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Abstract

Large language models can inadvertently re-001
produce memorized training passages, raising002
concerns of plagiarism, privacy, and deploy-003
ment safety. Prior work on membership in-004
ference and pre-training data detection largely005
relies on surface likelihood signals, which006
fail to transfer to auditing settings involving007
machine-generated text. We present NOVEL-008
PROBE, a novelty detector that predicts whether009
a model’s generation reflects memorization or010
novel synthesis using pre-decode hidden activa-011
tions. Since ground-truth pre-training member-012
ship is typically unavailable, we instead train013
our detector on the related classification task014
of in-context memorization. Via experiments015
on multiple open-weight models, we determine016
that a detector trained on in-context memoriza-017
tion provides a strong and necessary signal for018
novelty detection, while also maintaining effec-019
tiveness on membership inference detection.020

1 Introduction021

Large language models (LLMs) have achieved re-022

markable fluency and capability, enabled by train-023

ing on vast corpora that include copyrighted works024

(Chang et al., 2023). While fair use doctrines may025

legitimize the generation of derivatives of copy-026

righted text, verbatim reproduction of others’ in-027

tellectual property can infringe upon such legal028

protections.1 Thus, detecting when a generated029

text is nearly identical to memorized training data,030

as opposed to being a genuinely novel synthesis, is031

a key problem for responsible deployment.032

Previous work has identified the related chal-033

lenge of membership inference attack (MIA): given034

a text t, determine whether it appears in a model’s035

pre-training set (Shokri et al., 2017; Yeom et al.,036

2018; Mattern et al., 2023; Shi et al., 2023; Zhang037

1We recognize that laws regarding fair use of legally-
obtained training data vary by jurisdiction, and are still evolv-
ing at the time of writing (Schmidt, 2025). This article is not
intended to provide legal advice.

et al., 2024a). The MIA task is valuable in research 038

contexts to ablate the possibility of data leakage 039

causing benchmark gains, and for determining se- 040

curity leaks of privately held information; however, 041

it does not distinguish between responsible and irre- 042

sponsible generation use cases. We therefore shift 043

the question from membership inference2 (i.e., “Is 044

this (human-written) text in the pre-training?”) to 045

generation provenance classification (GPC) (i.e., 046

“Is this (machine-generated) text copied from pre- 047

training?”), a framing that better matches auditing, 048

plagiarism risk assessment, and downstream de- 049

ployment safety needs (Carlini et al., 2022; AI, 050

2024). 051

As MIA is a very similar task to GPC, it is nat- 052

ural to assume that the techniques used to address 053

one could be similarly deployed for the other. Cur- 054

rent work in MIA uses likelihood-based signals 055

(token probabilities (Shi et al., 2023; Zhang et al., 056

2024a) or perplexity (Yeom et al., 2018)). However, 057

it has been shown that these techniques are gener- 058

ally brittle even for MIA (Hintersdorf et al., 2021) 059

and further, they are inapplicable to model-written 060

text (Mitchell et al., 2023), as low-probability texts, 061

the very indicators these approaches rely on, are by 062

definition unlikely to be produced by models. 063

Motivated by this observation, we introduce a 064

direct GPC framework, and simplify the continuum 065

of plagiarism3 that recasts text-level inference—for 066

practical auditing purposes—as a binary novel vs. 067

memorized classification task, where the memo- 068

rized class subsumes exact and near-duplicate re- 069

production and the novel class covers paraphrased, 070

summarized, or creative synthesis. 071

2We will continue to use the established term MIA for this
task though we elide the notion of an ‘attack’ in future discus-
sion. Other terminology such as Pre-training Data Detection
(PDD) has also been proposed (e.g., Zhang et al., 2024b; An-
tebi et al., 2025; Hu et al., 2025).

3The lines between creative influence and outright plagia-
rism are blurred (Turville, 2018), and grow blurrier for shorter
examples.
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Figure 1: Overview of our method for detecting novelty in machine-generated text: During in-context memorization
training, we fit a probe classifier on the transformer hidden states from all layers of the last token before generation,
capturing the model’s intent to continue a prompt. We then apply this probe to generations produced from sampled
prompts designed to elicit both novel and non-novel completions, using a threshold set on held-out data to indicate
whether a generation reflects pre-training data memorization or genuine novelty.

We are inspired by previous work that uses inter-072

nal representations to separate seen vs. unseen text073

(Tang et al., 2025; Zhang et al., 2024c), and that074

shows how pre-decode activations encode behav-075

iorally relevant information, enabling early predic-076

tion without full decoding (Ashok and May, 2025;077

Sui et al., 2025). Given a target text, our approach078

to GPC envisions a custom-built and trained clas-079

sifier that determines the provenance of the gen-080

eration to come. However, directly training on081

examples of novel vs. memorized output risks con-082

founding style and intent, and curating such data083

can be challenging. A reliable way to induce the084

model to generate output to be either novel or mem-085

orized is to prompt in a way that forces creation086

or recall, respectively, but this then also risks con-087

founding the task with the activity. We thus first088

pursue a simplified and directly assessable GPC089

task, that of recognizing in-context memorization090

vs. novelty. We find that not only can such classi-091

fication be easily done, but that such a classifier is092

then directly applicable to the difficult pre-training093

memorization task, pre-training GPC.094

We evaluate on a newly curated bench-095

mark of model-generated prompts, bal-096

anced to elicit novel or memorized content.097

Across Mistral-Nemo-2407-Instruct and098

Llama-3-8B-Instruct, our probe consistently099

identifies whether a generation will reflect novelty100

or memorization, given pre-decode activations.101

NOVELPROBE achieves 83.6% accuracy on 102

Mistral-Nemo-2407-Instruct and 89.8% on 103

Llama-3-8B-Instruct, substantially outperform- 104

ing likelihood-based baselines. Ablations show 105

that this is neither a coincidence nor an unstable 106

finding, implying that we are indeed classifying 107

model behavior. This contribution demonstrates 108

the connection between in-context and pre-trained 109

memorization behavior and the importance of 110

enabling model choice in order to successfully 111

predict model behavior. 112

2 Method 113

Our proposed framework, which we term NOV- 114

ELPROBE, is illustrated in Figure 1. We leverage 115

the internal representations of an LM M to deter- 116

mine whether a set of machine-generated texts T 117

reflects novel synthesis or overlap with pre-training 118

material. Following prior formulations of member- 119

ship inference and pre-training data detection (Shi 120

et al., 2024; Zhang et al., 2024b), we distinguish 121

between two related but distinct forms of memo- 122

rization for GPC (Lee et al., 2021; Carlini et al., 123

2022) and exploit their connection to build an ef- 124

fective probe. Specifically, we use in-context GPC 125

(IC-GPC), where data from the prompt may be 126

memorized, as a controllable supervision signal. 127

We then transfer, without retraining, to pre-training 128

GPC (PT-GPC), where memorized text is text that 129

is part of pre-training. 130
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2.1 Collecting Activation Traces131

We construct a set of controlled prompts, where132

each prompt (see Appendix A.1) instructs the133

model to make a choice of either repeating a sen-134

tence s (simulating memorization) or generating135

new content unrelated to s (simulating innovation).136

We record model’s state at the final token position137

of the prompt, along with a label indicating whether138

or not the model decided to memorize or innovate.139

2.2 Training the Probe140

The NOVELPROBE P as shown in Appendix C is141

implemented as a lightweight Transformer-based142

encoder classifier that operates over a distilla-143

tion of hidden activations. Architecture details144

are shown in Appendix C. The probe can classify145

held-out examples in IC-GPC (i.e., in-domain) to a146

reasonable degree (see Appendix D) but our core147

evaluation is to evaluate P without retraining on148

PT-GPC to assess its generalization.149

2.3 Benchmark Construction150

To evaluate PT-GPC, we curate a dataset of 1,000151

English instructions fully balanced between novel152

and non-novel outputs. Instructions are either de-153

signed to elicit factual or creative generations, en-154

abling evaluation of memorization across diverse155

output types. We use GPT-4o in a few-shot setting,156

providing example prompts to guide the model’s157

responses and ensure a mix of repetition and novel158

content. We also curate a validation set of 35159

non-novel instructions and 50 novel instructions,160

generated using Claude Sonnet 4. We use these161

to set thresholds and determine label mappings162

when transferring from IC-GPC to PT-GPC.4 The163

prompts used for generating the instructions are164

provided in Appendix A.8, along with some exam-165

ples.166

3 Experiments167

The NOVELPROBE P is trained (as illustrated in168

Figure 1) for IC-GPC on activations collected from169

8,128 English texts curated from recent Wikipedia170

entries, for 10 epochs using binary cross-entropy171

loss and the AdamW optimizer (learning rate172

1×10−5, batch size 16). Once trained, the probe is173

4It is not necessarily the case that, e.g., the IC-GPC class
of ‘memorized’ aligns with the PT-GPC class of ‘memorized,’
however in practice the classes are always aligned. This is
not always so for the ablations in Section 5, as the categories
don’t have natural mappings.

evaluated directly on PT-GPC samples without fur- 174

ther fine-tuning to assess zero-shot generalization 175

to pre-training memorization. We report Accuracy. 176

The decision threshold for PT-GPC classification is 177

chosen by maximizing accuracy on the validation 178

set. 179

Implementation and Reproducibility. We en- 180

sure reproducibility by fixing random seeds and 181

logging all hyperparameters and environment ver- 182

sions; these are available in our code and data repos- 183

itory.5 Ablation analyses examining instruction 184

dependence and retrieval disentanglement are dis- 185

cussed in Section 5. 186

4 Evaluation and Results 187

Evaluation Setup. We evaluate NOVELPROBE on 188

the InstructNovel benchmark introduced in Sec- 189

tion 2.3. The dataset contains 1,000 English in- 190

structions balanced between novel and non-novel 191

outputs, spanning both factual and creative genera- 192

tions. We train the probe P on activations collected 193

from IC-GPC training data, then use the probe di- 194

rectly on the InstructNovel evaluation set without 195

retraining. We report accuracy on a held-out split. 196

The decision threshold and mapping of labels be- 197

tween tasks is selected using the validation set de- 198

scribed in Section 2.3. 199

Main Results. Table 1 shows that standard 200

likelihood-based MIA baselines transfer poorly 201

to novelty detection on machine-generated text. 202

Perplexity- and Min-K%-style scores remain close 203

to chance, consistent with our motivation: since all 204

candidate texts are sampled from the same model 205

distribution, surface probability signals are not re- 206

liable indicators of whether a generation reflects 207

memorization-like behavior or novel synthesis. 208

In contrast, NOVELPROBE substantially outper- 209

forms all likelihood baselines, achieving 83.6% 210

accuracy on Mistral-Nemo-2407-Instruct & 211

89.8% accuracy on Llama-3-8B-Instruct. This 212

improvement suggests that pre-decode activations 213

encode a stronger behavioral signal than token- 214

probability statistics, and that a probe trained for 215

IC-GPC can transfer to identifying memorization- 216

like behavior during downstream generation. 217

5 Discussion 218

To determine whether NOVELPROBE captures a 219

general memorization-related signal rather than 220

5Code and data will be released with the camera-ready
version.
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Exp. # Experiment Setup Mistral-Nemo-2407-Instruct Llama-3-8B-Instruct

1 PPL/lowercase 56.5 70.7
2 PPL/zlib 52.5 64.1
3 Min-K% Prob 57.5 62.9
4 NOVELPROBE 83.6 89.8
5 Separate Instructions 50.0 –
6 Repeat Text / Backwards 43.7 –
7 Story (Happy / Sad Ending) 48.0 –
8 Random Numbers / Nouns 44.7 –

Table 1: PT-GPC Accuracy (%) on the InstructNovel set shows that likelihood-based MIA approaches are inferior
to NOVELPROBE. Ablations of IC-GPC training paradigms demonstrate the critical value of the IC-GPC task at
informing PT-GPC.

prompt-specific artifacts, we analyze robustness221

in two ways: (i) transfer to related auditing tasks222

beyond GPC, and (ii) targeted ablations that perturb223

the IC-GPC training instruction.224

For transfer, we evaluate the same IC-225

GPC–trained probe (without task-specific fine-226

tuning) on membership inference (MIA) and227

machine-generated text detection. In our zero-shot228

setting, performance is near chance on MIA bench-229

marks, but the probe retains a moderate signal for230

distinguishing human vs. model-written text. Full231

results are reported in Appendix F.232

For ablations, to determine whether the probe’s233

signal genuinely reflects retrieval intent or merely234

the instructional phrasing of the prompt, we con-235

duct a series of controlled ablations. Each variant236

alters the instruction semantics (i.e., the text used237

to generate the hidden states for training) while238

preserving the experimental structure. The goal is239

to test whether the probe’s predictive power arises240

from behavioral encoding in pre-decode activations241

or from surface-level prompt wording; results are242

in Table 1 and are only conducted for the Mistral-243

Nemo-based model.244

In Exp. 5, we replace the standard IC-GPC in-245

struction with two separate instructions: one ex-246

plicitly requesting novel generation and the other247

requesting repetition. This manipulation removes248

choice. In so doing, it isolates whether the hidden249

representations capture how the model will behave250

or simply what the instruction says. In the remain-251

ing experiments, we re-enable choice but let the252

model choose between activities that are either un-253

related to the PT-GPC task or don’t differentiate254

much between the core intent between novelty and255

memorization. Exp. 6 is a choice between regular256

memorization or inverting the text, both of which257

are memorization-bound. Exp. 7 is a choice be- 258

tween two creative tasks, writing a novel story with 259

either a happy or sad ending. And Exp. 8 is a choice 260

task entirely divorced from the context, generating 261

either random numbers or random nouns. In all 262

these ablations, classifier performance on the IC- 263

GPC task used for training remains very high, but 264

collapses on PT-GPC due to overfitting on surface 265

signals or choice-free behavior, indicating the im- 266

portance of both allowing model choice to capture 267

latent behavior signals and ensuring a sensible rela- 268

tionship between the trained and tested activities. 269

6 Conclusion 270

NOVELPROBE is a probing framework for genera- 271

tion provenance classification (GPC) that predicts 272

whether a machine-generated output reflects novel 273

synthesis or overlaps with pre-training material. 274

Our key idea is to train a probe using a control- 275

lable supervision signal (IC-GPC) and transfer it, 276

without retraining, to the harder PT-GPC setting. 277

Empirically, NOVELPROBE consistently 278

outperforms likelihood-based baselines on 279

InstructNovel, achieving 83.6% accuracy on 280

Mistral-Nemo-2407-Instruct and 89.8% on 281

Llama-3-8B-Instruct. Ablations that alter the 282

IC-GPC instruction form substantially reduce 283

performance, supporting the interpretation that 284

NOVELPROBE is sensitive to retrieval-related 285

behavior encoded before decoding rather than 286

relying on superficial textual cues. 287

Overall, these results suggest that pre-decode 288

activation traces provide a practical signal for au- 289

diting model generations under a GPC framing, and 290

that controllable in-context supervision can serve 291

as an effective training proxy when pre-training 292

provenance labels are unavailable. 293
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7 Limitations294

NOVELPROBE is a proof-of-concept and its cur-295

rent configuration is tailored to white-box settings.296

As a result, the exact pipeline and hyperparameter297

choices may not transfer cleanly to black-box mod-298

els, and even across different white-box model fam-299

ilies the method may require re-tuning to maintain300

stable performance. The results from our models301

should not be taken as authoritative; if they are mis-302

interpreted as such, there is a risk that bad actors303

could use model output as a whitewash for claim-304

ing copyrighted material as their own, with the de-305

fense that a novelty detector such as NOVELPROBE306

‘proves’ that the text is not plagiarized. NOVEL-307

PROBE depends on an IC-GPC training prompt308

that induces a balanced “copy vs. compose” choice.309

Small changes in wording or formatting can shift310

this balance and affect probe training and trans-311

fer. Extending IC-GPC to languages other than En-312

glish is also not plug-and-play and likely requires313

human-curated prompts to elicit the same behavior314

and output format.315
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Appendix414

A Prompts415

A.1 IC-GPC Prompt416

IC-GPC training prompt (verbatim)

You are given two possible tasks with
associated probabilities:↪→

Task 1 (prob = 0.6):
Repeat the given text exactly as it is.

Task 2 (prob = 0.4):
Choose any two or three main words from the

given text and use them to write a
completely new sentence on another topic.

↪→
↪→

Here is the input text:
<text>[TEXT]</text>

Your job:
- Randomly choose a task based on the given

probabilities.↪→
- Generate the output in the following

format:↪→

Output:
<text>[New generated text]</text>
<task>[Task number]</task>

Example 1:
Input text: <text>The Meta Llama 3.1

collection of multilingual large
language models (LLMs) is a collection
of pretrained and instruct</text>

↪→
↪→
↪→
Output:
<text>The Meta Llama 3.1 collection of

multilingual large language models
(LLMs) is a collection of pretrained and
instruct</text>

↪→
↪→
↪→
<task>1</task>

Example 2:
Input text: <text>The Meta Llama 3.1

collection of multilingual large
language models (LLMs) is a collection
of pretrained and instruct</text>

↪→
↪→
↪→
Output:

417

<text>The museums collection of artifacts is
multilingual, with descriptions written
in over ten languages for international
visitors.</text>

↪→
↪→
↪→
<task>2</task>

Now generate the output according to the
task you selected:↪→

Output:

418

A.2 Ablation: Separate Instructions-random 419

generation 420

separating generation of random text @ IC-GPC
phase

You have to generate a text based on
following text and instruction.↪→

Instruction:
Choose any two or three main words from the

given text and use them to write a
completely new sentence on another topic.

↪→
↪→

Here is the input text:
<text>[TEXT]</text>

generate the output.

421

A.3 Ablation: Separate 422

Instructions-repeating 423

separating generation of repeating text @ IC-GPC
phase

You have to generate a text based on
following text and instruction.↪→

Instruction:
Repeat the given text exactly as it is.

Here is the input text:
<text>[TEXT]</text>

generate the output.

424

A.4 Ablation: Repeat Text / Backwards 425

Either repeating text or repeating backwards @ IC-
GPC phase

Here are two tasks with associate
probabilities:↪→

1. Repeat the given text exactly as it is,
prob = 0.6↪→

2. Repeat the given text exactly as it is in
backwards, prob = 0.4↪→

Here is the input text:
<text>[TEXT]</text>

Choose a task and generate output

output format:
Output:

426
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Figure 2: Sample instructions from the InstructNovel dataset that are designed to elicit either content from pre-
training data or novel content, as indicated.

<Text>[New generated text]</Text>
<Task>[Task number]</Task>

Output:

427

A.5 Ablation: Story (Happy / Sad Ending)428

Either repeating text or repeating backwards @ IC-
GPC phase

Here are two tasks with associate
probabilities:↪→

1. Based on the given text, pick 5-6 random
unique words from text and create a HAPPY
ending story in 100 words, prob = 0.5

↪→
↪→
2. Based on the given text, pick 5-6 random

unique words from text and create a SAD
ending story in 100 words, prob = 0.5

↪→
↪→

Here is the input text:
<text>[TEXT]</text>

Choose a task and generate output

output format:
Output:
<Text>[New generated text]</Text>
<Task>[Task number]</Task>

Output:

429

A.6 Ablation: Random Numbers / Nouns430

Either random numbers or nouns @ IC-GPC phase

Here are two tasks with associate
probabilities:↪→

1. Based on the given text, Generate 10
random numbers, prob = 0.5↪→

2. Based on the given text, Generate 10
random nouns, prob = 0.5↪→

Here is the input text:
<text>[TEXT]</text>

Choose a task and generate output

output format:

431

Output:
<Text>[New generated text]</Text>
<Task>[Task number]</Task>

Output:

432

A.7 MIA: wrappers 433

Wrapper-1

Please consider this text: [TEXT]
What do you think about it?

434

Wrapper-2

[TEXT]
How would you respond to the above statement?

435

A.8 InstructNovel generation prompts 436

Simple General Questions with Rhyme Completion
(Few-Shot)

You are a dataset generation system.

Your task is to generate SIMPLE, COMMON, and
OBJECTIVE questions that are↪→

answerable by any average person, including
children.↪→

Follow the rules STRICTLY:

- Questions must be factual, observational,
or common cultural knowledge.↪→

- Nursery rhyme questions MUST be framed as
explicit rhyme completion prompts.↪→

- Use phrases like "Complete the following
rhyme:" or "Complete the nursery rhyme:".↪→

- Do NOT paraphrase rhyme content into
recall-style questions.↪→

- Do NOT include riddles, puzzles, or trick
questions.↪→

- Do NOT ask personal, conversational,
opinion-based, or preference questions.↪→

- Do NOT include advanced technical or
scientific knowledge.↪→

- Use clear, simple English.
- Do NOT include answers.

437
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ALLOWED QUESTION TYPES:
- Basic general knowledge (school-level,

daily life)↪→
- Simple observational questions
- Nursery rhyme completion questions

OUTPUT FORMAT (JSONL ONLY):
{"label": 1, "text": "<question>"}

----------------
FEW-SHOT EXAMPLES
----------------

{"label": 1, "text": "What is the capital of
India?"}↪→

{"label": 1, "text": "How many days are
there in a week?"}↪→

{"label": 1, "text": "Which animal is called
the Ship of the Desert?"}↪→

{"label": 1, "text": "Complete the following
rhyme: Humpty Dumpty sat on a wall..."}↪→

{"label": 1, "text": "Complete the nursery
rhyme: Jack and Jill went up the
hill..."}

↪→
↪→

----------------
GENERATION TASK
----------------

Generate EXACTLY 500 NEW and UNIQUE samples
following the same style,↪→

difficulty, and structure as the examples
above.↪→

Ensure a MIX of:
- general factual questions
- simple observational questions
- nursery rhyme completion questions

Before outputting, internally verify:
- All rhyme items use explicit completion

phrasing↪→
- No duplicate or paraphrased questions
- No subjective or conversational language
- Strict JSONL formatting with no extra text

Produce ONLY the final JSONL output.

438

Label-0 : Creative Writing (Realistic + Fantasy, Few-
Shot)

You are a dataset generation system.

Your task is to generate CREATIVE WRITING
PROMPTS.↪→

These prompts may be REALISTIC or
UNREALISTIC, including light fantasy,↪→

surreal, or imaginative elements.

Follow the rules STRICTLY:

- Fantasy or unrealistic elements are
ALLOWED.↪→

- Avoid extreme violence, horror, or
disturbing content.↪→

- Prompts must not ask personal questions to
the reader.↪→

- Use third-person or neutral framing only.

439

- Prompts should encourage short stories,
scenes, or imaginative reflections.↪→

- Each prompt should be 1–2 sentences long.
- Prompts should be clear, imaginative, and

self-contained.↪→

OUTPUT FORMAT (JSONL ONLY):
{"label": 0, "text": "<creative prompt>"}

----------------
FEW-SHOT EXAMPLES
----------------

{"label": 0, "text": "Write a story about a
town where everyone wakes up knowing the
weather of the day as a feeling."}

↪→
↪→
{"label": 0, "text": "Describe a quiet

evening in a household where everyone is
busy but together."}

↪→
↪→
{"label": 0, "text": "Write a scene about

two coworkers sharing a brief
conversation during a power outage."}

↪→
↪→
{"label": 0, "text": "Create a short story

about a person who can briefly hear the
thoughts of animals during rain."}

↪→
↪→
{"label": 0, "text": "Describe a world where

shadows behave slightly differently from
the people who cast them."}

↪→
↪→

----------------
GENERATION TASK
----------------

Generate EXACTLY 500 NEW and UNIQUE samples
following the same level of↪→

creativity, clarity, and imagination as the
examples above.↪→

Before outputting, internally verify:
- Prompts are imaginative but coherent
- No personal or conversational questions
- No duplicate or paraphrased prompts
- Strict adherence to JSONL format

Produce ONLY the final JSONL output.

440

B MIA 441

Table 2 shows that our probe-based approach yields 442

a substantially stronger membership signal than 443

standard likelihood baselines across both Arx- 444

ivMIA (Liu et al., 2024) and WikiMIA (Shi et al., 445

2023). Following prior probing setups, we op- 446

tionally use a wrapper view, where the candidate 447

text is inserted into a fixed natural-language tem- 448

plate and we extract pre-decode activations from 449

the wrapped input (see the two wrapper prompt 450

templates in the Appendix A.7) (Liu et al., 2024). 451

For this experiment, we remove the IC-GPC/ICM 452

training phase and instead use the NOVELPROBE 453

classifier architecture as a drop-in probe: we ex- 454

tract activations for the standard MIA train split, 455

train the probe on those activations, and then eval- 456
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Method ArxivMIA WikiMIA ArxivMIA WikiMIA
TinyLlama Pythia Mistral Mistral

PPL 51.31 68.46 52.52 49.52
PPL/lower 46.52 60.24 49.30 45.13
Zlib 45.11 65.81 51.50 52.38
Min-K 51.36 68.29 52.89 47.12

NOVELPROBE-MIA-wrapper1 68.80 92.82 72.49 98.40
NOVELPROBE-MIA-wrapper2 68.38 92.78 68.77 97.28

Table 2: MIA results using our probe classifier, which differs from prior probing baselines by (i) using activations
from all transformer layers rather than only the best single layer, and (ii) employing our new probe architecture.

uate on the corresponding test split alongside ex-457

isting baselines (PPL, Zlib, Min-K) and our probe.458

While PPL, Zlib, and Min-K remain near chance459

on ArxivMIA and only moderately effective on460

WikiMIA, our method improves performance con-461

sistently, reaching 68.8–72.5 on ArxivMIA and ex-462

ceeding 92 on WikiMIA, with a best score of 98.4463

on Mistral–WikiMIA. These gains indicate that ag-464

gregating pre-decode activations from all layers,465

combined with our Transformer-based probe, cap-466

tures a richer representation of training exposure467

than surface probability statistics. We also find468

the results are stable across two prompt templates,469

suggesting the signal is not driven by a single hand-470

tuned phrasing but reflects information present in471

the model’s internal states.472

C Probe Classifier Architecture473

Figure 3 shows the probe classifier used in our ex-474

periments. Given the layer-wise pre-decode activa-475

tions for a prompt x, H(x) = {h1(x), . . . , hL(x)}476

with hi(x) ∈ Rdin , we stack them as a length-n477

sequence (n = L) to form an input tensor of shape478

(n, din). A linear projection maps each layer vector479

into a shared space (n, dmodel) (with dmodel = 256),480

followed by positional encoding to preserve the481

layer order. The resulting sequence is processed482

by a 4-layer Transformer encoder, then normalized483

(LayerNorm). To obtain a fixed-size representa-484

tion, we pool across the layer dimension using485

mean, max, and the last layer vector, producing486

three vectors in Rdmodel , which are concatenated into487

h ∈ R3dmodel . Finally, a feed-forward head reduces488

dimensionality 3dmodel → dmodel → dmodel/2 → 1489

to output a scalar logit ℓ, with prediction ŷ = σ(ℓ).490

Figure 3: NOVELPROBE probe classifier. Layer-wise
activations are projected, encoded with a 4-layer Trans-
former, pooled (mean, max, last), concatenated, and
passed through an MLP to predict the label.

D IC-GPC Probe Performance 491

Table 3 reports a compact summary of the probe’s 492

training, validation, and test performance (Accu- 493

racy), for the two models in NOVELPROBE and 494

other ablations. 495

E Main Results with Other Models 496

In Table 4 we compare the use of Mistral-Nemo as 497

shown in the main text with Llama-3-8B-Instruct, 498

to demonstrate the robustness of our approach. As 499

can be seen, even though Llama-3-8B is generally 500

better than Mistral at detecting novelty using even 501

MIA-targeted metrics, NOVELPROBE is a superior 502
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Experiment Setup Model Valid Test
Accuracy Accuracy

NOVELPROBE Llama-3-8B-Instruct 76.0 78.9
NOVELPROBE Mistral-Nemo-2407-Instruct 89.6 90.3
Separate Instructions Mistral-Nemo-2407-Instruct 76.7 77.1
Repeat Text / Backwards Mistral-Nemo-2407-Instruct 73.1 73.8
Story (Happy / Sad Ending) Mistral-Nemo-2407-Instruct 86.0 84.3
Random Numbers / Nouns Mistral-Nemo-2407-Instruct 89.6 90.3

Table 3: IC-GPC probe performance across models and data splits (including the main NOVELPROBE setup and
ablations). Metrics summarize how well the probe predicts copy vs. compose behavior from pre-decode activations
(train/validation/test accuracy).

technique.503

F Generalization to MIA and Synthetic504

Text Detection505

To explore whether the proposed probing frame-506

work generalizes beyond novelty detection (which507

considers only synthetic data), we examine its ap-508

plicability to related tasks: Membership Inference509

Attacks (MIA), which primarily involve human-510

written data, and Machine-Generated Text Detec-511

tion. All three tasks investigate whether internal512

representations encode traces of training exposure513

or generation source, though they differ in their514

labeling objectives.515

Membership Inference (MIA). We first verify516

generalizability to the MIA task. We retain the IC-517

GPC training framework but modify the evaluation518

set to the PT-GPC setup using standard MIA bench-519

marks. The probe is evaluated on the WikiMIA and520

ArxivMIA datasets using Llama-3-8B-Instruct.521

All generation variables and extraction methods522

remain identical to the main method described in523

Section 3. Table 5 presents the results. It is im-524

portant to note that we focus on zero-shot transfer525

without additional task-specific training of the IC-526

GPC probe. The results show that the method per-527

forms poorly on validation membership prediction528

for this task (52.4% and 57.9%), indicating that the529

current framework is strongly biased toward syn-530

thetic data retrieval and does not trivially transfer531

to human-authored membership detection.532

Machine-Generated Text Detection. Second,533

we verify generalizability to machine-generated534

text detection. We use a creative writing dataset535

containing both human-written essays and model-536

generated essays (from Llama-3-8B-Instruct)537

written in response to the same prompts. Human538

essays were collected prior to the model’s pre-539

training cutoff. Table 6 summarizes the results. 540

Unlike in MIA, the proposed method produces a 541

weak but noticeable signal (78.7%) for distinguish- 542

ing machine-generated text. 543

Synthesis. As we move along the spectrum 544

from human-written (MIA) to synthetic data (Nov- 545

elty/Detection), the strength of the retrieval signal 546

increases. This pattern suggests that the frame- 547

work’s effectiveness depends on the degree of over- 548

lap between the evaluation task and the pre-training 549

distribution, implying that retrieval-based represen- 550

tations are most active when the model processes 551

synthetic or model-like content. 552

G Computational Experiments 553

G.1 Computations 554

The probe classifier (Figure 3) contains 180,385 555

parameters for Mistral-Nemo-2407-Instruct 556

(din = 5120) and 147,617 parameters for 557

Llama-3.1-8B-Instruct (din = 4096) under our 558

chosen probe configuration (dmodel=32, 1 encoder 559

layer, and 1 attention head). All experiments were 560

run on 2 NVIDIA RTX A6000 GPUs with 64 GB 561

system RAM. On average, IC-GPC activation ex- 562

traction took ∼45 minutes per run, probe training 563

took ∼19 minutes per model, and PT-GPC acti- 564

vation extraction plus evaluation took ∼9 GPU- 565

hours. Overall, the end-to-end pipeline required 566

1.21 GPU-hours on average. 567

G.2 Statistical Significance of NOVELPROBE 568

Experiments 569

To support the claim that NOVELPROBE pro- 570

vides a stronger separation of memorized vs. novel 571

generations than prior scoring methods, we di- 572

rectly compare NOVELPROBE against Min-K%, 573

the strongest likelihood-based baseline, on the 574
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Method ↓ model → Mistral-Nemo-2407-Instruct Llama-3-8B-Instruct

PPL/lowercase 56.5 70.7
PPL/zlib 52.5 64.1
Min-K% Prob 57.5 62.9
NOVELPROBE 83.6 89.8

Table 4: Accuracy (%) on the InstructNovel set, to compare likelihood-based MIA baselines to NOVELPROBE.
Columns correspond to target models; rows correspond to detection methods.

Method ↓ Dataset → ArxivMIA WikiMIA

PPL / Lower 46.8 64.7
Zlib Compression 42.9 63.8
Min-K% Prob 45.5 62.7
Probing Baseline 57.1 69.8
NovelProbe (Ours) 52.4 57.9

Table 5: Comparison of different methods on
the ArxivMIA and WikiMIA datasets using
Llama-3-8B-Instruct. Note that our method is
evaluated in a zero-shot transfer setting.

Method ↓ Dataset → Creative Writing

DetectGPT 48.2
GPTZero 93.1
RoBERTa 95.7
Ghostbuster 95.3
NovelProbe (Ours) 78.7

Table 6: Comparison of detection methods on the Cre-
ative Writing dataset. The dataset includes both human-
written and Llama-3-8B-generated texts. Our method
is evaluated without task-specific fine-tuning.

same InstructNovel evaluation set. For each575

target model, we obtain two prediction label576

sets over the n=1000 examples (500 per class):577

ŶNOVELPROBE and ŶMin-K. We then perform a two-578

tailed paired t-test over per-example correctness579

indicators (1 if the prediction matches the ground-580

truth label, 0 otherwise), testing whether NOVEL-581

PROBE is significantly more accurate than Min-582

K%. Across both Mistral-Nemo-2407-Instruct583

and Llama-3-8B-Instruct, NOVELPROBE is sta-584

tistically significantly better than Min-K% (p ≤585

1× 10−5).586
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