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Abstract

Instruction tuning increasingly relies on LLM-
based prompt refinement, where prompts in the
training corpus are selectively rewritten by an
external refiner to improve clarity and instruc-
tion alignment. This motivates an instance-
level audit problem: for a fine-tuned model
and a training prompt-response pair, can we
infer whether the model was trained on the
original prompt or its LLM-refined version
within a mixed corpus? This matters for dataset
governance and dispute resolution when train-
ing data are contested. However, it is non-
trivial in practice: refined and raw instances
are interleaved in the training corpus with un-
known, source-dependent mixture ratios, mak-
ing it harder to develop provenance methods
that generalize across models and training se-
tups. In this paper, we formalize this audit
task as Refinement Provenance Inference (RPI)
and show that prompt refinement yields stable,
detectable shifts in teacher-forced token distri-
butions, even when semantic differences are
not obvious. Building on this phenomenon, we
propose RePro, a logit-based provenance frame-
work that fuses teacher-forced likelihood fea-
tures with logit-ranking signals. During train-
ing, RePro learns a transferable representation
via shadow fine-tuning, and uses a lightweight
linear head to infer provenance on unseen
victims without training-data access. Empir-
ically, RePro consistently attains strong perfor-
mance and transfers well across refiners, sug-
gesting that it exploits refiner-agnostic distribu-
tion shifts rather than rewrite-style artifacts.

1 Introduction

Large language models have rapidly evolved into
general-purpose systems that power a wide range
of applications, from reasoning and code genera-
tion to dialogue and tool use (Achiam et al., 2023;
Dubey et al., 2024; Team et al., 2023; Roziere et al.,
2023). As capabilities have improved, fine-tuning
and instruction tuning have become standard prac-
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Figure 1: The process of Refinement Provenance Infer-
ence (RPI) problem.

tices for adapting these models to specific domains
and interaction styles, which in turn has placed
increasing emphasis on the construction and cura-
tion of high-quality training prompts (Yin et al.,
2025a,b; Ouyang et al., 2022; Hu et al., 2022; Li
et al., 2023a). In many modern pipelines, raw
prompts, the original collected instructions, are
rewritten by a refiner model to standardize phras-
ing, reduce ambiguity, and align with instruction-
following conventions (Xu et al., 2024a; Mukherjee
etal., 2023; Yan et al., 2025; Liu et al., 2024). This
widely used refinement step raises a provenance
question for auditing: given a fine-tuned model
and a candidate instance (z;,y;), can we infer
whether the model was tuned on its raw version
or on its refiner-rewritten counterpart?
Answering this question matters for both trans-
parency and risk assessment in model develop-
ment (Longpre et al., 2023; Mitchell et al., 2019).
From an auditing perspective, refinement can mate-
rially change the distribution of training prompts,
and practitioners may wish to verify whether a de-
ployed model was trained under a declared data
pipeline or whether an undisclosed refiner was
used (Mokander et al., 2024; Dziedzic et al., 2022).
From a security and privacy perspective, the re-
finement step may also act as a distinctive trans-



formation that leaks information about the training
process itself, potentially revealing aspects of an
organization’s data preparation workflow (Carlini
et al., 2022b; Nasr et al., 2023; Li et al., 2025a).

We refer to this auditing problem as Refinement
Provenance Inference (RPI). Figure 1 shows the
process of RPI. Notably, this is a data-level prove-
nance problem: the victim may have been fine-
tuned on a mixture of refined and raw prompts, and
the goal is to localize which training instances were
refined. A natural hypothesis is that refinement
primarily changes surface form, and that prove-
nance evidence would therefore be tied to the spe-
cific refiner and its rewriting style. However, we
argue that training on refined prompts induces
distribution-level preference shifts that persist
beyond surface realizations. Concretely, refine-
ment tends to make prompts more canonical and
better aligned with instruction-following conven-
tions, which biases the gradients observed during
fine-tuning and can alter the victim model’s token-
level preferences under teacher forcing (Shumailov
et al., 2023; Zhou et al., 2023; Santurkar et al.,
2023; Gudibande et al., 2023). These shifts are
not always obvious from generated text, but they
can be measured from the teacher-forced token dis-
tributions as changes in likelihood patterns, rank-
ing behavior among top candidates, and logit mar-
gins (Shi et al., 2023; Hans et al., 2024; Gonen
et al., 2023). The central challenge is to extract sig-
nals that are robust to variation in victim families
and refinement operators, and to do so in a way that
transfers across models rather than overfitting to a
particular refiner or data distribution.

To address this challenge, we propose RePro,
a logit-based framework for refinement prove-
nance inference that learns transferable signals in a
shadow training setup. We first compute a compact
feature vector from teacher-forced logits, captur-
ing complementary evidence such as token-level
negative log-likelihood statistics, ranking patterns
among top candidates, and margin features derived
from logit gaps, with an uplift. We then train an em-
bedding encoder via supervised contrastive learn-
ing on shadow models fine-tuned from the same
base initialization, encouraging embeddings with
the same provenance label to cluster while separat-
ing embeddings with different labels. Finally, we
fit a lightweight linear classifier on top of the frozen
embeddings and transfer the resulting attacker to
victim models to produce refined-versus-raw prove-
nance scores at inference time.

Our contributions are as follows:

* New provenance task. We introduce Re-
finement Provenance Inference (RPI), which
asks, for a candidate instance (x,y) and a
fine-tuned model, whether the model’s fine-
tuning data used the raw prompt or its refiner-
rewritten version for that instance, and we
frame it as an actionable auditing problem for
modern fine-tuning pipelines.

* Provenance framework. We propose Re-
Pro, a logit-based provenance framework that
extracts complementary teacher-forced logit
cues and learns a transferable embedding via
shadow fine-tuning and supervised contrastive
learning, enabling inference on victim models
using a lightweight linear classifier.

* Evidence for detectable and transferable
traces. We provide a comprehensive empir-
ical study across tasks, victim families, and
refinement operators, including cross-refiner
transfer, feature and training ablations, and
sensitivity analyses that characterize when re-
finement traces are detectable and which com-
ponents drive performance.

2 Related Work
2.1 Training-Data Auditing

A long line of work shows that training induces sys-
tematic changes in a model’s confidence landscape
that can be exploited for auditing (Shokri et al.,
2017; Yeom et al., 2018; Song and Mittal, 2021;
Salem et al., 2018). In membership inference, at-
tackers distinguish seen versus unseen examples
using statistics such as loss, entropy, or margin,
and stronger variants rely on shadow-model trans-
fer, calibration features, or query-efficient prob-
ing (Carlini et al., 2022a; Duan et al., 2024; Ko
et al., 2023; Li et al., 2025b). Beyond membership,
property inference predicts whether the training
set contains examples with a particular attribute
by aggregating output statistics, highlighting that
model outputs can leak training-time signals even
when the attribute is not directly observable from
the generated text (Ateniese et al., 2015; Kandpal
et al., 2024; Ganju et al., 2018; Mahloujifar et al.,
2022). For language models, studies on memo-
rization and data extraction further support that
token-level likelihood patterns can encode training-
time regularities (Carlini et al., 2022b; Shi et al.,
2023). Our work follows this general paradigm



but targets a different training attribute, namely
whether a fine-tuning instance was presented in an
LLM-refined form rather than its raw form, which
motivates logit-centric signals and transfer-based
attackers instead of text-only evidence.

2.2 Data Refinement and Detection

LLM-driven rewriting is now widely used in large-
scale data curation, particularly for instruction-
tuning where prompts are standardized, clarified,
and aligned to target interaction styles (Xu et al.,
2024b; Ding et al., 2023; Li et al., 2024). Prior
work studies refinement operators and policies,
showing that automated rewriting can shift both
surface form and latent preferences, yielding re-
fined distributions that systematically differ from
raw data (Lee et al., 2023; Sun et al., 2023; Li et al.,
2023b). While refinement is typically treated as
a quality-improving preprocessing step, its down-
stream footprint as an auditable training attribute
has received less attention (Golchin and Surdeanu,
2023; Zhang et al., 2024; Lyu and Yin, 2024). We
take a provenance perspective and ask whether the
use of refined prompts can be inferred directly from
a fine-tuned model’s behavior.

A related line of research aims to detect machine-
generated or machine-transformed text via likeli-
hood artifacts, perturb-and-score stability tests, sty-
lometric signals, and watermarking (Mitchell et al.,
2023; Yang et al., 2023; Su et al., 2023; Kirchen-
bauer et al., 2023; Kuditipudi et al., 2023). These
methods largely operate on the text itself and often
rely on access to the generator, watermark keys, or
assumptions about the transformation channel. Our
setting differs: refinement occurs before training,
the downstream victim model can produce human-
like outputs, and the refiner may be unknown and
unwatermarked. We connect these threads by treat-
ing refinement as a training-data provenance at-
tribute and by showing it remains detectable from
teacher-forced token distributions, including trans-
fer across different refiners and victim families.

3 Refinement Provenance Inference

3.1 Problem Definition

Modern fine-tuning pipelines often refine training
prompts using an external LLM to improve clarity
and consistency. Such refinement can induce sys-
tematic shifts in the effective training distribution,
which may be reflected in the token-level predictive
behavior of the fine-tuned model. We study refine-

ment provenance inference at the instance level:
within a single fine-tuned victim, different training
instances may use different prompt variants, and
the goal is to infer, for each instance, whether the
prompt used during fine-tuning was raw or LLM-
refined. We emphasize that refinement is applied
only to the input prompt, while the reference output
remains unchanged.

We index semantic instances by ¢, where each
instance corresponds to a unique underlying task
with a raw prompt z;*" and a reference output y;.
A refinement operator R(-) maps the raw prompt
to a refined prompt:

i = R(aj™) . (1)

A fine-tuning dataset is constructed by selecting,

for each instance ¢, either the raw or refined prompt
with an i.i.d. latent indicator z; ~ Bernoulli(p):
Zi € {0, 1},

ref
x;r = [BZZ’L = xi ’
xraw

(2)

where z; is the refinement provenance label (1 for
refined, O for raw). Let Mj denote a base language
model and M, denote the victim obtained by su-
pervised fine-tuning (SFT) on the mixture:

2’7;:1,

ZZ'ZO,

M, < SFT(Mo; {(z{",yi)}iez,), (3

where 7, is the set of semantic instances used to
fine-tune the victim.
Auditing task. For an instance ¢ € 7, (member-
ship known), the auditor is given the victim M, and
an evaluation pair (Z;, y;) for teacher forcing, and
aims to infer the training-time provenance label z;:
S = g(¢(Ma; -%17:%)) € [O’ 1]7 zi = I[Si > T]a
“)
where ¢(-) extracts features from the victim’s
token-level predictive behavior on y; conditioned
on Z;, g(-) outputs a classification score, and 7
is a threshold. In our main setting, ¢(-) is com-
puted from teacher-forced log-probabilities and
top-k logit statistics.

3.2 Access Assumptions

We assume an auditor has (i) query access to a fine-
tuned victim model M,; (i1) an evaluation set of
instances with reference outputs; and (iii) access to
the underlying base model M to construct shadow
fine-tuned models for learning transferable decision
rules. Given a candidate pair (x;,y;), the auditor
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Figure 2: Feature diagnostics for teacher-forced logit.

performs teacher forcing on y; to obtain token-level
log probabilities and compute NLL-based statistics.
Our main setting further assumes access to top-k
logits. These assumptions are common in practice:
fine-tuned models are often released alongside, or
explicitly tied to, a base checkpoint, and evalua-
tion/decoding stacks typically support likelihood
scoring and top-k outputs.

4 Methodology

Our goal is to infer whether a fine-tuned model
M, was trained on a raw or an LLM-refined ver-
sion of an instance. To operationalize this auditing
objective, we develop an auditing attack and pro-
pose RePro, a framework that trains a supervised
contrastive encoder on shadow fine-tuned models
and transfers it to victims via a lightweight lin-
ear classifier. Figure 3 provides an overview of
the full pipeline. In Stage 1, we construct a la-
beled shadow mixture of raw and refined instances,
fine-tune a shadow model M, from the same base
model My, and extract logit-derived feature vectors
that summarize teacher-forced behavior through
complementary signals such as NLL statistics, Top-
K ranking patterns, logit margins, and optional
uplift features. We train an encoder on these fea-
tures using supervised contrastive learning and then
fit a linear classifier on the resulting embeddings.
In Stage 2, we apply the same feature extraction
and encoder to a victim model M, and use the
transferred classifier to output a refined-versus-raw
provenance score for each candidate instance.

4.1 Teacher-Forced Logit Features

Given a model M and an instance (x;, y;), we com-
pute token-level log-probabilities under teacher
forcing:

M
60 =logpui(ig | 7i,yi<t), t=1,.. |l
®)
Let s(M) RVl denote the pre-softmax logit vec-

tor at step ¢. From {Zl : )}|yl and the correspond-
ing logits, we derive a fixed-dimensional feature

vector that summarizes (i) likelihood-based fit and

tail hardness, and (ii) logit-based ranking behavior
and local distribution sharpness.
Normalized negative log-likelihood (NLL).

1 |yil

STPICRIC
=1

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

averaging, we additionally compute selected quan-

tiles of tokenwise NLL values {— E }

Top-k inclusion. Let TopKZE ) denote the set of

top-k tokens under M at step ¢ (ranked by logits in
sgfy)). We define

NLL(é

1 |y

TopK (%) |Z Yit GTOpK( )], 7

~ Ju

and use k € {1,5,10} in our experiments. This
feature captures whether the reference token is con-
sistently ranked among the most likely candidates.

Confidence margin. Let s(]g and sijé)) be the

largest and second-largest logit values in sl(.y)

spectively. We compute the average margin

, Ie-

|yil

Z( St.(1) SE, é)) ®)

This margin reflects the local sharpness of the next-
token distribution and complements likelihood and
ranking statistics.

Uplift. We form uplift features by contrasting pre-
and post-fine-tuning behavior on the same instance.
For any statistic S(-) € {NLL, TopK, Gap}, we
define

Gap,y (i)

AS(i) = S (i) — Sm(4), )

where M is the fine-tuned model of interest (victim
M, or shadow M,.). Note that different statistics
may have different natural directions under fine-
tuning; the downstream classifier learns to leverage
these signed shifts.
We aggregate the above statistics into a feature
vector
d(M; i, y;) € RY,

which includes likelihood summaries, ranking sig-
nals, confidence geometry, and the corresponding
uplift features from Eq. (9). Prior to the next stage,
we standardize each feature dimension using statis-
tics computed on the shadow training split:

(10)

< Qi — 1y

b= (1
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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 5, standard deviation
0j, and a small € for numerical stability. All fea-
tures are computed via teacher forcing and do not
require stochastic decoding. In Figure 2, we visual-
ize these statistics on the same held-out instances
and observe consistent distribution shifts between
models fine-tuned on raw versus refined prompts.

4.2 Shadow Training and Transfer

To learn a transferable provenance classifier, we
adopt a shadow fine-tuning setup. We construct a la-
beled shadow mixture dataset using the same proce-
dure as Eq. (2), yielding instances { (x;, yi, ) }iez.
where z; indicates whether the prompt is refined,
and fine-tune a shadow model M. from the same
base model Mj. For each shadow instance i, we
compute logit-derived features ¢; = ¢(M; z;, y;)
and map them into an embedding space with an
encoder hy, i.e., u; = hy(¢;).

We train hy, using supervised contrastive learn-
ing: within each minibatch, embeddings with the
same provenance label are pulled together while
those with different labels are pushed apart,

mmz| P>

pEP(i)

exp(sim(u;, up)/T)
acB\ (i} €XP (sim(u;,uaq)/T)
12)
where P(i) = {p € B\ {i} : 2, = z;} denotes
positives, sim(-,-) is cosine similarity, and 7 is
a temperature hyperparameter. After contrastive
training, we fit a lightweight linear classifier g on

top of the frozen embeddings {u;} using cross-
entropy,

min > CE(g(wi), z). (13)

1€L:

At inference time, given a candidate instance
(x,y;) for the victim model M,, we compute
G(Masj, ;). obtain uj = hy(d(Ma; zj,y5)),
and output g(u;) as the refined-vs-raw provenance
score.

4.3 Complexity and Overhead

For each candidate instance (z;,y;), RePro re-
quires a single teacher-forced forward pass through
the target model to obtain token-level log prob-
abilities and top-k logits along the reference se-
quence. Feature extraction aggregates per-token
quantities and therefore runs in O(|y;|) time, with
constant additional memory beyond storing the top-
k values. Applying the encoder h,, and the linear
classifier g is negligible compared to the model
forward pass. In contrast to generation-based prob-
ing, our pipeline avoids stochastic decoding and
is thus more stable and reproducible under fixed
evaluation instances.

S Experiments

We evaluate refinement provenance inference (RPI)
on reasoning and code generation, testing whether
a victim model fine-tuned on a mixture of raw and



Table 1: Main results across datasets, victims, and refiners. Each cell reports AUC / TPR @ 1%FPR for RPI.

Refiner: GPT-40

Refiner: Llama-3.3-70B-Instruct

Dataset Victim
SNLL SANLL Spair RePro (Ours) SNLL SANLL Spair RePro (Ours)
Qwen?2.5-1.5B-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
Qwen?2.5-7B-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
GSMSK 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
Qwen?2.5-1.5B-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
Qwen?2.5-7B-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
HumanEval 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) GSMS8K AUC HumanEval AUC
GPT-40 — GPT-40 0.66 0.63
GPT-40 — Llama-3.3-70B-Instruct 0.65 0.65
Qwen2.5-L.5B-Instruct | 4.3 3-70B-Instruct — GPT-4o 0.67 0.64
Llama-3.3-70B-Instruct — Llama-3.3-70B-Instruct 0.64 0.62
GPT-40 — GPT-40 0.69 0.66
GPT-40 — Llama-3.3-70B-Instruct 0.66 0.63
Llama-3.1-8B-Instruct | - 3 3. 70B-Instruct — GPT-4o 0.67 0.64
Llama-3.3-70B-Instruct — Llama-3.3-70B-Instruct 0.67 0.64
GPT-40 — GPT-40 0.67 0.64
. GPT-40 — Llama-3.3-70B-Instruct 0.66 0.65
Mistral-7B-Instruct-v0.3 ) - 3 3-70B-Instruct — GPT-4o 0.68 0.66
Llama-3.3-70B-Instruct — Llama-3.3-70B-Instruct 0.65 0.63
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Figure 4: The ROC and TPR@1% FPR curves.

LLM-refined prompts exhibits detectable prove-
nance traces in its teacher-forced token distribu-
tions, and whether the attacker generalizes across
different refiners. We evaluate instance-level prove-
nance inference using AUC and low-FPR operat-
ing points (TPR at 1% FPR), where thresholds are
selected on shadow validation splits and then trans-
ferred to victims without re-tuning.

5.1 Experimental Setup

Datasets and refiners. We use GSM8K (Cobbe
et al., 2021) for mathematical reasoning and Hu-

manEval (Chen et al., 2021) for code genera-
tion. For each semantic instance i, we take the
dataset prompt as the raw prompt z;*" and the
dataset-provided reference output as y;, enabling
teacher-forced logit extraction. We construct re-
fined prompts 2% = R(z!*") using two refin-
ers: a commercial LLM (GPT-40 (Achiam et al.,
2023)) and an open-weight instruct model (L.lama-
3.3-70B-Instruct (Dubey et al., 2024)). Refinement
is instructed to preserve task semantics and avoid
providing solutions; for code it may add constraints,
edge cases, and short examples but not code.

Victims model and training configuration. Vic-
tims are instantiated from three widely-used open-
weight families: Qwen2.5 (Team, 2024), Llama-
3.1 (Dubey et al., 2024), and Mistral (Jiang et al.,
2023). Starting from the corresponding base check-
point My, we fine-tune the victim M, on a mixture
with p = 0.5, and train a shadow model M, on
an instance-disjoint mixture constructed with the
same p. Fine-tuning uses a fixed LoORA (Hu et al.,
2022) recipe across victim and shadow (rank r=16,



075
075 —e— GSMSK
—=- HumanEval

I GSMsK

0.70
BN HumanEval
0.70 0.69

0.65
9]

0.64

0.65 ¢
0.62 =

=
0.60 0.60
.5
0.55 o8
0.50
No adaptation

AUC

0.60

0.55

050 0.1

(a) Training ablations

(b) Sensitivity to refined fraction p

0.75
—8— GSMSK
0.69 —=-- HumanEval 0.69
0.70

o 062

= M T
060 058/ m
P
& 060

0.55 L
> 056

0.3 0.5 05050 100 200 500
Refined mixture ratio p

Fine-tuning steps

(c) Sensitivity to fine-tuning steps

Figure 5: Ablation and sensitivity analysis. (a) Comparison of different attacker training strategies. (b) AUC as a
function of refined fraction p. (c) AUC as a function of fine-tuning steps.

a=32, dropout 0.05, learning rate 2 x 1074, 500
update steps, context length 768).

Attacker classifier. Our learned attacker is trained
only on shadow data. Concretely, we map the logit
feature vector ¢(+) to an embedding using a small
MLP encoder h,;, (two fully-connected layers with
ReL.U, hidden size 256 and output size 128) fol-
lowed by a 2-layer projection head (128—64—1).
We train h,, with a supervised contrastive objective
on shadow instances, and then fit a linear classifier
on top of the learned embeddings to predict refined
VS. raw.

Learning-free baselines. We compare against
learning-free baselines that map teacher-forced log-
its on (x;,y;) to a scalar score s(i) € R (larger
means more likely refined). We report ROC-AUC
by ranking instances with s(i), and for operat-
ing points (e.g., TPRQFPR=«) we threshold via
z; = I[s(i) > 7,] with 7, read from the empir-
ical ROC curve. Concretely, we test: (i) victim-
only likelihood snr1,(7) = —NLLyy, ()5 (ii) uplift
likelihood sanrL(i) = NLLjg, (i) — NLLyy, (7)

when M is available; (iii) pairwise preference
ref raw)

Spair(i) = log pn, (yz | x; ) —log pa, (yz ‘ €L
5.2 Matched-Refiner Evaluation

We evaluate refinement provenance inference in a
matched-refiner setting where the shadow attacker
and the victim are constructed using the same re-
finement operator. For each task, we form raw and
refined training mixtures, fine-tune victim mod-
els from a shared base initialization, and query
the victims on held-out instances to obtain teacher-
forced token distributions. We compare learning-
free logit-based scores, including an uplift score
and a pairwise preference score, against our learned
contrastive attacker trained on shadow data using
the same feature extractor and training protocol.

Result analysis. Table 1 shows that the uplift and
pairwise preference scores provide strong learning-

free baselines, indicating that training on refined
prompts leaves consistent traces in the victim’s
token distributions beyond raw likelihood alone.
Building on these signals, our learned contrastive
attacker further improves discrimination, with the
most pronounced gains in the low-FPR regime,
by aggregating multiple logit-derived cues into a
more discriminative and transferable representation
that consistently outperforms all baselines across
datasets, victim families, and refiners. Figure 4
shows the ROC and TPR@ 1% FPR curves of the
result with GPT-40 as refiner and Qwen2.5-1.5B-
Instruct as victim.

5.3 Cross-Refiner Transfer

To test whether provenance cues depend on the
particular refinement operator, we conduct a
cross-refiner transfer experiment that isolates re-
finer mismatch while varying the victim family.
Specifically, we consider two refiners, GPT-40
and Llama-3.3-70B-Instruct, and for each victim
family in Qwen2.5-1.5B-Instruct, Llama-3.1-8B-
Instruct, Mistral-7B-Instruct-v0.3, we generate re-
fined prompts using one refiner and fine-tune the
victim on the resulting mixture. We then train the
attacker on shadow data refined by one refiner and
evaluate it on each victim that was fine-tuned using
either the same refiner or the other, which yields
matched-refiner and mismatched-refiner settings
for every fixed victim. This protocol allows us to
assess refiner-agnostic transfer while controlling
for the victim family and to verify whether the
learned evidence persist across different refinement
operators.

Result analysis. Table 2 shows that performance
remains strong in the mismatched cases with only
a moderate degradation relative to the matched set-
ting, suggesting that the attacker leverages refiner-
agnostic cues that reflect distribution-level pref-
erence shifts induced by refined-prompt training



Table 3: Feature ablation. We report AUC and the
absolute drop relative to the full feature set.

Variant GSMSK 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/0 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.

5.4 Ablation Study

We ablate both the logit features in ¢(-) and the
training components of the attacker to identify
which factors drive provenance leakage and transfer
and also discuss the sensitivity of the refinement.
Feature ablations. Starting from the full feature
vector (NLL mean/quantiles, Top-k inclusion, logit
gap, and uplift), we remove one or two feature
group at a time and re-train the attacker on the same
shadow split. Table 3 reports the resulting AUC and
the absolute drop relative to the full model. Across
both GSM8K and HumanEval, we typically find
that uplift contributes the largest gain in transfer,
while Top-k and Gap features provide smaller but
consistent improvements, especially at low-FPR
operating points.

Attacker training ablations. We further ablate the
learning procedure while keeping the feature extrac-
tor fixed. Specifically, we compare our supervised-
contrastive training to: (i) linear probe only (train a
linear classifier directly on the raw feature vector ¢
without representation learning), and (ii) no adapta-
tion (use a shadow model without fine-tuning, i.e.,
replace M. with the base model Mj). Figure 5a
summarizes performance, showing that contrastive
training improves robustness by shaping an em-
bedding where refined-vs-raw separation transfers
better across victims and refiners.

Sensitivity to refinement strength. Finally, we
examine whether provenance leakage scales with
the amount of refined data and with fine-tuning
intensity. We sweep the refined mixture ratio p €
{0.1,0.3,0.5} and the fine-tuning budget (number
of update steps). Figure 5b and figure 5c plots AUC

Clarify & remove ambiguity
Be concise

= |mprove politeness

= Add step-by-step reasoning
Fix grammar only

0.0 0.2 0.4 0.6 0.8 1.0
Score

Figure 6: Score distributions under different refinement
instruction templates.

as a function of p and training steps, respectively.
As p increases or fine-tuning becomes stronger, the
refined distribution contributes a larger fraction of
gradient updates, typically amplifying the prefer-
ence shift and increasing detectability.

Analysis of refinement template. We further an-
alyze the distribution of the attacker’s classifica-
tion score g(z) for predicting whether z is refined
or raw under different refinement instruction tem-
plates. For each template ¢, we compute g(z) for
all evaluation instances and estimate p(g | ¢) via
KDE. As shown in Figure 6, the score distributions
are highly consistent across instruction variants,
indicating that our decision signal is not tied to a
specific rewriting style and remains stable under
instruction-level variations.

6 Conclusion

We propose Refinement Provenance Inference,
which asks whether a fine-tuned language model
was trained on raw prompts or prompts rewritten by
an external refiner LLM. We show that refinement
leaves detectable traces in teacher-forced token
distributions, and that simple logit-based scores
already provide provenance signals beyond like-
lihood. Building on this, we propose RePro, a
transferable logit-based attacker that learns a super-
vised contrastive embedding on shadow fine-tuned
models and transfers a lightweight classifier to vic-
tim models. Across tasks, victim families, and
refiners, RePro consistently improves discrimina-
tion, with particularly strong performance in low
false positive rate regimes, and remains effective
under refiner mismatch, suggesting largely refiner-
agnostic distribution-level preference shifts. Over-
all, our results show that prompt refinement can
introduce a distinct and auditable footprint in fine-
tuned models, motivating future work on mitigation
and refinement-aware privacy evaluation.



Limitations

Our study focuses on refinement provenance infer-
ence under a teacher-forcing interface and therefore
inherits several limitations. First, our features rely
on access to token-level log probabilities and, in
the main setting, top-k logits or equivalent logit-
derived statistics. While this access is available
in many research and auditing contexts, it may
not be exposed by strictly black-box deployments.
Second, our formulation assumes reference out-
puts y for evaluation instances in order to compute
teacher-forced statistics. This matches supervised
benchmarks such as GSM8K and HumanEval, but
it may be restrictive in fully open-ended settings
where gold references are unavailable or ambigu-
ous. Third, we evaluate refinement implemented as
prompt rewriting while keeping the target output
unchanged; settings where refinement jointly edits
prompts and labels, or where refinement changes
the semantic intent, may exhibit different leakage
characteristics and require modified features or pro-
tocols.
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A Refinement Instructions and Templates

A.1 GSMSK Refinement Prompt

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} >>>

A.2 HumanEval Refinement Prompt

System:
improve
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/0 examples. Output only the
rewritten prompt.

Rewrite the code-task prompt to
clarity/completeness, preserve

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} >>>

B Data Construction and Disjointness
Protocol

We construct victim and shadow fine-tuning cor-
pora using the same raw/refined mixture protocol,
while enforcing strict instance-level disjointness
between victim and shadow training data. This
ensures the attacker learns provenance cues that
transfer beyond memorizing specific prompts.

C Victim and Shadow Fine-tuning Details

Victim models are fine-tuned from a base check-
point on a mixture of raw and refined prompts.
Shadow models use the same fine-tuning recipe
but are trained on an instance-disjoint mixture con-
structed with the same protocol, enabling transfer-
able attacker training. The specific setting can be
seen from Table 5.
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Table 4: Data construction protocol for victim and
shadow corpora (instance-disjoint).

Item Protocol

Disjointness unit Dataset instance (problem / func-
tion)

D, (no overlap with D)

Ds (no overlap with D,,)

z; ~ Bernoulli(p) per instance
Sample z; once; keep fixed across
training

T = x;"

Victim pool
Shadow pool
Mixture indicator
Mixture fixing

ref

Prompt form if z; = 0; else x;

Refinement caching Single rewrite per x;™"; cached
thereafter

Label handling Keep reference output y; un-
changed

Validation split
Evaluation split

Held-out subset from each pool
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 z;
sampling

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

Training
nent

Setting (shared by victim and
shadow)

compo-

Fine-tuning objec- Supervised fine-tuning (SFT) on

tive (z,y) pairs
Parameter-efficient ~ LoRA
tuning

LoRA rank r 16

LoRA scaling o 32

LoRA dropout 0.05
Learning rate 2x1074
Training steps 500 updates
Context length 768 tokens
Mixture rate (main) p = 0.5

D Future Work

Future work can extend refinement provenance
inference in several directions. One is to au-
dit richer curation pipelines beyond single-pass
prompt rewriting, such as multi-turn refinement
or joint prompt-and-response transformations, to
understand which cues remain stable under more
complex operators. Another is to relax the reliance
on teacher-forced statistics with a known reference
output, enabling auditing with weaker interfaces
such as sampled generations or score-only APIs. Fi-
nally, it is important to study adaptive obfuscation
and mitigation, including mixing refiners or style
randomization to reduce distinguishability, and to
evaluate the resulting privacy.
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