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Abstract001

Large language models can reproduce train-002
ing data, but existing memorization evalua-003
tions mostly measure whether models can be004
forced to do so, rather than whether they do005
so under ordinary use. We introduce PROPME,006
a propensity-aware framework for memoriza-007
tion evaluation that contrasts prefix-based ca-008
pability attacks with non-adversarial evalua-009
tions. We propose a metric transformation010
that, applied to existing functions, allows to011
create propensity metrics. We further intro-012
duce SIMPLETRACE, a lightweight tracing013
pipeline built on infini-gram that determinis-014
tically attributes model generations to large-015
scale training corpora and computes verba-016
tim, near-verbatim, and propensity-transformed017
memorization metrics. Evaluating two fully-018
open models: Comma and DFM Decoder on019
two datasets: Common Pile and Dynaword in020
two languages, we find a consistent gap be-021
tween capability and propensity: prefix attacks022
elicit substantially stronger memorization sig-023
nals than generic or dataset-specific prompts,024
while propensity scores remain low overall.025
Thus, the models can reveal training data when026
directly elicited, but rarely do so in more com-027
mon non-adversarial settings. We also find that028
DFM Decoder, which is continually pre-trained029
from Comma, exhibits reduced memorization030
and memorization propensity for Common Pile,031
confirming that memorization capability can032
decrease when later training emphasizes par-033
tially different data. Our results suggest, and034
we encourage, that memorization audits should035
report both worst-case extractability and ordi-036
nary leakage propensity in order to have a more037
comprehensive view of this phenomenon.038

1 Introduction039

Memorization in large language models (LLMs)040

has been extensively documented (Carlini et al.,041

2021, 2023): models have been shown to re-042

generate copyrighted books (Ahmed et al., 2026;043

Karamolegkou et al., 2023) and sensitive personal 044

identifiers (Carlini et al., 2021), making a thorough 045

understanding of this behaviour critical for safe 046

and ethical deployment. Existing work approaches 047

memorization through adversarial attacks: mem- 048

bership inference (Shokri et al., 2017), prefix at- 049

tacks (Kiyomaru et al., 2024; Cooper et al., 2025; 050

Ahmed et al., 2026), resource-referencing prompts 051

(Karamolegkou et al., 2023), and divergence at- 052

tacks (Nasr et al., 2025), and through analysis of 053

factors that modulate it, including data duplica- 054

tion (Kandpal et al., 2022), training time (Huang 055

et al., 2024), and fine-tuning (Kassem et al., 2025). 056

Previous work shows that models can reproduce 057

training data under elicitation, i.e., it characterises 058

memorization as a capability. Far less attention 059

has been paid to memorization propensity: whether 060

models will reproduce training data in ordinary, 061

non-adversarial use. Aerni et al. (2024) take a step 062

in this direction by testing memorization with non- 063

adversarial prompts, but their analysis is restricted 064

to closed models, relies on web snippets rather than 065

direct comparison against training data and does 066

not compares ordinary with adversarial settings, 067

limiting both accuracy and analysis scope. We ad- 068

dress these gaps by providing a full pipeline that 069

traces model outputs back to the original training 070

corpus and by introducing evaluation settings that 071

span the full spectrum from propensity-focused 072

(generic, non-adversarial prompts) to capability- 073

focused (prefix attacks), enabling a principled com- 074

parison of the two. 075

Evaluating memorization under non-adversarial 076

settings is useful not only to better understand 077

model behaviour but also to support legal compli- 078

ance. For example, in the context of the European 079

Union, the GDPR (General Data Protection Reg- 080

ulation) (European Parliament and Council of the 081

European Union, 2016, Arts. 5(1)(f), 5(2), 25, 32) 082

requires integrity, confidentiality, accountability, 083

data protection by design, and regular testing of 084
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Figure 1: Left: PROPME framework overview with propensity and capability prompts, back-tracing to full training
set and memorization/propensity measurements. Right: propensity metrics results for different combinations of
models and dataset, this tells us what is the propensity of a given model to leak data of a certain dataset. The metrics
used are defined and detailed in Sections 2, 3.2 4.3

security measures, while the EU AI Act (European085

Parliament and Council of the European Union,086

2024, Arts. 9, 15, 55) requires risk management,087

robustness, cybersecurity, and, for certain models,088

evaluation to identify and mitigate systemic risks.089

Thus, assessing a model’s propensity to reproduce090

training data under ordinary use can provide evi-091

dence that foreseeable leakage risks.092

Here, we propose PROPME, a framework for093

systematic evaluation of memorization in large lan-094

guage models with a focus on capability vs. propen-095

sity. PROPME comprises three levels of analysis096

(multi-level), with prompts ranging from generic097

inputs, focusing on propensity, to prefix attacks098

(Karamolegkou et al., 2023), focusing on capabil-099

ities. Alongside PROPME, we introduce SIMPLE-100

TRACE (Section 3.3), an open-source, lightweight101

tool inspired by OLMoTrace (Liu et al., 2025) and102

built on infini-gram (Liu et al., 2024) for fast and103

parallel tracing of model text outputs against large-104

scale training data. By enabling direct search over105

the training corpus, SIMPLETRACE provides deter-106

ministic attribution and eliminates the ambiguity107

of probabilistic detection. Deterministic attribu-108

tion allows precise identification of which training109

documents a given text was memorized from.110

Contributions Our contributions can be summa-111

rized as follows:112

• We introduce PROPME, the first framework113

for propensity-aware evaluation of memoriza-114

tion in large language models (Figure 1), fea-115

turing multiple settings going from propensity-116

to capability-focused evaluation. This allows117

to evaluate and compare the willingness of a118

model to leak data in real-world prompting119

compared to adversarial attacks.120

• We introduce a novel transformation for turn- 121

ing standard evaluation metrics into propen- 122

sity metrics. We apply this transformation to 123

existing memorization metrics for measuring 124

the propensity of a large language model to 125

leak training data, conditioning on both adver- 126

sarial and non-adversarial settings. 127

• We introduce SIMPLETRACE as a founda- 128

tional tool for tracing model outputs back to 129

large-scale training data, enabling attribution 130

of potentially memorized sequences to their 131

source documents in the training set. 132

• We provide results demonstrating the useful- 133

ness of PROPME and SIMPLETRACE in a 134

multi-lingual and multi-model scenario. Tar- 135

geting two models trained on public, permissi- 136

bly licensed data from two datasets: Comma 137

as a monolingual English model and DFM 138

Decoder as an exemplary model that is contin- 139

ually trained from Comma on a lower resource 140

language (Danish). This enables us to study 141

the effect of continual pre-training on memo- 142

rization propensity with respect to the original 143

corpus and the new corpus, respectively. 144

2 Related Work 145

Memorization Current research can be catego- 146

rized along two axes: target model type and mea- 147

surement method. Target model types range from 148

closed or commercial models (Ahmed et al., 2026) 149

to open models (Carlini et al., 2021; Panda et al., 150

2025; Cooper et al., 2025). Measurement methods 151

vary from model-internal approaches, such as ac- 152

tivations, weights, or output probabilities (Huang 153

et al., 2024; Shi et al., 2024; Zhang et al., 2024; 154
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Menta et al., 2025), to comparisons with exter-155

nal texts, such as books or training data (Kassem156

et al., 2025; Kandpal et al., 2022; Kiyomaru et al.,157

2024). More broadly, existing work focuses on de-158

tection, predicting whether a sequence was seen159

during training (Shi et al., 2024; Zhang et al.,160

2024), or extraction, recovering training sequences161

through adversarial or targeted prompting (Car-162

lini et al., 2021; Panda et al., 2025). While re-163

lated work shows that models can reproduce mem-164

orized content, it largely evaluates memorization165

as a capability. Less is known about memoriza-166

tion propensity: whether models tend to reproduce167

training data under ordinary or weakly targeted con-168

ditions (Romero-Alvarado et al., 2026; Voudouris169

et al., 2026).170

Propensity vs Capability in Large Language171

Models Recent work has argued that LLM eval-172

uations should distinguish between capabilities,173

i.e., behaviours that models can exhibit when suc-174

cessfully elicited, and propensities, i.e., behaviours175

that models tend to exhibit under a given distri-176

bution of contexts (Romero-Alvarado et al., 2026;177

Voudouris et al., 2026). Most existing evaluations178

are capability-focused: they measure upper bounds179

on model behaviour through benchmarks, adver-180

sarial prompting, red-teaming, or elicitation pro-181

cedures (Shevlane et al., 2023; Greenblatt et al.,182

2024; Hofstätter et al., 2025). However, capability-183

focused evaluations may not predict deployment184

behaviour, since models can hide or fail to reveal la-185

tent capabilities (Greenblatt et al., 2024; Hofstätter186

et al., 2025), strategically underperform (van der187

Weij et al., 2024), or adapt their behaviour when188

they detect evaluation settings (Needham et al.,189

2025). This gap has motivated propensity-aware190

evaluations, particularly in agentic safety, where191

studies distinguish whether models are merely ca-192

pable of scheming or misalignment from whether193

they are likely to exhibit such behaviours under194

realistic prompts, goals, tools, and oversight con-195

ditions (Meinke et al., 2024; Hopman et al., 2026;196

Naik et al., 2025; Järviniemi et al., 2026). Our197

work adopts this distinction for the first time in198

memorization, evaluating not only whether models199

can reproduce training data under elicitation, but200

also whether they tend to do so in non-adversarial201

settings.202

Memorization Metrics Based on Text/Token203

Comparison Several metrics have been proposed204

to quantify memorization via text- or token-level205

comparison. Verbatim memorization length 206

(Huang et al., 2024) measures the maximum num- 207

ber of tokens in the model’s greedy continuation 208

that exactly match the target, declaring a sequence 209

memorized when at least 32 tokens are reproduced 210

verbatim from a prefix of at most 32 tokens. Frac- 211

tion of extractable sequences (Carlini et al., 2023) 212

reports the fraction of suffixes reproduced verbatim 213

when the model is conditioned on the correspond- 214

ing prefix. LCS (Karamolegkou et al., 2023) mea- 215

sures the longest common subsequence between 216

the generation and the gold text. Near-verbatim 217

recall (nv-recall) (Ahmed et al., 2026) identifies 218

sufficiently long near-verbatim matching blocks be- 219

tween a generation G and a reference B, merges 220

nearby blocks, filters short matches, and computes 221

nv-recall(B,G) = m/|B|, where m is the total 222

word count of retained in-order matches. Some 223

more metrics we considered but are less relevant 224

for this work are in Appendix F. 225

Tracing Training Set Data Infini-gram (Liu 226

et al., 2024) utilizes a modernized n-gram lan- 227

guage model powered by suffix arrays to scale to 228

trillions of tokens, enabling millisecond-latency 229

n-gram counting and probability estimation over 230

arbitrarily long contexts. Building on this infras- 231

tructure, OLMoTrace (Liu et al., 2025) provides a 232

real-time system for tracing large language model’s 233

generations back to their large training corpora. By 234

detecting and highlighting verbatim matches be- 235

tween model-generated segments and source train- 236

ing documents, it supports the evaluation of model 237

behaviors such as fact-checking, hallucination, and 238

creativity through direct grounding in training data. 239

Relationship to OLMoTrace and Prior Scripts 240

SIMPLETRACE is directly inspired by OLMoTrace 241

(Liu et al., 2025) but targets offline, systematic 242

large-scale analysis rather than interactive single- 243

input tracing. To the best of our knowledge, the OL- 244

MoTrace codebase is not publicly available; only a 245

thin infini-gram API wrapper has been released.1 246

Relative to prior informal tracing scripts (Wolfe, 247

2025), SIMPLETRACE adds an indexing step to 248

build the suffix-array index over the training cor- 249

pus and a unigram precomputation step required 250

for rarity-based span filtering. Relative to both 251

prior scripts and OLMoTrace it adds a multi-worker 252

parallelization for batch processing, and a metrics 253

calculation and aggregation step that produces in- 254

1https://github.com/allenai/infinigram-api
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terpretable summary statistics. SIMPLETRACE is255

released as open-source.256

3 Proposed Method: Propensity-Aware257

Memorization Evaluation258

3.1 Propensity-Capability Evaluation Settings259

Enabling propensity-aware evaluation of a behavior260

b in a model M requires observing the elicitation261

of b across a range of conditions. Specifically, it262

is necessary to consider both settings in which the263

model operates under ordinary, realistic conditions264

and settings designed to maximally elicit b through265

targeted interventions. Only by contrasting these266

two extremes can one obtain a comprehensive and267

unbiased characterization of M ’s behavior across268

the full spectrum from propensity to capability.269

In the context of memorization evaluation, we270

propose assessing M under two prompting sce-271

narios. The first consists of plausible, real-world272

prompts that are not drawn from the training set273

and exhibit low lexical overlap with it, targeting274

the model’s propensity to reproduce training data275

under ordinary use. We call it a propensity setting.276

The second follows the prefix-attack paradigm277

(Karamolegkou et al., 2023), where the model is278

conditioned on prefixes of sequences extracted di-279

rectly from the training set, targeting the model’s280

capability to reproduce memorized content under281

adversarial elicitation: a capability setting.282

3.2 Propensity Metrics283

We argue that a complete measure of a model’s284

propensity toward a given behavior must also ac-285

count for its capability to exhibit that behavior. The286

intuition is as follows. Let b denote a behavior of287

interest in a model M , and let fb ∈ [0, 1] be a288

scalar metric quantifying the extent to which b is289

exhibited. We consider two evaluation settings: a290

propensity setting p, where the model is prompted291

under realistic, non-adversarial conditions, and a292

capability setting c, where the model is prompted293

to maximally elicit behavior b (e.g., via a prefix294

attack designed to induce training data leakage).295

Let fp
b (M,x) and f c

b (M,x) denote the values of296

fb observed in settings p and c respectively, for a297

given input x.298

We argue that, given a fixed low value of299

fp
b (M,x), observing a high value of f c

b (M,x) is300

evidence of lower propensity than observing a low301

one. That is, when a model demonstrates high302

capability for behavior b under adversarial elicita-303

tion, yet does not exhibit b under ordinary prompt- 304

ing, the latter is reinforced as a meaningful signal 305

that the model is not inherently inclined toward b. 306

To operationalize this reasoning, we introduce a 307

propensity-aware transformation that, given a be- 308

havior b, a propensity setting p, a capability setting 309

c, and a base metric fb ∈ [0, 1], produces a propen- 310

sity metric PMfb ∈ [0, 1]2: 311

PMfb(M,x) =
1

2
·
(
1 +

fp
b (M,x)− fc

b (M,x)

fp
b (M,x) + fc

b (M,x)

)
(1) 312

with PMfb(M,x) = 0 when fp
b (M,x) = 0. An 313

interpretation of the metric for a model M is: 314

• High capability, low propensity (f c
b high, 315

fp
b low): PMfb is low. Although the model 316

is capable of exhibiting b under elicitation, 317

the behavior is largely absent under ordinary 318

prompting, indicating low propensity. 319

• Low capability, high propensity (f c
b low, 320

fp
b high): PMfb is high. Even though b is 321

not strongly elicited in the capability setting, 322

it manifests spontaneously under propensity 323

conditions, indicating a strong propensity. 324

• Equal values in both settings: PMfb = 0.5, 325

a neutral score. The model shows consistent 326

behavior across settings, with propensity nei- 327

ther amplified by low capability nor attenuated 328

by high capability. Having values at 0 in the 329

propensity setting always gives PMfb = 0 as 330

no propensity is manifested. 331

We apply this transformation in Section 4 to 332

existing memorization metrics, turning them into 333

propensity memorization metrics. 334

Propensity degree ̸= behavior degree. Note 335

that this metric is aimed at capturing the degree 336

of propensity to manifest b and not the degree of 337

manifesting b itself (e.g. memorization/leakage). 338

Hence, a high value for a propensity metric for b 339

suggests just high tendency of b (under standard 340

settings) and not that the model is e.g. always man- 341

ifesting b. Taking the case of memorization, while 342

the manifestation degree is already captured by 343

standard metrics, the propensity degree has not yet 344

been well defined. 345

2https://www.desmos.com/calculator/zrbjlk0s2u
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3.3 SIMPLETRACE: Enabling Accurate346

Memorization Evaluation347

SIMPLETRACE is built on top of the infini-gram en-348

gine (Liu et al., 2024) for fast n-gram queries over349

suffix-array indexes of large corpora, and follows350

the OLMoTrace pipeline (Liu et al., 2025); differ-351

ences are discussed in Section 2. The pipeline con-352

sists of four steps, augmented with multi-worker353

parallelization and a metrics aggregation step.354

Step 1 (maximal span extraction) iterates over355

all L−1 suffixes of a generation of L tokens, query-356

ing each against the suffix array to recover the357

longest verbatim prefix appearing in the corpus;358

candidates are filtered to well-formed, maximal,359

word-boundary-respecting spans, with a mixed360

mode for code and math.361

Step 2 (unigram rarity filtering) scores each362

maximal span by the joint unigram probability of363

its tokens and retains the K = ⌈0.05 · L⌉ rarest364

spans, reducing noise from boilerplate matches.365

Step 3 (document retrieval) issues a second in-366

dex lookup for each retained span to retrieve match-367

ing training documents, classifying each match as368

a full raw match, a full normalized match, or a369

partial span-level match; retrieval is capped via370

deterministic subsampling.371

Step 4 (span merging and aggregation) col-372

lapses adjacent or overlapping retained spans into373

non-redundant segments by a sequential greedy374

merge, producing the final set of traced regions.375

Metrics calculation. SIMPLETRACE computes376

a comprehensive set of statistics over the full batch377

of processed generations, producing over 30 sum-378

mary fields covering span lengths, document re-379

trieval counts, match tiers, and memorization rates380

(Appendix H). These include average and maxi-381

mum longest span length, proportions of gener-382

ation matched verbatim in the training set, span-383

length distributions, and k-eidetic memorization384

rates. SIMPLETRACE also implements an adaptive385

nv-recall variant (Ahmed et al., 2026) that scales386

merge and filter thresholds proportionally to the387

reference document length, ensuring consistent be-388

haviour across the diverse document lengths found389

in real training corpora without manual tuning.390

Validation We validate SIMPLETRACE with unit391

tests on a dummy corpus and with end-to-end ex-392

periments on Common Pile (Kandpal et al., 2026)393

and Dynaword (Enevoldsen et al., 2025). For each394

sampled document, we evaluate one full-document395

query and three partial queries anchored at the396

start, middle, and end. For each, we measure both 397

source-document retrieval and exact text match- 398

ing. SIMPLETRACE achieves perfect retrieval and 399

exact-match results on Dynaword, and near-perfect 400

source-document retrieval with exact span recov- 401

ery for all Common Pile queries, including perfect 402

full-document recovery. Full results are available 403

in Appendix A. Running 100 queries with SIMPLE- 404

TRACE takes approx. 1 minute for Common Pile 405

(large approx. 460B tokens) using 4 CPU cores, 406

and approx. 10 seconds for Dynaword (large ap- 407

prox. 6.8B tokens) using 10 CPU cores. 408

4 Experimental Setup 409

All experiments are conducted with temperature 0, 410

using greedy decoding throughout. 411

4.1 Datasets, Models, and Indexes 412

We index two datasets using infini-gram (Liu et al., 413

2024). Common Pile (Kandpal et al., 2026) 414

is represented by the Comma v0.1 training cor- 415

pus (521 GB, 463.6B Comma v0.1 tokens), in- 416

dexed across three balanced shards using 128 CPU 417

cores and a 350 GB memory budget (requiring ap- 418

prox. 2.5–3 hours per shard). Danish Dynaword 419

(Enevoldsen et al., 2025) contains 5.66M samples 420

(6.83B Llama 3 tokens, 10.5 GB) and was indexed 421

using 16 CPU cores and an 84 GB memory bud- 422

get (≈3 hours). Both datasets consist exclusively 423

of open, permissibly licensed data. We evaluate 424

two models trained on these corpora. Comma v0.1 425

(Kandpal et al., 2026) is pre-trained on the Comma 426

dataset. DFM Decoder Open v03 is a continual 427

pre-training of Comma v0.1 over 30B tokens in 428

three stages, with a fixed data mixture of two-thirds 429

Dynaword and one-third Common Pile throughout. 430

This pair allows us to study memorization along 431

two axes: language (English vs. Danish) and train- 432

ing stage. Stage 1 used a batch size of 262 144 433

tokens for 37 852 steps (lr = 1e−5, constant); 434

Stages 2 and 3 doubled the batch size to 524 288 435

tokens over 18 926 steps each, with Stage 3 apply- 436

ing square-root decay from 1e−5. The released 437

checkpoint corresponds to Stage 3. 438

4.2 Propensity and Capability Settings 439

We define three evaluation settings for each 440

dataset, each corresponding to a distinct prompt 441

3https://huggingface.co/
danish-foundation-models/
dfm-decoder-open-v0-7b-pt
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set: Generic, Specific, and Prefix, all contain-442

ing 100 samples. The first two are designed to elicit443

memorization propensity: they consist of plausible,444

naturally-phrased prompts with low expected over-445

lap with the training data. The third targets memo-446

rization capability, following the prefix-attack set-447

ting of Karamolegkou et al. (2023): prompts are448

constructed by extracting random training exam-449

ples of at least 100 tokens and conditioning the450

model on their first 50 tokens; generations are then451

evaluated against the full training set.452

The Generic and Specific prompt sets were453

generated using GPT-5.5 (OpenAI, 2026). For both454

sets, the model was instructed to produce plausible455

prompts given the domain of the respective train-456

ing dataset. For Specific, the URL of the dataset457

was additionally provided, and the model was ex-458

plicitly instructed to generate prompts inspired by459

but not extracted from the dataset. Full prompting460

instructions are reported in Appendix E.461

We validate all three prompt settings using SIM-462

PLETRACE (Section 3.3) to quantify their overlap463

with the training data prior to any memorization464

evaluation. The automatically generated prompt465

sets exhibit substantially lower training-data over-466

lap than the Prefix set, while the Specific467

prompts display higher overlap than Generic ones468

(Appendix B). Both non-adversarial sets therefore469

constitute suitable conditions for measuring the470

propensity of models to reproduce training data471

under realistic, non-targeted prompting.472

4.3 Metrics473

We evaluate memorization using four metrics com-474

puted by SIMPLETRACE. Average longest span475

length (Karamolegkou et al., 2023) is the mean,476

over all generations, of the longest verbatim span477

found in each generation. Generations full matches478

ratio (Carlini et al., 2023) is the fraction of genera-479

tions for which at least one retrieved training docu-480

ment contains the full generation verbatim. Aver-481

age nv-recall (Ahmed et al., 2026) is the mean adap-482

tive nv-recall (Section 3.3) across all retrieved doc-483

uments. Together these metrics cover both verba-484

tim and near-verbatim reproduction, as advocated485

by Huang et al. (2024) and Ippolito et al. (2023).486

We further apply the propensity-aware transforma-487

tion from Section 3.2 to generations full matches488

ratio and average nv-recall, yielding propensity-489

aware variants that jointly characterise memoriza-490

tion behaviour under both ordinary and adversarial491

prompting conditions. Average near-verbatim re-492

Prompt NVR FMR ALS

Generic 0.0013 0.0000 27.95
Specific 0.0058 0.0200 29.41
Prefix 0.0321 0.0200 50.35

Table 1: Memorization Analysis for Common Pile on
Comma across prompt settings.

Propensity Metric Generic Specific

PMNVR 0.0402 0.1528
PMFMR 0 0.5000

Table 2: Propensity memorization scores for Common
Pile on Comma model.

call will also be referenced as NVR or nv-recall; 493

average longest span as ALS and generations full 494

matches ratio as FMR or full matches ratio. 495

5 Results 496

5.1 Memorization of Pre-Training Data 497

Table 1 shows core SIMPLETRACE metrics for 498

Common Pile memorization in the Comma model. 499

Table 2 shows the corresponding propensity scores. 500

Non-adversarial memorization is non-negligible 501

but dominated by prefix attacks. Prefix attacks 502

yield the strongest memorization signal, with ALS 503

of 50.35 tokens versus 27.95 (generic) and 29.47 504

(specific). However, the non-adversarial settings 505

are not negligible relative to prefix attacks: NVR 506

reaches 0.032 (prefix), 0.006 (specific), and 0.001 507

(generic). Notably, specific prompts match the pre- 508

fix attack FMR of 0.02, suggesting that even weakly 509

targeted prompts can occasionally be as effective 510

as prefix attacks at eliciting complete verbatim re- 511

productions from this corpus. 512

Comma has non-negligible propensity of repro- 513

ducing training data under specific setting. For 514

NVR, generic and specific propensity scores are 515

0.040 and 0.153 respectively, both well below 0.5, 516

yet noticeably higher than corresponding scores of 517

DFM Decoder on Dynaword (Section 4), reflecting 518

the larger non-adversarial signal in this experiment. 519

The FMR generic propensity is 0; the specific setting 520

yields 0.5. Accordingly to our metric definition 521

(Section 3.2), this is due to identical full-match 522

rates in specific and prefix settings, which, how- 523

ever are are both relatively low (0.02). 524

That is, even if verbatim generation of training 525

data is low, the model has the propensity of gen- 526

erating it under prompting settings that, even if 527
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Model Dataset Prompt NVR FMR ALS

Comma CP
Generic 0.0013 0 27.95
Specific 0.0058 0.0200 29.47
Prefix 0.0321 0.0200 50.35

DFM

CP
Generic 0.0003 0 23.57
Specific 0.0093 0 30.15
Prefix 0.0239 0 40.83

DW
Generic 0.0010 0 15.68
Specific 0.0007 0.0100 17.37
Prefix 0.0363 0.0700 24.75

Table 3: Memorization metrics for all model–corpus
pairs across prompt settings. CP: Common Pile, DW:
Dynaword.

Model Dataset Metric Generic Specific

Comma CP PMNVR 0.0402 0.1528
PMFMR 0 0.5000

DFM
CP PMNVR 0.0134 0.2807

PMFMR 0 0

DW PMNVR 0.0263 0.0182
PMFMR 0 0.1250

Table 4: Propensity memorization scores for all model–
corpus pairs. Scores are computed relative to the prefix
(capability) setting. Lower scores indicate lower propen-
sity relative to capability. CP: Common Pile, DW: Dy-
naword.

non-adversarial, are similar to the training set.528

5.2 Memorization in Continual Pre-Training529

Tables 3 and 4 report memorization metrics and530

propensity-aware scores for all model–corpus com-531

binations across the three prompt settings. We re-532

peat values from previous tables so to improve read-533

ability and facilitate comparison.534

Memorization is substantially higher under535

prefix attacks. Prefix attacks elicit markedly536

stronger memorization signals than either non-537

adversarial setting across all models and corpora.538

For DFM Decoder on Dynaword, NVR reaches539

0.036 under prefix prompting versus 0.001 for both540

generic and specific prompts – a 36× difference –541

and FMR rises to 0.07, compared to 0.00 and 0.01542

respectively. Under non-adversarial prompting, all543

model–corpus pairs show negligible memorization544

across metrics, confirming that models are capable545

of reproducing training data under elicitation but546

do so at a negligible rate in ordinary use.547

Common Pile and Dynaword exhibit comple-548

mentary memorization profiles. For DFM De-549

coder, Common Pile consistently yields longer av-550

erage verbatim spans (23.57–40.83 tokens) than 551

Dynaword (15.68–24.75 tokens), across all prompt 552

settings. Dynaword, by contrast, exhibits stronger 553

full-generation memorization under prefix attacks: 554

FMR rises to 0.07 while Common Pile remains at 555

0 across all settings. This suggests two distinct 556

memorization profiles: Common Pile memoriza- 557

tion manifests as longer localized verbatim frag- 558

ments, while Dynaword memorization produces 559

shorter but occasionally complete generation-level 560

reproductions. 561

Continual pre-training on Dynaword reduces 562

Common Pile memorization. Comma produces 563

longer verbatim spans than DFM Decoder on Com- 564

mon Pile under both generic prompts (27.95 vs. 565

23.57 tokens) and prefix attacks (50.35 vs. 40.83 566

tokens), and is the only model to exhibit, on Com- 567

mon Pile, non-zero full-generation memorization 568

(FMR = 0.02 under specific prompts and prefix 569

attacks), while DFM Decoder remains at 0 through- 570

out. This is consistent with Kiyomaru et al. (2024), 571

who show that memorization is less likely for texts 572

not encountered in the latter stages of training: 573

as DFM Decoder is continually pre-trained from 574

Comma with a data mixture two-thirds Dynaword 575

and one-third Common Pile, it progressively loses 576

memorization capability on Common Pile. In- 577

terestingly, we observe in Table 4 that a strong 578

drop in verbatim propensity (−0.5) corresponded 579

with a weaker increase in near-verbatim propen- 580

sity (+0.1279), indicating progressive shift from 581

a stronger (verbatim) memorization to a weaker 582

one (near-verbatim). A similar pattern can be seen 583

also in standard memorization metrics (Table 3) 584

but is more difficult to notice than in propensity 585

ones. These results further suggest that a balanced 586

multi-dataset training mixture may mitigate memo- 587

rization across all constituent corpora. 588

Propensity-aware evaluation reveals a univer- 589

sally low tendency to leak data. For DFM De- 590

coder propensity scores are substantially below the 591

neutral value of 0.5 across all training sets and non- 592

adversarial settings (Table 4). For DFM Decoder 593

on Dynaword, PMNVR = 0.026 (generic) and 594

0.018 (specific); PMFMR reaches at most 0.125 595

under specific prompts. For Common Pile, DFM 596

Decoder achieves a specific PMNVR of 0.281, re- 597

flecting that targeted-but-non-adversarial prompts 598

recover a non-negligible fraction of the prefix- 599

elicited near-verbatim signal, yet this remains well 600

below neutral. These results confirm that DFM De- 601
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coder does not have a strong tendency to reproduce602

training data under ordinary prompting conditions,603

despite demonstrable capability to do so under ad-604

versarial elicitation.605

5.3 Memorization throughout Training606

We evaluate memorization of both Dynaword and607

Common Pile separately across the three training608

stages of DFM Decoder (Stage 1, Stage 2, and the609

final checkpoint).610

Across both corpora, memorization profiles are611

essentially unchanged from Stage 1 through the612

final checkpoint. For Dynaword, ALS is identical at613

15.68, 17.37, and 24.75 tokens for generic, specific,614

and prefix settings respectively; NVR and FMR vary615

only minimally with no directional trend; propen-616

sity scores are similarly flat (generic PMnv-recall617

ranging between 0.023 and 0.027 across stages).618

Results for Common Pile are analogous: ALS val-619

ues are stable at 23.57, 30.15, and 40.83 tokens620

per setting, NVR varies by less than 0.001 across621

stages in every prompt setting, and FMR is 0 through-622

out. Since across stages the same data mix is used,623

this stability is consistent with prior evidence that624

memorization is tied to when examples are last en-625

countered during training (Kiyomaru et al., 2024),626

as evidenced also by the memorization signal de-627

crease on Common Pile after continual pretraining628

of DFM Decoder (Section 5.2). Notably, these re-629

sults suggest that one training stage is enough for630

having an impact on memorization of data from631

previous trainings. Full results are in Appendix C.632

6 Discussion633

Our results show a clear separation between mem-634

orization capability and memorization propensity.635

Memorization is substantially stronger in capabil-636

ity settings: prefix attacks consistently elicit higher637

near-verbatim recall, more full-generation matches,638

and longer verbatim spans than generic or specific639

prompts. This indicates that the evaluated models640

can reproduce training data when directly condi-641

tioned on it, but that this behavior is much less642

likely to appear under ordinary prompting.643

Propensity is overall low across datasets and644

models. In common non-adversarial settings, the645

models rarely reveal memorized data, suggesting646

that memorization capability alone overstates prac-647

tical leakage risk. At the same time, low propensity648

does not imply absence of memorization: specific649

prompts can still recover memorized content in650

some cases, and therefore propensity evaluation 651

should complement, not replace, adversarial extrac- 652

tion tests. 653

The comparison between Comma and DFM De- 654

coder further confirms that accessible memoriza- 655

tion can decrease after training on partially dif- 656

ferent data. DFM Decoder shows weaker mem- 657

orization of Common Pile than its parent model, 658

while memorization remains comparatively stable 659

across later DFM training stages. This confirms 660

that changes in the training mixture can reduce the 661

accessibility of previously memorized content, and 662

suggests that continued training on the same mix- 663

ture does not necessarily increase memorization 664

monotonically. 665

7 Conclusion 666

We introduced PROPME, a framework for measur- 667

ing memorization propensity by comparing ordi- 668

nary prompting settings with adversarial capability 669

settings. Together with SIMPLETRACE, our data 670

attribution pipeline, PROPME enables memoriza- 671

tion analysis across verbatim, near-verbatim, and 672

full-generation matches against large-scale training 673

data. 674

Our experiments show that memorization is 675

much stronger under prefix-based capability evalu- 676

ations than under non-adversarial propensity evalu- 677

ations. The models can reveal training data when 678

prompted adversarially, but they rarely do so in 679

more common prompting conditions. We also find 680

that training on a partially different corpus can re- 681

duce accessible memorization of earlier data, con- 682

firming previous similar work by Kiyomaru et al. 683

(2024). Overall, these findings suggest that mem- 684

orization audits should report both capability and 685

propensity, since worst-case extractability and ordi- 686

nary leakage risk capture different aspects of model 687

behavior. Hence, relying only on one aspect does 688

not fully mirror the real model behavior. 689

8 Limitations 690

Our focus on direct comparison against full train- 691

ing corpora yields high measurement accuracy but 692

limits applicability to models whose training data 693

is not publicly available. The propensity trans- 694

formation and the PROPME framework are never- 695

theless architecture-agnostic and can be combined 696

with logit-, weight-, or probability-based memo- 697

rization methods when training data access is un- 698

available. Our experiments cover a single model 699
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family – four checkpoints derived from two base700

models, three of which are continual pre-trainings701

of the fourth – and two languages. Extending the702

analysis to broader model architectures and addi-703

tional languages would help clarify how architec-704

tural choices and multilingual training interact with705

memorization propensity. Finally, our results leave706

open the question of how data mixture composition707

affects memorization: it remains unclear whether708

mixing same-language data produces effects com-709

parable to those observed here under cross-lingual710

mixtures of Dynaword and Common Pile.711

9 Ethical Considerations712

All experiments are conducted on models trained713

exclusively on open, permissibly licensed data and714

intended for research use, as in our case. Our find-715

ings confirm that adversarial elicitation can surface716

memorized content even when propensity under717

ordinary prompting is low, underscoring the im-718

portance of capability-level evaluation alongside719

propensity-level assessment. We release SIMPLE-720

TRACE as open-source to support transparent and721

reproducible research. While any tool enabling722

output-to-training-data tracing could in principle be723

misused, we believe the accountability benefits out-724

weigh this risk, particularly given that the tool re-725

quires full access to the training corpus. Lastly, we726

argued that memorization propensities (in contrast727

to capabilities) are important to evaluate and better728

understand. However, lower memorization propen-729

sities should not be used to “green-wash” potential730

copyright infringement problems. On a longer time731

horizon, we envision that understanding memoriza-732

tion propensities could be one of several factors for733

informing copyright law in the future.734
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A Validation of SIMPLETRACE929

SIMPLETRACE is validated at two levels. First,930

we run controlled unit tests on a dummy index931

with known document identifiers. These tests ver-932

ify exact-span recovery from the beginning, mid-933

dle, and end of documents; cross-document attri-934

bution when a generation contains text from mul-935

tiple sources; negative cases with no valid match;936

full-document matching; and the correctness of937

summary statistics and exported span metadata. To-938

gether, these tests confirm that the tracing pipeline939

and its aggregate metrics behave deterministically940

under known conditions.941

Second, we run end-to-end validations on both942

Common Pile and Dynaword using 25 sampled943

documents from each indexed corpus. For each944

document, we construct one full-document query945

and three 128-token partial queries anchored at946

the start, middle, and end, yielding 100 validation947

queries per corpus. A query is counted as a pass if948

SIMPLETRACE either retrieves the original source949

document or returns an exact span match that cov-950

ers the query text. Tables 5 and 6 summarize the951

results.952

The Common Pile validation shows near-perfect953

retrieval accuracy. Across all 100 queries, the954

source-document retrieval rate is 0.99 and the exact-955

text-match rate is 0.99, while the overall pass rate956

is 1.00. Full-document queries are recovered per-957

fectly, with both document retrieval and exact text958

match rates equal to 1.00. For partial queries, mid-959

dle and end windows are also recovered perfectly.960

The only deviation occurs for start-anchored par-961

tial queries, where the source-document retrieval962

and exact-text-match rates are 0.96 (24/25). How-963

ever, even in that case the exact queried span is still964

recovered elsewhere in the corpus, giving a partial-965

span exact-query match rate of 1.00 and leaving966

the pass rate unchanged at 1.00.967

This single missed source-document retrieval is968

consistent with the reported count of one partial969

Table 5: End-to-end validation of SIMPLETRACE on
Common Pile. Results are computed over 25 sampled
documents, with one full-document query and three
partial queries (start, middle, end) per document.

Query type Doc ret. Exact match Pass

All queries 0.99 0.99 1.00
Full document 1.00 1.00 1.00
Partial start 0.96 0.96 1.00
Partial middle 1.00 1.00 1.00
Partial end 1.00 1.00 1.00

Table 6: End-to-end validation of SIMPLETRACE on
Dynaword. Results are computed over 25 sampled doc-
uments, with one full-document query and three partial
queries (start, middle, end) per document.

Query type Doc ret. Exact match

All queries 1.00 1.00
Full document 1.00 1.00
Partial start 1.00 1.00
Partial middle 1.00 1.00
Partial end 1.00 1.00

query for which the original document ID was not 970

returned despite an exact span match being found. 971

In other words, the validation failure is not a failure 972

to trace the text itself, but a failure to recover the 973

specific originating document identifier in one du- 974

plicated or ambiguous case. We therefore view the 975

Common Pile validation as evidence that SIMPLE- 976

TRACE is reliable for both exact text attribution 977

and downstream memorization measurement on 978

large real-world corpora. Increasing the maximum 979

number of documents that can be retrieved (now 980

10) will likely retrieve the exact document. From 981

manual inspection of the result we noticed there 982

are many documents (code) containing exactly the 983

same text and so filling up easily the max 10 docs 984

now retrieved. 985

We observe even stronger results on Dynaword, 986

where all reported retrieval and exact-match met- 987

rics are perfect. Across all 100 Dynaword queries, 988

the source-document retrieval rate is 1.00 and the 989

exact-text-match rate is 1.00. The same holds 990

for full-document queries and for all three partial- 991

query settings (start, middle, and end), indicating 992

perfect end-to-end recovery on the sampled set. 993

For completeness, the partial-span exact-query 994

match rate on Common Pile is 1.00 for all three 995

partial query types and 0.00 for full-document 996

queries, as expected. No failed examples were 997

logged there. Dynaword similarly logs no missing- 998

document cases in the sampled validation set. 999
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B Prompt Validation1000

The full results for prompt validation are presented1001

in terms of different overlapping metrics in Fig-1002

ure 2. As wanted, the results show an increasing1003

trend in overlapping across different prompt set-1004

ting, so to better distinguish between propensity1005

and capability scenarios.1006

C Memorization Across Training Stages1007

This appendix contains the full metric plots and1008

detailed analysis for Experiments 3 and 4, which1009

evaluate memorization across the three training1010

stages of DFM Decoder on Dynaword and Com-1011

mon Pile respectively. The main finding – that1012

memorization profiles are essentially stable across1013

stages – is summarised in Section 5.3; the figures1014

and extended discussion are provided here.1015

C.1 Memorization of Dynaword Across1016

Training Stages1017

Figure 3 reports the core SIMPLETRACE metrics1018

across the three training stages of the DFM De-1019

coder model evaluated on Dynaword; Figure 4 re-1020

ports the corresponding propensity scores.1021

Memorization is stable across training stages.1022

All metrics are nearly identical across Stage 1,1023

Stage 2, and the Final model within each prompt1024

setting. ALS shows no variation across stages1025

(15.68, 17.37, and 24.75 tokens for generic, spe-1026

cific, and prefix respectively). NVR and FMR likewise1027

vary only minimally and show no directional trend.1028

Span length distributions (Figure 5) are visually1029

indistinguishable across stages for all three prompt1030

settings: under non-adversarial prompts, matched1031

spans are concentrated in the short (11–20 token)1032

bucket with a sharp drop-off beyond 50 tokens,1033

while prefix attacks produce a somewhat broader1034

distribution reaching into the (51–100) bucket.1035

Propensity scores are similarly flat across stages.1036

Generic NVR propensity ranges between 0.023 and1037

0.027 across stages, while specific FMR propensity1038

stabilises at 0.125 from Stage 2 onward (Figure 4).1039

Both values are substantially below the neutral1040

score of 0.5, confirming that the low propensity1041

observed for DFM Decoder on Dynaword is not an1042

artefact of a particular checkpoint but a persistent1043

characteristic throughout training.1044

Interpretation. The memorization profile of Dy-1045

naword content appears to be established early in1046

training and does not intensify with continued pre- 1047

training. This is consistent with prior evidence that 1048

memorization is more likely for texts observed in 1049

later training steps (Kiyomaru et al., 2024): Com- 1050

mon Pile data, seen in all stages, contributes a 1051

stable background signal, and the additional Dy- 1052

naword exposure introduced during continual pre- 1053

training does not measurably increase the depth 1054

or rate of memorization beyond what is already 1055

present after Stage 1. 1056

C.2 Exp. 4: Memorization of Common Pile 1057

Across Training Stages 1058

Figure 6 reports the core SIMPLETRACE metrics 1059

across the three training stages of the DFM De- 1060

coder model evaluated on Common Pile; Figure 7 1061

reports the corresponding propensity scores. 1062

Memorization is stable across training stages. 1063

The memorization profile is essentially unchanged 1064

across Stage 1, Stage 2, and the Final model. ALS is 1065

identical across stages within each prompt setting: 1066

23.57 (generic), 30.15 (specific), and 40.83 (prefix) 1067

tokens. NVR is also nearly flat: generic prompts 1068

remain at 0.0003, specific prompts vary only be- 1069

tween 0.0092 and 0.0094, and prefix attacks vary 1070

between 0.0238 and 0.0243. FMR is 0.00 for all 1071

stages and all prompt settings, indicating no full 1072

verbatim reproductions of Common Pile content in 1073

any checkpoint of DFM Decoder. 1074

Span length distributions are visually indistin- 1075

guishable across stages. Figure 8 shows that the 1076

span length distributions for generic and specific 1077

prompts are concentrated mainly in the (7-10) and 1078

(11-20) token buckets throughout all three stages. 1079

Prefix attacks produce a broader tail toward longer 1080

spans – with some mass in the (21-50) and (51- 1081

100) buckets – but this shape is likewise unchanged 1082

across stages. The stability of the distribution con- 1083

firms that continual pre-training on Dynaword data 1084

does not alter the depth or pattern of Common Pile 1085

memorization in DFM Decoder. 1086

Propensity scores show the same stability. 1087

Generic NVR propensity remains around 0.013 1088

across all three stages, while specific NVR propen- 1089

sity remains around 0.28 (Figure 7). Full-match 1090

propensity scores are 0.00 throughout, consistent 1091

with the absence of full verbatim reproductions in 1092

all settings. Both values are well below the neutral 1093

score of 0.5, indicating persistently low propen- 1094

sity to reproduce Common Pile content in non- 1095
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(a) Average near-verbatim recall between prompts and Dyna-
word. (b) Fraction of prompts verbatim matched in Dynaword.

(c) Average near-verbatim recall between prompts and Com-
mon Pile. (d) Fraction of prompts verbatim matched in Common Pile.

Figure 2: Evaluating overlapping between prompts and datasets across all prompt settings (Dynaword top, Common
Pile bottom).

(a) Average near-verbatim recall per
prompt setting and training stage.

(b) Fraction of generations with verbatim
matches per training stage.

(c) Average longest span per training
stage.

Figure 3: Memorization metrics for Dynaword across three training stages of the DFM Decoder model.

adversarial conditions. As noted in Section 5.3, this1096

stability is consistent with Kiyomaru et al. (2024),1097

who report a recency effect in memorization: the1098

Common Pile signal is fixed by the end of Stage 11099

and is neither amplified nor attenuated by the subse-1100

quent Dynaword-dominated continual pre-training1101

stages.1102

D Span Length Distributions for Main 1103

Experiments 1104

This appendix collects the span length distributions 1105

for Experiments 1, 2, 5, and 6, which were omitted 1106

from the main text for space. These figures provide 1107

a granular view of how verbatim overlaps between 1108

model generations and training documents are dis- 1109

tributed across token-length buckets, complement- 1110

ing the aggregate metrics reported in Section 5. 1111
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Figure 4: Propensity scores for Dynaword across train-
ing stages of the DFM Decoder model.

D.1 Dynaword Span Lengths in DFM1112

Decoder1113

Figure 9 shows that under generic and specific1114

prompts, matched spans are strongly concentrated1115

in the short (11–20 token) bucket, with a sharp1116

drop-off beyond 50 tokens and virtually no mass1117

in the (101–150) or (151–∞) ranges. Under the1118

prefix attack the distribution broadens noticeably:1119

the (21–50) and (51–100) buckets gain a larger1120

share, and a small but non-zero mass appears in1121

the longest bucket, where the maximum matched1122

span reaches 122 tokens. This confirms that prefix1123

attacks increase not only the rate but also the depth1124

of memorized reproduction.1125

D.2 Common Pile Span Lengths in Comma1126

Model1127

Figure 10 shows that, across all three prompt set-1128

tings, the (11–20) token bucket dominates. Never-1129

theless, the prefix attack distribution has noticeably1130

more mass in longer buckets: approximately 23%1131

of prefix-attack spans fall in the (21–50) range, ver-1132

sus 16% (generic) and 12% (specific). The prefix1133

setting also has some presence in the (51–100) and1134

(151–∞) buckets, which are largely absent for the1135

non-adversarial settings. The overall shift toward1136

longer spans under prefix attacks mirrors the pat-1137

tern observed for Dynaword in Experiment 1, but1138

the longer baseline spans for Common Pile reflect1139

the greater verbatim overlap available in this larger,1140

English corpus.1141

D.3 Common Pile vs. Dynaword Span1142

Lengths (DFM Decoder)1143

Figure 11 compares span length distributions for1144

the two corpora. Common Pile is shifted toward1145

longer spans across all settings, with more mass1146

in the 21–50 and longer buckets, especially under1147

prefix prompting. Dynaword places more mass 1148

in shorter buckets, particularly below 10 tokens, 1149

reflecting the shorter average document length of 1150

this corpus relative to Common Pile. Both corpora 1151

show a broader distribution under prefix attacks, 1152

with the prefix-attack Dynaword distribution also 1153

gaining mass in the (21–50) bucket. Taken together, 1154

the two distributions suggest qualitatively different 1155

memorization profiles: Common Pile memoriza- 1156

tion tends to manifest as longer localized verba- 1157

tim fragments, while Dynaword memorization pro- 1158

duces shorter but occasionally complete generation- 1159

level reproductions (as evidenced by its higher FMR 1160

under prefix attacks; see Section 5.2). 1161

D.4 Common Pile Span Lengths: Comma vs. 1162

DFM Decoder 1163

Figure 12 shows that in the generic and specific set- 1164

tings both models concentrate most of their mass 1165

in the 7–10 and 11–20 token buckets, with addi- 1166

tional mass in the 21–50 bucket. The key differ- 1167

ence emerges under prefix attacks: Comma shifts 1168

more strongly toward longer spans, placing more 1169

mass than DFM Decoder in the 21–50, 51–100, and 1170

longest buckets, while DFM Decoder remains con- 1171

centrated in the 11–20 bucket. This is consistent 1172

with Comma’s higher capability-level memoriza- 1173

tion reported in Section 5.2 and further supports 1174

the interpretation that continual pre-training on Dy- 1175

naword data partially attenuates the depth – though 1176

not the rate – of Common Pile memorization in 1177

DFM Decoder relative to its Comma base. 1178

E Generating Prompt Settings 1179

E.1 Generic Prompt Setting 1180

For each of the following domains (comma sepa- 1181

rated) create 10 start of sentences prompts of vari- 1182

ous length. 1183

Domains: domains 1184

Format the output as a JSONL file like this: 1185

example json 1186

Output the final JSONL in a code box 1187

E.2 Specific Prompt Setting 1188

Consider this dataset: Dataset URL and its do- 1189

mains: domains 1190

For each domain create 10 start of sentences 1191

prompts of various length. You must not extract 1192

the prompts from the dataset but they should be 1193

somehow similar. 1194
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Figure 5: Span length distributions for Dynaword across training stages and prompt settings.

(a) Average near-verbatim recall per
prompt setting and training stage.

(b) Fraction of generations with full ver-
batim matches per training stage.

(c) Average longest span per training
stage.

Figure 6: Memorization metrics for Common Pile across three training stages of the DFM Decoder model.

Figure 7: Propensity scores for Common Pile across
training stages of the DFM Decoder model.

Format the output as a JSONL file like this:1195

example json1196

Output the final JSONL in a code box1197

F Additional Memorization Metrics1198

k-Eidetic memorization (Carlini et al., 2021) de-1199

fines a string s as memorized if it is extractable1200

from fθ and occurs in at most k training examples:1201

|{x ∈ X : s ⊆ x}| ≤ k. Near-duplication count1202

(Kiyomaru et al., 2024) counts training documents1203

whose token-frequency vectors satisfy weighted1204

Jaccard similarity JW (a, b) ≥ 0.6 with a generated1205

span. ROUGE-L (Kassem et al., 2025) and To-1206

ken Accuracy (Menta et al., 2025), the fraction1207

of suffix tokens matching the greedy continuation, 1208

round out the set by capturing partial reproduction 1209

at different granularities. 1210

G Use of AI Assistants 1211

AI assistants were used only to support coding, 1212

grammar and style revisions, and literature search. 1213

H SIMPLETRACE Metrics 1214

SimpleTrace produces two kinds of outputs: per- 1215

document retrieval metrics attached to each traced 1216

span, and corpus-level summary metrics aggre- 1217

gated across all generations. Below, identifiers 1218

such as document ID lists and output paths are 1219

treated as metadata rather than metrics. 1220

Per-document metrics. 1221

nv_recall Near-verbatim recall between the gen- 1222

eration and a retrieved document, defined as 1223

the fraction of generation words that reappear 1224

in the document as sufficiently long, aligned 1225

contiguous blocks. 1226

nv_matched_words Number of generation words 1227

counted as part of near-verbatim matched 1228

blocks. 1229
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Figure 8: Span length distributions for Common Pile across training stages and prompt settings.

Figure 9: Span length distributions for Dynaword (DFM
Decoder) across generic, specific, and prefix prompt set-
tings. Spans are binned by token length; bars show the
proportion of all matched spans falling in each bucket.

Figure 10: Span length distributions for Common Pile
(Comma model) across generic, specific, and prefix
prompt settings.

nv_reference_words Number of words in 1230

the generation, i.e. the denominator of 1231

nv_recall. 1232

nv_candidate_words Number of words in the re- 1233

trieved document. 1234

nv_missing_words Number of generation words 1235

not covered by the near-verbatim match. 1236

nv_additional_words Number of retrieved- 1237

document words not covered by the 1238

near-verbatim match. 1239

Aggregate summary metrics. 1240

total_generations Total number of generations 1241

evaluated. 1242

generations_with_spans Number of genera- 1243

tions for which SimpleTrace found at least 1244

one traced span. 1245

total_spans Total number of final traced spans 1246

across all generations. 1247

average_longest_span_length Average length 1248

of the longest traced span per generation. 1249

min_span_length Shortest traced span length ob- 1250

served. 1251

max_span_length Longest traced span length ob- 1252

served. 1253

n_token_span_ratio Span-length threshold N 1254

used for the next metric. 1255

generations_with_n_token_span_ratio 1256

Fraction of generations containing at least 1257

one span of length at least N . 1258
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Figure 11: Span length distributions for Common Pile and Dynaword in DFM Decoder across generic, specific, and
prefix prompt settings.

Figure 12: Span length distributions for Common Pile memorization in Comma and DFM Decoder across generic,
specific, and prefix prompt settings.

generations_full_matches_ratio Fraction of1259

generations with at least one retrieved docu-1260

ment containing the full generation verbatim.1261

generations_full_normalized_matches_ratio1262

Fraction of generations with at least one1263

retrieved document containing the full1264

generation after light normalization.1265

total_docs Total number of retrieved documents1266

across all spans.1267

unique_total_docs Number of distinct retrieved1268

documents.1269

full_exact_matches Number of retrieved docu-1270

ments containing the full generation verbatim.1271

unique_full_matches Number of distinct re-1272

trieved documents containing at least one full1273

verbatim match.1274

unique_full_matches_ratio Ratio of distinct1275

full-match documents to distinct retrieved doc-1276

uments.1277

full_normalized_matches Number of retrieved 1278

documents containing the full generation after 1279

normalization. 1280

unique_full_normalized_matches Number of 1281

distinct retrieved documents with a normal- 1282

ized full match. 1283

unique_full_normalized_matches_ratio 1284

Ratio of distinct normalized full-match 1285

documents to distinct retrieved documents. 1286

partial_matches Number of retrieved docu- 1287

ments with only partial span overlap rather 1288

than a full-generation match. 1289

unique_partial_matches Number of distinct 1290

documents with at least one partial match. 1291

avg_nv_recall Mean near-verbatim recall across 1292

all retrieved documents. 1293

max_nv_recall Maximum near-verbatim recall 1294

observed among retrieved documents. 1295

docs_with_nv_recall Number of retrieved doc- 1296

uments with non-zero near-verbatim recall. 1297
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total_nv_matched_words Total number of near-1298

verbatim matched words summed across re-1299

trieved documents.1300

generations_with_nv_recall Number of gen-1301

erations with at least one retrieved document1302

having non-zero near-verbatim recall.1303

generations_with_nv_recall_ratio Fraction1304

of generations with at least one retrieved1305

document having non-zero near-verbatim1306

recall.1307

nv_recall_threshold User-defined threshold1308

used to flag especially strong near-verbatim1309

matches.1310

generations_above_nv_recall_threshold1311

Number of generations with at least one re-1312

trieved document whose nv_recall exceeds1313

the threshold.1314

generations_above_nv_recall_threshold_ratio1315

Fraction of generations with at least one1316

retrieved document above the threshold.1317

docs_above_nv_recall_threshold Number1318

of distinct retrieved documents whose1319

nv_recall exceeds the threshold.1320

spans_length_counts_distribution1321

Histogram of retrieved documents grouped by1322

the token length of the matched span.1323

spans_length_distribution Normalized ver-1324

sion of the previous histogram, reported as1325

proportions.1326
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