and Ruoxi Jia. 2024. Greats: Online selection677
of high-quality data for llm training in every iteration.678
Advances in Neural Information Processing Systems,679
37:131197–131223.680

Liang Wen, Yunke Cai, Fenrui Xiao, Xin He, Qi An,681
Zhenyu Duan, Yimin Du, Junchen Liu, Tanglifu Tan-682
glifu, Xiaowei Lv, and 1 others. 2025. Light-r1:683
Curriculum sft, dpo and rl for long cot from scratch684
and beyond. In Proceedings of the 63rd Annual Meet-685
ing of the Association for Computational Linguistics686
(Volume 6: Industry Track), pages 318–327.687

Mengzhou Xia, Sadhika Malladi, Suchin Gururangan,688
Sanjeev Arora, and Danqi Chen. 2024. Less: select-689
ing influential data for targeted instruction tuning. In690
Proceedings of the 41st International Conference on691
Machine Learning, pages 54104–54132.692

Haoran Xu, Amr Sharaf, Yunmo Chen, Weiting Tan,693
Lingfeng Shen, Benjamin Van Durme, Kenton Mur-694
ray, and Young Jin Kim. 2024. Contrastive prefer-695
ence optimization: Pushing the boundaries of llm696
performance in machine translation. In International697
Conference on Machine Learning, pages 55204–698
55224. PMLR.699

Qiying Yu, Zheng Zhang, Ruofei Zhu, Yufeng Yuan,700
Xiaochen Zuo, Yu Yue, Weinan Dai, Tiantian Fan,701
Gaohong Liu, Lingjun Liu, Xin Liu, Haibin Lin,702
Zhiqi Lin, Bole Ma, Guangming Sheng, Yuxuan703
Tong, Chi Zhang, Mofan Zhang, Wang Zhang, and704
16 others. 2025. Dapo: An open-source llm re-705
inforcement learning system at scale. Preprint,706
arXiv:2503.14476.707

Zichun Yu, Spandan Das, and Chenyan Xiong. 2024.708
Mates: Model-aware data selection for efficient pre-709
training with data influence models. Advances in710
Neural Information Processing Systems, 37:108735–711
108759.712

Kun Zhou, Beichen Zhang, Zhipeng Chen, Xin Zhao,713
Jing Sha, Zhichao Sheng, Shijin Wang, Ji-Rong Wen,714
and 1 others. 2024. Jiuzhang3. 0: Efficiently improv-715
ing mathematical reasoning by training small data716
synthesis models. Advances in Neural Information717
Processing Systems, 37:1854–1889.718

10

https://arxiv.org/abs/2403.02884
https://arxiv.org/abs/2403.02884
https://arxiv.org/abs/2403.02884
https://arxiv.org/abs/2503.14476
https://arxiv.org/abs/2503.14476
https://arxiv.org/abs/2503.14476


A Methodology719

A.1 Data Construction720

The original Light-R1 DPO dataset contains 3,000721

samples. Preliminary analysis revealed substantial722

noise, mainly from redundant queries and degen-723

erate preference pairs in which the chosen and724

rejected responses were identical. To improve the725

reliability of preference learning, we applied a two-726

stage deduplication pipeline:727

• Duplicate Query Filtering: We removed re-728

dundant queries to reduce the risk of overfit-729

ting to specific prompts.730

• Preference Consistency Check: We dis-731

carded pairs whose final answers (extracted732

from the \boxed{} markers) were identical733

between the chosen and rejected responses.734

After filtering, we obtained a high-quality subset735

of 1,659 samples. To restore the dataset scale, we736

sampled 5,000 unique instances from the SFT data737

(as detailed in Section 4.1), ensuring zero overlap738

with the retained samples. To generate rejected re-739

sponses, we used DeepScaleR-1.5B-Preview5 (Luo740

et al., 2025), a small model fine-tuned specifically741

for reasoning tasks. By using this model, we en-742

sured that the augmented dataset maintained the743

same distribution and characteristics as the origi-744

nal, providing consistency in the data generation745

process. The prompt we employed for generating746

rejected responses was:747

Please reason step by step, and put your748

final answer within \boxed{}.749

To maintain the validity of the DPO triplets, we750

filtered out any generated response whose final an-751

swer matched the ground-truth answer. This pro-752

cess produced 2,475 valid negative pairs from the753

5,000 instances. Combined with the retained sub-754

set, the final dataset contains 4,134 samples.755

A.2 Preference Annotation756

To implement difficulty-based partitioning for757

SAGE, we used DeepSeek-V3 (Liu et al., 2024)758

as a judge to provide multi-dimensional annota-759

tions for each triplet (xi, ywi , y
l
i). The annotation760

process evaluates two dimensions to assess the op-761

timization utility of each pair:762

5https://huggingface.co/agentica-org/
DeepScaleR-1.5B-Preview

• Preference Clarity: ci measures the degree of 763

distinctness between the chosen and rejected 764

solutions [High, Medium, or Low]. 765

• Rejected Response Quality: qi is an abso- 766

lute quality score (1–5) assessing the logical 767

coherence and depth of the rejected response. 768

We use this dual-dimension approach because 769

the utility of a preference pair depends on the plau- 770

sibility of the error. A pair exhibits High Clarity if 771

the rejected solution is obviously flawed, providing 772

a strong signal for early alignment. Conversely, 773

Low Clarity samples, where the rejected response 774

follows a sophisticated but flawed reasoning path, 775

are crucial for fine-tuning the boundaries in later 776

training stages. The judge model uses the following 777

structured template: 778

779
System Prompt
You are an expert mathematical evaluator. You
will be presented with a math problem and two
model-generated solutions: Chosen (correct
answer) and Rejected (incorrect answer).

Task 1: Preference Clarity Assessment
Evaluate the distinctness between the solutions:
- High: The rejected solution is obviously
flawed; the preference is stark and easy to iden-
tify.
- Medium: The rejected solution is plausible
but contains noticeable errors.
- Low: The rejected solution is highly deceptive
and resembles the chosen one, requiring deep
analysis to refute.

Task 2: Rejected Solution Quality Analysis
Rate the quality of the Rejected reasoning path
(1–5) based on its coherence and depth, despite
its incorrect conclusion.

Format: Return output strictly in the following
JSON format:
{

"clarity": "High | Medium | Low",
"reason": "...",
"rejected_analysis": "...",
"rejected_score": x

}

Inputs
[Problem]: {{problem_text}}
[Chosen]: {{chosen_solution}}
[Rejected]: {{rejected_solution}}

780

Analysis of Data Distribution The joint distribu- 781

tion is summarized in Table 3. Consistent with the 782

objectives of SAGE, most samples (3,018) fall into 783

the High Clarity category, providing a robust start- 784

ing point for curriculum learning. The scarcity in 785

the Low Clarity and High Quality regions (e.g., Q5) 786

is expected, as highly sophisticated yet incorrect 787

reasoning paths are rare. 788
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Clarity Q1 Q2 Q3 Q4 Q5 Total

High 946 1,728 221 124 2 3,018
Medium 0 572 474 11 0 1,057
Low 0 39 11 2 5 59

Total 946 2,339 706 139 7 4,134

Table 3: Joint distribution of Preference Clarity and
Rejected Response Quality (Q1–Q5). High Clarity indi-
cates obvious errors.

Curriculum Subset Results Based on the par-789

titioning principles in Section 3.2, we categorized790

the 4,134 triplets into three pools:791

• Easy Pool (Deasy): High Clarity and qi ≤ 2792

(2,674 samples).793

• Medium Pool (Dmedium): Medium Clarity and794

qi ∈ {2, 3} (1,046 samples).795

• Hard Pool (Dhard): Remaining Low Clarity796

or High Quality samples (414 samples).797

B Experiments798

B.1 Training Details799

The training hyperparameters and SAGE schedul-800

ing configurations are summarized in Table 4.

Hyperparameter Value

Preference loss coefficient (β) 0.1
Training epochs 3
Batch size 16
Sequence parallelism (sp) 8
Maximum sequence length 32,768
Learning rate 5× 10−7

Difficulty mix ρstart

easy: 0.90
medium: 0.10
hard: 0.00

Difficulty mix ρend

easy: 0.40
medium: 0.40
hard: 0.20

Keep ratio γstart 1.0
Keep ratio γend 0.4

refresh step 25

Table 4: Training hyperparameters and SAGE schedul-
ing configurations.

801

Difficulty Mixing Schedule. The difficulty mix-802

ing ratios are chosen empirically based on the803

dataset distribution after difficulty partitioning.804

Specifically, the easy, medium, and hard subsets805

contain 2,674, 1,046, and 414 samples, respectively.806

We therefore initialize training with a higher pro- 807

portion of easy samples to provide stable early su- 808

pervision, and gradually increase the weights of 809

medium and hard samples through linear annealing. 810

This schedule balances early optimization stability 811

with sufficient exposure to harder preference pairs 812

in later training stages. 813

B.2 Dataset 814

See Table 5 for statistics of test sets.

Dataset # Problems

GSM8K 1,319
MATH500 500
Minerva 272
Gaokao 395
Olympiad 675
CollegeMath 2,818
AIME24 30
AMC23 40

Table 5: Statistics of the test sets used for evaluation.

815

B.3 SFT Results 816

We use the Light-R1 Stage 1 dataset to fine-tune 817

the 1.5B-, 3B-, and 7B-Instruct models. The train- 818

ing hyperparameters follow those of Light-R1: the 819

cutoff length is set to 20,000 tokens, the batch size 820

is 128, the learning rate is 5× 10−6, and training 821

is conducted for 10 epochs. We evaluate check- 822

points from all epochs on 8 benchmarks and select 823

the final checkpoint based on the average accuracy 824

across benchmarks. 825

1.5B and 3B. Figure 7 presents the SFT results 826

for the 1.5B and 3B models over 10 training epochs. 827

For both model sizes, the average accuracy in- 828

creases steadily as training proceeds, indicating 829

that supervised fine-tuning effectively improves 830

model performance. However, none of the SFT 831

checkpoints within the 10 epochs surpass the cor- 832

responding vanilla baselines. Even at their best- 833

performing epochs, the SFT models remain below 834

the original Qwen2.5-Instruct models in terms of 835

average accuracy across benchmarks. 836

This observation suggests that, at smaller model 837

scales, SFT alone may be insufficient to fully ex- 838

ploit the diverse reasoning patterns in the Light-R1 839

data. Consequently, we directly adopt the original 840

Qwen2.5-1.5B-Instruct and Qwen2.5-3B-Instruct 841
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Figure 7: SFT results for small-scale models (1.5B
and 3B). Although performance improves over train-
ing epochs, none of the checkpoints surpass the vanilla
baselines.

models as the vanilla baselines for subsequent ex-842

periments.843

7B. The SFT results for the 7B model are shown844

in Figure 8. Checkpoints from epochs 5 to 10845

consistently achieve higher average accuracy than846

the vanilla baseline, with epoch 5 yielding the best847

overall performance. Accordingly, we select the848

epoch-5 checkpoint as the vanilla model to replace849

Qwen2.5-7B-Instruct in subsequent experiments.850

Despite the overall improvement, the SFT model851

underperforms the original Qwen2.5-7B-Instruct852

model on Minerva Math and College Math.853

Specifically, Qwen2.5-7B-Instruct achieves accu-854

racies of 37.10 and 46.50 on these benchmarks,855

whereas the selected SFT checkpoint (epoch 5) at-856

tains 28.30 and 42.40, respectively. Within the857

SFT training process, the best performance on Min-858

erva Math and College Math is achieved at epoch859

10 (29.40) and epoch 9 (43.20), respectively, in-860

dicating that these benchmarks may benefit from861

later-stage fine-tuning.862
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Figure 8: SFT results for the Qwen2.5-7B-Instruct
model across training epochs.
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