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Abstract001

Supervised fine-tuning (SFT) applies a uni-002
form cross-entropy loss to all target tokens,003
even though different tokens provide unequal004
learning signals for mathematical reasoning.005
This uniform treatment can over-sharpen al-006
ready mastered tokens while amplifying learn-007
ing pressure on uncertain, low-confidence to-008
kens, leading to suboptimal training dynam-009
ics. We propose Trimmed Logit-Gap SFT010
(TrimSFT), a simple token-level reweighting011
method that scales the SFT loss according to012
the logit gap between the gold token and its013
strongest competitor. TrimSFT trims super-014
vision away from both extremes: tokens al-015
ready mastered (large logit gap) and tokens016
weakly supported by the current model (small017
or negative logit gap), concentrating learning018
on the middle region between them. We in-019
stantiate this principle with a Gaussian weight020
centered at margin m with bandwidth τ , requir-021
ing no reference model or additional forward022
pass. We evaluate TrimSFT on six base models023
from the Llama, Qwen, and DeepMath fami-024
lies across five mathematical reasoning bench-025
marks. TrimSFT consistently improves over026
standard SFT, achieving the best average per-027
formance on five out of six models, with gains028
of up to +26.9 points over SFT on MATH500.029
Further analyses show that the bandwidth τ030
matters more than the exact margin location,031
and that half-trim variants that remove supervi-032
sion pressure from only one side yield inferior033
trade-offs. A token-level logit-gap distribution034
analysis suggests that TrimSFT reshapes model035
confidence in a more balanced way than uni-036
form SFT or monotonic reweighting methods.037
These results indicate that effective reasoning038
SFT should trim both extremes rather than treat-039
ing all tokens uniformly.040

1 Introduction041

Large language models (LLMs) have demon-042

strated strong capabilities on complex reasoning043

tasks (Wei et al., 2022b; Wang et al., 2024; Fan044

et al., 2024), with mathematical reasoning serv- 045

ing as a key testbed for studying multi-step infer- 046

ence (Jia et al., 2025; Liu et al., 2025). Supervised 047

fine-tuning (SFT) is widely used to adapt pretrained 048

models to mathematical reasoning data (Yu et al., 049

2024; Yue et al., 2024), and often serves as an 050

initialization stage for downstream reinforcement 051

learning or preference optimization (Ouyang et al., 052

2022; Bai et al., 2022). 053

Despite its effectiveness, standard SFT applies 054

token-level cross-entropy with uniform weighting 055

across all target tokens (Lin et al., 2026), ignor- 056

ing that different tokens can provide very different 057

learning signals (Wu et al., 2026; Gong et al., 2025). 058

In reasoning trajectories, some tokens may already 059

be well mastered and continue to receive unneces- 060

sary sharpening pressure, which can contribute to 061

over-confidence (Pereyra et al., 2017; Chen et al., 062

2025; Wei et al., 2022a). Other tokens may be 063

highly uncertain, noisy, or beyond the model’s cur- 064

rent capability, yet still induce large losses and 065

dominate the optimization signal. These two ex- 066

tremes suggest that treating all tokens uniformly 067

can pull learning away from the most informative 068

region (Wu et al., 2026; Lin et al., 2017; Han et al., 069

2018). Effective reasoning SFT should instead trim 070

both extremes and focus supervision on tokens near 071

the boundary of the model’s current capability. 072

Motivated by this intuition, we propose 073

Trimmed Logit-Gap SFT (TrimSFT), a token- 074

level reweighting method that trims supervision 075

away from both extremes: tokens already mastered 076

(large logit gap) and tokens weakly supported by 077

the current model (small or negative logit gap). For 078

each target token, we compute its logit gap, defined 079

as the margin between the gold token’s logit and 080

that of its strongest competitor, and use a Gaussian 081

weight centered at margin m with bandwidth τ to 082

scale the cross-entropy loss (Figure 1, left). Tokens 083

whose logit gaps lie near m receive stronger super- 084

vision, while tokens with much smaller or larger 085
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gaps are softly down-weighted so that learning con-086

centrates on the middle region between them. The087

weight is computed from the model’s own log-088

its in the same forward pass, requiring no refer-089

ence model or additional forward pass. To exam-090

ine the contribution of each side of this two-sided091

trimming profile, we further introduce two half-092

trim variants (Figure 1, right): Trim-Easy SFT093

(TrimSFT-E), which trims the hard side only and094

preserves full weight on high-gap (easy) tokens,095

and Trim-Hard SFT (TrimSFT-H), which trims096

the easy side only and preserves full weight on097

low-gap (hard) tokens.098
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Figure 1: Token weighting functions for SFT, TrimSFT,
and its half-trim variants TrimSFT-E and TrimSFT-H.
The margin m determines the center of the weighting
function, and τ controls the width of the weighted re-
gion.

We evaluate TrimSFT on six base models from099

the Llama, Qwen, and DeepSeekMath families100

across five mathematical reasoning benchmarks.101

Our results show that TrimSFT consistently im-102

proves over standard SFT, and we further analyze103

the mechanism behind these gains. Our contribu-104

tions are summarized as follows:105

• We introduce TrimSFT, a token-level reweight-106

ing method that scales the SFT loss by the logit107

gap between the gold token and its strongest108

competitor. It requires no reference model or109

additional forward pass.110

• TrimSFT achieves the best average performance111

on five out of six models, with gains of up112

to +26.9 points over SFT on MATH500. It113

also improves capability coverage and self-114

consistency under repeated sampling, as mea-115

sured by pass@8 and best-of-8, respectively.116

• Ablations show that performance is more sen-117

sitive to the bandwidth τ than to the margin m,118

suggesting that the width of the selected logit-119

gap region is more important than its center.120

• Half-trim variants show that trimming only one121

side yields inferior trade-offs: TrimSFT-H col-122

lapses below SFT, and TrimSFT-E degrades on123

the hardest problems. Token-level logit-gap dis-124

tribution analysis further shows that TrimSFT 125

reshapes model confidence in a more balanced 126

way than uniform SFT or monotonic reweight- 127

ing methods. 128

2 Related Work 129

Supervised Fine-Tuning for Mathematical Rea- 130

soning. Mathematical reasoning has emerged as 131

a central testbed for evaluating the multi-step infer- 132

ence capabilities of large language models (Cobbe 133

et al., 2021; Hendrycks et al., 2021; He et al., 134

2024; Saxton et al., 2019; Lewkowycz et al., 135

2022). A common recipe for adapting pretrained 136

models to mathematical tasks is supervised fine- 137

tuning (SFT) on curated reasoning trajectories (Yu 138

et al., 2024; Yue et al., 2024; Toshniwal et al., 139

2024; Li et al., 2024). Much of the progress 140

in this line has come from data-centric improve- 141

ments, including synthesizing high-quality chain- 142

of-thought solutions (Yu et al., 2024; Luo et al., 143

2025), distilling from stronger teachers (Shao et al., 144

2024; Yang et al., 2024), incorporating recent 145

long chain-of-thought trajectories from reasoning- 146

specialized models (Guo et al., 2025; Hugging 147

Face, 2025; Ye et al., 2025), and constructing cu- 148

rated datasets through difficulty- or correctness- 149

based filtering (Toshniwal et al., 2024; Li et al., 150

2024). Despite these advances, the underlying ob- 151

jective typically remains the standard token-level 152

cross-entropy loss applied uniformly to every to- 153

ken. In contrast, our work targets the per-token 154

objective rather than the training data, making it 155

complementary to existing data-centric approaches. 156

Token-Level Reweighting and Selection in SFT. 157

While vanilla SFT applies a uniform cross-entropy 158

loss across all tokens, recent work has explored 159

token-level reweighting or selection to account for 160

differences in training value across tokens (Lin 161

et al., 2024; Ruan et al., 2025; Wu et al., 2026). 162

These methods differ mainly in the signals used 163

to score tokens and in the form of loss modula- 164

tion. Some approaches rely on auxiliary signals 165

or pre-computed token masks, such as reference- 166

model-based scoring in Rho-1 (Lin et al., 2024) and 167

counterfactual selection in CFT (Ruan et al., 2025). 168

DFT (Wu et al., 2026) and Focal Loss (Lin et al., 169

2017) both rescale token-level cross-entropy using 170

the predicted probability of the gold token, though 171

in opposite monotonic directions: DFT up-weights 172

tokens already assigned high probability, while Fo- 173

cal Loss down-weights them. Our method departs 174
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from these probability-based schemes in two ways:175

it uses the logit gap as a more scale-sensitive signal,176

and applies a Gaussian band-pass weighting that177

targets a bounded intermediate region rather than178

following a monotonic trend. We elaborate on this179

comparison in Section 3.3.180

Logit Gaps, Margins, and Confidence Shap-181

ing. Margin-related quantities have been widely182

used to shape confidence and compare compet-183

ing predictions, but they are rarely used directly184

as token-level supervision weights. In classifica-185

tion calibration, label smoothing (Müller et al.,186

2019; Pereyra et al., 2017) and margin-based la-187

bel smoothing (Liu et al., 2022) shape confidence188

and margin behavior to mitigate overconfidence,189

while logit normalization (Wei et al., 2022a) and190

calibration-oriented training objectives (Guo et al.,191

2017) regulate confidence and logit magnitude dur-192

ing training. Related concerns have also been stud-193

ied in large language models, where recent work ex-194

amines confidence calibration and overconfidence195

in generated outputs (Zhang et al., 2024; Leng et al.,196

2024). In preference optimization, methods such197

as SimPO (Meng et al., 2024) use sequence-level198

logit margins between preferred and rejected out-199

puts. These works use margin-related quantities200

either to regulate confidence or to define sequence-201

level preference signals. In contrast, TrimSFT uses202

the per-token logit gap as a supervision weight203

during SFT, trimming both extremes of the token-204

confidence spectrum rather than constraining or205

maximizing margins globally.206

3 Method207

We begin from the standard supervised fine-208

tuning (SFT) objective and then introduce TrimSFT,209

a token-level reweighting scheme driven by the210

model’s own logit gaps. The key idea is to allocate211

stronger supervision to tokens whose logits place212

them near a bounded decision region, while reduc-213

ing learning pressure on tokens that are already214

well mastered or currently beyond the model’s ef-215

fective reach. TrimSFT deliberately reduces su-216

pervision pressure at both ends of the logit-gap217

spectrum: tokens with very large gaps (already218

mastered) receive lower weight, as do tokens with219

very small or negative gaps (weakly supported by220

the current model).221

Given an input prompt x and a target token se-222

quence y1, . . . , yT , standard SFT trains a model πθ223

by minimizing the token-level cross-entropy loss 224

LSFT = −
T∑
t=1

log πθ(yt | x, y<t), (1) 225

which assigns uniform weight to every target token. 226

Let zt ∈ RV denote the pre-softmax logits at posi- 227

tion t, and let zt,yt denote the logit assigned to the 228

gold token yt. We define the logit gap at position t 229

as 230

∆t = zt,yt −max
v ̸=yt

zt,v, (2) 231

namely, the margin between the gold token’s logit 232

and that of its strongest competing token. A posi- 233

tive ∆t indicates that the gold token is currently the 234

top-1 prediction, while a larger magnitude reflects 235

greater separation from the closest alternative. This 236

quantity provides a local, token-level measure of 237

how decisively the model distinguishes the correct 238

token from competing candidates. 239

3.1 Trimmed Logit-Gap SFT 240

Our goal is to trim supervision away from both 241

extremes of the logit-gap spectrum and concentrate 242

learning on tokens whose gaps fall within an inter- 243

mediate region. Intuitively, tokens with very large 244

positive gaps are already well separated and may 245

benefit little from continued sharpening, whereas 246

tokens with very small or negative gaps may be 247

highly uncertain, unstable, or beyond the model’s 248

current capability. We therefore seek a weighting 249

function that peaks around a moderate logit-gap 250

region and decays on both sides. 251

We instantiate this with a Gaussian weight on 252

the logit gap: 253

wt = exp

(
−(∆t −m)2

2τ2

)
, (3) 254

where m is the center of the weighting function and 255

τ controls the width of the high-weight region. To- 256

kens whose logit gaps lie near m receive the largest 257

weights, while tokens whose gaps are substantially 258

smaller or larger are smoothly down-weighted. In 259

this sense, m determines where learning should be 260

concentrated, and τ determines how broadly that 261

concentration should spread. 262

The resulting TrimSFT objective is 263

LTrimSFT = −
T∑
t=1

sg(wt) log πθ(yt | x, y<t),

(4) 264
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where sg(·) denotes stop-gradient. The weights wt265

are computed from the same forward pass as the266

logits and then detached, so they act purely as a267

rescaling per-token of the cross-entropy loss with-268

out contributing a gradient through θ. This does not269

require any auxiliary model or extra forward pass,270

and adds only minimal computational overhead.271

Compared with probability-based reweighting,272

the logit gap is particularly suitable in our setting273

for two reasons. First, it directly measures the sepa-274

ration between the gold token and its strongest com-275

petitor, making it naturally aligned with how close276

a token is to the model’s decision boundary. Sec-277

ond, unlike the gold-token probability, which tends278

to saturate in high-confidence regimes, the logit279

gap remains discriminative even when probabilities280

would otherwise appear nearly indistinguishable.281

The Gaussian weighting then realizes a smooth282

two-sided trimming profile over token states: su-283

pervision is concentrated on tokens whose logit284

gaps lie near the chosen margin m, and decays on285

both sides. Unlike monotonic reweighting schemes286

that progressively emphasize either harder or easier287

tokens across the full confidence range, TrimSFT288

explicitly trims both extremes and focuses learning289

on a bounded intermediate region.290

3.2 Half-Trim Variants291

The weighting function in TrimSFT is symmetric292

around the margin m, assigning lower weights to293

tokens on both sides as their logit gaps move away294

from m. To isolate the contribution of each side, we295

define two half-trim variants that retain Gaussian296

decay on only one side while keeping full weight297

on the other (Figure 1, right).298

TrimSFT-E. TrimSFT-E trims the hard side only:299

it keeps full weight on tokens whose logit gaps300

exceed the margin m, and applies Gaussian decay301

only on the lower-gap side:302

wE
t =

exp

(
−(∆t −m)2

2τ2

)
, ∆t < m,

1, ∆t ≥ m.

(5)303

This preserves full supervision for tokens already304

beyond the chosen margin, while down-weighting305

tokens with smaller gaps.306

TrimSFT-H. TrimSFT-H trims the easy side307

only: it keeps full weight on tokens whose logit308

gaps fall below the margin m, and applies Gaussian309

decay only on the higher-gap side: 310

wH
t =


1, ∆t ≤ m,

exp

(
−(∆t −m)2

2τ2

)
, ∆t > m.

(6) 311

This preserves full supervision for tokens with 312

smaller gaps, while down-weighting tokens that 313

are already well separated. 314

Together, these variants retain the same margin 315

m and bandwidth τ as TrimSFT, but isolate the 316

contribution of each side of the weighting profile. 317

Comparing them with full TrimSFT allows us to 318

determine whether its gains arise primarily from 319

trimming high-gap tokens, low-gap tokens, or both. 320

3.3 A Unified View of Token Reweighting 321

Standard SFT, TrimSFT, and several representa- 322

tive reweighting methods, including DFT (Wu 323

et al., 2026) and a focal-loss-based SFT baseline 324

(FSFT) (Lin et al., 2017), can all be written in a 325

unified token-reweighted form: 326

L =

T∑
t=1

sg(wt) ℓt, (7) 327

where ℓt = − log πθ(yt | x, y<t) is the standard 328

token-level cross-entropy loss, sg(·) denotes stop- 329

gradient, and the methods differ only in the choice 330

of wt. Representative objectives then correspond 331

to different weighting functions: 332

wt =



1, SFT,

(1− pt,yt)
γ , FSFT,

pt,yt , DFT,

exp

(
−(∆t −m)2

2τ2

)
, TrimSFT.

(8) 333

In this framework, standard SFT assigns equal 334

training weight to every token. FSFT and DFT 335

instead reshape the SFT objective using the gold- 336

token probability: FSFT places larger weights 337

on lower-confidence tokens, thereby emphasizing 338

harder or less well-mastered positions, whereas 339

DFT increases the relative contribution of higher- 340

probability tokens to compensate for the implicit 341

inverse-probability bias of standard cross-entropy. 342

In contrast, TrimSFT uses the logit gap ∆t and ap- 343

plies a non-monotonic weighting profile that trims 344

both extremes while concentrating learning on to- 345

kens whose gaps lie near a prescribed margin m. 346
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This unified view makes two differences es-347

pecially clear. First, TrimSFT operates on the348

logit gap rather than the probability, so it directly349

tracks the separation between the gold token and350

its strongest competitor and avoids the saturation351

that compresses high-confidence tokens to nearly352

identical weights under probability-based schemes.353

Second, TrimSFT targets the middle region be-354

tween mastered and currently unreachable tokens,355

whereas existing probability-based reweighting356

methods follow a single monotonic trend over the357

full confidence range.358

4 Experiments359

4.1 Setup360

Dataset. NuminaMath-CoT (Li et al., 2024) is a361

large-scale math reasoning dataset containing about362

860K problem-solution pairs with chain-of-thought363

annotations. For all experiments, we randomly364

sample 20,000 problems for supervised fine-tuning.365

Models. We evaluate TrimSFT and the base-366

line methods on six base models from three fam-367

ilies, spanning parameter scales from 1.5B to 8B:368

Llama3.2-3B (AI, 2024), Llama3.1-8B (Grattafiori369

et al., 2024), DeepSeekMath-7B (Shao et al., 2024),370

Qwen2.5-Math-1.5B, Qwen2.5-Math-7B (Yang371

et al., 2024), and Qwen3-4B-Base (Yang et al.,372

2025). We use only base models, rather than373

instruction-tuned variants, to reduce the influence374

of prior instruction tuning and enable a cleaner375

comparison of different supervised fine-tuning ob-376

jectives.377

Baselines. We compare TrimSFT with four rep-378

resentative baselines: (i) Base, the original pre-379

trained model without supervised fine-tuning; (ii)380

SFT, standard supervised fine-tuning with uni-381

form token-level weighting; (iii) FSFT, a focal-382

loss-based variant that upweights lower-confidence383

tokens during training (Lin et al., 2017); and384

(iv) DFT (Wu et al., 2026), a probability-based385

reweighting approach that assigns larger weights386

to higher-probability tokens.387

Evaluation benchmarks. We evaluate all meth-388

ods on five mathematical reasoning bench-389

marks spanning a range of difficulty levels:390

MATH500 (Hendrycks et al., 2021), Olympiad-391

Bench (He et al., 2024), Minerva (Lewkowycz392

et al., 2022), AMC (AI-MO, 2024b), and393

AIME24 (AI-MO, 2024a). For each benchmark,394

we sample N = 8 generations per problem and 395

report average@8 as the primary metric, which 396

reflects the model’s average generation quality. In 397

Section 4.3, we additionally report pass@8 and 398

best-of-8, where majority voting is used as the 399

selector, to characterize the model’s exploration 400

ability and self-consistency, respectively. Detailed 401

evaluation settings are provided in Appendix A. 402

Implementation details. For TrimSFT, we use a 403

single hyperparameter setting, (m, τ) = (1.5, 0.8), 404

for all models and benchmarks in the main compar- 405

ison (Table 1), without any model- or benchmark- 406

specific tuning. All results are reported using the 407

checkpoint obtained after one training epoch. We 408

study the effects of varying m and τ in Sections 4.4 409

and 4.5, and provide additional training and eval- 410

uation details in Appendix A. Code is available at 411

https://anonymous.4open.science/r/TrimSF 412

T-F727. 413

4.2 Main Results 414

Table 1 reports the main results under the av- 415

erage@8 accuracy across six base models and 416

five mathematical reasoning benchmarks, with 417

TrimSFT evaluated using (m, τ) = (1.5, 0.8). 418

Overall, TrimSFT consistently improves over 419

standard SFT across all six models and achieves 420

the best average performance on five out of six mod- 421

els. The gains are especially large on math-oriented 422

models: for example, TrimSFT improves the aver- 423

age score from 15.47 to 31.77 on Qwen2.5-Math- 424

1.5B and from 20.95 to 35.98 on Qwen2.5-Math- 425

7B. On MATH500, TrimSFT is the top-performing 426

method across all six models, with the largest gain 427

over SFT reaching +26.93 points on Qwen2.5- 428

Math-1.5B (40.02 → 66.95). Compared with DFT, 429

TrimSFT achieves stronger overall average perfor- 430

mance on five of the six models, suggesting that 431

logit-gap-based reweighting provides a useful al- 432

ternative to probability-based token weighting. In 433

contrast, FSFT performs poorly in most settings, 434

indicating that simply emphasizing harder tokens 435

is insufficient for reasoning SFT. These results pro- 436

vide initial evidence for our hypothesis that effec- 437

tive supervised fine-tuning for mathematical rea- 438

soning benefits from trimming both extremes of 439

the logit-gap spectrum rather than treating all to- 440

kens uniformly. 441
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Table 1: Average@8 accuracy (%) on math reasoning benchmarks. Bold marks the best result and underlined marks
the second-best within each model block. Avg. denotes the mean across benchmarks.

Model Method MATH500 OlyBench Minerva AMC AIME24 Avg.

Llama3.2-3B

Base 1.50 0.86 0.66 1.48 0.00 0.90
SFT 4.80 1.56 1.65 1.48 0.00 1.90
FSFT 1.90 0.96 0.83 1.19 0.00 0.98
DFT 8.78 2.35 3.60 1.05 0.00 3.16
TrimSFT 9.45 2.81 2.92 3.53 2.00 4.14

Llama3.1-8B

Base 2.10 0.93 1.65 1.20 0.00 1.18
SFT 12.05 2.59 3.26 3.40 0.41 4.34
FSFT 2.95 0.89 0.96 1.64 0.00 1.29
DFT 19.77 4.89 5.81 4.73 0.83 7.21
TrimSFT 20.95 5.13 5.52 6.17 1.41 7.84

DeepSeekMath-7B

Base 5.45 1.63 2.15 1.94 0.00 2.23
SFT 23.40 5.52 7.36 7.08 0.41 8.75
FSFT 6.80 1.70 2.26 2.80 0.00 2.71
DFT 38.42 12.16 13.30 13.23 1.24 15.67
TrimSFT 38.80 12.94 12.26 12.35 1.24 15.52

Qwen2.5-Math-1.5B

Base 31.45 16.23 8.45 13.68 3.32 14.63
SFT 40.02 12.11 10.08 12.64 2.50 15.47
FSFT 10.30 1.93 2.34 1.76 0.00 3.27
DFT 63.17 26.90 20.55 27.95 7.93 29.30
TrimSFT 66.95 29.41 24.96 27.95 9.58 31.77

Qwen2.5-Math-7B

Base 40.07 18.45 13.43 18.50 11.66 20.42
SFT 50.65 16.91 17.46 18.09 1.66 20.95
FSFT 18.12 3.06 4.02 4.12 0.41 5.95
DFT 69.75 33.08 26.31 34.41 11.66 35.04
TrimSFT 71.15 33.61 28.88 37.48 8.76 35.98

Qwen3-4B-Base

Base 34.35 17.96 11.76 17.06 4.15 17.06
SFT 47.45 15.90 15.10 16.16 1.66 19.25
FSFT 12.40 1.97 3.16 3.39 0.41 4.27
DFT 61.65 27.37 22.88 24.74 5.41 28.41
TrimSFT 61.80 26.08 25.03 27.93 4.15 29.00

4.3 Capability Ceiling and Self-Consistency442

Beyond average@8, we further evaluate pass@8443

and best-of-8 with majority voting to character-444

ize two complementary aspects of model behav-445

ior. Pass@8 measures whether the model can pro-446

duce at least one correct solution among multiple447

samples, reflecting its capability ceiling or explo-448

ration coverage. Best-of-8 with majority voting449

measures whether the model’s sampled solutions450

consistently support the correct answer, reflecting451

the self-consistency of its generation distribution.452

We report results on Qwen2.5-Math-1.5B and453

Llama3.1-8B in Figure 2. For both models,454

TrimSFT uses the same fixed hyperparameter set-455

ting (m, τ) = (1.5, 0.8) as in the main comparison456

in Table 1.457

As shown in Figure 2, TrimSFT consistently im-458

proves pass@8 over standard SFT on both models 459

across most benchmarks, indicating that two-sided 460

logit-gap trimming expands the model’s ability to 461

discover correct solutions under repeated sampling. 462

This suggests that TrimSFT does not merely opti- 463

mize a single deterministic output, but improves the 464

broader solution space explored by the model. The 465

improvement also extends to best-of-8 with major- 466

ity voting, where TrimSFT remains stronger than or 467

competitive with the baselines across the two mod- 468

els. Since majority voting requires multiple sam- 469

ples to converge toward the correct answer, these 470

gains indicate that the sampled solutions become 471

more reliably aligned rather than only occasion- 472

ally correct. Together with the average@8 results 473

in Table 1, these findings show that TrimSFT im- 474

proves average generation quality, capability cover- 475

age, and self-consistency under repeated sampling. 476
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Figure 2: Pass@8 and best-of-8 with majority voting on Qwen2.5-Math-1.5B and Llama3.1-8B across five
mathematical reasoning benchmarks.

4.4 Ablation: Margin and Bandwidth477
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Figure 3: Ablation of margin m and bandwidth τ on
Qwen2.5-Math-1.5B. Left: varying τ with fixed m ∈
{1, 6}; right: varying m with fixed τ ∈ {1, 6}. The
dashed line denotes the average SFT baseline.

We further study the effect of the two key hy-478

perparameters in TrimSFT: the margin m, which479

determines the center of the weighted logit-gap480

region, and the bandwidth τ , which controls how481

broadly tokens around this margin are emphasized.482

Figure 3 reports average@8 accuracy averaged over483

the five benchmarks on Qwen2.5-Math-1.5B under484

different choices of m and τ , with the full numeri-485

cal results provided in Appendix B.486

Figure 3 shows that TrimSFT is more sensitive487

to the bandwidth τ than to the margin m. When488

m is fixed, increasing τ leads to a clear perfor-489

mance drop, especially for m = 1, indicating that490

an overly broad weighting function weakens the491

intended focus on boundary-region tokens. In con- 492

trast, when τ = 1 is fixed, TrimSFT remains consis- 493

tently strong across different values of m and stays 494

well above the SFT baseline, with only moderate 495

variation as the margin changes. This relative insen- 496

sitivity to m holds primarily when the bandwidth 497

is small: with τ = 6, performance varies more visi- 498

bly with m, whereas with τ = 1 the curve remains 499

comparatively stable. These results suggest that the 500

width of the selected region is more important than 501

its exact center: TrimSFT benefits most when su- 502

pervision is concentrated within a relatively narrow 503

band of logit gaps, under which the choice of m 504

becomes less critical. 505

4.5 Half-Trim Variants 506

We compare TrimSFT with its two half-trim vari- 507

ants, TrimSFT-E and TrimSFT-H, to examine 508

whether the full two-sided trimming profile is nec- 509

essary. TrimSFT-E trims the hard side only and 510

keeps easy tokens at full weight, whereas TrimSFT- 511

H trims the easy side only and keeps hard tokens 512

at full weight. To avoid drawing conclusions from 513

a single margin choice, we evaluate the three vari- 514

ants under representative margins m ∈ {1, 3, 5} 515

while fixing τ = 1. Table 2 reports results on three 516

representative benchmarks. 517
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Table 2: Comparison between TrimSFT and its half-trim
variants on Qwen2.5-Math-1.5B with fixed τ = 1 across
representative margins m ∈ {1, 3, 5}. Bold marks the
best result among the three variants.

m Method MATH500 AMC AIME24

1
TrimSFT 62.80 31.74 12.07
TrimSFT-E 65.98 33.01 7.51
TrimSFT-H 28.75 8.84 0.41

3
TrimSFT 65.98 30.29 7.50
TrimSFT-E 64.30 26.18 4.56
TrimSFT-H 40.92 13.39 2.06

5
TrimSFT 65.96 31.03 7.50
TrimSFT-E 66.67 32.19 6.25
TrimSFT-H 42.50 16.03 1.65

Table 2 shows a consistent asymmetry between518

the two half-trim variants. TrimSFT-E is often com-519

petitive with or slightly stronger than TrimSFT on520

MATH500 and AMC, suggesting that preserving521

full supervision for higher-gap tokens can benefit522

relatively easier or medium-difficulty benchmarks.523

However, this advantage does not consistently524

transfer to the harder AIME24 benchmark, where525

TrimSFT achieves the best performance across all526

three reported margins. In contrast, TrimSFT-H527

performs substantially worse across all settings,528

mirroring the poor performance of FSFT in Table 1.529

Both half-trim variants leave one extreme at full530

weight, and TrimSFT provides a better trade-off531

by trimming both high-gap and low-gap extremes532

rather than relying on either half-trim alone.533

5 Mechanism: Logit Gap Distribution534

Analysis535
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Figure 4: Logit-gap distributions on 100 randomly sam-
pled training examples for Qwen2.5-Math-1.5B, aggre-
gated over all response tokens.

To better understand how different fine-tuning536

objectives reshape token-level confidence, i.e., the537

model’s margin-based confidence in the gold re-538

sponse tokens, we analyze the distribution of logit539

gaps on the training data. We randomly sample540

100 examples from the training set and compute 541

teacher-forced logit gaps for every token in the re- 542

sponse part of each example. We then aggregate all 543

token-level gaps across the sampled examples and 544

plot their kernel density estimates for Base, SFT, 545

DFT, FSFT, and TrimSFT in Figure 4. 546

The resulting distributions reveal clear differ- 547

ences in how each objective reshapes token-level 548

confidence. Standard SFT shifts the distribution 549

to the right relative to the base model, indicating 550

stronger separation between gold tokens and their 551

competitors after fine-tuning. FSFT, in contrast, 552

leaves more mass near small logit gaps, consistent 553

with its emphasis on low-confidence tokens and its 554

poor performance in Table 1. DFT also moves 555

the distribution toward larger gaps and appears 556

closer to TrimSFT than to standard SFT, which 557

may help explain why DFT often achieves compet- 558

itive performance. However, DFT and TrimSFT 559

reach this behavior through different mechanisms: 560

DFT monotonically emphasizes high-probability 561

tokens, whereas TrimSFT trims supervision away 562

from both extremes of the logit-gap spectrum. As a 563

result, TrimSFT shifts the distribution toward larger 564

gaps while preserving a broad shape and reducing 565

mass in the small-gap region. This supports our 566

interpretation that TrimSFT improves reasoning 567

SFT by reshaping token-level confidence in a more 568

balanced way, rather than simply over-emphasizing 569

uncertain tokens or uniformly sharpening already 570

confident ones. 571

6 Conclusion 572

We presented TrimSFT, a token-level reweighting 573

method that uses logit gaps to concentrate supervi- 574

sion on an intermediate confidence region. By trim- 575

ming both already well-separated tokens and to- 576

kens with weak current support, TrimSFT provides 577

a non-monotonic alternative to uniform SFT and 578

monotonic reweighting methods. Across six base 579

models and five mathematical reasoning bench- 580

marks, TrimSFT consistently improves over stan- 581

dard SFT, while further analyses show gains in 582

capability coverage, self-consistency, and better 583

trade-offs than half-trim variants. Mechanistically, 584

TrimSFT reshapes token-level confidence by mov- 585

ing tokens toward more confident regions while 586

avoiding uniform over-sharpening. Overall, rea- 587

soning SFT should allocate supervision selectively 588

near the model’s current decision boundary rather 589

than applying uniform pressure across all tokens. 590
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Limitations591

TrimSFT is evaluated primarily on mathematical592

reasoning benchmarks with supervised fine-tuning593

from base models, so its effectiveness on broader594

domains such as code generation, open-ended in-595

struction following, or long-form reasoning re-596

mains to be further studied. In addition, TrimSFT597

uses two hyperparameters, the margin m and band-598

width τ , to define the emphasized logit-gap region.599

Our ablations show that the method is relatively600

robust to the exact margin choice and generally im-601

proves over standard SFT across a range of settings,602

suggesting that careful tuning is not necessary to603

obtain gains. Still, different model scales or data604

distributions may benefit from adaptive strategies605

that adjust the weighting region automatically dur-606

ing training.607

Ethics608

TrimSFT is a token-level reweighting method for609

supervised fine-tuning and does not involve new610

data collection or human annotation. All ex-611

periments are conducted using publicly available612

pretrained models and mathematical reasoning613

datasets intended for research use. As with other614

supervised fine-tuning methods, improving reason-615

ing capabilities may also strengthen broader gen-616

eration abilities of language models, which could617

potentially be misused in downstream applications.618
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A Experiment Setting 883

Parameter setting. We train all models for one 884

epoch using the AdamW optimizer with a learn- 885

ing rate of 5 × 10−5, cosine learning rate de- 886

cay with warmup, and gradient clipping. Train- 887

ing is conducted with bfloat16 mixed precision 888

and FlashAttention-2 acceleration under the FSDP 889

framework. Unless otherwise specified, the global 890

batch size is 24 with a per-device micro-batch size 891

of 4, and the maximum sequence length is set to 892

2048. For TrimSFT, we set the margin to m = 1.5 893

and the bandwidth to τ = 0.8. 894

Baseline setting. All four methods, SFT, FSFT, 895

DFT, and TrimSFT, are trained under an identical 896

configuration, including optimizer, learning rate, 897

schedule, batch size, sequence length, precision, 898

and number of epochs. They differ only in the per- 899

token weight wt applied to the cross-entropy loss, 900

as summarized in Section 3.3. The only method- 901

specific hyperparameters beyond this shared recipe 902

are the margin m and bandwidth τ in TrimSFT, and 903

the focusing parameter γ in FSFT, for which we 904

use γ = 2 following common practice in the focal- 905

loss literature (Lin et al., 2017). DFT introduces 906

no additional hyperparameters. 907

Evaluation protocol. For evaluation, we sample 908

eight generations per problem using temperature 909

1.0, top-p sampling with p = 1.0, and a maxi- 910

mum generation length of 2048 tokens. We use 911
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temperature 1.0 to encourage diverse sampled solu-912

tions, which is necessary for evaluating average@8,913

pass@8, and best-of-8 under repeated sampling.914

Average@8 is computed as the mean correctness915

over the eight sampled generations, pass@8 checks916

whether at least one generation is correct, and best-917

of-8 uses majority voting over the extracted final918

answers. We extract final answers from the gen-919

erated solutions and judge correctness using the920

same evaluation protocol across all methods and921

benchmarks.922

Computing infrastructure. Experiments are923

conducted on NVIDIA RTX A6000 GPUs, each924

with 48GB memory, using CUDA 12.8 and925

NVIDIA driver 570.207. Each training run uses926

two GPUs with FSDP unless otherwise specified.927

B Detailed Results for Ablations928

Table 3 and Table 4 report the full per-benchmark929

results for the margin and bandwidth ablation study930

shown in Figure 3. Each setting is denoted by931

(m, τ), where m is the margin and τ is the band-932

width. While the main text summarizes the aver-933

aged trends across the evaluated benchmarks, this934

appendix provides the complete per-benchmark re-935

sults for both varying the bandwidth under fixed936

margins and varying the margin under fixed band-937

widths.938

Table 3: Ablation results with fixed m and varying τ .
Each setting is denoted as (m, τ).

(m, τ) MATH500 OlyBench Minerva AMC AIME24 Avg.

Fixed m = 1

(1, 0.1) 66.83 29.53 23.86 29.02 9.61 31.77
(1, 0.5) 63.72 27.17 23.16 25.90 9.16 29.82
(1, 1) 62.80 27.66 18.65 31.74 12.07 30.58
(1, 2) 60.38 24.68 18.46 25.00 4.58 26.22
(1, 3) 53.63 21.05 16.30 22.50 3.32 23.36
(1, 4) 54.05 21.03 16.88 20.59 3.12 23.13
(1, 5) 46.83 16.38 14.15 17.34 2.07 19.35
(1, 6) 46.93 15.30 12.96 16.78 2.07 18.81

Fixed m = 6

(6, 0.1) 65.12 30.76 23.31 30.75 7.93 31.57
(6, 0.5) 68.60 30.69 26.83 31.45 7.94 33.10
(6, 1) 66.83 29.28 22.65 27.65 11.65 31.61
(6, 2) 66.39 28.60 21.11 33.39 8.76 31.65
(6, 3) 63.95 27.44 20.50 29.55 7.50 29.79
(6, 4) 60.70 26.40 19.21 26.77 5.42 27.70
(6, 5) 56.90 24.88 18.65 25.45 4.15 26.01
(6, 6) 54.40 22.26 16.86 22.81 4.58 24.18

SFT 40.02 12.11 10.08 12.64 2.50 15.47

The per-benchmark results are consistent with939

the averaged trends in the main text. When the940

margin m is fixed, increasing the bandwidth τ gen-941

erally reduces performance, especially when τ be-942

comes large. In contrast, when τ = 1 is fixed, the943

Table 4: Ablation results with fixed τ and varying m.
Each setting is denoted as (m, τ).

(m, τ) MATH500 OlyBench Minerva AMC AIME24 Avg.

Fixed τ = 1

(0, 1) 61.10 26.64 20.96 26.60 7.91 28.64
(0.5, 1) 66.75 30.73 23.45 31.76 9.99 32.54
(1, 1) 62.80 27.66 18.65 31.74 12.07 30.58
(2, 1) 62.25 26.06 19.39 27.36 7.09 28.43
(3, 1) 65.98 26.76 19.64 30.29 7.50 30.03
(4, 1) 63.60 26.90 22.03 27.51 5.83 29.17
(5, 1) 65.96 28.55 20.13 31.03 7.50 30.63
(6, 1) 66.83 29.27 22.65 27.65 11.65 31.61

Fixed τ = 6

(0, 6) 46.97 15.98 13.83 16.46 2.47 19.14
(0.5, 6) 48.13 17.14 14.23 16.03 3.75 19.86
(1, 6) 46.93 15.30 12.96 16.78 2.07 18.81
(2, 6) 46.30 17.74 13.88 16.32 3.32 19.51
(3, 6) 54.58 21.48 17.74 24.26 5.84 24.78
(4, 6) 55.88 22.75 17.19 23.96 5.82 25.12
(5, 6) 51.50 20.25 16.53 21.46 2.49 22.45
(6, 6) 54.40 22.26 16.86 22.81 4.57 24.18

SFT 40.02 12.11 10.08 12.64 2.50 15.47

method remains stronger than standard SFT across 944

a wide range of margin values, indicating that it 945

does not require careful tuning of the exact margin 946

location to obtain improvements. 947

C Half-Trim Variants 948

Table 5 reports additional results for TrimSFT 949

and its two half-trim variants, TrimSFT-E and 950

TrimSFT-H, on Qwen2.5-Math-1.5B. The main 951

text reports representative margins m ∈ {1, 3, 5}, 952

while this appendix includes the full set of margins 953

m ∈ {1, 2, 3, 4, 5}. All variants are evaluated with 954

fixed τ = 1. 955

Table 5: Comparison between TrimSFT and its half-trim
variants with fixed τ = 1. Bold marks the best result
among the three variants.

m Method MATH500 AMC AIME24

1
TrimSFT 62.80 31.74 12.07
TrimSFT-E 65.98 33.01 7.51
TrimSFT-H 28.75 8.84 0.41

2
TrimSFT 62.25 27.36 7.09
TrimSFT-E 65.32 32.06 7.10
TrimSFT-H 37.05 11.18 0.41

3
TrimSFT 65.98 30.29 7.50
TrimSFT-E 64.30 26.18 4.56
TrimSFT-H 40.92 13.39 2.06

4
TrimSFT 63.60 27.51 8.83
TrimSFT-E 64.58 27.49 7.51
TrimSFT-H 42.43 13.98 2.47

5
TrimSFT 65.96 31.03 7.50
TrimSFT-E 66.67 32.19 6.25
TrimSFT-H 42.50 16.03 1.65

The results are consistent with the trends dis- 956
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cussed in the main text. TrimSFT-E is often957

competitive with TrimSFT on relatively easier or958

medium-difficulty benchmarks such as MATH500959

and AMC, suggesting that preserving full supervi-960

sion on high-gap tokens can sometimes be use-961

ful. However, TrimSFT achieves better results962

on the harder AIME24 benchmark across the re-963

ported margins. In contrast, TrimSFT-H consis-964

tently performs much worse than both TrimSFT965

and TrimSFT-E, indicating that preserving full su-966

pervision on low-gap tokens while trimming high-967

gap tokens leads to an inferior trade-off. Overall,968

these results support the benefit of two-sided trim-969

ming over relying on either half-trim variant alone.970
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