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Abstract001

Instruction tuning increasingly relies on LLM-002
based prompt refinement, where prompts in the003
training corpus are selectively rewritten by an004
external refiner to improve clarity and instruc-005
tion alignment. This motivates an instance-006
level audit problem: for a fine-tuned model007
and a training prompt–response pair, can we008
infer whether the model was trained on the009
original prompt or its LLM-refined version010
within a mixed corpus? This matters for dataset011
governance and dispute resolution when train-012
ing data are contested. However, it is non-013
trivial in practice: refined and raw instances014
are interleaved in the training corpus with un-015
known, source-dependent mixture ratios, mak-016
ing it harder to develop provenance methods017
that generalize across models and training se-018
tups. In this paper, we formalize this audit019
task as Refinement Provenance Inference (RPI)020
and show that prompt refinement yields stable,021
detectable shifts in teacher-forced token distri-022
butions, even when semantic differences are023
not obvious. Building on this phenomenon, we024
propose RePro, a logit-based provenance frame-025
work that fuses teacher-forced likelihood fea-026
tures with logit-ranking signals. During train-027
ing, RePro learns a transferable representation028
via shadow fine-tuning, and uses a lightweight029
linear head to infer provenance on unseen030
victims without training-data access. Empir-031
ically, RePro consistently attains strong perfor-032
mance and transfers well across refiners, sug-033
gesting that it exploits refiner-agnostic distribu-034
tion shifts rather than rewrite-style artifacts.035

1 Introduction036

Large language models have rapidly evolved into037

general-purpose systems that power a wide range038

of applications, from reasoning and code genera-039

tion to dialogue and tool use (Achiam et al., 2023;040

Dubey et al., 2024; Team et al., 2023; Roziere et al.,041

2023). As capabilities have improved, fine-tuning042

and instruction tuning have become standard prac-043
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Figure 1: The process of Refinement Provenance Infer-
ence (RPI) problem.

tices for adapting these models to specific domains 044

and interaction styles, which in turn has placed 045

increasing emphasis on the construction and cura- 046

tion of high-quality training prompts (Yin et al., 047

2025a,b; Ouyang et al., 2022; Hu et al., 2022; Li 048

et al., 2023a). In many modern pipelines, raw 049

prompts, the original collected instructions, are 050

rewritten by a refiner model to standardize phras- 051

ing, reduce ambiguity, and align with instruction- 052

following conventions (Xu et al., 2024a; Mukherjee 053

et al., 2023; Yan et al., 2025; Liu et al., 2024). This 054

widely used refinement step raises a provenance 055

question for auditing: given a fine-tuned model 056

and a candidate instance (xj , yj), can we infer 057

whether the model was tuned on its raw version 058

or on its refiner-rewritten counterpart? 059

Answering this question matters for both trans- 060

parency and risk assessment in model develop- 061

ment (Longpre et al., 2023; Mitchell et al., 2019). 062

From an auditing perspective, refinement can mate- 063

rially change the distribution of training prompts, 064

and practitioners may wish to verify whether a de- 065

ployed model was trained under a declared data 066

pipeline or whether an undisclosed refiner was 067

used (Mökander et al., 2024; Dziedzic et al., 2022). 068

From a security and privacy perspective, the re- 069

finement step may also act as a distinctive trans- 070
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formation that leaks information about the training071

process itself, potentially revealing aspects of an072

organization’s data preparation workflow (Carlini073

et al., 2022b; Nasr et al., 2023; Li et al., 2025a).074

We refer to this auditing problem as Refinement075

Provenance Inference (RPI). Figure 1 shows the076

process of RPI. Notably, this is a data-level prove-077

nance problem: the victim may have been fine-078

tuned on a mixture of refined and raw prompts, and079

the goal is to localize which training instances were080

refined. A natural hypothesis is that refinement081

primarily changes surface form, and that prove-082

nance evidence would therefore be tied to the spe-083

cific refiner and its rewriting style. However, we084

argue that training on refined prompts induces085

distribution-level preference shifts that persist086

beyond surface realizations. Concretely, refine-087

ment tends to make prompts more canonical and088

better aligned with instruction-following conven-089

tions, which biases the gradients observed during090

fine-tuning and can alter the victim model’s token-091

level preferences under teacher forcing (Shumailov092

et al., 2023; Zhou et al., 2023; Santurkar et al.,093

2023; Gudibande et al., 2023). These shifts are094

not always obvious from generated text, but they095

can be measured from the teacher-forced token dis-096

tributions as changes in likelihood patterns, rank-097

ing behavior among top candidates, and logit mar-098

gins (Shi et al., 2023; Hans et al., 2024; Gonen099

et al., 2023). The central challenge is to extract sig-100

nals that are robust to variation in victim families101

and refinement operators, and to do so in a way that102

transfers across models rather than overfitting to a103

particular refiner or data distribution.104

To address this challenge, we propose RePro,105

a logit-based framework for refinement prove-106

nance inference that learns transferable signals in a107

shadow training setup. We first compute a compact108

feature vector from teacher-forced logits, captur-109

ing complementary evidence such as token-level110

negative log-likelihood statistics, ranking patterns111

among top candidates, and margin features derived112

from logit gaps, with an uplift. We then train an em-113

bedding encoder via supervised contrastive learn-114

ing on shadow models fine-tuned from the same115

base initialization, encouraging embeddings with116

the same provenance label to cluster while separat-117

ing embeddings with different labels. Finally, we118

fit a lightweight linear classifier on top of the frozen119

embeddings and transfer the resulting attacker to120

victim models to produce refined-versus-raw prove-121

nance scores at inference time.122

Our contributions are as follows: 123

• New provenance task. We introduce Re- 124

finement Provenance Inference (RPI), which 125

asks, for a candidate instance (x, y) and a 126

fine-tuned model, whether the model’s fine- 127

tuning data used the raw prompt or its refiner- 128

rewritten version for that instance, and we 129

frame it as an actionable auditing problem for 130

modern fine-tuning pipelines. 131

• Provenance framework. We propose Re- 132

Pro, a logit-based provenance framework that 133

extracts complementary teacher-forced logit 134

cues and learns a transferable embedding via 135

shadow fine-tuning and supervised contrastive 136

learning, enabling inference on victim models 137

using a lightweight linear classifier. 138

• Evidence for detectable and transferable 139

traces. We provide a comprehensive empir- 140

ical study across tasks, victim families, and 141

refinement operators, including cross-refiner 142

transfer, feature and training ablations, and 143

sensitivity analyses that characterize when re- 144

finement traces are detectable and which com- 145

ponents drive performance. 146

2 Related Work 147

2.1 Training-Data Auditing 148

A long line of work shows that training induces sys- 149

tematic changes in a model’s confidence landscape 150

that can be exploited for auditing (Shokri et al., 151

2017; Yeom et al., 2018; Song and Mittal, 2021; 152

Salem et al., 2018). In membership inference, at- 153

tackers distinguish seen versus unseen examples 154

using statistics such as loss, entropy, or margin, 155

and stronger variants rely on shadow-model trans- 156

fer, calibration features, or query-efficient prob- 157

ing (Carlini et al., 2022a; Duan et al., 2024; Ko 158

et al., 2023; Li et al., 2025b). Beyond membership, 159

property inference predicts whether the training 160

set contains examples with a particular attribute 161

by aggregating output statistics, highlighting that 162

model outputs can leak training-time signals even 163

when the attribute is not directly observable from 164

the generated text (Ateniese et al., 2015; Kandpal 165

et al., 2024; Ganju et al., 2018; Mahloujifar et al., 166

2022). For language models, studies on memo- 167

rization and data extraction further support that 168

token-level likelihood patterns can encode training- 169

time regularities (Carlini et al., 2022b; Shi et al., 170

2023). Our work follows this general paradigm 171
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but targets a different training attribute, namely172

whether a fine-tuning instance was presented in an173

LLM-refined form rather than its raw form, which174

motivates logit-centric signals and transfer-based175

attackers instead of text-only evidence.176

2.2 Data Refinement and Detection177

LLM-driven rewriting is now widely used in large-178

scale data curation, particularly for instruction-179

tuning where prompts are standardized, clarified,180

and aligned to target interaction styles (Xu et al.,181

2024b; Ding et al., 2023; Li et al., 2024). Prior182

work studies refinement operators and policies,183

showing that automated rewriting can shift both184

surface form and latent preferences, yielding re-185

fined distributions that systematically differ from186

raw data (Lee et al., 2023; Sun et al., 2023; Li et al.,187

2023b). While refinement is typically treated as188

a quality-improving preprocessing step, its down-189

stream footprint as an auditable training attribute190

has received less attention (Golchin and Surdeanu,191

2023; Zhang et al., 2024; Lyu and Yin, 2024). We192

take a provenance perspective and ask whether the193

use of refined prompts can be inferred directly from194

a fine-tuned model’s behavior.195

A related line of research aims to detect machine-196

generated or machine-transformed text via likeli-197

hood artifacts, perturb-and-score stability tests, sty-198

lometric signals, and watermarking (Mitchell et al.,199

2023; Yang et al., 2023; Su et al., 2023; Kirchen-200

bauer et al., 2023; Kuditipudi et al., 2023). These201

methods largely operate on the text itself and often202

rely on access to the generator, watermark keys, or203

assumptions about the transformation channel. Our204

setting differs: refinement occurs before training,205

the downstream victim model can produce human-206

like outputs, and the refiner may be unknown and207

unwatermarked. We connect these threads by treat-208

ing refinement as a training-data provenance at-209

tribute and by showing it remains detectable from210

teacher-forced token distributions, including trans-211

fer across different refiners and victim families.212

3 Refinement Provenance Inference213

3.1 Problem Definition214

Modern fine-tuning pipelines often refine training215

prompts using an external LLM to improve clarity216

and consistency. Such refinement can induce sys-217

tematic shifts in the effective training distribution,218

which may be reflected in the token-level predictive219

behavior of the fine-tuned model. We study refine-220

ment provenance inference at the instance level: 221

within a single fine-tuned victim, different training 222

instances may use different prompt variants, and 223

the goal is to infer, for each instance, whether the 224

prompt used during fine-tuning was raw or LLM- 225

refined. We emphasize that refinement is applied 226

only to the input prompt, while the reference output 227

remains unchanged. 228

We index semantic instances by i, where each 229

instance corresponds to a unique underlying task 230

with a raw prompt xrawi and a reference output yi. 231

A refinement operator R(·) maps the raw prompt 232

to a refined prompt: 233

xrefi = R(xrawi ) . (1) 234

A fine-tuning dataset is constructed by selecting, 235

for each instance i, either the raw or refined prompt 236

with an i.i.d. latent indicator zi ∼ Bernoulli(ρ): 237

xtri = xzii =

{
xrefi , zi = 1,

xrawi , zi = 0,
zi ∈ {0, 1},

(2) 238

where zi is the refinement provenance label (1 for 239

refined, 0 for raw). Let M0 denote a base language 240

model and Ma denote the victim obtained by su- 241

pervised fine-tuning (SFT) on the mixture: 242

Ma ← SFT
(
M0; {(xtri , yi)}i∈Ia

)
, (3) 243

where Ia is the set of semantic instances used to 244

fine-tune the victim. 245

Auditing task. For an instance i ∈ Ia (member- 246

ship known), the auditor is given the victim Ma and 247

an evaluation pair (x̃i, yi) for teacher forcing, and 248

aims to infer the training-time provenance label zi: 249

si = g(ϕ(Ma; x̃i, yi)) ∈ [0, 1], ẑi = I[si ≥ τ ],
(4) 250

where ϕ(·) extracts features from the victim’s 251

token-level predictive behavior on yi conditioned 252

on x̃i, g(·) outputs a classification score, and τ 253

is a threshold. In our main setting, ϕ(·) is com- 254

puted from teacher-forced log-probabilities and 255

top-k logit statistics. 256

3.2 Access Assumptions 257

We assume an auditor has (i) query access to a fine- 258

tuned victim model Ma; (ii) an evaluation set of 259

instances with reference outputs; and (iii) access to 260

the underlying base model M0 to construct shadow 261

fine-tuned models for learning transferable decision 262

rules. Given a candidate pair (xj , yj), the auditor 263
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Figure 2: Feature diagnostics for teacher-forced logit.

performs teacher forcing on yj to obtain token-level264

log probabilities and compute NLL-based statistics.265

Our main setting further assumes access to top-k266

logits. These assumptions are common in practice:267

fine-tuned models are often released alongside, or268

explicitly tied to, a base checkpoint, and evalua-269

tion/decoding stacks typically support likelihood270

scoring and top-k outputs.271

4 Methodology272

Our goal is to infer whether a fine-tuned model273

Ma was trained on a raw or an LLM-refined ver-274

sion of an instance. To operationalize this auditing275

objective, we develop an auditing attack and pro-276

pose RePro, a framework that trains a supervised277

contrastive encoder on shadow fine-tuned models278

and transfers it to victims via a lightweight lin-279

ear classifier. Figure 3 provides an overview of280

the full pipeline. In Stage 1, we construct a la-281

beled shadow mixture of raw and refined instances,282

fine-tune a shadow model Mc from the same base283

model M0, and extract logit-derived feature vectors284

that summarize teacher-forced behavior through285

complementary signals such as NLL statistics, Top-286

K ranking patterns, logit margins, and optional287

uplift features. We train an encoder on these fea-288

tures using supervised contrastive learning and then289

fit a linear classifier on the resulting embeddings.290

In Stage 2, we apply the same feature extraction291

and encoder to a victim model Ma and use the292

transferred classifier to output a refined-versus-raw293

provenance score for each candidate instance.294

4.1 Teacher-Forced Logit Features295

Given a model M and an instance (xi, yi), we com-296

pute token-level log-probabilities under teacher297

forcing:298

ℓ
(M)
i,t = log pM (yi,t | xi, yi,<t), t = 1, . . . , |yi|.

(5)299

Let s(M)
i,t ∈ R|V| denote the pre-softmax logit vec-300

tor at step t. From {ℓ(M)
i,t }

|yi|
t=1 and the correspond-301

ing logits, we derive a fixed-dimensional feature302

vector that summarizes (i) likelihood-based fit and303

tail hardness, and (ii) logit-based ranking behavior 304

and local distribution sharpness. 305

Normalized negative log-likelihood (NLL). 306

NLLM (i) = − 1

|yi|

|yi|∑
t=1

ℓ
(M)
i,t . (6) 307

To capture “hard-token” tails that are obscured by 308

averaging, we additionally compute selected quan- 309

tiles of tokenwise NLL values {−ℓ(M)
i,t }. 310

Top-k inclusion. Let TopK(M)
t denote the set of 311

top-k tokens under M at step t (ranked by logits in 312

s
(M)
i,t ). We define 313

TopKM (i) =
1

|yi|

|yi|∑
t=1

I
[
yi,t ∈ TopK

(M)
t

]
, (7) 314

and use k ∈ {1, 5, 10} in our experiments. This 315

feature captures whether the reference token is con- 316

sistently ranked among the most likely candidates. 317

Confidence margin. Let s(M)
t,(1) and s

(M)
t,(2) be the 318

largest and second-largest logit values in s
(M)
i,t , re- 319

spectively. We compute the average margin 320

GapM (i) =
1

|yi|

|yi|∑
t=1

(
s
(M)
t,(1) − s

(M)
t,(2)

)
. (8) 321

This margin reflects the local sharpness of the next- 322

token distribution and complements likelihood and 323

ranking statistics. 324

Uplift. We form uplift features by contrasting pre- 325

and post-fine-tuning behavior on the same instance. 326

For any statistic S(·) ∈ {NLL,TopK,Gap}, we 327

define 328

∆S(i) = SM0(i)− SM (i), (9) 329

where M is the fine-tuned model of interest (victim 330

Ma or shadow Mc). Note that different statistics 331

may have different natural directions under fine- 332

tuning; the downstream classifier learns to leverage 333

these signed shifts. 334

We aggregate the above statistics into a feature 335

vector 336

ϕ(M ;xi, yi) ∈ Rd, (10) 337

which includes likelihood summaries, ranking sig- 338

nals, confidence geometry, and the corresponding 339

uplift features from Eq. (9). Prior to the next stage, 340

we standardize each feature dimension using statis- 341

tics computed on the shadow training split: 342

ϕ̃j =
ϕj − µj
σj + ϵ

, (11) 343
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Figure 3: Overview of RePro. Stage 1 trains a supervised-contrastive encoder on logit-derived features from a
shadow fine-tuned model. Stage 2 transfers the encoder and a lightweight classifier to infer refined-versus-raw
provenance for a victim model.

with per-dimension mean µj , standard deviation344

σj , and a small ϵ for numerical stability. All fea-345

tures are computed via teacher forcing and do not346

require stochastic decoding. In Figure 2, we visual-347

ize these statistics on the same held-out instances348

and observe consistent distribution shifts between349

models fine-tuned on raw versus refined prompts.350

4.2 Shadow Training and Transfer351

To learn a transferable provenance classifier, we352

adopt a shadow fine-tuning setup. We construct a la-353

beled shadow mixture dataset using the same proce-354

dure as Eq. (2), yielding instances {(xi, yi, zi)}i∈Ic355

where zi indicates whether the prompt is refined,356

and fine-tune a shadow model Mc from the same357

base model M0. For each shadow instance i, we358

compute logit-derived features ϕi = ϕ(Mc;xi, yi)359

and map them into an embedding space with an360

encoder hψ, i.e., ui = hψ(ϕi).361

We train hψ using supervised contrastive learn-362

ing: within each minibatch, embeddings with the363

same provenance label are pulled together while364

those with different labels are pushed apart,365

min
ψ

∑
i∈B

−1

|P(i)|
∑
p∈P(i)

log
exp(sim(ui, up)/τ)∑

a∈B\{i} exp(sim(ui, ua)/τ)

(12)366

where P(i) = {p ∈ B \ {i} : zp = zi} denotes367

positives, sim(·, ·) is cosine similarity, and τ is368

a temperature hyperparameter. After contrastive369

training, we fit a lightweight linear classifier g on370

top of the frozen embeddings {ui} using cross- 371

entropy, 372

min
g

∑
i∈Ic

CE(g(ui), zi) . (13) 373

At inference time, given a candidate instance 374

(xj , yj) for the victim model Ma, we compute 375

ϕ(Ma;xj , yj), obtain uj = hψ(ϕ(Ma;xj , yj)), 376

and output g(uj) as the refined-vs-raw provenance 377

score. 378

4.3 Complexity and Overhead 379

For each candidate instance (xi, yi), RePro re- 380

quires a single teacher-forced forward pass through 381

the target model to obtain token-level log prob- 382

abilities and top-k logits along the reference se- 383

quence. Feature extraction aggregates per-token 384

quantities and therefore runs in O(|yi|) time, with 385

constant additional memory beyond storing the top- 386

k values. Applying the encoder hψ and the linear 387

classifier g is negligible compared to the model 388

forward pass. In contrast to generation-based prob- 389

ing, our pipeline avoids stochastic decoding and 390

is thus more stable and reproducible under fixed 391

evaluation instances. 392

5 Experiments 393

We evaluate refinement provenance inference (RPI) 394

on reasoning and code generation, testing whether 395

a victim model fine-tuned on a mixture of raw and 396
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Table 1: Main results across datasets, victims, and refiners. Each cell reports AUC / TPR@1%FPR for RPI.

Dataset Victim Refiner: GPT-4o Refiner: Llama-3.3-70B-Instruct

sNLL s∆NLL spair RePro (Ours) sNLL s∆NLL spair RePro (Ours)

GSM8K

Qwen2.5-1.5B-Instruct 0.53 / 0.07 0.58 / 0.10 0.57 / 0.09 0.66 / 0.16 0.52 / 0.06 0.57 / 0.09 0.56 / 0.08 0.64 / 0.14
Qwen2.5-7B-Instruct 0.54 / 0.07 0.59 / 0.10 0.58 / 0.09 0.67 / 0.17 0.53 / 0.06 0.58 / 0.09 0.57 / 0.08 0.65 / 0.15

Llama-3.1-8B-Instruct 0.55 / 0.08 0.60 / 0.11 0.59 / 0.10 0.69 / 0.19 0.54 / 0.07 0.59 / 0.10 0.58 / 0.09 0.67 / 0.17
Llama-3.1-70B-Instruct 0.56 / 0.09 0.62 / 0.13 0.61 / 0.12 0.71 / 0.22 0.55 / 0.08 0.61 / 0.12 0.60 / 0.11 0.69 / 0.20

Mistral-7B-Instruct-v0.3 0.54 / 0.07 0.59 / 0.10 0.58 / 0.09 0.67 / 0.17 0.53 / 0.06 0.58 / 0.09 0.57 / 0.08 0.65 / 0.15
Mixtral-8x7B-Instruct-v0.1 0.55 / 0.08 0.61 / 0.12 0.60 / 0.11 0.70 / 0.20 0.54 / 0.07 0.60 / 0.11 0.59 / 0.10 0.68 / 0.18

HumanEval

Qwen2.5-1.5B-Instruct 0.51 / 0.06 0.56 / 0.09 0.55 / 0.08 0.63 / 0.14 0.50 / 0.05 0.55 / 0.08 0.54 / 0.07 0.62 / 0.13
Qwen2.5-7B-Instruct 0.52 / 0.06 0.57 / 0.09 0.56 / 0.08 0.65 / 0.15 0.51 / 0.05 0.56 / 0.08 0.55 / 0.07 0.63 / 0.13

Llama-3.1-8B-Instruct 0.53 / 0.07 0.58 / 0.10 0.57 / 0.09 0.66 / 0.16 0.52 / 0.06 0.57 / 0.09 0.56 / 0.08 0.64 / 0.14
Llama-3.1-70B-Instruct 0.54 / 0.08 0.60 / 0.12 0.59 / 0.11 0.68 / 0.18 0.53 / 0.07 0.59 / 0.11 0.58 / 0.10 0.66 / 0.16

Mistral-7B-Instruct-v0.3 0.52 / 0.06 0.57 / 0.09 0.56 / 0.08 0.64 / 0.15 0.51 / 0.05 0.56 / 0.08 0.55 / 0.07 0.63 / 0.13
Mixtral-8x7B-Instruct-v0.1 0.53 / 0.07 0.59 / 0.11 0.58 / 0.10 0.67 / 0.17 0.52 / 0.06 0.58 / 0.10 0.57 / 0.09 0.65 / 0.15

Table 2: Cross-refiner generalization across victim families. Each cell reports AUC for RPI.

Victim Train refiner (shadow) → Test refiner (victim) GSM8K AUC HumanEval AUC

Qwen2.5-1.5B-Instruct

GPT-4o → GPT-4o 0.66 0.63
GPT-4o → Llama-3.3-70B-Instruct 0.65 0.65
Llama-3.3-70B-Instruct → GPT-4o 0.67 0.64
Llama-3.3-70B-Instruct → Llama-3.3-70B-Instruct 0.64 0.62

Llama-3.1-8B-Instruct

GPT-4o → GPT-4o 0.69 0.66
GPT-4o → Llama-3.3-70B-Instruct 0.66 0.63
Llama-3.3-70B-Instruct → GPT-4o 0.67 0.64
Llama-3.3-70B-Instruct → Llama-3.3-70B-Instruct 0.67 0.64

Mistral-7B-Instruct-v0.3

GPT-4o → GPT-4o 0.67 0.64
GPT-4o → Llama-3.3-70B-Instruct 0.66 0.65
Llama-3.3-70B-Instruct → GPT-4o 0.68 0.66
Llama-3.3-70B-Instruct → Llama-3.3-70B-Instruct 0.65 0.63

ROC TPR@1%FPR

Figure 4: The ROC and TPR@1% FPR curves.

LLM-refined prompts exhibits detectable prove-397

nance traces in its teacher-forced token distribu-398

tions, and whether the attacker generalizes across399

different refiners. We evaluate instance-level prove-400

nance inference using AUC and low-FPR operat-401

ing points (TPR at 1% FPR), where thresholds are402

selected on shadow validation splits and then trans-403

ferred to victims without re-tuning.404

5.1 Experimental Setup405

Datasets and refiners. We use GSM8K (Cobbe406

et al., 2021) for mathematical reasoning and Hu-407

manEval (Chen et al., 2021) for code genera- 408

tion. For each semantic instance i, we take the 409

dataset prompt as the raw prompt xrawi and the 410

dataset-provided reference output as yi, enabling 411

teacher-forced logit extraction. We construct re- 412

fined prompts xrefi = R(xrawi ) using two refin- 413

ers: a commercial LLM (GPT-4o (Achiam et al., 414

2023)) and an open-weight instruct model (Llama- 415

3.3-70B-Instruct (Dubey et al., 2024)). Refinement 416

is instructed to preserve task semantics and avoid 417

providing solutions; for code it may add constraints, 418

edge cases, and short examples but not code. 419

Victims model and training configuration. Vic- 420

tims are instantiated from three widely-used open- 421

weight families: Qwen2.5 (Team, 2024), Llama- 422

3.1 (Dubey et al., 2024), and Mistral (Jiang et al., 423

2023). Starting from the corresponding base check- 424

point M0, we fine-tune the victim Ma on a mixture 425

with ρ = 0.5, and train a shadow model Mc on 426

an instance-disjoint mixture constructed with the 427

same ρ. Fine-tuning uses a fixed LoRA (Hu et al., 428

2022) recipe across victim and shadow (rank r=16, 429
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Figure 5: Ablation and sensitivity analysis. (a) Comparison of different attacker training strategies. (b) AUC as a
function of refined fraction ρ. (c) AUC as a function of fine-tuning steps.

α=32, dropout 0.05, learning rate 2 × 10−4, 500430

update steps, context length 768).431

Attacker classifier. Our learned attacker is trained432

only on shadow data. Concretely, we map the logit433

feature vector ϕ(·) to an embedding using a small434

MLP encoder hψ (two fully-connected layers with435

ReLU, hidden size 256 and output size 128) fol-436

lowed by a 2-layer projection head (128→64→1).437

We train hψ with a supervised contrastive objective438

on shadow instances, and then fit a linear classifier439

on top of the learned embeddings to predict refined440

vs. raw.441

Learning-free baselines. We compare against442

learning-free baselines that map teacher-forced log-443

its on (xi, yi) to a scalar score s(i) ∈ R (larger444

means more likely refined). We report ROC-AUC445

by ranking instances with s(i), and for operat-446

ing points (e.g., TPR@FPR=α) we threshold via447

ẑi = I[s(i) ≥ τα] with τα read from the empir-448

ical ROC curve. Concretely, we test: (i) victim-449

only likelihood sNLL(i) = −NLLMa(i); (ii) uplift450

likelihood s∆NLL(i) = NLLM0(i) − NLLMa(i)451

when M0 is available; (iii) pairwise preference452

spair(i) = log pMa(yi | xrefi )− log pMa(yi | xrawi ).453

5.2 Matched-Refiner Evaluation454

We evaluate refinement provenance inference in a455

matched-refiner setting where the shadow attacker456

and the victim are constructed using the same re-457

finement operator. For each task, we form raw and458

refined training mixtures, fine-tune victim mod-459

els from a shared base initialization, and query460

the victims on held-out instances to obtain teacher-461

forced token distributions. We compare learning-462

free logit-based scores, including an uplift score463

and a pairwise preference score, against our learned464

contrastive attacker trained on shadow data using465

the same feature extractor and training protocol.466

Result analysis. Table 1 shows that the uplift and467

pairwise preference scores provide strong learning-468

free baselines, indicating that training on refined 469

prompts leaves consistent traces in the victim’s 470

token distributions beyond raw likelihood alone. 471

Building on these signals, our learned contrastive 472

attacker further improves discrimination, with the 473

most pronounced gains in the low-FPR regime, 474

by aggregating multiple logit-derived cues into a 475

more discriminative and transferable representation 476

that consistently outperforms all baselines across 477

datasets, victim families, and refiners. Figure 4 478

shows the ROC and TPR@1% FPR curves of the 479

result with GPT-4o as refiner and Qwen2.5-1.5B- 480

Instruct as victim. 481

5.3 Cross-Refiner Transfer 482

To test whether provenance cues depend on the 483

particular refinement operator, we conduct a 484

cross-refiner transfer experiment that isolates re- 485

finer mismatch while varying the victim family. 486

Specifically, we consider two refiners, GPT-4o 487

and Llama-3.3-70B-Instruct, and for each victim 488

family in Qwen2.5-1.5B-Instruct, Llama-3.1-8B- 489

Instruct, Mistral-7B-Instruct-v0.3, we generate re- 490

fined prompts using one refiner and fine-tune the 491

victim on the resulting mixture. We then train the 492

attacker on shadow data refined by one refiner and 493

evaluate it on each victim that was fine-tuned using 494

either the same refiner or the other, which yields 495

matched-refiner and mismatched-refiner settings 496

for every fixed victim. This protocol allows us to 497

assess refiner-agnostic transfer while controlling 498

for the victim family and to verify whether the 499

learned evidence persist across different refinement 500

operators. 501

Result analysis. Table 2 shows that performance 502

remains strong in the mismatched cases with only 503

a moderate degradation relative to the matched set- 504

ting, suggesting that the attacker leverages refiner- 505

agnostic cues that reflect distribution-level pref- 506

erence shifts induced by refined-prompt training 507
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Table 3: Feature ablation. We report AUC and the
absolute drop relative to the full feature set.

Variant GSM8K HumanEval

w/o uplift 0.65 (-0.04) 0.63 (-0.03)
w/o NLL tails 0.68 (-0.01) 0.65 (-0.01)
w/o ranking 0.67 (-0.02) 0.64 (-0.02)
w/o margin 0.66 (-0.03) 0.65 (-0.01)

w/o uplift + NLL tails 0.60 (-0.09) 0.58 (-0.08)
w/o uplift + ranking 0.57 (-0.12) 0.55 (-0.11)
w/o uplift + margin 0.58 (-0.11) 0.59 (-0.07)
w/o NLL tails + ranking 0.56 (-0.13) 0.57 (-0.09)
w/o NLL tails + margin 0.55 (-0.14) 0.58 (-0.08)
w/o ranking + margin 0.60 (-0.09) 0.60 (-0.07)

Ours 0.69 0.66

rather than artifacts specific to any single refiner.508

5.4 Ablation Study509

We ablate both the logit features in ϕ(·) and the510

training components of the attacker to identify511

which factors drive provenance leakage and transfer512

and also discuss the sensitivity of the refinement.513

Feature ablations. Starting from the full feature514

vector (NLL mean/quantiles, Top-k inclusion, logit515

gap, and uplift), we remove one or two feature516

group at a time and re-train the attacker on the same517

shadow split. Table 3 reports the resulting AUC and518

the absolute drop relative to the full model. Across519

both GSM8K and HumanEval, we typically find520

that uplift contributes the largest gain in transfer,521

while Top-k and Gap features provide smaller but522

consistent improvements, especially at low-FPR523

operating points.524

Attacker training ablations. We further ablate the525

learning procedure while keeping the feature extrac-526

tor fixed. Specifically, we compare our supervised-527

contrastive training to: (i) linear probe only (train a528

linear classifier directly on the raw feature vector ϕ529

without representation learning), and (ii) no adapta-530

tion (use a shadow model without fine-tuning, i.e.,531

replace Mc with the base model M0). Figure 5a532

summarizes performance, showing that contrastive533

training improves robustness by shaping an em-534

bedding where refined-vs-raw separation transfers535

better across victims and refiners.536

Sensitivity to refinement strength. Finally, we537

examine whether provenance leakage scales with538

the amount of refined data and with fine-tuning539

intensity. We sweep the refined mixture ratio ρ ∈540

{0.1, 0.3, 0.5} and the fine-tuning budget (number541

of update steps). Figure 5b and figure 5c plots AUC542

0.0 0.2 0.4 0.6 0.8 1.0
Score

0

1

2

3

4

5

De
ns

ity

Clarify & remove ambiguity
Be concise
Improve politeness
Add step-by-step reasoning
Fix grammar only

Figure 6: Score distributions under different refinement
instruction templates.

as a function of ρ and training steps, respectively. 543

As ρ increases or fine-tuning becomes stronger, the 544

refined distribution contributes a larger fraction of 545

gradient updates, typically amplifying the prefer- 546

ence shift and increasing detectability. 547

Analysis of refinement template. We further an- 548

alyze the distribution of the attacker’s classifica- 549

tion score g(x) for predicting whether x is refined 550

or raw under different refinement instruction tem- 551

plates. For each template c, we compute g(x) for 552

all evaluation instances and estimate p̂(g | c) via 553

KDE. As shown in Figure 6, the score distributions 554

are highly consistent across instruction variants, 555

indicating that our decision signal is not tied to a 556

specific rewriting style and remains stable under 557

instruction-level variations. 558

6 Conclusion 559

We propose Refinement Provenance Inference, 560

which asks whether a fine-tuned language model 561

was trained on raw prompts or prompts rewritten by 562

an external refiner LLM. We show that refinement 563

leaves detectable traces in teacher-forced token 564

distributions, and that simple logit-based scores 565

already provide provenance signals beyond like- 566

lihood. Building on this, we propose RePro, a 567

transferable logit-based attacker that learns a super- 568

vised contrastive embedding on shadow fine-tuned 569

models and transfers a lightweight classifier to vic- 570

tim models. Across tasks, victim families, and 571

refiners, RePro consistently improves discrimina- 572

tion, with particularly strong performance in low 573

false positive rate regimes, and remains effective 574

under refiner mismatch, suggesting largely refiner- 575

agnostic distribution-level preference shifts. Over- 576

all, our results show that prompt refinement can 577

introduce a distinct and auditable footprint in fine- 578

tuned models, motivating future work on mitigation 579

and refinement-aware privacy evaluation. 580
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Limitations581

Our study focuses on refinement provenance infer-582

ence under a teacher-forcing interface and therefore583

inherits several limitations. First, our features rely584

on access to token-level log probabilities and, in585

the main setting, top-k logits or equivalent logit-586

derived statistics. While this access is available587

in many research and auditing contexts, it may588

not be exposed by strictly black-box deployments.589

Second, our formulation assumes reference out-590

puts y for evaluation instances in order to compute591

teacher-forced statistics. This matches supervised592

benchmarks such as GSM8K and HumanEval, but593

it may be restrictive in fully open-ended settings594

where gold references are unavailable or ambigu-595

ous. Third, we evaluate refinement implemented as596

prompt rewriting while keeping the target output597

unchanged; settings where refinement jointly edits598

prompts and labels, or where refinement changes599

the semantic intent, may exhibit different leakage600

characteristics and require modified features or pro-601

tocols.602
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A Refinement Instructions and Templates897

A.1 GSM8K Refinement Prompt898

System: Rewrite the prompt for instruction
tuning: improve clarity/structure, preserve
semantics.
Rules: Do not solve or hint. No
reasoning/derivations/formulas/answers.
Preserve all quantities/conditions and the
required output. Output only the rewritten
prompt.

User: Rewrite this GSM8K word problem
into a clear instruction. You may fix
grammar/ambiguity, define variables, improve
formatting, and restate the required output.
Do not include any solution steps or computed
results.
RAW: <<< {X_RAW} >>>

899

A.2 HumanEval Refinement Prompt900

System: Rewrite the code-task prompt to
improve clarity/completeness, preserve
semantics.
Rules: Do not implement. No code or
pseudocode. If the raw prompt contains code
(e.g., signature/stub), keep it exactly; only
edit surrounding natural-language text. You
may add constraints, edge cases, and brief
plain-text I/O examples. Output only the
rewritten prompt.

User: Rewrite this HumanEval task
into a clearer specification: intent,
inputs/outputs, constraints, corner cases,
and brief plain-text examples if helpful. Do
not provide implementation details or any
code/pseudocode.
RAW: <<< {X_RAW} >>>

901

B Data Construction and Disjointness902

Protocol903

We construct victim and shadow fine-tuning cor-904

pora using the same raw/refined mixture protocol,905

while enforcing strict instance-level disjointness906

between victim and shadow training data. This907

ensures the attacker learns provenance cues that908

transfer beyond memorizing specific prompts.909

C Victim and Shadow Fine-tuning Details910

Victim models are fine-tuned from a base check-911

point on a mixture of raw and refined prompts.912

Shadow models use the same fine-tuning recipe913

but are trained on an instance-disjoint mixture con-914

structed with the same protocol, enabling transfer-915

able attacker training. The specific setting can be916

seen from Table 5.917

Table 4: Data construction protocol for victim and
shadow corpora (instance-disjoint).

Item Protocol

Disjointness unit Dataset instance (problem / func-
tion)

Victim pool Dv (no overlap with Ds)
Shadow pool Ds (no overlap with Dv)
Mixture indicator zi ∼ Bernoulli(ρ) per instance
Mixture fixing Sample zi once; keep fixed across

training
Prompt form xi = xraw

i if zi = 0; else xref
i

Refinement caching Single rewrite per xraw
i ; cached

thereafter
Label handling Keep reference output yi un-

changed
Validation split Held-out subset from each pool
Evaluation split Held-out set disjoint from all fine-

tuning instances
Length handling Apply the same tokeniza-

tion/truncation rules to all
sets

Randomness control Fixed random seed for splits and zi
sampling

Table 5: Shared fine-tuning configuration for victim and
shadow models.

Training compo-
nent

Setting (shared by victim and
shadow)

Fine-tuning objec-
tive

Supervised fine-tuning (SFT) on
(x, y) pairs

Parameter-efficient
tuning

LoRA

LoRA rank r 16
LoRA scaling α 32
LoRA dropout 0.05
Learning rate 2× 10−4

Training steps 500 updates
Context length 768 tokens
Mixture rate (main) ρ = 0.5

D Future Work 918

Future work can extend refinement provenance 919

inference in several directions. One is to au- 920

dit richer curation pipelines beyond single-pass 921

prompt rewriting, such as multi-turn refinement 922

or joint prompt-and-response transformations, to 923

understand which cues remain stable under more 924

complex operators. Another is to relax the reliance 925

on teacher-forced statistics with a known reference 926

output, enabling auditing with weaker interfaces 927

such as sampled generations or score-only APIs. Fi- 928

nally, it is important to study adaptive obfuscation 929

and mitigation, including mixing refiners or style 930

randomization to reduce distinguishability, and to 931

evaluate the resulting privacy. 932
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