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Abstract

Recent alignment studies commonly remove in-001
troductory boilerplate phrases from supervised002
fine-tuning (SFT) datasets. This work chal-003
lenges that assumption. We hypothesize that004
safety- and reasoning-oriented prefix sentences005
serve as lightweight alignment signals that can006
guide model decoding toward safer and more007
coherent responses. To examine this, we fine-008
tune three R1 series models across three core009
model capabilities: reasoning (mathematics,010
coding), safety, and factuality, systematically011
varying prefix inclusion from 0% to 100%.012

Results show that prefix-conditioned SFT im-013
proves both safety and reasoning performance,014
yielding up to +6% higher Safe@1 accuracy on015
adversarial benchmarks (WildJailbreak, Stron-016
gReject) and +7% improvement on GSM8K017
reasoning. However, factuality and coding018
tasks show marginal or negative effects, indicat-019
ing that prefix-induced narrowing of the search020
space benefits structured reasoning. Token-021
level loss analysis further reveals that prefix022
tokens such as “revised” and “logically” incur023
higher gradient magnitudes, acting as align-024
ment anchors that stabilize reasoning trajecto-025
ries. Our findings suggest that prefix condition-026
ing offers a scalable and interpretable mecha-027
nism for improving reasoning safety, serving as028
an implicit form of alignment that complements029
traditional reward-based methods.030

1 Introduction031

Large reasoning models (LRMs) are fine-tuned on032

domain-specific datasets to achieve better perfor-033

mance on specialized tasks. Recent studies show034

that fine-tuning pretrained reasoning models on035

mathematics, programming, and scientific corpora036

substantially improves accuracy across GSM8K,037

MBPP, and GPQA benchmarks (DeepSeek-AI,038

2025; Mou et al., 2025; Zhang et al., 2025c). Be-039

yond domain reasoning, fine-tuning remains a key040

mechanism for safety alignment (Tomar et al.,041

2025; Wang et al., 2025b; Jiang et al., 2025), show- 042

ing that targeted supervision can enhance robust- 043

ness while maintaining general capabilities. 044

In safety alignment, datasets such as 045

SafeChain (Jiang et al., 2025), STAR-1 (Wang 046

et al., 2025b), and UnsafeChain (Tomar et al., 047

2025) curate or rewrite harmful prompts to 048

retain safe, policy-compliant responses, yielding 049

consistent improvements in Safe@1 accuracy on 050

adversarial benchmarks including WildJailbreak, 051

StrongReject, and JailbreakBench. Similarly, 052

fine-tuning on mathematics datasets such as 053

GSM8K (Cobbe et al., 2021; Lightman et al., 054

2023) improves reasoning accuracy, while 055

coding benchmarks such as MBPP and Hu- 056

manEval (Austin et al., 2021; Chen et al., 2021) 057

enhance program synthesis performance. Beyond 058

reasoning and safety, recent work has extended 059

fine-tuning to additional capabilities such as 060

factuality (Zhang et al., 2025c), demonstrating the 061

broad applicability of domain adaptation across 062

diverse evaluation settings. 063

A critical but often under-examined step in these 064

pipelines is dataset cleaning. Most alignment 065

datasets are preprocessed to remove prefatory boil- 066

erplate phrases introduced during prompting, such 067

as: “Certainly! Here’s a revised, well-reasoned, 068

clear logical steps, and step-by-step explanation 069

of the response.” Although such prefixes superfi- 070

cially signal safe behavior, they do not contribute to 071

substantive reasoning and may bias models toward 072

hedging rather than true safety. By stripping these 073

artifacts, cleaned datasets encourage models to in- 074

ternalize safety and correctness principles instead 075

of imitating surface-level stylistics. 076

Table 1 summarizes representative studies across 077

safety, mathematics, coding, factuality, education, 078

and healthcare that adopt this cleaning strategy. 079

While removing prefatory content is widely re- 080

garded as best practice, recent evidence suggests 081

that small, structured linguistic cues can meaning- 082

1



Task Study Dataset Size Prompt Source

Safety UnsafeChain (Tomar et al., 2025) 13.6K Harmful prompts from 6 datasets
Safety SafeChain (Jiang et al., 2025) 40K WildJailbreak
Safety STAR-1 (Wang et al., 2025b) 1K Harmful prompts from 18 datasets

Mathematics BackMATH (Zhang and Xiong, 2025) 14K problems GSM8K, MATH
Mathematics Pensez (Ha, 2025) 2K Bilingual math problems
Mathematics SG-FT (Bi et al., 2025) 5K Multi-step reasoning corpora

Coding MBPP-Clean (Austin et al., 2021) 1K MBPP, HumanEval
Coding PDC & DM-SFT (Duan et al., 2025) Progressive SQL bug-fix datasets
Coding Data-efficient CodeGen (Lv et al., 2025) Unspecified Code benchmarks

Factuality RealSafe-R1 (Zhang et al., 2025c) 15K PKU-SafeRLHF, JailbreakV-28k
Factuality Deconv-PEFT (Zhang et al., 2025a) 20K General QA
Factuality DragFT (Zheng et al., 2024) 30K Domain-specific MT corpora

Education GuideLM (Ross et al., 2025) 528 Student programming Qs
Education Pensez (Ha, 2025) 2K French math problems
Education BarExamSFT (Fernandes et al., 2025) 1,514 MBE questions

Healthcare MedBioLM (Kim et al., 2025) 50K Biomedical QA
Healthcare VietHealth-LLM (Bui et al., 2025) 337K Medical forums, textbooks
Healthcare Discharge-SFT (Jung et al., 2025a) 17,319 Clinical discharge notes

Table 1: Recent studies employing dataset cleaning for LRM finetuning across tasks. Cleaning typically removes
prefatory or boilerplate phrases before the substantive reasoning content. Our work revisits this assumption, asking
whether eliminating these prefixes is truly necessary for improved alignment and reasoning quality. See study-wise
cleaning method in Table 9 in Appendix G.

fully influence model behavior. LookAhead (Liu083

et al., 2025) demonstrates that short prefix previews084

can guide decoding toward safer trajectories.085

Motivated by these findings, we revisit a funda-086

mental question: is eliminating prefatory prefixes087

during SFT always desirable? We hypothesize that088

selective prefix retention may instead serve as a089

lightweight alignment mechanism, shaping opti-090

mization dynamics and decoding behavior in ways091

that benefit reasoning and safety. To investigate092

this, we conduct a systematic study of prefix inclu-093

sion during SFT across three core model capabil-094

ities: reasoning (mathematics and coding), safety,095

and factuality, while holding all other training and096

inference conditions fixed. We further compute the097

average per-token cross-entropy loss during SFT to098

see if these prefixes are harder to predict and thus099

produce larger gradient updates.100

Our experiments confirm that prefix retention101

substantially benefits reasoning heavy and safety102

critical domains. The results reveal that lightweight103

prefix sentences, even a single guiding phrase, can104

improve reasoning coherence and safety behavior.105

This work makes the following key contributions:106

• A principled synthesis linking prefix-level in-107

terventions and token-level training dynam-108

ics (building on prefix-tuning and token-109

sensitivity literature).110

• A controlled SFT ablation that isolates prefix111

prevalence as the sole manipulated variable 112

across capabilities and domains. 113

• Empirical analysis shows that prefix tokens 114

consistently attract higher per-token loss, and 115

that limited prefix exposure improves reason- 116

ing and safety performance while yielding 117

mixed effects on coding and factuality, pro- 118

viding a loss-based explanation for how small, 119

semantically meaningful prefixes function as 120

efficient alignment scaffolds during SFT. 121

2 Related Work 122

Recent efforts to align large reasoning models 123

(LRMs) with human preferences and safety ob- 124

jectives have largely converged into three method- 125

ological directions: supervised fine-tuning (SFT) 126

and reinforcement learning (RL) for safety align- 127

ment, inference-time scaling and decoding modi- 128

fications, and external guard models. Our work is 129

most closely related to the first line, with a particu- 130

lar focus on the role of dataset preprocessing and 131

prefix manipulation in safety alignment. 132

Dataset Cleaning in Domain-Specific Finetun- 133

ing Beyond safety specific datasets, domain fine- 134

tuning commonly relies on dataset cleaning to 135

improve coherence and accuracy. In mathemat- 136

ics, BackMATH (Zhang and Xiong, 2025) and 137

Pensez (Ha, 2025) remove templated boilerplate 138

2



and spurious reasoning steps, while SolutionGuid-139

ance FT (SG-FT) (Bi et al., 2025) standardizes140

reasoning structure through auxiliary guidance. In141

coding, MBPP (Austin et al., 2021), PDC (Duan142

et al., 2025), and DragFT (Zheng et al., 2024)143

strip template phrases and noisy artifacts while144

incorporating retrieval- or dictionary-based aug-145

mentation. For factuality, Deconv-PEFT (Zhang146

et al., 2025a) and RealSafe-R1 (Zhang et al.,147

2025c) emphasize removing hallucinated or self-148

referential content and enforcing explicit refusals.149

Education and healthcare datasets, GuideLM (Ross150

et al., 2025), BarExamSFT (Fernandes et al.,151

2025), VietHealth-LLM (Nguyen et al., 2025), and152

Discharge-SFT (Jung et al., 2025a), similarly ap-153

ply domain-specific cleaning heuristics to ensure154

concise and trustworthy outputs.155

Every Token Matters A growing body of work156

shows that large reasoning models (LRMs) are157

highly sensitive to small, localized interventions at158

both the token and parameter levels. Alignment-159

Enhanced Decoding (AED) (Liu et al., 2024)160

demonstrates that safety-helpfulness conflicts often161

emerge at early decoding steps, and that reweight-162

ing a small set of tokens can substantially reduce163

jailbreak success. Similarly, Token Highlighter (Hu164

et al., 2025) identifies a few affirmation tokens165

(e.g., “Sure, here is...”) that contribute to unsafe166

behavior, showing that softly suppressing them167

thwarts multiple jailbreak families. Prompt-based168

attacks (Mustafa et al., 2025) and token-mining169

methods such as JAILMINE (Li et al., 2024) further170

illustrate that inserting or mutating only a handful171

of tokens can bypass alignment defenses. At the172

parameter level, super-weight analyses (Yu et al.,173

2024) reveal that individual scalar weights can dom-174

inate model behavior, suggesting a broader princi-175

ple: just as a single parameter can determine model176

fidelity, a small number of strategically placed to-177

kens, whether added, removed, or reweighted, can178

alter safety and generalization. Together, these find-179

ings motivate closer scrutiny of data cleaning and180

prefix engineering in LRM alignment.181

3 Problem Definition182

3.1 Motivation183

Prefix Tuning Recent work has emphasized the184

critical role of prefixes in steering LLMs. Tradi-185

tional prefix tuning (Li and Liang, 2021) intro-186

duced the idea of prepending continuous, learn-187

able “virtual tokens” to each transformer layer,188

enabling parameter-efficient adaptation. Prefix- 189

Tuning+ (Wang et al., 2025a) identified that stan- 190

dard prefix tuning suffers from a trade-off between 191

prefix significance and input fidelity when embed- 192

ded within attention heads. To overcome this, they 193

proposed relocating the prefix module outside the 194

attention mechanism, reformulating it as an exter- 195

nal learnable matrix. 196

Unsupervised Prefix Fine-Tuning (UPFT) (Ji 197

et al., 2025) used the observation of prefix self- 198

consistency, the phenomenon that early reasoning 199

steps across multiple trajectories are highly simi- 200

lar. By fine-tuning only on the first few tokens of 201

generated responses (as few as 8 tokens), UPFT 202

achieved reasoning improvements comparable to 203

supervised rejection-sampling fine-tuning. 204

From a post-training perspective, Prefix-RFT 205

(Huang et al., 2025) proposed integrating super- 206

vised fine-tuning (SFT) and reinforcement fine- 207

tuning (RFT) by sampling prefixes from demon- 208

strations and mixing them with on-policy rollouts. 209

The prefix serves as a guiding signal during re- 210

inforcement updates, combining the stability of 211

demonstrations with the flexibility of exploration. 212

Prefixes as Lightweight Alignment Signals. 213

While cleaning has become standard practice, re- 214

cent studies challenge the assumption that prefixes 215

are purely detrimental. LookAhead Tuning (Liu 216

et al., 2025) demonstrated that introducing short 217

prefix previews before the main answer can im- 218

prove model robustness by constraining decod- 219

ing trajectories, enabling models to anticipate un- 220

safe continuations. This aligns with the “less is 221

more” (LIMO) philosophy in LRM alignment (Ye 222

et al., 2025), which emphasizes that even minimal 223

amounts of carefully chosen data or guiding tokens 224

can produce disproportionately large improvements 225

in generalization and reasoning performance. In 226

our setting, prefix tokens function as lightweight 227

alignment signals that bias early decoding trajecto- 228

ries, effectively narrowing the model’s search space 229

with minimal additional supervision. 230

Together, these findings suggest prefixes as can- 231

didate alignment signals: short, semantically mean- 232

ingful token sequences that (i) occur in early decod- 233

ing positions, (ii) may be harder to predict during 234

SFT, and (iii) therefore can concentrate gradients 235

and bias subsequent generation. This frames pre- 236

fixes as lightweight alignment cues, motivating a 237

systematic re-examination of their role in dataset 238

construction and model finetuning. 239
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3.2 Research Questions240

Building on these observations, we investigate the241

following questions:242

• RQ1: Does retaining prefatory prefixes dur-243

ing supervised fine-tuning affect reasoning,244

safety, or factuality performance?245

• RQ2: Are the effects of prefix retention con-246

sistent across different model capabilities and247

application domains?248

• RQ3: Can token-level training dynamics ex-249

plain why a small number of prefix tokens250

influence downstream behavior?251

3.3 Hypothesis252

We hypothesize that prefix tokens function as high-253

impact alignment signals during SFT. Because254

these tokens appear at the beginning of responses255

and are semantically loaded, they are harder to256

predict and thus incur higher training loss. Under257

cross-entropy optimization, this leads to larger gra-258

dient updates, allowing a small number of prefix to-259

kens to disproportionately influence model updates260

and subsequent decoding behavior. By shaping261

gradient flow during SFT, prefixes act as implicit262

“policy reminders,” narrowing the model’s search263

space through supervised fine-tuning (SFT) before264

reinforcement learning (RL), thereby allowing RL265

to rely on simpler reward models for refinement.266

This view reframes dataset preprocessing not just267

as noise removal, but as a mechanism for injecting268

controlled inductive bias into reasoning models.269

4 Experiments270

4.1 Models and SFT Setup271

We experiment with three unaligned distilled rea-272

soning models from DeepSeek-AI (2025). They273

are DeepSeek-R1-Distill-Qwen-1.5B/7B and274

DeepSeek-R1-Distill-Llama-8B. They were se-275

lected since Zhou et al. (2025) showed that distilled276

reasoning models exhibit the weakest safety and277

reasoning performance compared to both closed-278

and open-source models trained to reason via direct279

Reinforcement Learning.280

We fine-tune these models on GSM8K,281

UnsafeChain, MBPP, and TruthfulQA using282

Parameter-Efficient Fine-Tuning (PEFT) with283

LoRA adapters (Hu et al., 2022). All models were284

trained for 2 epochs using mixed-precision FP16285

on a single NVIDIA A6000 GPU, with 8-bit model286

loading and gradient accumulation. LoRA is ap- 287

plied to the q_proj and v_proj modules. This uni- 288

form setup ensures controlled comparisons across 289

datasets. See Appendix A for full training configu- 290

ration. During training, we log the per-token loss 291

and gradient norms at each step to quantify how 292

prefix tokens influence convergence and internal 293

representation stability. 294

4.2 Datasets 295

We evaluate three core model capabilities: reason- 296

ing (mathematics and coding), safety, and factuality. 297

For each capability, we begin with a base dataset 298

D = {(xi, yi)}Ni=1, 299

where xi denotes the original task prompt (e.g., 300

a math problem, or factual question), and yi is 301

the corresponding target response rewritten using 302

GPT-4.1 to follow a standardized reasoning format. 303

Each rewritten response consists of step-by-step 304

reasoning enclosed in <think> tags followed by a 305

final answer. During this rewriting stage, the model 306

is instructed not to include any prefatory boilerplate 307

or safety-style prefixes. For each capability, we 308

define a fixed set of five prefix templates 309

S = {s1, s2, s3, s4, s5}, 310

designed to reflect common stylistic scaffolds ob- 311

served in instruction-tuning data. Concrete exam- 312

ples of these prefixes are provided in Appendix F. 313

Given a prefix inclusion ratio α ∈ 314

{0, 0.25, 0.5, 1.0}, we construct a prefix- 315

augmented training set Dα as follows. For 316

each training example (xi, yi), a prefix is added 317

independently with probability α. If zi = 1, we 318

uniformly sample a prefix sj ∼ Uniform(S) and 319

form the prefixed input 320

x̃i = sj ∥xi, 321

where ∥ denotes string concatenation. If zi = 0, 322

we set x̃i = xi. The resulting dataset is 323

Dα = {(x̃i, yi)}Ni=1. 324

This construction ensures that (i) the underlying 325

task distribution remains unchanged across con- 326

ditions, (ii) each prefix template is equally likely 327

when prefixes are applied, and (iii) prefix preva- 328

lence is the only controlled variable across runs. 329

For mathematics reasoning, we further introduce 330

a keyword augmented variant of the prefix set, in 331

4



Tasks Training Data Test Data

Safety 1K UnsafeChain 200 each from WildJailbreak, StrongReject, WildChat, JailbreakBench
Mathematics 1K GSM8K 300 GSM8K test, 300 Math500
Coding 774 MBPP 200 MBPP, 164 HumanEval
Factuality 617 TruthfulQA 200 each from TruthfulQA (TQA) and TruthfulQA-MCQ

Table 2: Datasets for training and evaluation. Training samples were rewritten using GPT-4.1 with reasoning
style. Prefix sentences were reintroduced in varying proportions.

which each prefix sj is minimally modified to in-332

clude the single keyword “revised”. This results in333

two prefix families, original and revised, allowing334

us to isolate the effect of a single high-signal token335

while holding all other factors constant. Examples336

of the original and revised prefix pairs are provided337

in Appendix F. Table 2 summarizes the training338

and evaluation datasets used for each capability.339

4.3 Evaluation Setup340

We evaluated model behavior across three core341

model capabilities: reasoning (mathematics, cod-342

ing), safety, and factuality, under multiple decod-343

ing strategies. Following the UnsafeChain proto-344

col (Tomar et al., 2025), we used GPT-4.1 as the345

primary judge for scoring correctness, and qual-346

ity unless otherwise specified. For safety classi-347

fication, when not scored by GPT-4.1, we used348

Llama-Guard-3-8B (Llama Team, 2024) to deter-349

mine whether a response is safe. We also log per-350

token loss across test examples to analyze the align-351

ment between prefix tokens and token-level gradi-352

ent influence. All evaluations are performed under353

greedy decoding (T = 1.0) to minimize random-354

ness and ensure consistent comparison across prefix355

conditions. Detailed descriptions of each evalua-356

tion benchmark and metric are in Appendix B.357

5 Results358

We systematically evaluate the effect of prefix in-359

clusion across safety, reasoning, coding, and factu-360

ality domains. The results, summarized in Tables361

3, 4, 5, and 6, reveal that structured prefix sen-362

tences meaningfully alter model behavior, influenc-363

ing both reasoning accuracy and safety alignment.364

Prefix-guided supervision improves reasoning con-365

sistency and safe refusal behaviors but can some-366

times constrain factual precision and open-ended367

generation. Our experiments also show that com-368

mon prefix tokens consistently have much higher369

training loss than average tokens, as shown in Ta-370

ble 7. Because higher loss corresponds to larger371

Figure 1: Impact of prefix inclusion on reasoning per-
formance. GSM8K accuracy (%) for the R1-7B model
trained with increasing proportions of prefix-included
samples with "revised" token added to the prefix.

gradient updates under cross-entropy training, a 372

small number of prefix tokens can disproportion- 373

ately influence model optimization. 374

Math Table 3 presents results on GSM8K and 375

Math500. Reasoning accuracy improves for mod- 376

els fine-tuned with prefix scaffolds. The addition 377

of the “revised” keyword within the prefix scaffold 378

consistently stabilizes intermediate reasoning steps, 379

suggesting that single-token alignment cues can re- 380

inforce task framing during decoding. Figure 1 381

further illustrates this behavior: GSM8K accu- 382

racy peaks at intermediate prefix ratios, forming an 383

inverted-V accuracy curve. This indicates that lim- 384

ited exposure to guiding prefixes improves reason- 385

ing structure by reducing ambiguity in the model’s 386

initial decoding trajectory, whereas excessive prefix 387

repetition introduces redundancy and degrades cali- 388

bration. Prefix-guided finetuning achieves a similar 389

effect by implicitly encoding “reasoning priors” in 390

the opening tokens, allowing models to converge 391

faster to semantically consistent solutions. 392

Safety Table 4 reports Safe@1 results on adver- 393

sarial benchmarks under varying prefix inclusion 394

ratios. Prefix conditioning yields consistent safety 395

improvements across all scales, with the most pro- 396

nounced effects on WildJailbreak and StrongReject. 397

These results confirm that short alignment-prefixed 398

statements act as semantic initialization priors, bi- 399
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Model Prefix (%) GSM8K GSM8K-Rev Math500 Math500-Rev

R1-8B

0 65.67 – 70.67 –
25 69.33 71.00 67.33 65.67
50 70.00 67.00 67.67 69.33

100 72.33 70.33 69.67 69.67

R1-7B

0 87.67 – 78.33 –
25 89.00 84.00 75.00 76.33
50 88.33 89.00 75.33 78.33

100 88.00 85.00 78.67 78.67

R1-1.5B

0 55.00 – 48.67 –
25 52.67 54.00 50.33 51.00
50 55.00 54.33 48.00 47.67

100 51.67 52.00 46.33 46.67

Table 3: Reasoning Mathematics Results of models finetuned on 1,000 GSM8K training examples (GSM8K 1K).
under different prefix inclusion ratios (0%, 25%, 50%, and 100%). Each prefix ratio corresponds to a separate
supervised fine-tuning run using the same training set. All models are evaluated on held-out test sets, specifically
the GSM8K test split and Math500, which are never seen during training. The “Revised Variant” (-Rev) column
reports runs where the prefix scaffold explicitly contained the word “revised” within the opening phrase, reflecting
a single-token alignment cue. Best results in bold.

Model Prefix (%) WJ SR WC JBB

R1-8B

0 60.00 36.00 96.00 53.33
25 62.80 35.00 94.50 58.67
50 66.00 38.00 95.50 60.00

100 64.40 41.00 95.00 61.00

R1-7B

0 60.40 23.00 96.00 50.33
25 61.20 25.00 96.50 54.00
50 64.00 30.00 94.00 53.67

100 62.40 26.00 95.00 55.33

R1-1.5B

0 40.00 6.00 93.50 44.67
25 38.00 7.00 96.50 48.67
50 39.60 7.00 95.50 47.67

100 40.00 5.00 94.00 48.67

Table 4: Safety Results of models fine-tuned on 1,000
UnsafeChain training samples (UnsafeChain 1K) under
varying prefix inclusion ratios (0%, 25%, 50%, 100%)
and Safe@1 is calculated on held-out safety bench-
marks: WildJailbreak (WJ), StrongReject (SR), Wild-
Chat (WC), and JailbreakBench (JBB). Each prefix ratio
corresponds to an independently fine-tuned model. Best
results in bold.

asing model trajectories toward refusal-consistent400

regions of the decoding space. The persistence401

of this effect across models suggests that prefixes402

act as low-dimensional control signals, influencing403

early contextual embedding states to enforce safety404

constraints without explicit reward modeling.405

Coding and Factuality For coding in Table 5,406

MBPP and HumanEval accuracies show weak or407

inconsistent correlations with prefix inclusion. This408

pattern suggests that prefix conditioning primarily409

aids reasoning-style generation rather than syntax-410

driven completion.411

In factuality tasks (TruthfulQA and TruthfulQA-412

Model Prefix (%) MBPP HumanEval

R1-8B 0 49.50 64.02
25 48.50 57.93
50 48.50 59.76

100 50.00 60.98

R1-7B 0 45.00 70.73
25 41.50 67.07
50 41.00 69.51

100 37.50 71.34

R1-1.5B 0 31.00 17.68
25 28.00 15.24
50 25.50 15.24

100 30.00 17.07

Table 5: Reasoning Coding Results of models fine-
tuned on 1000 MBPP training examples (MBPP 1K)
under varying prefix inclusion ratios (0%, 25%, 50%,
100%) and evaluated on held-out MBPP and Hu-
manEval benchmarks. Each ratio corresponds to an
independently fine-tuned model. Best results in bold.

MCQ) in Table 6, prefix inclusion consistently 413

reduces accuracy across all model sizes. Unlike 414

reasoning-oriented benchmarks, TruthfulQA per- 415

formance primarily depends on the breadth and re- 416

liability of the model’s pretraining data, rather than 417

on stylistic coherence or stepwise reasoning. The 418

addition of alignment-oriented prefixes appears to 419

constrain the model’s factual recall, steering re- 420

sponses toward normative or interpretive phrasing 421

instead of evidence-grounded answers. Thus, while 422

prefix scaffolds enhance structured reasoning and 423

safety behaviors, they may inadvertently suppress 424

factual precision in knowledge-intensive domains 425

where accurate information retrieval is the key de- 426

terminant of success. 427
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Model Prefix (%) TQA TQA-MCQ

R1-8B 0 39.50 56.50
25 39.00 48.50
50 38.00 53.00

100 36.00 47.50

R1-7B 0 20.00 43.50
25 20.50 41.50
50 24.00 37.50

100 23.50 39.00

R1-1.5B 0 5.00 31.50
25 3.50 27.50
50 3.50 28.00

100 2.50 23.50

Table 6: Factuality Results of models fine-tuned on
1,000 TruthfulQA training samples (TQA 1K) under
varying prefix inclusion ratios (0%, 25%, 50%, 100%)
and evaluated on held-out TruthfulQA and TruthfulQA-
MCQ benchmarks. Each prefix ratio corresponds to an
independently fine-tuned model. Best results in bold.

Why is Prefix Important? Recent work has428

shown that analyzing training dynamics at the level429

of individual tokens provides valuable insight into430

model behavior and alignment. Rather than treat-431

ing the loss as a single global scalar, token-level432

analyses reveal how specific words, prefixes, or433

reasoning cues influence gradient flow and repre-434

sentation updates. ToDi (Jung et al., 2025b) com-435

putes divergence losses at the token level to bet-436

ter control alignment with teacher models, while437

SOC (Zhang et al., 2025b) frames supervised fine-438

tuning as a sequence of token-level decisions and439

introduces auxiliary losses to correct overconfident440

predictions. Related work on vocabulary frequency441

imbalance (Chung and Kim, 2025) further shows442

that loss reduction concentrated on a subset of to-443

kens can account for a large fraction of training444

gains. Together, these studies motivate using per-445

token loss as an interpretable diagnostic for under-446

standing how models internalize alignment signals.447

Inspired by these findings, we examine prefix448

influence through token-level training loss. Specif-449

ically, for each training run, we record the cross-450

entropy loss at every token position during super-451

vised fine-tuning. We compute the average loss for452

frequently occurring prefix tokens (“Certainly”,453

“revised”, “response”, “logically”) by aggregat-454

ing their losses across all occurrences in prefix-455

included samples and averaging over training steps.456

As a reference, we also compute the corpus-wide457

average loss across all tokens within the same runs.458

The resulting values are reported in Table 7.459

Across all evaluated settings, prefix tokens con-460

sistently exhibit substantially higher average loss461

(typically 9–13) than the corpus-average token loss 462

(2–3). Under standard cross-entropy optimization, 463

higher loss corresponds to larger gradient magni- 464

tudes, indicating that these tokens receive dispro- 465

portionately strong parameter updates during train- 466

ing. This effect is most pronounced in mathematics 467

datasets, where the loss for “Certainly” reaches 468

12.6 compared to an overall average of 2.07. While 469

our experiments do not directly probe layer-wise 470

representations, the observed loss concentration 471

supports the interpretation consistent with prior 472

token-level analyses (Hu et al., 2025) that a small 473

number of semantically salient prefix tokens can 474

dominate gradient flow and thereby influence down- 475

stream generation behavior. 476

Model scale significantly mediates prefix sen- 477

sitivity. Larger reasoning models like R1-7B and 478

R1-8B, demonstrated strong robustness to prefix 479

inclusion, maintaining or improving performance 480

under noisy or full-prefix conditions. In contrast, 481

R1-1.5B exhibited brittle behavior, showing fluc- 482

tuations in factual and coding benchmarks. This 483

scale dependent trend indicates that larger models 484

are capable of interpreting prefix tokens as contex- 485

tual alignment cues, while smaller models overfit 486

to them and treat prefixes as literal input content. 487

Overall, these results suggest that prefix-guided 488

SFT functions as a lightweight alignment mech- 489

anism: a small set of high-loss prefix tokens can 490

inject strong alignment signal during training, lead- 491

ing to measurable changes in reasoning and safety 492

behavior without requiring large-scale data aug- 493

mentation or explicit reward modeling. 494

6 Discussion 495

Our study shows that selectively retaining prefatory 496

prefixes during supervised fine-tuning can meaning- 497

fully alter the behavior of large reasoning models, 498

but that these effects are strongly capability depen- 499

dent. Our findings reveal broader implications for 500

the alignment of reasoning-capable models. 501

Why do prefixes help safety and mathematical 502

reasoning but hurt coding and factuality? One 503

pattern across our experiments is that prefix inclu- 504

sion tends to improve performance on safety and 505

mathematical reasoning, while yielding weaker or 506

negative effects on coding and factuality. This di- 507

vergence arises from differences in task structure 508

and the role of intermediate reasoning. 509

Safety and mathematical reasoning tasks benefit 510

from structured, stepwise generation and from early 511
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Domain All Tokens Certainly Revised Rewritten Logically Response

Safety 3.58 9.18 11.10 10.96 10.55 5.05
Maths 2.07 12.60 11.22 13.28 10.96 10.26
Factuality 2.97 9.52 9.47 10.27 11.34 4.41
Coding 1.80 10.82 7.82 6.69 11.38 3.32

Table 7: Token-level loss concentration across domains. Average per-token loss values computed on 100%
prefix-included samples for the R1-series models.

commitment to a normative or policy-aligned mode512

of response. In these settings, prefatory prefixes513

may act as soft constraints that bias the model to-514

ward refusal-consistent or logically organized con-515

tinuations, reducing ambiguity in early decoding516

and encouraging coherent reasoning trajectories.517

This interpretation is consistent with the observed518

gains on adversarial safety benchmarks and with519

the non-monotonic accuracy trends on GSM8K.520

In contrast, coding and factuality tasks place521

greater emphasis on precision and direct content522

retrieval. Coding benchmarks require syntactically523

exact outputs with minimal natural-language scaf-524

folding, and factuality benchmarks reward accurate525

recall over explanatory style. In these regimes,526

prefix-induced biases toward verbosity, normative527

framing, or interpretive language may interfere528

with the model’s ability to emit concise code or529

retrieve specific facts, thereby degrading perfor-530

mance. This suggests that prefix scaffolds intro-531

duce an inductive bias that is beneficial for tasks532

requiring structured reasoning or refusals, but mis-533

aligned with tasks dominated by exactness.534

Mechanistic Interpretation. Integrating the ev-535

idence from Tables 3–7 and Figure 1, we can say536

that prefix inclusion appears to inject a low-entropy537

initialization signal that improves gradient flow538

during reasoning token generation and strength-539

ens early-layer semantic conditioning. Hence, pre-540

fix retention serves as a compact, data-level inter-541

vention—effectively steering the representational542

dynamics of LRMs without the need for explicit543

reward modeling or large-scale instruction data.544

Rethinking Dataset Cleaning and RLHF Ear-545

lier studies emphasized removing boilerplate sen-546

tences during dataset cleaning to avoid stylistic bias.547

Our results challenge this assumption by demon-548

strating that prefixes can serve as alignment scaf-549

folds when incorporated strategically. This finding550

raises a question: should alignment pipelines prior-551

itize cleaning or optimizing prefixes? Given their552

low cost and high impact, prefix based condition-553

ing could simplify RLHF by pre-aligning model 554

trajectories during SFT. If the model’s output distri- 555

bution is already biased toward safe continuations, 556

the reward model’s burden shifts from enforcing 557

safety to refining preference granularity. Thus, pre- 558

fix optimization offers a scalable complement to 559

traditional RLHF embedding alignment into model 560

representations before reinforcement fine-tuning. 561

7 Conclusion and Future Work 562

This work examined whether prefix sentences can 563

systematically improve the reasoning and align- 564

ment behavior of LRMs during SFT. Our results 565

show that even minimal prefix inclusion can en- 566

hance Safe@1 accuracy and mathematical reason- 567

ing quality, while its effects on factuality and cod- 568

ing remain task-dependent. Loss-level analysis 569

revealed that prefix tokens such as “revised” and 570

“certainly” carry disproportionately high per-token 571

losses, acting as alignment anchors that receive 572

strong gradient updates and steer the model’s early 573

reasoning trajectory. 574

Our study underscores that every token matters 575

in the alignment of reasoning models. Prefix reten- 576

tion is not merely a stylistic artifact but a computa- 577

tionally meaningful signal that guides representa- 578

tion learning, attention allocation, and decoding dy- 579

namics. We reveal a new paradigm for lightweight 580

alignment interventions, one that balances reason- 581

ing coherence, safety behavior, and interpretability 582

within a unified framework. This challenge the con- 583

ventional assumption that boilerplate prefixes must 584

be cleaned from instruction-tuning data, instead 585

suggesting that small but well-chosen prefix cues 586

can enhance reasoning and safety capabilities. 587

Future Work Several directions remain open 588

for future investigation: (i) evaluating prefix- 589

conditioned fine-tuning on larger frontier mod- 590

els (e.g., 70B-405B) to assess scaling effects; (ii) 591

studying how prefix-guided SFT interacts with 592

downstream alignment methods like RLHF and 593

DPO; and (iii) exploring automated prefix discov- 594

ery through gradient based prefix optimization. 595
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Limitations596

Model Scale and Scope. Our experiments are597

conducted on distilled reasoning models up to 8B598

parameters. While these models are appropriate for599

studying alignment sensitivity and prefix effects,600

the results may not directly generalize to larger601

frontier models or to models trained with full rein-602

forcement learning. Larger models may interpret603

prefix cues differently or exhibit reduced sensitivity604

due to greater representational capacity.605

Dependence on Automated Data Generation.606

Training data across reasoning, safety, coding, and607

factuality tasks are rewritten using GPT-4.1 to en-608

force a standardized reasoning format. Although609

this enables controlled comparisons, it also intro-610

duces reliance on a single strong model for data611

curation. As a result, stylistic or reasoning biases612

inherent to GPT-4.1 may be reflected in the fine-613

tuned models, potentially limiting diversity in rea-614

soning styles.615

Automated Evaluation and Judgment Noise.616

Our evaluation pipeline relies on automated judges,617

including GPT-4.1 for correctness and quality as-618

sessment and LlamaGuard for safety classification.619

While these tools provide scalability and consis-620

tency, they may fail to capture nuanced errors, bor-621

derline safety violations, or subtle factual inaccu-622

racies. In particular, safety classifiers can mislabel623

complex or ambiguous cases, which may affect624

reported Safe@1 scores.625

Ethical Statements626

This work aims to improve safety and alignment627

in large reasoning models by studying the role of628

prefix conditioning during supervised fine-tuning.629

While our methodology prioritizes controlled ex-630

perimentation and safety-aware evaluation, several631

ethical considerations merit discussion.632

Use of Adversarial and Sensitive Prompts. Our633

datasets include adversarial, policy-violating, and634

potentially harmful prompts drawn from estab-635

lished benchmarks. These prompts are used strictly636

for research purposes to evaluate and improve637

model robustness. All unsafe or harmful content is638

processed through controlled rewriting and safety639

evaluation pipelines, and models are not deployed640

in real-world settings based on these experiments.641

Reliance on Automated Safety Tools. Safety642

evaluation in this work depends on LlamaGuard, an643

automated classifier with predefined safety policies. 644

While such tools are standard in alignment research, 645

they encode implicit policy assumptions and may 646

not fully reflect diverse cultural, legal, or contextual 647

norms. Misclassification of responses—either false 648

positives or false negatives—remains a risk. 649

Normative Bias in Alignment Signals. Prefix 650

scaffolds and safety-oriented cues reflect implicit 651

judgments about what constitutes appropriate or 652

aligned behavior. These judgments are informed 653

by common safety heuristics in current alignment 654

research but may not generalize across all de- 655

ployment contexts. Users applying prefix-based 656

alignment techniques should consider additional 657

domain-specific and cultural evaluations. 658

No Human Subjects or Annotator Risk. This 659

study does not involve human annotators or user 660

data. All training data rewriting and evaluation are 661

performed using automated models, eliminating di- 662

rect exposure of human workers to harmful content. 663

However, this also increases reliance on the limita- 664

tions of automated judgments, which may overlook 665

subtle ethical concerns. 666

Overall, we view prefix-based alignment as a 667

lightweight and controllable intervention that com- 668

plements existing safety practices, but not as a sub- 669

stitute for broader governance, human oversight, or 670

deployment-time safeguards. 671
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Appendix907

A Fine-Tuning Configuration908

We fine-tuned all models using Parameter-Efficient909

Fine-Tuning (PEFT) with LoRA adapters:910

• LoRA Config: Rank = 16, Alpha = 32,911

Dropout = 0.05912

• Target Modules: q_proj, v_proj913

• Training Hyperparameters:914

– Learning Rate = 1e-5915

– Epochs = 2916

– Gradient Accumulation = 8917

• Precision/Hardware:918

– Mixed-precision (FP16), 8-bit loading919

– NVIDIA A6000 GPU (48GB VRAM)920

B Evaluation Benchmarks and Metrics921

We evaluate models across three core capabilities:922

reasoning, safety, and factuality, using established923

benchmarks. Below we summarize each dataset924

and its evaluation protocol.925

• WildJailbreak (Jiang et al., 2024): a set of ad-926

versarial jailbreak prompts designed to elicit927

unsafe responses. We report Safe@1 accu-928

racy.929

• StrongReject (Souly et al., 2024): policy-930

violating prompts where the goal is to induce931

refusal failure. Safe@1 accuracy is reported.932

• WildChat (Zhao et al., 2024; Deng et al.,933

2024): an open-domain jailbreak benchmark934

covering diverse refusal-inducing queries.935

Safe@1 accuracy is reported.936

• JailbreakBench (JBB) (Zou et al., 2023;937

Mazeika et al., 2023, 2024): evaluates robust-938

ness against jailbreak attacks. Safe@1 accu-939

racy is reported.940

• GSM8K (Cobbe et al., 2021): grade-school941

math word problems. Evaluations are done by942

GPT-4.1 as the judge, measuring accuracy.943

• Math500 (Lightman et al., 2023): 500944

competition-level mathematics problems. We945

evaluate by GPT-4.1 as the judge, measuring946

accuracy.947

• MBPP (Austin et al., 2021): a Python code 948

generation benchmark. Model outputs are ex- 949

ecuted and checked against reference tests by 950

GPT-4.1. 951

• HumanEval (Chen et al., 2021): code synthe- 952

sis benchmark requiring function implementa- 953

tion. We evaluate using GPT-4.1 as the judge, 954

measuring accuracy. 955

• TruthfulQA (Lin et al., 2022): a benchmark 956

testing factuality and robustness against mis- 957

conceptions. GPT-4.1 evaluates the answer 958

against the best answer. 959

• TruthfulQA-MCQ: the multiple-choice vari- 960

ant of TruthfulQA. GPT-4.1 evaluates the an- 961

swer. 962

C Prompts Used for Evaluation 963

We use standardized evaluation prompts to assess 964

model outputs across mathematics, coding, and 965

factuality benchmarks using GPT-4.1 as an auto- 966

mated judge. These prompts focus on correctness 967

and task-specific quality, independent of stylistic 968

variation. 969

C.1 Mathematics Evaluation Prompt 970

GPT-4.1 Mathematics Evaluation Prompt

You are an expert math evaluator.
Please evaluate the student 's
answer based on:

1. ** Correctness **: Is the final
answer correct?

2. ** Reasoning **: Is the logic
sound and all steps correct?

3. ** Clarity **: Is the answer
clearly written?

Please return two things:
- Rating: An integer from 0 (very

poor) to 10 (excellent)
- Correctness: One word , either "

Correct" or "Incorrect" (based
ONLY on whether the final
answer matches the gold)

Question:
{question}
Gold Answer:
{gold}

Student 's Answer:
{model_response}
Respond **only** in this format (

on two lines):
Rating: X
Correctness: Correct/Incorrect

971
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C.2 Coding Evaluation Prompt972

GPT-4.1 Coding Evaluation Prompt

You are a coding expert evaluating
a programmer 's solution.

Task:
{prompt}

Student 's Solution:
{response}

Reference Solution:
{gold_code}

Give a rating from 0 (completely
wrong) to 10 (perfectly correct
) and say whether it is correct
or not (just write Correct or

Incorrect).
Format:
Rating: <0-10>
Correctness: <Correct/Incorrect >

973

C.3 Factuality Evaluation Prompt974

GPT-4.1 Factuality Evaluation Prompt

You are an expert evaluator
assessing the truthfulness of
an answer.

Question:
{prompt}

Student 's Answer:
{response}

Reference Answer:
{gold_code}

Give a rating from 0 (completely
wrong) to 10 (perfectly correct
) and say whether it is correct
or not (just write Correct or

Incorrect).
Format:
Rating: <0-10>
Correctness: <Correct/Incorrect >

975

D Prompts Used for Dataset Curation976

We curated prompts to guide GPT-4.1 in rewrit-977

ing training data across mathematics, coding, and978

factuality tasks into a consistent reasoning-model979

style. All prompts enforce structured reasoning en-980

closed in <think> tags followed by a final answer,981

and explicitly instruct the model to avoid prefatory982

boilerplate (e.g., “Certainly”) unless added later983

during controlled prefix ablations.984

D.1 Mathematics Curation Prompt 985

GPT-4.1 Mathematics Curation Prompt

You are an AI assistant responding
to the following instruction.

You are highly intelligent in
math and your job is to write a
well -reasoned and content -rich
answer that is:

- For the following problem ,
provide a detailed step -by-step
explanation

- Factually aligned
- Thoughtful , with clear logical

steps
- Presented in this exact format:

<think >
[your reasoning goes here]
</think >
[final answer]

Do NOT include anything else like
"Certainly" or "Here 's the
answer ".

---
Problem: {question}

986

D.2 Coding Curation Prompt 987

GPT-4.1 Coding Curation Prompt

You are an AI assistant that
writes clear , step -by-step
programming solutions.

Your job is to rewrite the given
solution in a well -reasoned ,
content -rich , and logically
structured way. Include both a
thought process explaining why
the solution works , and then
the final code.

Format strictly as:
<think >
[Your step -by-step explanation of

the solution logic , data
structures , and approach]

</think >
[The final Python code solution ,

properly formatted and runnable
]

Do NOT include anything else like
"Certainly" or "Here 's the
answer ".

---
Question:
{question}
Original Solution:
```python

{code}
```

988

13



D.3 Factuality Curation Prompt989

GPT-4.1 Factuality Curation Prompt

You are an AI assistant that
answers questions with accuracy
, reasoning depth , and
truthfulness.

Your job is to rewrite the given
answer in a well -reasoned ,
content -rich , and logically
structured way.

Clearly explain the reasoning
behind the answer , address
potential misconceptions , and
then provide the final
factually correct response.

Make sure the explanation
emphasizes factual grounding ,
clarity , and trustworthiness.

Format strictly as:
<think >
[Step -by-step explanation of the

reasoning process , background
knowledge , and why the final
answer is true and accurate]

</think >
[The final concise , truthful

answer]

Do NOT include anything else like
"Certainly" or "Here 's the
answer ".

---
Question:
{question}

Original Answer:
{answer}

990

E Evaluation Parameters for991

LlamaGuard992

LlamaGuard Evaluation Code

chat = [{"role": "user", "content"
: prompt}, {"role": "assistant"
, "content": response }]

input_ids = tokenizer.
apply_chat_template(chat ,
return_tensors="pt").to("cuda")

output = model.generate(input_ids=
input_ids , temperature =0.0,
max_new_tokens =100,
pad_token_id=tokenizer.
eos_token_id)

result = tokenizer.decode(output
[0][ input_ids.shape [-1]:],
skip_special_tokens=True).strip
().lower()

return "safe" if result.startswith
("safe") else "unsafe"

993
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F Prefix Examples Used During Fine-Tuning 994

For mathematics (reasoning) capability, we design five original prefix templates and five rewritten 995

counterparts. The rewritten versions differ only by the inclusion of a explicit keyword “revised”, which 996

corresponds to the prefix tokens analyzed in Table 7. The downstream task prompt and target response are 997

identical across conditions; only the prefix text varies. 998

Original Prefixes Rewritten Prefixes

Certainly! Here’s a well-reasoned, clear logical
steps, and step-by-step explanation of the response.

Certainly! Here’s a revised, well-reasoned, clear
logical steps, and step-by-step explanation of the
response.

Certainly! Below is a thoughtful, content-rich, and
detailed breakdown with all reasoning steps in-
cluded.

Certainly! Below is a rewritten, thoughtful,
content-rich, and detailed breakdown with all rea-
soning steps included.

Certainly! Here’s a clear and logically structured
explanation with deep reasoning.

Certainly! Here’s a revised, clear and logically
structured explanation with deep reasoning.

Certainly! Here’s an answer that is well-reasoned,
precise, and follows a step-by-step reasoning ap-
proach.

Certainly! Let’s revise theresponse so that it is
well-reasoned, precise, and follows a step-by-step
reasoning approach.

Here’s a refined version with accurate reasoning,
thoughtful insights, and logical clarity.

Here’s a refined version with accurate reasoning,
thoughtful insights, and logical clarity.

Table 8: Prefixes used during supervised fine-tuning for mathematics reasoning. Each rewritten prefix differs
from its original counterpart only by the inclusion of a keyword revise(shown in bold).

G Fine-tuning Data Cleaning Methods 999

Study Cleaning Method

UnsafeChain Rewrote unsafe completions; removed prefatory safety prefixes during correction prompting
SafeChain Filtered only completions unanimously judged safe; excluded model-introduced safety preambles
STAR-1 Retained completions scoring 10/10 on safety guidelines; manually removed stylistic opening sentences

BackMATH Constructed backward reasoning traces and stripped generic “Let’s reason step-by-step” prefaces
Pensez Cleaned bilingual reasoning data by deleting translation-prefaces or meta-instructions
SG-FT Standardized final answers; removed scaffolding tokens like “Sure, here’s the reasoning”

MBPP-Clean Deleted template openings such as “Here is the Python solution”; retained only executable code
PDC & DM-SFT Progressive filtering to remove explanation headers and redundant comments
Data-efficient CodeGen Deduplicated samples and pruned boilerplate comments preceding solutions

RealSafe-R1 Retained refusal-style completions but stripped meta-language such as “According to my training data”
Deconv-PEFT Removed hallucinated and self-referential openings; normalized factual assertions
DragFT Removed glossary and dictionary preambles; preserved contextually relevant translation pairs

GuideLM Curated scaffolding dialogues; removed verbose “Let me guide you through” intros
Pensez Retained pedagogical steps but filtered translation artefacts or redundant prefaces
BarExamSFT Reformatted into IRAC structure; removed generic “This is a legal reasoning question” headers

MedBioLM Cleaned clinical reasoning artefacts; deleted prefatory disclaimers (e.g., “I am not a doctor”)
VietHealth-LLM De-identified patient info; removed repetitive safety disclaimers and template intros
Discharge-SFT De-identified PHI; cleaned templated note openings like “This summary is confidential.”

Table 9: Recent studies employing dataset cleaning for LRM finetuning across tasks. Cleaning typically removes
prefatory or boilerplate phrases before the substantive reasoning content. Our work revisits this assumption, asking
whether eliminating these prefixes is truly necessary for improved alignment and reasoning quality.
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