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Abstract001

LLM supervised fine-tuning (SFT) data have002
become abundant, mainly driven by synthetic003
generation. However, sheer scale does not guar-004
antee effective SFT: large datasets often exhibit005
pathologies such as redundancy, imbalance,006
and poor learnability, making data selection007
critical for improving SFT data efficiency and008
efficacy. Existing selection methods typically009
rely on static or handcrafted criteria, which can010
be subjective, biased, and lack transferability.011
To address this, we propose LERS (Learner012
Self-Rectify Selection), a learner-centric data013
selection framework. It enables the learner014
model, or its compact homologue, to identify015
learning-worthy samples via self-feedback sig-016
nals, and dynamically rectify the training sub-017
set distribution throughout the learning process.018
By focusing on the learner’s evolving needs019
rather than static metrics, LERS surfaces suit-020
ably challenging and unmastered samples that021
are otherwise overlooked. Experiments show022
that LERS boosts data efficiency and efficacy :023
using only 10% of the data, it matches the SFT024
performance of 5× randomly sampled data,025
and yields consistent gains over full-dataset026
training in multi-source scenarios. Our find-027
ings reveal that prioritizing high-utility data028
that dynamically address the learner’s needs is029
the key to “more with less” in SFT.1030

1 Introduction031

Large language models (LLMs), pretrained and032

fine-tuned on large-scale corpora (Xu et al., 2024),033

have achieved strong performance across natural034

language understanding, question answering, and035

reasoning tasks (OpenAI et al., 2024; Shao et al.,036

2024). In supervised fine-tuning, LLM-generated037

data (Wang et al., 2023; Taori et al., 2023) have038

become a main source as model capabilities scale,039

enabling compact models to distill knowledge from040

state-of-the-art generators and achieve competitive041

1The code and data will be released as open-source.
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Figure 1: Workflow of LERS, an learner-centric SFT
data selection tool. By exploiting the evolving learner
state with respect to an expert reference, and rectifying
selected data distribution, LERS achieves higher (1)
data efficiency: reaching target performance with mini-
mal samples, where LERS matches the performance of
5× random data training and achieves 50%/10% = 5×
efficiency improvement; (2) data efficacy: the enhance-
ment of available data effectiveness, where 10% LERS-
selected data surpasses full-dataset SFT performance.

performance (Radosavovic et al., 2018; Yang et al., 042

2024b; DeepSeek-AI et al., 2025). 043

However, challenges persist in ensuring effi- 044

cient and effective utilization of synthetic SFT data, 045

which often contains (i) redundancy that inflates 046

training costs; (ii) corrupt samples or imbalanced 047

feature distributions that harm generalization (Yang 048

et al., 2023; Chen et al., 2024). Additionally, a pro- 049

nounced capability gap between SOTA LLMs and 050

small-scale models creates learning obstacles (Cai 051

et al., 2025). The lack of guarantees on data effi- 052

ciency and efficacy leads to excessive training over- 053

head and degraded performance, especially burden- 054

ing individual trainers who rely on paid third-party 055

training services. This highlights the need to iden- 056

tify and select learning-worthy data. 057

For data selection, efforts largely focused on 058

designing hand-crafted semantic criteria (Penedo 059

et al., 2023; Weber et al., 2024), or assigning static 060

1



quality scores (Chen et al., 2023; Liu et al., 2024a;061

Li et al., 2024b; Wettig et al., 2024). However,062

these criteria reflect implicit human assumptions063

of what benefits model learning (Li et al., 2025),064

while overlooking the role of model capacity and065

cognitive state in shaping data utility (Harada et al.,066

2025). For example, smaller models fail to learn067

from complex, multi-step reasoning data that is068

well-suited for SOTA LLMs (Cai et al., 2025). Con-069

sequently, these methods introduce inductive biases070

that generalize poorly across models and datasets.071

Although model-related perplexity- and gradient-072

based methods are proposed (Killamsetty et al.,073

2021; Xia et al., 2024a; Zhang et al., 2025; Morris074

et al., 2025), in practice, they are restricted to being075

calculated from the initial learner model, hindering076

adaptation to its evolving needs in training.077

To address these challenges, we select data from078

a learner-centric perspective, and outline a concep-079

tual data selection workflow in which the learner’s080

current learning state directly informs what data081

should be presented next. As illustrated in Figure082

1, the workflow tracks the gaps between a compact083

learner and an expert counterpart, indicating which084

samples surface the learner’s unmastered capabili-085

ties, enabling the learner to actively rectify its own086

deficiencies. Notably, compact learners serve as087

efficient proxies, enabling scalable and transferable088

signal extraction for larger homologue.089

Building on this principle, we propose LERS090

(Learner Self-Rectify Selection), a learner-centric091

data selection framework that implements the work-092

flow. During learning, LERS tracks a learner-093

aligned utility metric, termed the Homologous094

Corrected Cognitive Gaps (HCCG), which reflects095

sample-specific discrepancies that reveal the cur-096

rent learner’s data-induced learning biases. LERS097

further partitions the selection timeline into seg-098

ments, and performs real-time HCCG interpolation099

to capture such discrepancy changes as the learner100

evolves. Our theoretical and empirical analyses101

reveal a self-rectification mechanism: when the102

selected subset or the learner deviates from the103

ideal state, samples that reduce the learner’s cog-104

nitive gap receive higher HCCG scores, implicitly105

steering selection back toward the desired distribu-106

tion. Across math and code domains and multiple107

models, LERS-selected subsets consistently yield108

superior fine-tuning performance.109

Our contributions are summarized as follows:110

• We introduce a learner-centric data selection111

workflow that leverages compact learners as112

efficient proxies to identify learning-worthy 113

samples for larger homologous models. 114

• We propose a learner-aligned utility metric, 115

termed HCCG, to evaluate sample learning 116

value at intermediate training stages, and build 117

LERS, a learner-centric SFT data selection 118

framework self-rectifying selected training set 119

throughout learning. 120

• Extensive experiments show that LERS sur- 121

passes all data selection baselines, achieving 122

5× data efficiency on single-source datasets 123

and improving data efficacy on multi-source 124

datasets by up to +10.1% over full-data fine- 125

tuning, demonstrating that learner-aligned 126

data utility outweigh sheer volume in SFT. 127

2 Related Work 128

2.1 Synthetic Data Generation 129

Synthetic data generation involves artificially gen- 130

erating training samples using automatic systems 131

rather than manually collecting (Nadăs, et al., 2025). 132

Works leverage LLMs to synthesize data for diverse 133

NLP and programming tasks. Synthetic corpora are 134

widely used for instruction tuning (Liu et al., 2022; 135

Honovich et al., 2023; Taori et al., 2023; Bian et al., 136

2023), reasoning (Zeng et al., 2024), and dialog 137

generation (Zhang et al., 2024). In domain-specific 138

tasks such as programming, works (Zheng et al., 139

2025; Sun et al., 2025) confirmed that synthetic 140

coding data can substantially improve reasoning ca- 141

pability. Recent advances in DeepSeek-R1 distilla- 142

tion have shown effectiveness in improving reason- 143

ing capabilities via synthetic data (DeepSeek-AI 144

et al., 2025), which led to the creation of open syn- 145

thetic reasoning datasets, including OpenThoughts- 146

114k (Guha et al., 2025) and OpenR1-Math-220k 147

(Hugging Face, 2025). 148

Although preliminary filtering has been applied 149

to synthetic datasets in terms of correctness and 150

style, learner-centric selection is still required to 151

enhance data utility and learnability. 152

2.2 SFT Data Selection 153

Studies indicate that improving data quality drives 154

substantial gains in SFT (Penedo et al., 2023; 155

Zhou et al., 2023; Ye et al., 2025). Data selection 156

aims at identifying the optimal partitions of the 157

dataset to improve SFT efficiency and performance. 158

Prior works mainly concentrate on three directions: 159

(i) Quality or Diversity Assessment and Ranking. 160
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Figure 2: Overview of the proposed Learner Self-Rectify Selection, illustrated using the segment from Tk to Tk+1.
It incrementally adds supplementary samples ∆D̃ for learning rectification and outputs the selected dataset D̃TK+1

.

These studies design static quality metrics to evalu-161

ate instruction complexity (Liu et al., 2024a; Zhao162

et al., 2024; Chen et al., 2023) and model perplex-163

ity (Li et al., 2024a,b), thereby enhancing data ef-164

ficiency for instruction tuning. (ii) Dataset Cover-165

age. To capture diverse features in data distribution,166

techniques such as clustering (Ge et al., 2024), em-167

bedding distance (Liu et al., 2024b), and subset168

compression ratio (Yin et al., 2024) are employed.169

(iii) Gradient and Trajectory Similarity. These ap-170

proaches select samples aligned with the gradient171

optimization direction, such as matching gradients172

of validation subsets (Xia et al., 2024b) or expert173

trajectories (Morris et al., 2025).174

However, these methods mainly rely on data-175

centric heuristics, which exhibit limited transfer-176

ability , neglect the learner’s evolving data needs,177

and induce biases inherent in scoring mechanisms.178

3 Method179

LERS implements learner-centric data selection180

via a segment-wise training set rectification mech-181

anism, guided by data utility with respect to the182

current learner. At each segment, the framework183

measures the discrepancies between the learner and184

an expert reference, thereby surfacing unmastered185

samples that target these gaps and alleviating bi-186

ases induced by training the learner on the data187

subset. This self-rectification process progressively188

steers the evolving data distribution toward a more189

coherent and well-structured learning manifold.190

3.1 Subset Bias in Half-Way Learning States191

Specifically, we seek to determine: which remain-192

ing samples are the most useful for data subset193

rectification and learning enhancement currently?194

Definitions. Let the entire dataset be denoted by 195

D, the loss function by L, the input by X ∈ Rn, 196

and the corresponding ground truth by Y ∈ Rm. 197

The model defines a mapping from Rn → Rm. 198

Consider an intermediate selection state where
a subset D̃ ⊂ D has already been chosen and used
in model training. We assume that D comprises k
disjoint feature-consistent categories, such that

D \ D̃ =
k⋃

i=1

Di, s.t. Di ∩ Dj = ∅,∀i ̸= j.

After training on subset D̃, the resulting model f̂ is 199

an empirical approximation of the ideal predictor. 200

Let f denotes the bayes-optimal model under the 201

empirical data distribution PD̃: 202

f = argmin
f̂

E(X,Y )∼PD̃
L(f̂(X), Y ). (1) 203

For analytical tractability, we initially formulate 204

our derivation using Mean Squared Error (noting 205

that an analogous bias–variance decomposition 206

holds for cross-entropy, see Appendix A.1) to show 207

that loss of a sample on the current model is tied to 208

the bias of the selected dataset relative to that sam- 209

ple, which yields a learner-centric utility metric. 210

Modeling Predictions and Labels. Because the 211

loss decomposes coordinate-wise, we simplify it to 212

the scalar prediction case (m = 1) for clarity. 213

For any training sample (x, y) ̸∈ D̃, a model 214

trained on biased subset D̃ injects an additive pre- 215

diction bias term εbias∼N (µ, σ2
b ), while the opti- 216

mal prediction f(x) deviates from the true label y 217

due to inherent noise εnoise∼N (0, σ2
n). Thus, 218

y = f(x) + εnoise + εbias = f(x) + ε, (2) 219

where ε∼N (µ, σ2
b + σ2

n) = N (µ, σ2). 220
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Expected Loss Decomposition. The expected221

mean squared error can be expanded as222

E[(f̂ − y)2] = E[(f̂ − f − ε)2]

= E[(f̂ − f)2] + E[ε2]− 2E[ε(f̂ − f)]

= E[(f̂ − f)2] + σ2 + µ2 − 2E[ε(f̂ − f)]

(3)223

The first term represents the empirical devia-224

tion between model f̂ and f , which typically van-225

ishes as training converges. To approximate the last226

correlation term, we follow Ghojogh and Crowley227

(2023) and invoke Stein’s lemma (Stein, 1981).228

Lemma 3.1 (Stein, 1981) If z ∼ N (µ, σ2) and229

g : R→ R are differentiable, then230

E[(z − µ)g(z)] = σ2E[g′(z)]. (4)231

Employing Stein’s lemma, by identifying ε = z232

and g(ε) = f̂(x, y) − f(x) = f̂(x, f(x) + ε) −233
f(x), results in the following:234

E[ε(f̂ − f)] = E[(ε− µ)(f̂ − f)] + µE[f̂ − f ]

= σ2E

[
∂(f̂ − f)

∂ε

]
+ µE[f̂ − f ]

= σ2E[f̂ ′(y)] + µE[f̂ − f ]

(5)235

The last term is neglected because the expecta-236

tion is anticipated to become sufficiently small as237

training progresses. Substituting Eq. 3 yields:238

MSE(f̂) ≈ E[(f̂ − f)2] + σ2 + µ2 − 2σ2E[f̂ ′(y)] (6)239

Category-wise Analysis. Applying Monte Carlo240

estimation within category Dt, we obtain:241

MSEt(f̂) ≈
1

|Dt|
∑
i

(f̂i − fi)
2 + σ2

t

+µ2
t −

2σ2
t

|Dt|
∑
i∈Dt

∂f̂

∂yi
.

(7)242

In the most extreme case f̂(x) ≡ y, the term243

reduces to E[(f̂ − f)2] = σ2
t ,

∂f̂
∂yi

= 1 and derives244

MSEt(f̂) ≈ µ2
t . Therefore, in general situations,245

we have MSEt(f̂)− µ2
t ≈ kσ2

t , k > 0, implying246

MSEt(f̂) ≈ kσ2
t + µ2

t , k > 0. (8)247

Implications. This shows that, within each cat-248

egory, higher systematic bias µt (capturing distri-249

butional deviation between D̃,Dt) and a greater250

diversity σt jointly result in an elevated loss. The251

bias of D̃ shifts over training, and the high utility252

samples are those capable of mitigating it—i.e.,253

those from categories with the largest µt and σt.254

Although the interpretation for cross-entropy is 255

less direct (Appendix A.1), the core correlation per- 256

sists: a higher loss L(x) identifies samples that are 257

both informative and diverse, making them ideal 258

targets for subset distributional rectification. 259

3.2 Homologous Corrected Cognitive Gaps 260

The preceding derivation establishes a theoretical 261

link between the loss magnitude on the learner 262

model and the utility of subset rectification. Yet, the 263

challenge stems from the presence of low-quality 264

outliers, which exhibit substantial divergence with 265

respect to the dataset D̃ but should be excluded. 266

To mitigate this issue, we incorporate the loss 267

from an expert model as an auxiliary anchoring sig- 268

nal. Fine-tuning compact models on high-quality 269

prior data can serve this purpose effectively. How- 270

ever, INSTRUCT models, which are typically re- 271

leased alongside their BASE counterparts, gener- 272

ally provide more robust downstream performance, 273

positioning them as natural experts. 274

We introduce a metric for learner-aligned 275

training utility, termed Homologous Corrected 276

Cognitive Gaps (HCCG). Given the base model fb 277

and a fixed expert model fe as anchor, the HCCG 278

score Q for a sample (x, y) is defined as: 279

Q(x, y) = ln |y|
(
L(fb, x, y)− αL(fe, x, y)

)
, α ≥ 1 (9) 280

The metric penalizes samples that confound the 281

expert, capturing cognitive discrepancies between 282

the learner and the expert model. The formulation 283

also includes two critical corrections: 284

Length Correction The standard cross-entropy 285

loss is averaged over tokens, which often leads to 286

higher variance in shorter sequences. To compen- 287

sate for the effect, we introduce correction term 288

ln |y|, that neutralizes length-induced distortions in 289

the loss distribution. 290

Learner Preference Penalty The preference 291

penalty α ≥ 1 penalizes samples that diverge from 292

the preferences of the expert model, which other- 293

wise tend to impede effective learning. This penalty 294

is motivated by an intriguing observation: synthetic 295

data generated by a homogeneous, smaller-scale 296

expert model yields greater improvements in com- 297

pact learner performance than data crafted by a 298

much stronger but heterogeneous model, as illus- 299

trated in Section 4.4. This underscores that aligning 300

data selection with the learner’s native distribution 301

is more pivotal than adhering to seemingly objec- 302

tive metrics, such as absolute correctness. 303
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The HCCG metric is also computationally effi-304

cient, as using VLLM (Kwon et al., 2023) acceler-305

ates loss computation without sacrificing precision.306

3.3 Segment-wise Subset Rectification307

LERS conditions select decisions on the evolving308

state of the learner rather than anchoring to the309

initial model or a static, potentially skewed yard-310

stick. We introduce a segment-wise rectification311

scheme: the selection timeline is divided into seg-312

ments that progressively rectify the previously se-313

lected subset. For each segment, LERS constructs314

pseudo-checkpoints and interpolates the HCCG,315

dynamically approximating learning utility.316

Specifically, LERS approximates the evolution317

of the HCCG score Qt(x, y) via piecewise linear318

interpolation. It uniformly partitions the entire se-319

lection horizon of Ñ samples using K dividing320

points Tk∈{1,2,...,K}, and computes Qt at segment321

boundaries. Within the segment interval [Tk, Tk+1],322

the estimated HCCG Q̂t at time step t is as follows:323

Tk = k
Ñ

K + 1
, k = 0, . . . ,K + 1, (10)324

Q̂t = QTk
+

t− Tk

Tk+1 − Tk

(
QTk+1

−QTk

)
. (11)325

Drawing upon the power laws in data scaling326

(Hoffmann et al., 2022; Luo et al., 2025) and as-327

suming the influence of the learning rate schedule328

is marginal, the training loss trajectory can be mod-329

eled as:330

LT ≈ L0 +
B

T β
(12)331

where L0, B, and β are constant coefficients.332

By applying the Mean Value Theorem, the inter-333

polation error can be uniformly bounded as:334

max
t∈[Tk,Tk+1]

|Q̂t −Qt|
ln |yt|

≤ B
β(β + 1)

8K2T β
k

(13)335

Thus, the absolute interpolation error is uniformly336

controlled by K, decaying at a rate of O(K−2).337

In practice, at step Tk, the model f̂Tk
has been338

trained on subset D̃Tk
. To estimate the HCCG tra-339

jectory for the subsequent interval (Tk, Tk+1], we340

further train a pseudo model ĝTk+1
inheriting from341

f̂Tk
and training on Tk+1 − Tk samples randomly342

drawn from the selected dataset D̃Tk
. HCCG is343

evaluated at the endpoints Tk, Tk+1 with the model344

f̂Tk
and ĝTk+1

, respectively, and linearly interpo-345

lated across intermediate training steps. At each346

step, the top-batch_size samples are selected and347

removed from the candidate pool. The general se-348

lection procedure is summarized in Algorithm 1.349

4 Experiment 350

4.1 Experimental Setup 351

Data. We use DEEPSEEK-R1 to generate a large- 352

scale reasoning dataset with <THINK> labels from 353

pools of mathematical and programming prompts. 354

We perform preliminary cleaning and retain sam- 355

ples with lengths less than 3,500 tokens, result- 356

ing in 100K candidate datasets. They consist 357

of: (1) Math: contains verifiable AoPS (Mahdavi 358

et al., 2025) problems, exhibiting relatively ho- 359

mogeneous sources. (2) Code: a programming 360

dataset composed of diverse sources and prompt 361

types drawn from KODCODE (Xu et al., 2025). 362

Model. We employ open-source QWEN3 family 363

(Yang et al., 2025a), instantiating the learner model 364

fb and the expert model fe in LERS with the 0.6 365

B BASE and 0.6 B INSTRUCT checkpoints, respec- 366

tively. After selection, QWEN3 0.6B, 1.7B, and 4B 367

BASE are fine-tuned with the selected data. 368

Metric. The performance of the post-trained 369

model directly manifests the effectiveness of se- 370

lected datasets. Mathematical reasoning capability 371

is evaluated on MATH-500, GSM8K, SVAMP, and 372

related benchmarks, while code reasoning capa- 373

bility is assessed on HumanEval (+), MBPP (+), 374

and LiveCodeBench. All results are reported using 375

accuracy (ACC). See Appendix A.3.2 for details. 376

Baselines. Early studies focused predominantly 377

on crafting static filtering metrics, assigning fixed 378

quality scores and integrating dataset diversity, 379

from which we select one representative method 380

per category serving as baselines. 381

• Deita (Liu et al., 2024b) automatically selects 382

high-value instruction samples by jointly max- 383

imizing evolved complexity and quality scores 384

while enforcing embedding-based diversity. 385

• Superfiltering (Li et al., 2024a) employs a 386

small model to compute instruction-following 387

difficulty (IFD) and select top-ranked data. 388

• CaR (Ge et al., 2024) ranks instruction pairs 389

with a lightweight scorer and clusters them to 390

obtain high-quality and diverse subset. 391

We also benchmark the learner-centric, expert- 392

anchored twin-model selection workflow, using 393

spectrum of static filtering metrics as baselines, in- 394

cluding loss-difference (∆L) (Cao et al., 2024), KL 395

divergence (KL), gradient-cosine similarity (GCS) 396
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Table 1: Overall Downstream Fine-Tuning Performance of Selected Datasets on QWEN3-0.6B BASE. Each dataset
consists of 10K (10%) samples filtered from an synthetic 100K data pool in mathematics or programming. CM.BaI
stands for the Beginning_and_Intermediate_Algebra split of CollegeMath. For HumanEval and MBPP, we report
both the original and "+" (augmented test case) versions. All results are presented as accuracy scores.

Method
MATH CODE

MATH-500 GSM8K SVAMP MINERVA AQUA GAOKAO CM.BaI Avg. HumanEval (+) MBPP (+) Avg (+).

RANDOM

10% 37.0 63.1 79.8 8.1 51.2 35.6 38.3 44.7 12.8 (11.6) 21.1 (18.8) 17.0 (15.2)
50% 42.4 68.2 83.8 9.2 52.0 38.7 39.5 47.7 15.9 (13.4) 24.8 (21.6) 20.4 (17.5)
100% 41.6 68.8 84.3 8.8 56.7 41.6 41.9 49.1 14.6 (13.4) 25.2 (22.4) 19.9 (17.9)

UNITARY

Deita 38.2 62.5 77.1 8.8 50.4 37.1 35.5 44.2 15.9 (13.4) 28.1 (23.8) 22.0 (18.6)
CaR 37.4 63.2 79.2 6.6 44.9 36.9 39.5 44.0 18.3 (15.9) 28.1 (25.1) 23.2 (20.5)
SupF 40.0 61.5 69.9 9.2 51.6 39.2 36.4 44.0 12.2 (10.4) 18.3 (16.0) 15.3 (13.2)

TWINED

∆L 36.2 64.4 83.8 7.4 53.9 37.1 36.3 45.6 17.1 (16.5) 25.6 (23.3) 21.4 (19.9)
KL 35.0 61.9 82.0 9.9 49.2 34.3 35.9 44.0 12.2 (11.0) 22.8 (18.8) 17.5 (14.9)

GCS 39.0 64.7 80.3 10.7 49.6 36.4 38.6 45.6 17.1 (15.9) 23.1 (20.8) 20.1 (18.4)
GP 37.6 64.6 80.5 9.2 47.2 36.6 40.6 45.2 12.8 (11.0) 24.1 (21.3) 18.5 (16.2)

LERS 40.8 64.7 77.5 12.1 57.9 38.2 38.7 47.1 23.8 (20.7) 30.3 (25.1) 27.1 (22.9)

(Morris et al., 2025), and gradient projection (GP),397

from which Ñ instances with the highest scores are398

retained (Appendix A.3.1).399

Implementation. We select Ñ = 10K samples400

from the synthetic dataset of size N = 100K. For401

training QWEN3-0.6B, 1.7B, and 4B BASE, we402

conduct a grid search over learning rates {7e −403

5, 5e− 5, 3e− 5, 1e− 5} and adopt 7e− 5, 3e− 5,404

and 1e− 5 for each model respectively, with a total405

batch size of 16, weight decay of 0.01 and warm-up406

ratio of 0.05 in a cosine scheduler. We fix the ran-407

dom seed for all runs. In LERS, number of segment408

dividing points is set to K = 8. For preference409

penalty, we use α = 1.5 for mathematical tasks410

and α = 1.0 for code tasks, based on the fact that411

QWEN3-0.6B INSTRUCT demonstrates stronger412

expertise in mathematics than in programming.413

4.2 Main Results414

General Comparison Table 1 reports supervised415

fine-tuning results on QWEN3-0.6B BASE, across416

the 10K selected subsets of various strategies.417

On the code data pool, a heterogeneous collec-418

tion encompassing tasks such as Code Completion,419

Codeforces, LeetCode, Prefill and other sources,420

LERS demonstrates a dominant advantage, achiev-421

ing up to a +10.1% improvement over random se-422

lection and +3.9% over the best baseline.423

In the mathematics domain, which is composed424

exclusively of synthetic verifiable AoPS problems,425

the limited categorical diversity renders selection426

intrinsically harder than for typical instruction or427

code mixture corpora. Nevertheless, LERS still428

achieves outstanding performance, surpassing the429

best baseline by +1.5% on average. The results430

highlight the superior generalizability of LERS431

across datasets with varying features. 432

Unitary scorer yields marginal gains over ran- 433

dom on multi-source pools yet collapses on more 434

homogeneous dataset, revealing its fixation on 435

surface structure at the expense of learner utility. 436

Twined selection, leveraging learner-expert model 437

pairs, consistently outperforms unitary baselines 438

on single-source data, but its static inductive bias 439

curbs generalization. Details are in Appendix A.2. 440

Generalization Across Model Scales. Table 2 441

evaluates the transferability of LERS-selected 442

datasets to larger homologous models. The em- 443

pirical results demonstrate that the performance 444

gains from LERS scale consistently, outperform- 445

ing random selection by an average of 2.3% on 446

QWEN3-1.7B and 1.85% on 4B variant. This 447

suggests that data utility demonstrates transferabil- 448

ity across nearby model scales, and that the high- 449

utility data remain stable within the size range. The 450

gains also hold for training heterogeneous models 451

with similar scales of the learner (Appendix A.3.4). 452

LERS achieves strong performance on easier tasks 453

and substantial gains on challenging benchmarks 454

(e.g., MATH-500, MINERVA_MATH, GAOKAO, 455

CM.BaI, LiveCodeBench), effectively identifies 456

suitable challenging samples on the fly. 457

Data Efficiency and Efficacy To quantify the 458

data efficiency and efficacy gains conferred by 459

LERS, we trained baseline models on 10%, 50%, 460

and 100% of the available data, and compared their 461

fine-tuning performance against LERS using only 462

10% of the samples. The results are illustrated 463

in Figure 1 and Table 9. On the mathematics 464

corpus, where prompts exhibit higher similarity, 465

LERS consistently achieves a 5× improvement 466
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Table 2: Transferability of Data Selected by LERS across Model Scales. The selected datasets are evaluated in
fine-tuning of QWEN3-1.7B BASE and 4B BASE. LCBv1 denotes the LiveCodeBench v1 version.

Model Method
MATH CODE

MATH-500 GSM8K SVAMP MINERVA AQUA GAOKAO CM.BaI Avg. HumanEval (+) MBPP (+) LCBv1 Avg (+).

QWEN3-1.7B
BASE

Random 61.2 82.7 92.5 20.6 70.1 54.5 56.6 62.6 37.2 (32.9) 45.9 (41.1) 9.3 30.8 (27.8)

Deita 64.0 83.5 93.6 21.0 73.2 57.1 56.2 64.1 40.9 (36.0) 51.4 (44.0) 8.0 33.4 (29.3)

CaR 62.0 82.8 92.3 19.5 75.2 51.2 56.0 62.7 42.1 (36.6) 52.4 (44.4) 4.0 32.8 (28.3)

∆L 54.0 83.2 92.5 25.0 74.4 49.4 52.5 61.6 32.9 (28.0) 42.9 (37.6) 2.8 26.2 (22.8)

GCS 64.6 84.8 93.6 23.2 74.4 54.8 56.6 64.6 40.2 (32.3) 52.1 (44.9) 0.0 30.8 (25.7)

LERS 66.2 85.1 92.4 22.8 76.8 56.1 59.2 65.5 40.2 (36.6) 50.4 (43.6) 7.0 32.5 (29.1)

QWEN3-4B
BASE

Random 82.0 93.4 95.7 36.8 78.3 73.2 67.8 75.3 64.6 (59.8) 69.4 (59.1) 30.8 54.9 (49.9)

Deita 85.0 93.9 95.7 41.2 77.2 74.8 66.4 76.3 65.9 (62.8) 69.4 (59.6) 33.0 56.1 (51.8)

CaR 81.4 92.9 95.8 37.5 69.3 73.8 65.8 73.8 62.2 (58.5) 69.2 (59.4) 23.8 51.7 (47.2)

∆L 79.2 92.3 96.0 37.5 81.5 68.6 64.4 74.2 65.9 (60.4) 63.9 (55.1) 37.0 55.6 (50.8)

GCS 83.4 92.3 94.7 38.2 76.8 71.9 66.9 74.9 65.9 (61.0) 71.2 (60.9) 30.5 55.8 (50.8)

LERS 85.6 93.4 95.6 42.6 75.6 75.8 67.3 76.6 66.5 (62.8) 68.2 (58.9) 37.3 57.3 (53.0)

in data efficiency, reaching the level obtained by467

50% data with one-fifth of the cost. Within the468

heterogeneous, multi-source code dataset, simply469

enlarging the training pool yields negligible gains,470

whereas LERS-selected samples outperform the471

model trained on the entire set. The result shows472

that LERS not only substantially enhances data ef-473

ficiency but also effectively filters out samples that474

are uninformative or even detrimental to training.475

4.3 Ablation Study476

To analyze and disentangle the contributions of477

the components in LERS, we systematically ablate478

LERS on QWEN3-0.6B, where the wide capacity479

gap between the learner and the data generator ac-480

centuates the impact. Results are shown in Table 3.481

Table 3: Ablation Study of LERS on QWEN3-0.6B

Benchmark LERS
w/o

Length
Corr.

w/o
Segments

w/o
Est.

w/o
Expert

MATH-500 40.8 37.0 39.8 40.2 29.2
GSM8K 64.7 58.2 63.2 65.7 59.1
SVAMP 77.5 72.1 79.9 77.5 80.1
MINERVA 12.1 8.8 10.3 8.8 5.1
AQUA 57.9 49.2 51.6 49.2 51.2
GAOKAO 38.2 39.2 36.9 40.5 28.8
CM.BaI 38.7 39.5 40.9 41.7 31.9

Avg. 47.1 43.4 46.0 46.2 40.8482

w/o Length Corr. Removing length correction483

biases the selection toward shorter samples, as484

token-level loss noise disproportionately affects485

longer sequences, leading to weak chain-of-thought486

representations and degraded performance.487

w/o Segments Omitting segment-wise rectifica-488

tion skews performance toward over-represented489

domains. The learner-centric rectification, by re-490

plenishing underrepresented features on the fly, en-491

forces a more diverse data stream.492

Figure 3: LERS Performance on Mathematical Tasks
under Varying Penalty α. We evaluate two distinct con-
figurations: (i) R1 Synthetic (RS), containing responses
exclusively from DEEPSEEK-R1; and (ii) Mixed Syn-
thetic (MS), a balanced 1:1 mixture of responses from
QWEN3-1.7B INSTRUCT and DEEPSEEK-R1.

w/o Est. Solely disabling linear interpolation 493

causes a modest decline, but the performance is 494

still unbalanced, indicating that linear interpolation 495

yields more precise and adaptive quality estimates. 496

497w/o Expert Excluding the expert model substan- 498

tially lowers the data quality, causing a notable 499

performance degradation, and highlighting the ne- 500

cessity of the expert-referenced setup. Relying 501

solely on the learner model’s judgment grossly mis- 502

rates low-quality data, which are outliers that can 503

in turn mislead even the expert. 504

4.4 Learner Preferences and Penalty 505

In this section, we present counterintuitive evidence 506

to highlight the profound impact of the learner’s 507

intrinsic token preferences, and provide compre- 508

hensive insights into the role of preference penalty. 509
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source categories. Horizon and Vertical lines represents the average of points.

Figure 4: Embedding t-SNE visualization of code training samples. (a) LERS yields a more uniform distribution
than random sampling. (b) LERS dynamically corrects distributional biases through segment-wise updates.

Alongside the verifiable mathematical data pool510

synthesized by DEEPSEEK-R1 (noted as "R1 Syn-511

thetic"), we generate an additional split by prompt-512

ing QWEN3-1.7B INSTRUCT with identically dis-513

tributed questions. These are merged into a 100K514

"Mixed Synthetic" (MS) dataset with a 1:1 ratio.515

Although R1 significantly surpasses QWEN3-516

1.7B INSTRUCT in math reasoning, a 0.6B learner517

model trained on the latter’s synthetic data out-518

performs its counterpart trained exclusively on519

DEEPSEEK-R1 answers by approximately +3%.520

This indicates that the learner’s endogenous to-521

ken priors exert a decisive influence. Preference-522

congruent samples are assimilated more readily523

than robust yet complex ones. The penalty α is524

introduced to mitigate such intrinsic learning bias.525

Our ablation experiments on both pools (Figure526

3) reveal that training on MS consistently outper-527

forms RS across all tasks and selection methods. In528

pool RS, where learner preference is less polarized,529

penalizing with α recuperates a subset of pedagog-530

ically valuable samples. Yet in pool MS, where531

the proportion of preference-aligned samples is en-532

riched, performance gains remain stable even at533

a minimal penalty (α = 1.0). This confirms the534

effectiveness of penalizing the selection of hard-to-535

grasp samples using α. Notably, LERS exceeds536

random selection across the entire range of α.537

4.5 Analysis538

The mechanism behind LERS remains unclear.539

Why does a selected subset consistently outperform540

full-data fine-tuning? To elucidate this, Figure 4541

visualizes (a) the embedding of samples selected542

via random sampling versus LERS, and (b) the543

evolution of LERS selections across the initial five544

rectification segments. In Figure 4a, random se-545

lection, which is expected to inherit the inherent 546

distributional skew of the full dataset, leads to a 547

high-density cluster (red ellipse) that triggers lo- 548

cal over-fitting. In contrast, LERS’s cohort (green 549

ellipse) uniformly populates the manifold. The 550

segment-wise rectification depicted in Figure 4b 551

reveals a bias-correcting feedback loop driven by 552

learner-centric HCCG signal: samples in segment 553

#1 over-represent the third-quadrant mass. Conse- 554

quently, segments #2–#3 compensate by recruiting 555

first-quadrant instances. Once the drift becomes 556

positive, the sample distribution in segment #4 557

re-orients the selection toward negative x- and y- 558

coordinates, and the process stabilizes at segment 559

#5. The dynamic validates LERS’s ability to es- 560

cape the "majority-bias" trap. 561

5 Conclusion 562

In this paper, we introduce LERS, a learner-centric 563

data selection framework that improves data effi- 564

ciency and efficacy by addressing redundancy, dis- 565

tributional imbalance, and poor learnability issues 566

in synthetic SFT datasets. LERS estimates the Ho- 567

mologous Corrected Cognitive Gap (HCCG) met- 568

ric, enabling the learner itself to adaptively identify 569

current high-utility samples that rectify distribu- 570

tional biases and complement the selected subset 571

with suitable challenging samples during learning. 572

Extensive experiments demonstrate that LERS con- 573

sistently outperforms all baselines, achieves 5× 574

data efficiency gains, and surpasses full-data train- 575

ing in multi-source settings with highly improved 576

data efficacy. These gains further generalize across 577

models at similar scales. Our findings demonstrate 578

that prioritizing data aligned with the learner’s 579

evolving needs is fundamental to improving data 580

efficiency and efficacy in supervised fine-tuning. 581
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6 Limiation582

We demonstrate that data quality is learner-centric583

and validate LERS’s ability to enhance data effi-584

ciency and efficacy, especially for frequently used585

small-scale models whose capacity diverges most586

from synthetic-data generators. While LERS pro-587

vides an effective selection strategy for resource-588

constrained model customization, its scalability to589

larger models requires further investigation. Such590

generalization may depend on a complex interplay591

between data sources and learner capabilities. Fur-592

thermore, several important phenomena identified593

in this study, such as the impact of the learner’s594

endogenous preferences on learning and their trade-595

off with sample robustness, warrant future system-596

atic analysis across models and scenarios. Finally,597

although we determined an optimal segment count598

via ablation, future work should explore whether599

dynamic or non-uniform segmentation, tailored to600

the data pool, could better fit the HCCG curve601

while reducing computational overhead.602

This work also serves as a caution against the603

indiscriminate migration of training data generated604

from SOTA LLMs, which may lead to training605

degradation and diminished returns. Further ex-606

plorations are encouraged into more customized607

resources and data governance strategies tailored608

to the specific status of the learner model.609
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A Appendix976

A.1 Derivations977

Proof of Stein’s Lemma For a Gaussian random978

variable X ∼ N (µ, σ2) and any absolutely contin-979

uous function g whose derivative is integrable, the980

standard integral expression is981

E[g′(X)] =

∫ ∞

−∞
g′(x)φ(x) dx

φ(x) = N (x;µ, σ2)
982

where φ denotes the Gaussian probability density983

function. Due to the exponential decay of the Gaus-984

sian density, the boundary term g(x)φ(x) vanishes985

as x→ ±∞, ensuring that the integration-by-parts986

formula applies. Thus,987

E[g′(X)] =
[
g(x)φ(x)

]∞
−∞
−
∫ ∞

−∞
g(x)φ′(x) dx988

= −
∫ ∞

−∞
g(x)

(
−x−µ

σ2 φ(x)
)
dx,989

where the second equality uses the identity φ′(x) =990

−x−µ
σ2 φ(x), which follows from directly differenti-991

ating the Gaussian density. Recognizing the result-992

ing integral as an expectation obtains993

E[g′(X)] = 1
σ2 E[g(X)(X − µ)] .994

which completes the proof.995

Bias-Variance Decomposition of Cross-Entropy996

Loss Let x ∈ X be an input, and the ground-997

truth conditional distribution be p(· | x) over labels998

y ∈ Y . Consider a model that produces conditional999

distribution q(· | x; θ). The cross-entropy of model1000

output q under distribution p is1001

LCE

(
p, q(· | x; θ)

)
= −

∑
y∈Y

p(y | x) log q(y | x; θ).1002

Taking the expectation over a data category Di1003

as mentioned in 3.1, and using the decomposition1004

LCE(p, q) = H(p) + KL(p∥q), we obtain1005

Ex∼Di [LCE(p, q(· | x))] = Ex∼Di [H(p(· | x))]
+ Ex∼Di [KL(p(· | x) ∥ q(· | x))] ,

(14)1006

which rewrites the expected cross-entropy loss1007

as the sum of the conditional entropy, and the ex-1008

pected KL-divergence between the ground-truth1009

distribution and the model prediction.1010

To further decompose the expected KL-1011

divergence, we separate it into a bias term, mea-1012

suring the discrepancy between the truth and the1013

mean model prediction, and a variance-like term 1014

that reflects prediction variability under data sam- 1015

pling. Define the mean prediction over dataset Di 1016

as 1017

q̄(y | x) = Ex∼Di

[
q(y | x)

]
. 1018

By direct algebra, we obtain 1019

Ex∼Di [KL(p∥q)] = KL(p ∥ q̄)

+ Ex∼Di

[∑
y

p(y | x) log q̄(y | x)
q(y | x)

]
︸ ︷︷ ︸

V (p,{q},Di): variance-like term

, (15) 1020

where the first term captures systematic bias and the 1021

second aggregates variability in predictions relative 1022

to the mean predictor. 1023

A.2 Potential Issues of Other Scoring Metrics 1024

In this section, we analyze several established qual- 1025

ity metrics typically computed using learner-expert 1026

model pairs. We examine their intrinsic limitations, 1027

and articulate how these issues motivate our pro- 1028

posed approach. 1029

For the loss-gap metric ∆L, prior work (Cao 1030

et al., 2024) proposes similar metric suggesting 1031

that larger values indicate samples from which the 1032

model can benefit more, implying higher learning 1033

value. While this intuition is broadly correct, it 1034

introduces a critical issue in our setting: because 1035

cross-entropy loss is computed token-wise, shorter 1036

samples exhibit substantially higher variance in 1037

their scores. As illustrated in Fig. 5a, this bias 1038

causes the metric to disproportionately favor short 1039

examples, ultimately harming generalization. Con- 1040

sequently, HCCG adopts a length-corrected variant 1041

to mitigate this artifact. 1042

For Gradient Cosine Similarity (GCS), a metric 1043

widely used in computer-vision data selection and 1044

recently adapted to NLP by Morris et al. (2025), the 1045

main challenge lies in its prohibitive computational 1046

cost when evaluated on full-model gradients when 1047

it comes to large language models. In practice, one 1048

must rely on aggressive approximations such as 1049

low-rank gradient compression, or single-layer ex- 1050

traction. These approximations discard informative 1051

gradient structure, yielding scores that resemble 1052

near-Gaussian noise with extremely small variance 1053

(Fig. 5b). Moreover, only a small fraction of sam- 1054

ples exhibit gradient within positive direction. As a 1055

result, the metric provides limited actionable signal 1056

for data selection in LLM. 1057

13



(a) Comparison of the token count distributions be-
tween the ∆L-selected subset and the full dataset.

(b) Gradient cosine similarity score distribution.

Figure 5: Density Distribution Plots. Judgments on ∆L
tends to prefer short response, while Gradient Cosine
Similarity score distribution acting like gaussian noise.

A.3 Experimental Details1058

A.3.1 Baseline Details1059

For the learner-expert twined selection workflow,1060

we adopt a series of static metrics as baselines. Let1061

the parameters of the base model fb and the expert1062

model fe be θb and θe, respectively. They are:1063

• Loss Difference (∆L) the difference in cross-1064

entropy loss, Q = L(fb, x, y) − L(fe, x, y),1065

serving as a proxy for sample value.1066

• KL Divergence (KL) the KL-divergence1067

from the likelihood distribution from the base1068

to the expert model,1069

Q = DKL
(
fe(·|x) ∥ fb(·|x)

)
=

∑
y∈V

fe(y|x) log
fe(y|x)
fb(y|x)

.1070

• Gradient Cosine Similarity (GCS) cosine1071

similarity between the per-sample gradient1072

and the parameter discrepancy vector,1073

Q =
⟨∇θbL, θe − θb⟩
∥∇θbL∥ ∥θe − θb∥

.1074

To retain computational feasibility, we follow1075

Morris et al. (2025) and approximate the gra-1076

dient using the lm_head layer under a 4096- 1077

dimensional low-rank projection. 1078

• Gradient Projection (GP) the scalar projec- 1079

tion of the per-sample gradient onto the pa- 1080

rameter discrepancy vector, 1081

Q =
⟨∇θbL, θe − θb⟩
∥θe − θb∥

. 1082

A.3.2 Implement Details 1083

The hyperparameters and configuration selections 1084

presented in Section 4.1 are systematically com- 1085

piled and uniformly displayed in Table 4. 1086

The evaluation details are enumerated in Table 5. 1087

Owing to the incomplete public release of the eval- 1088

uation pipeline for QWEN3, we implemented the 1089

evaluation on top of the libraries released with 1090

Qwen2.5-Math (Yang et al., 2024a) and Qwen2.5- 1091

Coder (Hui et al., 2024). Every benchmark is exe- 1092

cuted under 0-shot mode with max_length=16,384, 1093

temperature=0.6, and top-p=0.95. 1094

A.3.3 Ablation of Segments Count K 1095

Table 8 reports the fine-tuning performance of 1096

QWEN3-0.6B as the number of segment cut 1097

points K growth. Across all segment counts, the 1098

performance of LERS selected dataset consistently 1099

surpasses that obtained by randomly selecting 1100

10K training examples. Accuracy first improves 1101

and then decreases along with segments increases, 1102

indicating that moderately increasing the number 1103

of segments helps mitigate the selection bias of the 1104

training set. However, an excessive number of seg- 1105

ments inflate computational overhead but amplifies 1106

the noise inherent in the optimization process. 1107

A.3.4 Cross-Model Transferability of Data 1108

To gain a deeper understanding of the generaliz- 1109

ability of LERS-selected data, and to analyze the 1110

transferability of compact models (e.g., QWEN3- 1111

0.6B BASE/INSTRUCT) as efficient proxies, we 1112

investigate the consistency of the HCCG metric 1113

across diverse model architectures. Specifically, 1114

we randomly sample 10,000 mathematical data 1115

points and computed the Pearson correlation co- 1116

efficients of HCCG scores across various learner- 1117

expert pairs. These pairs include the homogeneous 1118

QWEN3 series (0.6B, 1.7B, 4B, and 8B), as well 1119

as heterogeneous models with distinct pre-training 1120

backgrounds, such as NANBEIGE4-3B BASE & 1121

THINKING (Yang et al., 2025b) and OLMO3-7B 1122

BASE & INSTRUCT (Olmo et al., 2025). 1123
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Table 4: Hyperparameter and Implementation Details for Main Experiments.

Stage Parameter Value Notes

Data

Synthetic dataset size N 100K

Selected subset Ñ 10K

Data types Math / Code
Context length ≤ 3500 tokens

Selection

Student model QWEN3-0.6B BASE Model fb
Expert model QWEN3-0.6B INSTRUCT Model fe

Segment cut points K 8 For segmentation
Preference penalty α (Math) 1.5

Due to expert model capability
Preference penalty α (Code) 1.0

Fine-Tuning

Learning rate candidates {7×10−5, 5×10−5, 3×10−5, 1×10−5} Grid search range
Selected LR (0.6B) 7× 10−5

Selected LR (1.7B) 3× 10−5

Selected LR (4B) 1× 10−5

Batch size 16 Total batch size
Weight decay 0.01

Warmup ratio 0.05 w Cosine Scheduler
Epoch 3
Seed 45 Fixed for all runs

Table 5: Details of the Benchmarks Used for Evaluation.

Task Benchmarks Category

Math

MATH-500 (Hendrycks et al., 2021; Lightman et al., 2023),
GSM8K (Cobbe et al., 2021),
SVAMP (Patel et al., 2021),
MINERVA_MATH (Lewkowycz et al., 2022),
GAOKAO2023EN (Zhang et al., 2023),
CollegeMath.Beginning_and_Intermediate_Algebra (Tong et al., 2024)

Problem Solving

AQUA (Ling et al., 2017) Multiple-Choice

Code
HumanEval(+) (Chen et al., 2021),
MBPP(+) (Austin et al., 2021),
LiveCodeBenchv1 (Jain et al., 2024)

Code Generation
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Figure 6: Cross-model Correlation of HCCG Across
Diverse Learner-Expert Pairs. Despite variations in pre-
training backgrounds and architectures, the observed
cognitive gaps maintain high similarity. This justifies
the use of compact models as computational efficient
proxies, and demonstrates that the utility of selected
data transfers effectively across learners at similar scale.

The resulting correlation heatmap is presented 1124

in Figure 6. The results indicate that when us- 1125

ing QWEN3-0.6B as the cognition proxy, the de- 1126

rived HCCG exhibits strong correlations with both 1127

intra-family and inter-family models. It computed 1128

HCCG with compact proxies can effectively reflect 1129

the cognitive gaps in models at similar scales or 1130

capability background. However, we observe a 1131

decline in similarity as the model size increases, 1132

which underscores the necessity of learner-centric 1133

data selection - models of different scales possess 1134

distinct cognitive biases. 1135

Furthermore, we conduct supervised fine-tuning 1136

on two heterogeneous models, NANBEIGE4-3B- 1137

BASE and OLMO3-7B-BASE, using the mathe- 1138

matical reasoning selected data subset in Table 1. 1139

The evaluation results are summarized in Table 7. 1140

LeRS-selected data consistently outperforms ran- 1141

dom selection downstream fine-tuning outcomes. 1142
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The findings demonstrate that, despite the change1143

in the learner models, the data selected by QWEN3-1144

0.6B learner-expert pair remains highly effective1145

for other small-scale models, benefiting from the1146

robust correlation of the HCCG scores.1147

A.4 Cost Measurement1148

Taking the experimental setup in Section 4.1 as an1149

example, we report the end-to-end runtime of dif-1150

ferent data selection methods and the training cost1151

of models at various scales. All measurements are1152

obtained on NVIDIA H100 GPUs, and the results1153

are summarized in Figure 7.1154

Although LERS performs segment-wise subset1155

distribution rectification and offers a more robust1156

data selection pipeline, the overall computational1157

overhead remains low due to the lightweight HCCG1158

metric computation, which only requires forward1159

propagation to calculate, and benefit from the ac-1160

celeration by vLLM. The executing time is much1161

lower than that of LLM evaluator-based methods1162

such as DEITA.1163

In our experiments, LERS achieves up to a 5×1164

improvement in data efficiency, substantially reduc-1165

ing the training time required to reach comparable1166

performance. Moreover, the selected dataset from1167

a single pass can be reused to fine-tune suites of1168

homologous models, providing a readily reusable1169

resource for the community.1170

Figure 7: Execution GPU Hours Comparision. LERS
achieve 5x data efficiency in mathematica tasks fine-
tuning with low additional data selection costs.

Algorithm 1 LERS
1: Input: Candidate dataset D, total sample size

Ñ , segment division numbers K, batch size B
2: for k = 0 to K do
3: D̃+ ← random(D̃, Tk+1 − Tk)
4: ĝTk

← f̂Tk

5: for every batch Bt in D̃+ do
6: ĝt ← ĝt−B − η∇L(Bt)
7: end for
8: Compute QTk

on checkpoint f̂Tk

9: Compute QTk+1
on checkpoint ĝTk+1

10: ∆Q ← (QTk+1
−QTk

)/(Tk+1 − Tk)

11: Q̂ ← QTk

12: for each step T ∈ (Tk, Tk+1] do
13: B ← Top-K Indices

(
Q̂T ,Mask)

14: f̂T ← f̂T−B − η∇L(B)
15: Mask[B]← 1, D̂ ← D̂ ∪ B
16: Q̂T+B ← Q̂+∆Q, T ← T +B
17: end for
18: end for
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Table 6: Details of Learner Preferences Penalty Ablation Study in Figure 3.

Dataset α MATH-500 GSM8K SVAMP MINERVA AQUA GAOKAO CM.BaI Avg.

R1
Synthetic

1.0 39.2 66.1 83.0 9.6 49.2 35.6 40.2 46.1
1.25 39.6 65.4 80.1 9.6 53.9 38.2 39.6 46.6
1.5 40.8 64.7 77.5 12.1 57.9 38.2 38.7 47.1

1.75 39.8 66.0 76.8 10.7 54.3 39.0 40.8 46.6

Mixed
Synthetic

1.0 42.2 69.1 84.0 9.6 59.4 39.5 45.8 49.9
1.25 41.8 68.2 83.6 12.1 54.7 37.9 47.0 49.3
1.5 42.6 67.9 81.0 12.9 57.9 40.0 46.9 49.9

1.75 42.4 67.3 79.9 9.6 57.1 41.3 46.0 49.1

Table 7: Experimental Results of Data Efficiency Cross-Model Transferability on Mathematical Tasks. LERS-
selected data maintains high data efficiency improvement across varying model architectures and scales.

Model Method Percent (%) MATH-500 GSM8K SVAMP MINERVA AQUA GAOKAO CM.BaI Avg.

NANBEIGE4-3B
BASE

RANDOM
10% 76.2 89.2 93.3 31.2 81.1 69.9 62.6 71.9
50% 79.4 90.3 94.7 29.0 86.2 71.9 65.6 73.9

LERS 10% 82.0 89.5 93.0 35.3 83.9 74.8 65.9 74.9

OLMO3-7B
BASE

RANDOM
10% 37.0 77.3 86.3 9.6 54.7 35.3 43.4 49.1
50% 37.4 75.1 85.5 8.1 52.0 34.3 44.1 48.1

LERS 10% 36.2 80.7 88.2 9.6 60.6 35.1 45.3 50.8

Table 8: Evaluation of the Sensitivity to LERS Rectification Segment Granularity in QWEN3-0.6B Fine-Tuning.

K MATH-500 GSM8K SVAMP MINERVA AQUA GAOKAO CM.BaI Avg.

0 39.8 63.2 79.9 10.3 51.6 36.9 40.9 46.0
4 41.8 64.3 76.3 10.3 54.3 36.1 42.0 46.4
8 40.8 64.7 77.5 12.1 57.9 38.2 38.7 47.1
12 42.4 65.0 77.3 10.7 52.0 37.4 40.0 46.4
16 40.2 66.3 77.5 8.5 52.8 37.7 42.8 46.5

Table 9: Overall Comparison between Random-Selected and LERS-Selected Data Fine-Tuning Performance.

Model Method Percent(%) MATH-500 GSM8K SVAMP MINERVA AQUA GAOKAO CM.BaI Avg. HumanEval (+) MBPP (+) LCBv1 Avg (+).

QWEN3-0.6B BASE

RANDOM

10% 37.0 63.1 79.8 8.1 51.2 35.6 38.3 44.7 12.8 (11.6) 21.1 (18.8) - 17.0 (15.2)

50% 42.4 68.2 83.8 9.2 52.0 38.7 39.5 47.7 15.9 (13.4) 24.8 (21.6) - 20.4 (17.5)

100% 41.6 68.8 84.3 8.8 56.7 41.6 41.9 49.1 14.6 (13.4) 25.2 (22.4) - 19.9 (17.9)

LERS 10% 40.8 64.7 77.5 12.1 57.9 38.2 38.7 47.1 23.8 (20.7) 30.3 (25.1) - 27.1 (22.9)

vs. RDM ∆10% +3.8 +1.6 -2.3 +4.0 +6.7 +2.6 +0.4 +2.4 +11.0 (+9.1) +9.2 (+6.3) - +10.1 (+7.7)

vs. RDM ∆100% -0.8 -4.1 -6.8 +3.3 +1.2 -3.4 -3.2 -2.0 +9.2 (+7.3) +5.1 (+2.7) - +7.2 (+5.0)

QWEN3-1.7B BASE

RANDOM

10% 61.2 82.7 92.5 20.6 70.1 54.5 56.6 62.6 37.2 (32.9) 45.9 (41.1) 9.3 30.8 (27.8)

50% 63.8 83.7 93.2 24.6 73.6 56.6 58.3 64.8 37.8 (31.7) 50.4 (42.4) 1.5 29.9 (25.2)

100% 64.8 86.2 95.0 23.2 73.2 57.7 63.1 66.2 36.6 (32.3) 43.6 (37.3) 9.5 30.0 (26.4)

LERS 10% 66.2 85.1 92.4 22.8 76.8 56.1 59.2 65.5 40.2 (36.6) 50.4 (43.6) 7.0 32.5 (29.1)

vs. RDM ∆10% +5.0 +2.4 -0.1 +2.2 +6.7 +1.6 +2.6 +2.9 +3.0 (+3.7) +4.5 (+2.5) -2.3 +1.7 (+1.3)

vs. RDM ∆100% +1.4 -1.1 -2.6 -0.4 +3.6 -1.6 -3.9 -0.7 +3.6 (+4.3) +6.8 (+6.3) -2.5 +2.5 (+2.7)

QWEN3-4B BASE

RANDOM

10% 82.0 93.4 95.7 36.8 78.3 73.2 67.8 75.3 64.6 (59.8) 69.4 (59.1) 30.8 54.9 (49.9)

50% 85.6 93.9 95.7 39.3 83.1 74.0 68.2 77.1 63.4 (57.9) 71.4 (60.2) 33.5 56.1 (50.5)

100% 84.0 95.2 95.5 40.8 80.7 75.3 68.0 77.1 65.0 (59.7) 67.2 (57.4) 34.3 55.5 (50.5)

LERS 10% 85.6 93.4 95.6 42.6 75.6 75.8 67.3 76.6 66.5 (62.8) 68.2 (58.9) 37.3 57.3 (53.0)

vs. RDM ∆10% +3.6 +0.0 -0.1 +5.8 -2.7 +2.6 -0.5 +1.3 +1.9 (+3.0) -1.2 (-0.2) +6.5 +2.4 (+3.1)

vs. RDM ∆100% +1.4 -1.8 +0.1 +1.8 -5.1 +0.5 -0.7 -0.5 +1.5 (+3.1) +1.0 (+1.5) +3.0 +1.8 (+2.5)
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