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Abstract001

The pretraining data mixture of Large Lan-002
guage Models (LLMs) act as their "digital003
DNA", fundamentally governing model be-004
haviors. While existing Membership Infer-005
ence Attacks (MIA) can detect whether indi-006
vidual training samples are included in the007
pretraining dataset, they fail to quantify the008
macroscopic distribution of domains. In009
this work, we formalize the Pretraining Data010
Mixture Surgery (DMS) problem: infer-011
ring the domain-level distribution of an LLM’s012
training corpus solely from its generated texts.013
We propose LLMSurgeon, a principled frame-014
work that models DMS as an inverse prob-015
lem under the label-shift assumption1. Un-016
like naive classification, LLMSurgeon utilizes017
a calibrated "soft" confusion matrix to rec-018
tify systematic classifier biases, accurately re-019
covering the latent training prior. To rigor-020
ously evaluate this task, we introduce LLMScan,021
the first benchmark comprising open-source022
LLMs with transparent data recipes. Exper-023
iments demonstrate that LLMSurgeon signifi-024
cantly outperforms aggregation-based member-025
ship inference attack (MIA) baselines, recov-026
ering ground-truth mixtures with high fidelity.027
Our work offers a practical, post-hoc method028
for auditing the "digital DNA" of foundation029
models without accessing their training data.030

1 Introduction031

Modern Large Language Models (LLMs) (OpenAI,032

2025; Gemini Team, 2025; Yang et al., 2025; Liu033

et al., 2025) operate as "digital alchemy": while034

their capabilities in reasoning and coding are un-035

deniable, the ingredients of their massive training036

corpora remain one of the most significant guarded037

secrets in AI. This lack of transparency creates a038

critical bottleneck for safety, accountability, and039

governance. Without access to the "digital DNA"040

1Label shift assumes that domain proportions change,
while domain-specific language patterns remain unchanged.
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Figure 1: Overview of Data Mixture Surgery Problem
and LLMSurgeon.

of these models and their pretraining data composi- 041

tion, it is impossible to audit them for demographic 042

biases, assess copyright infringement risks, or ex- 043

plain performance disparities across domains. As 044

LLMs become central to social infrastructure, the 045

inability to answer the simple question "What was 046

this LLM trained on?" poses a fundamental chal- 047

lenge to trustworthy AI. 048

To date, efforts to peer inside these black boxes 049

have primarily relied on Membership Inference At- 050

tacks (MIA) (Shokri et al., 2017; Carlini et al., 051

2021a; Shi et al., 2023; Zhang et al., 2024a,b). 052

While these tools are effective at the microscopic 053

level of identifying whether a specific document 054

was seen during training, they fail to answer macro- 055

scopic questions about data distribution. We face 056

a paradox: MIA tools can detect a single grain of 057

sand (a specific sample), but lack the capacity to de- 058

scribe the landscape of the beach (the domain com- 059

position). Attempting to estimate global composi- 060

tion by aggregating millions of noisy, instance-level 061

MIA predictions is computationally prohibitive and 062

prone to catastrophic error accumulation. 063

This gap necessitates a shift from instance-level 064

detection to Data Mixture Surgery (DMS): es- 065

timating the global proportions of data domains 066

that constitute a model’s world knowledge base. 067

Crucially, we frame DMS as a targeted auditing 068
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Figure 2: Overview of Data Mixture Surgery Problem and LLMSurgeon. This figure illustrates the pipeline of
estimating pretraining data mixture from generated text.

task rather than open-ended discovery. This for-069

mulation aligns with real-world safety compliance070

needs, where regulators seek to verify compliance071

with specific data policies rather than uncovering072

unknown proprietary sources. To solve this issue,073

we propose LLMSurgeon, a principled framework074

that treats DMS as an inverse problem governed by075

the Label Shift hypothesis. In the context of unsu-076

pervised LLMs, this hypothesis posits that while077

the global mixture proportions of domains (the078

prior) shift between the original training set and079

the model’s generated output, the linguistic char-080

acteristics defining each domain (the conditional081

distribution) remain statistically invariant. While082

prompts and alignment are known to distort gen-083

eration distributions (Xiao et al., 2024; Kirk et al.,084

2023), we employ neutral sampling to minimize085

such stylistic shifts, ensuring the recovered mixture086

faithfully reflects the pretraining prior.087

Leveraging this stability, LLMSurgeon operates088

in a rigorous three-stage pipeline. First, we pre-089

train an external classification model on known090

reference data and compute a calibrated “soft” con-091

fusion matrix to characterize its systematic bias092

between similar text domains. Second, we sam-093

ple the neutral output responses of target LLM and094

classify its generated texts using the frozen clas-095

sifier, obtaining a biased observation of the latent096

prior. Finally, unlike naive approaches that accept097

these biased counts directly, LLMSurgeon utilizes098

the pre-computed confusion matrix to mathemat-099

ically “de-blur” the observations, solving the in-100

verse problem to recover the ground-truth training101

proportions with high fidelity.102

To rigorously evaluate Data Mixture Surgery 103

(DMS), we introduce LLMScan, the first benchmark 104

comprising open-source LLMs (Groeneveld et al., 105

2024; Biderman et al., 2023; Touvron et al., 2023; 106

Liu et al., 2023) with transparent, ground-truth data 107

recipes. This prevents the common pitfall of eval- 108

uating auditing tools on synthetic data that does 109

not reflect real-world pretraining dynamics (Duan 110

et al., 2024). Experiments on LLMScan demon- 111

strate that LLMSurgeon significantly outperforms 112

aggregation-based baselines, offering a practical, 113

post-hoc method for auditing foundation models 114

without accessing their weights or training data. 115

Our contributions are threefold. (1) We formal- 116

ize the Data Mixture Surgery (DMS) problem, 117

shifting the focus from membership inference to 118

distribution recovery. (2) We propose LLMSurgeon, 119

a lightweight method that accurately infers latent 120

domain priors from generated text. (3) We present 121

LLMScan, a verifiable benchmark to standardize the 122

evaluation of Data Mixture Surgery (DMS). 123

2 Related Work 124

Membership Inference Attack asks whether a 125

particular sample was included in a model’s train- 126

ing data (Shokri et al., 2017), typically by exploit- 127

ing behavioral differences between training and 128

non-training examples (Shokri et al., 2017; Car- 129

lini et al., 2021a). Membership Inference Attack 130

(MIA) has become standard for auditing privacy 131

leakage and evaluating defenses such as differen- 132

tial privacy (Abadi et al., 2016), and have been 133

extended from vision to language settings, includ- 134

ing pretraining-corpus detection for LLMs (Zhang 135
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et al., 2024b; Shi et al., 2023; Zhang et al., 2024a;136

Xie et al., 2024; Mattern et al., 2023). Despite137

their utility, MIA is fundamentally instance-level,138

it delivers a binary or probabilistic decision per ex-139

ample, rather than a corpus-level estimate of how140

training data is composed. MIA often relies on141

confidence scores, logits, or carefully matched ref-142

erence datasets and can be brittle under distribution143

shift, calibration errors, or regularization (Watson144

et al., 2022). For LLMs, many techniques operate145

on short spans or token windows, making them146

expensive to scale and ill-suited for inferring high-147

level category proportions of large, heterogeneous148

corpora. In contrast, we pursue a corpus-level ob-149

jective: Data Mixture Surgery (DMS).150

Data Mixture Optimization focuses on select-151

ing or reweighting pretraining data to enhance152

model performance, employing techniques like im-153

portance sampling and gradient-based reweight-154

ing (Xie et al., 2023a; Chen et al., 2024a; Xie et al.,155

2023b; Chen et al., 2024b). However, these meth-156

ods operate pre-hoc, requiring full access to train-157

ing loop and raw datasets. They cannot audit fixed,158

closed-source models where data mixture is un-159

known. We tackle the problem: performing post-160

hoc inference of effective multi-domain mixture161

solely from a trained model’s generated outputs.162

Dataset Usage Cardinality Inference (DUCI).163

Tong et al. (2025) estimates the proportion of a164

specific, known dataset used during training by ag-165

gregating debiased membership predictions. While166

effective for auditing a single candidate corpus,167

this approach strictly requires access to the under-168

lying data. In contrast, our work addresses Data169

Mixture Surgery (DMS), recovering the global170

multi-domain mixture π solely from model gen-171

erations without requiring access to the training172

dataset, replacing pointwise aggregation with cali-173

brated label-shift inversion.174

3 Data Mixture Surgery175

3.1 Problem Formulation176

Let X denote space of text sequences and Y =177

{1, . . . ,K} be a set of K disjoint semantic do-178

mains (e.g., Paper, Wikipedia, Code). We define179

conditional distribution of text within a specific180

domain i as pi(x) ≜ p(x | y = i).181

During pretraining, the LLM optimizes its pa-182

rameters θ over a training corpus Dtrain. We model183

this corpus as a mixture distribution defined by the184

ground-truth mixing vector α ∈ ∆K−1: 185

pα(x) =
K∑
i=1

αipi(x) (1) 186

where αi represents the true proportion of domain 187

i in the training set (the quantity we wish to audit). 188

When queried with neutral prompts, the trained 189

LLM generates samples from an induced distribu- 190

tion q(x). Due to optimization dynamics, under- 191

fitting, or sampling temperature, the model’s inter- 192

nal usage of domains may diverge slightly from the 193

exact training proportions. We model this genera- 194

tion distribution as: 195

qπ(x) =
K∑
i=1

πipi(x) (2) 196

where π ∈ ∆K−1 is latent effective prior, domain 197

mixture actually encoded by model’s behavior. 198

The Prediction Goal. Our objective is Data 199

Mixture Surgery (DMS). Given a set of gener- 200

ated samples Xgen = {xn}Nn=1 ∼ qπ(x), we aim 201

to estimate the vector π. We assume generative pro- 202

cess adheres to the Label Shift hypothesis. Specifi- 203

cally, while marginal distribution of domains shifts 204

from α (training) to π (generation), the conditional 205

feature distributions remain invariant: 206

q(x | y = i) ≈ p(x | y = i) (3) 207

This implies that when model generates “Code”, it 208

statistically resembles the “Code” seen during train- 209

ing, even if the frequency of “Code” generation 210

(πcode) differs from its training frequency (αcode). 211

This allows us to treat the recovery of π as a dis- 212

tribution matching problem, solving for mixing 213

coefficients that best explain observed Xgen. 214

Challenges. A straightforward strategy for esti- 215

mating data mixture is to aggregate Membership 216

Inference Attacks (MIA) signals across sampled 217

corpora. However, this naive approach faces three 218

critical bottlenecks. Token Limitations: MIAs 219

are typically designed for short sequences, making 220

them computationally prohibitive to scale across 221

large, document-level corpora. Error Accumula- 222

tion: Pointwise prediction errors compound when 223

aggregated over millions of samples, leading to 224

high-variance distribution estimates. Algorithmic 225

Bias: MIAs often exhibit domain-dependent perfor- 226

mance (e.g., higher accuracy on memorized code 227

than generic text), introducing systematic skew that 228

distorts the recovered mixture proportions. 229
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Target Model Parameters Pretraining Corpus Granularity Level Pre-Defined Domains (K)

General Purpose Models
LLaMA-1 (Touvron et al., 2023) 7B, 65B Public Mix (CC, Wiki, etc.) Coarse-Grained 6
OLMo (Groeneveld et al., 2024) 1B Dolma (Soldaini et al., 2024) Coarse-Grained 6
Amber (Liu et al., 2023) 13B LLM360 Mix (Liu et al., 2023) Coarse-Grained 6

Pile-Based Models
Pythia (Biderman et al., 2023) 2.8B, 12B The Pile (Gao et al., 2020) Mid-Grained 17
GPT-Neo (Black et al., 2021) 2.7B The Pile Mid-Grained 17

Domain Specialized Models
StarCoder (Li et al., 2023) 15.5B The Stack (Kocetkov et al., 2022) Fine-Grained 87

Table 1: Overview of the LLMScan Benchmark Suite. The benchmark covers three levels of auditing granularity
(Coarse, Mid, Fine) across varying model scales (1B to 65B).

3.2 LLMScan: First Benchmark for Data230

Mixture Surgery231

Evaluating DMS requires ground truth that is232

largely absent in closed-source AI. To bridge this233

gap, we introduce LLMScan, a benchmark compris-234

ing 8 open-source foundation models (1B–65B pa-235

rameters) with verifiable data genealogies (Groen-236

eveld et al., 2024; Touvron et al., 2023; Liu et al.,237

2023; Biderman et al., 2023; Li et al., 2023). As238

summarized in Table 1, we evaluate auditing per-239

formance across three resolution levels to assess240

robustness against semantic overlap. The Coarse-241

Grained setting (K = 6) utilizes SlimPajama-242

DC (Shen et al., 2023) definitions to audit general-243

purpose models (LLaMA-1, OLMo, Amber), merg-244

ing overlapping web sources (e.g., C4 and Com-245

monCrawl) for stability. The Mid-Grained setting246

(K = 17) employs The Pile (Gao et al., 2020)247

taxonomy to analyze the Pythia family and GPT-248

Neo, challenging the auditor to distinguish more249

sub-domains. Finally, the Fine-Grained setting250

(K = 87) uses The Stack (Kocetkov et al., 2022) to251

distinguish specific programming languages in Star-252

Coder. To establish the ground truth, we define the253

candidate domains K according to each model’s254

official pretraining documentation, extracting the255

exact composition vector directly from their tech-256

nical reports. By strictly adhering to documented257

recipes rather than synthetic mixtures, LLMScan en-258

sures that auditing performance is measured against259

real-world, large-scale training dynamics.260

4 LLMSurgeon: A simple Data Mixture261

Surgery Method262

Our framework recovers the latent effective prior263

π by treating the problem as a label-shift inversion264

task. We decompose the process into three stages:265

(1) Characterizing the systematic bias of a proxy266

classifier, (2) Sampling the target LLM’s outputs,267

and (3) Solving the constrained inverse problem.268

4.1 Characterizing Systematic Bias 269

Since we cannot access the target LLM’s internal 270

states, we employ an external proxy domain clas- 271

sifier fϕ : X → ∆K−1. However, no classifier 272

is perfect; applying fϕ directly to generated text 273

yields a biased estimate due to domain confusion 274

(e.g., confusing C++ with C). 275

We explicitly model this error profile as a lin- 276

ear operator. Using a held-out reference dataset 277

Dref where the ground-truth domain labels are 278

known, we compute the soft confusion matrix 279

C ∈ RK×K . Each entry Cij represents the ex- 280

pected probability that the classifier predicts do- 281

main j given a sample truly from domain i: 282

Cij = Ex∼pi [fϕ(x)j ] (4) 283

where fϕ(x)j denotes the predicted probability for 284

class j. Here, C serves as a calibration operator 285

that maps the true domain distribution to the clas- 286

sifier’s biased observation space. If the classifier 287

were perfect, C would be the identity matrix I . In 288

reality, off-diagonal elements capture the semantic 289

overlap between domains. 290

4.2 Observing the Target Distribution 291

To probe the target LLM, we generate a corpus 292

of synthetic text Xgen = {xn}Nn=1 using neutral 293

prompts designed to trigger the model’s natural 294

domain prior qπ (as defined in Eq. 2). 295

We pass these generations through our proxy 296

classifier to obtain the empirical mean prediction 297

vector p̄ ∈ RK : 298

p̄ =
1

N

N∑
n=1

fϕ(xn) (5) 299

Crucially, notice that p̄ is not the true distribution 300

π, but rather the convolved observation corrupted 301

by the proxy classifier’s bias. 302
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4.3 The Inverse Surgery: Recovering π303

We now link observed signal p̄ to latent target304

π. By linearity of expectation and the definition305

of generation mixture qπ(x) =
∑

k πkpk(x), ex-306

pected output of classifier is:307

Ex∼qπ [fϕ(x)] =
K∑
k=1

πk Ex∼pk [fϕ(x)]︸ ︷︷ ︸
Row k of C

308

= C⊤π (6)309

This derivation reveals that observed distribution310

p̄ approximates C⊤π. Consequently, recovering311

true prior π becomes a constrained linear inverse312

problem. We solve for optimal π̂ that minimizes313

reconstruction error:314

π̂ = argmin
π∈∆K−1

∥∥∥C⊤π − p̄
∥∥∥2
2

(7)315

subject to constraints
∑

πk = 1 and πk ≥ 0.316

Why MIA Fails. MIA methods target micro-317

scopic instance detection, not macroscopic distri-318

bution recovery. Aggregating their noisy, domain-319

sensitive predictions leads to catastrophic error320

accumulation. In contrast, LLMSurgeon bypasses321

instance-level instability by solving a global inverse322

problem directly from distributional statistics.323

5 Experiments324

5.1 Experimental Settings and Metrics325

We evaluate LLMSurgeon on LLMScan, our pro-326

posed benchmark with publicly documented pre-327

training data mixtures. To assess the robustness328

of LLMSurgeon across different resolutions, we329

conduct experiments at three distinct granularity330

levels. For each level, we select a representative331

open-source dataset as reference corpus to train332

domain classifier fϕ and compute confusion ma-333

trix C. For the Coarse-Grained setting, we uti-334

lize SlimPajama-627B-DC as the reference pool,335

sampling 5,000 documents from each of the 6336

broad data domains for classifier training. In the337

Mid-Grained setting, we increase resolution to338

17 diverse domains2 and use The Pile to capture339

finer distributional shifts. Finally, for the Fine-340

Grained setting, we focus specifically on program-341

ming domain using The Stack, distinguishing be-342

tween 87 different programming languages. Con-343

sidering the correctness of the ground truth, we344

2We remove 5 copyright infringement domains.

select a suite of fully open-source LLMs where 345

the pretraining data mixtures are publicly avail- 346

able, serving as the ground truth for quantitative 347

evaluation. Our target models include LLaMA- 348

1 (Touvron et al., 2023)3, OLMo (Groeneveld et al., 349

2024), Amber (Liu et al., 2023), Pythia (Biderman 350

et al., 2023), StarCoder (Li et al., 2023) and GPT- 351

Neo (Black et al., 2021). For each target model, the 352

set of candidate domains K is defined according 353

to its official pretraining documentation under a 354

closed-world assumption. For instance, when ana- 355

lyzing StarCoder, we restrict the taxonomy to the 356

87 coding languages present in its training data. To 357

infer the mixture, we generate outputs using neu- 358

tral prompts and apply the LLMSurgeon pipeline 359

described in Section 4. All inference experiments 360

for LLaMA1-65B were conducted on 4 NVIDIA 361

A100 GPUs, while all other models were evalu- 362

ated on NVIDIA RTX 4090 GPUs. To rigorously 363

quantify reconstruction fidelity, we report Overlap 364

Accuracy (1− 1
2

∑K
k=1 |αk − π̂k|) as our primary 365

metric, alongside Mean Absolute Error (MAE) for 366

average deviation and Coefficient of Determination 367

(R2) to evaluate structural correlation. 368

5.2 Baselines 369

To demonstrate the effectiveness of LLMSurgeon, 370

we compare it against two categories of baselines: 371

aggregation-based Membership Inference Attacks 372

and a direct classification baseline. 373

Membership Inference Attacks (MIA) baselines. 374

Since there are no existing methods specifically 375

designed for DMS, we adapt state-of-the-art MIA 376

techniques to the distribution estimation task. We 377

employ a comprehensive suite of 11 MIA meth- 378

ods, including metric-based approaches (Carlini 379

et al., 2021a; Yeom et al., 2018; Wang et al., 2024), 380

reference-based approaches (Carlini et al., 2021a), 381

and neighborhood-based approaches (Xie et al., 382

2024; Mattern et al., 2023; Zhang et al., 2024a). 383

MIA methods typically output a binary prediction 384

ŷ
(c)
i ∈ {0, 1} for a single sample i from domain 385

c, where 1 indicates the sample was likely seen 386

during training. To convert these instance-level 387

signals into a domain proportion estimate, we ag- 388

gregate predictions over a sampled validation set 389

(N = 5000 per domain). We define the MIA- 390

inferred proportion rc for domain c as the normal- 391

3We select LLMs where the pretraining data mixtures are
publicly available to ensure reliable of results.
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Methods
Coarse-Grained (Easy) Mid-Grained (Middle) Fine-Grained (Hard)

OLMo-1B LLaMA1-7B Amber-13B LLaMA1-65B GPT-Neo-2.7B Pythia-2.8B Pythia-12B StarCoder-15.5B
MIA Methods:
Joint-Logit (Carlini et al., 2022) 35.20 35.03 41.50 35.05 52.19 52.23 52.26 25.60
Loss (Yeom et al., 2018) 29.74 33.86 40.14 34.45 53.54 53.27 52.36 25.76
Ref (Cachola et al., 2020) 38.20 35.15 41.52 35.09 52.33 52.33 52.33 25.46
GradNorm (Wang et al., 2024) 34.72 36.03 39.41 46.52 58.78 55.66 35.98 27.54
Zlib (Carlini et al., 2021b) 29.30 28.11 36.73 38.08 55.16 53.86 47.80 21.06
Neighbor (Mattern et al., 2023) 41.74 40.13 40.31 35.74 51.85 52.21 52.90 25.47
Min-K% (Shi et al., 2023) 30.84 28.12 36.81 23.41 53.47 53.24 50.23 23.41
Min-K%++ (Zhang et al., 2024a) 30.99 32.65 40.56 32.24 53.47 53.97 33.09 23.57
DC-PDD (Zhang et al., 2024b) 35.93 34.82 38.58 35.03 56.07 55.43 52.53 25.98
Recall (Xie et al., 2024) 48.05 35.08 41.55 35.08 49.04 55.23 52.63 25.91
DUCI (Tong et al., 2025) 35.16 35.22 41.30 35.27 52.86 52.62 52.62 25.44
CCI Methods:
LLMSurgeon (Ours) 94.46+46.4 95.14+55.0 78.87+37.3 94.26+47.7 61.86+3.1 63.20+7.5 65.98+13.1 30.37+2.8

Table 2: LLMScan Benchmark. The performances are reported in overlap accuracy %.

ized count of positive predictions:392

rc =

∑N
i=1 ŷ

(c)
i∑K

j=1

∑N
i=1 ŷ

(j)
i

. (8)393

This baseline tests whether simply counting "de-394

tected" samples from each domain can serve as a395

proxy for the data mixtures.396

w/o Inverse Correction baseline. To isolate the397

gain from our label-shift inversion, we evaluate a398

“Direct Estimation” baseline (π̂direct = p̄), which399

uses the raw aggregated classifier outputs defined in400

Eq. 5 without correction. Given the high accuracy401

of the proxy classifier, this baseline establishes a402

strong performance lower bound. This comparison403

serves to verify whether our mathematical calibra-404

tion provides the necessary refinement to rectify405

systematic biases beyond naive classification.406

5.3 Results of LLMScan Benchmark407

Table 2 demonstrates that LLMSurgeon signif-408

icantly outperforms all 11 aggregation-based409

MIA baselines, validating the superiority of a410

distribution-centric approach. On general-purpose411

models like LLaMA-1-7B and OLMo-1B, we412

achieve overlap accuracies of 95.14% and 94.46%413

respectively, whereas the strongest baselines (e.g.,414

Neighbor, Recall) struggle to exceed 50%. This per-415

formance remains robust across model scales (e.g.,416

LLaMA-7B to 65B), suggesting our method effec-417

tively captures the fundamental generation proba-418

bility q(x). In the challenging fine-grained setting419

(StarCoder), semantic blurring between similar lan-420

guages lowers absolute accuracy to 30.37%, yet421

LLMSurgeon still surpasses the best baseline (Grad-422

Norm: 28.06%), proving that our inverse bias cor-423

rection provides the most reliable estimate even424

when domain boundaries are indistinct.425

Classifier OLMo-1B LLaMA1-7B Amber-13B StarCoder-15.5B LLaMA1-65B
TF-IDF 85.07 86.83 59.61 28.56 92.64
MLP 74.52 82.97 64.77 21.57 85.36
Transformer 89.18 90.22 75.88 23.11 94.25
DistilBERT 94.46 95.14 78.87 30.37 94.26

Table 3: Classifier performance effect ablation study.

5.4 Ablation Studies 426

Effect of Classifier Backbone. To assess the ef- 427

fect of different classifier backbones on the over- 428

all performance, we conduct an ablation study. 429

Specifically, we evaluate four settings: fine-tuned 430

DistilBERT, DistilBERT architecture transformer 431

classifier trained from scratch, TF-IDF, and a sim- 432

ple MLP classifier, as shown in Table 3. We ob- 433

serve that fine-tuned DistilBERT consistently out- 434

performs other backbones across most settings, 435

achieving an absolute improvement of 4.92% over 436

the second-best classifier on LLaMA1-7B, and a 437

gain of 1.81% under the more fine-grained detec- 438

tion setting with StarCoder. Based on these results, 439

we adopt fine-tuned DistilBERT as the default clas- 440

sifier backbone in all subsequent experiments. 441

Effect of Domain Granularity. To determine 442

resolution limits, we evaluate LLMSurgeon across 443

Coarse, Mid, and Fine granularities in Figure 3. Re- 444

sults reveal a hierarchy driven by semantic separa- 445

bility. Coarse-grained is near-perfect (R2 = 0.99) 446

due to distinct linguistic boundaries, while mid- 447

grained estimation remains robust (R2 = 0.54) 448

despite increased topical overlap. In fine-grained 449

setting, high semantic confusion (e.g., between C 450

and C++) degrades correlation (R2 = 0.01) by 451

creating an ill-conditioned inverse problem. How- 452

ever, consistently low MAE (0.018) confirms that 453

LLMSurgeon still successfully filters irrelevant do- 454

mains, validating its utility for macroscopic audit- 455

ing over microscopic dialect identification. 456

Effect of LLM’s Pretraining Steps. To investigate 457

6



Figure 3: Impact of Domain Granularity on Mixture Recovery. We observe a performance hierarchy where
coarse-grained recovery is near-perfect (R2 = 0.99), whereas fine-grained estimation suffers (R2 = 0.01) due to
the high semantic confusion between similar categories (e.g., C vs. C++).

the evolution of internal domain priors, we apply458

LLMSurgeon to intermediate checkpoints of Amber-459

13B and OLMo-1B. Figure 4 reveals distinct train-460

ing dynamics. Amber (top) exhibits a "fluctuation-461

then-convergence" pattern, where dominant do-462

mains (Web, GitHub) show high volatility during463

intermediate stages, likely reflecting curriculum464

learning or staged data injection strategies. In con-465

trast, OLMo (bottom) displays a significantly more466

stable trajectory with lower error variance, suggest-467

ing a consistent data mixing strategy throughout468

training. Despite these dynamic differences, both469

models achieve sharp error reduction in the final470

phase. This confirms that LLMSurgeon recovers the471

composition of converged models and serves as a472

transparent tool for monitoring training stability473

and data scheduling effects.474

Effect of Data Sampling Population. We evalu-475

ate how the number of reference documents (N )476

used to train the proxy classifier fϕ impacts esti-477

mation fidelity (Table 4). We observe that small478

sample sizes (N = 100) result in poor generaliza-479

tion (e.g., 20.15% on StarCoder). Increasing N480

to 1,000 yields substantial gains (> 10% on av-481

erage), but performance saturates at N = 5, 000.482

Interestingly, further increasing N to 10,000 offers483

negligible improvement or even slight regression484

(e.g., on LLaMA-7B) and introducing excessive485

noise or computational overhead. This suggesting486

that N = 5, 000 sufficiently captures domain fea-487

tures without introducing noise. Consequently, we488

adopt N = 5, 000 as the optimal trade-off between489

accuracy and computational efficiency.490

Robustness of Sampling Text. To evaluate the491

robustness of LLMSurgeon to sampling process, we492

examine six distinct styles in Table 5. We find493

that Neutral sampling exhibits the highest robust-494

Epochs

A
bs

 E
rr

or

Figure 4: Trajectories of domain estimation er-
ror throughout training. Top: Amber-13B; Bot-
tom: OLMo-1B. Despite different intermediate training
dynamics, LLMSurgeon consistently converges to the
ground-truth composition in the final checkpoints.

ness across general-purpose models, consistently 495

maintaining top-tier performance (e.g., 95.14% on 496

LLaMA-7B) where other styles fluctuate signifi- 497

cantly. For instance, while Expository prompts 498

achieve high accuracy on Amber-13B, they fail 499

catastrophically on OLMo-1B (22.71%), indicating 500

that strong stylistic biasing can distort the generated 501

distribution qπ(x) away from the latent training 502

prior. However, we observe that neutral sampling 503

performs suboptimally on domain-specialized mod- 504

els (e.g., StarCoder), likely due to the lack of spe- 505

cific triggers required to activate the specialized 506

distribution. Given this trade-off, we adopt Neu- 507

tral sampling as the default for general auditing to 508

7



Figure 5: Classification Acc vs Estimation Acc. We
observe a strong positive correlation (avg r > 0.9) be-
tween the proxy classifier’s performance and the final
mixture recovery accuracy.

Samples/Domain OLMo-1B LLaMA1-7B Amber-13B StarCoder-15.5B LLaMA1-65B
100 73.28 85.78 71.77 20.15 83.77
1000 95.91 93.68 74.72 25.62 93.88
5000 94.46 95.14 78.87 30.37 94.26
10000 93.98 92.44 82.83 29.51 93.78

Table 4: Effect of Data Sampling Population.

maximize estimation stability.509

Effect of Inverse Bias Correction. A core contri-510

bution of LLMSurgeon is the use of the confusion511

matrix C to rectify the proxy classifier’s outputs.512

To quantify this gain, we compare our full method513

against the “w/o Inverse Correction” baseline in514

Se 5.2. Table 6(a) shows that the inverse correction515

consistently improves estimation fidelity. For exam-516

ple, on StarCoder, applying the correction boosts517

accuracy to a relative improvement of nearly 15%.518

This confirms that Eq. 7 effectively disentangles519

the classifier’s systematic confusion, sharpening520

the final distribution estimate.521

Effect of Domains Pre-definition. DMS relies on522

the premise that the target domains are linguisti-523

cally distinguishable. We investigate this bound-524

ary by attempting to separate C4 from Common525

Crawl in the LLaMA training mixture analysis. As526

shown in Table 6(b), treating them as separate la-527

bels causes a catastrophic performance drop from528

99.14% to 42.42%. This occurs because C4 is529

merely a filtered subset of Common Crawl; they530

share the same underlying semantic distribution,531

making p(x|C4) ≈ p(x|CC). Consequently, the532

classifier cannot distinguish them, leading to an533

unstable estimation. Merging these semantically534

identical sources restores accuracy to near-perfect535

levels, validating our strategy of grouping overlap-536

ping sources into distinct semantic clusters.537

Correlation Analysis. To validate the robustness538

of our inversion mechanism, we analyze the rela-539

Style OLMo-1B LLaMA1-7B Amber-13B StarCoder-15.5B LLaMA1-65B
Instructional 80.50 89.38 70.34 30.37 90.69
Expository 22.71 90.60 91.53 25.62 90.93
Conversational 85.18 85.70 92.35 28.00 86.99
Coding 22.72 66.65 36.78 27.83 55.13
Math 79.48 79.56 67.15 24.16 78.97
Neutral 94.46 95.14 78.87 24.83 94.26

Table 5: Robustness of Sampling Text.

Method OLMo-1B LLaMA1-7B Amber-13B StarCoder-15.5B LLaMA1-65B
w/o Inverse Correction 92.77 93.42 77.38 26.47 93.38
LLMSurgeon 94.46 95.14 78.87 30.37 94.26

(a) Importance of Inverse Correction

Setting OLMo-1B LLaMA1-7B Amber-13B LLaMA1-65B
Separate C4&CC 19.52 42.42 53.49 42.52
Merge C4&CC 94.46 99.14 78.87 94.26

(b) Similar Dataset Category Merging

Table 6: More ablation Studies. Panel (a) confirms the
necessity of our inverse correction module. Panel (b)
illustrates that merging semantically indistinguishable
sources is critical to avoiding ill-conditioned inversion
and ensuring stable estimation.

tionship between domain classification accuracy 540

and the final mixture recovery (Prediction Accu- 541

racy). As illustrated in Figure 5, we observe a 542

strong positive correlation across all model fam- 543

ilies, with Pearson correlation coefficients con- 544

sistently exceeding r = 0.85 (e.g., LLaMA-7B 545

reaches r = 0.991). The trajectory of the curves 546

demonstrates that as models converge during pre- 547

training, their generated domains become linguis- 548

tically more distinct. This increased separability 549

reduces the condition number of the confusion ma- 550

trix, thereby allowing LLMSurgeon to recover the 551

ground-truth mixture with significantly higher pre- 552

cision in later checkpoints. 553

6 Conclusion 554

We introduced LLMSurgeon, a principled frame- 555

work for diagnosing implicit training data compo- 556

sition of Large Language Models. By formaliz- 557

ing Data Mixture Surgery (DMS), we demon- 558

strate that it is possible to recover latent domain 559

prior from generated texts. We further established 560

LLMScan, a comprehensive benchmark built on 561

open-source models with verifiable ground truths, 562

exposing limitations of traditional membership in- 563

ference aggregation in this macroscopic setting. 564

As AI development becomes increasingly opaque, 565

LLMSurgeon establishes a vital, post-hoc mecha- 566

nism for enforcing data transparency and account- 567

ability without relying on voluntary disclosure. 568
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7 Limitations and Future Work569

While LLMSurgeon provides an effective frame-570

work for auditing pretraining data, several limi-571

tations suggest avenues for future research. First,572

our method operates under the label-shift assump-573

tion, implying that neutral prompts elicit a gener-574

ation distribution faithfully reflecting the model’s575

training prior. This relationship may be distorted576

in models that have undergone extensive post-577

training alignment (e.g., RLHF or instruction tun-578

ing), which can shift the output distribution away579

from the original data mixture. Future work could580

investigate "inverse-alignment" techniques to dis-581

entangle the base distribution from alignment ar-582

tifacts. Second, our method relies on a closed-583

world assumption defined by the auxiliary clas-584

sifier’s fixed taxonomy. Consequently, it cannot585

discover novel domains outside these K categories.586

Finally, as observed in our fine-grained analysis587

(Figure 3), the estimation accuracy is inherently588

bounded by the semantic separability of the do-589

mains. Highly overlapping categories (e.g., distin-590

guishing between C and C++ code) result in dense,591

ill-conditioned confusion matrices that challenge592

the stability of the linear inversion. Addressing this593

resolution limit perhaps through hierarchical infer-594

ence strategies or non-linear transport methods re-595

mains a promising direction for future exploration596

in pretraining data auditing.597

Ethics Statement598

The primary goal of this work is to advance trans-599

parency and accountability in the development of600

large language models by enabling the external601

auditing of opaque pretraining data mixture. By602

recovering the implicit composition of training cor-603

pora, LLMSurgeon facilitates the identification of604

potential biases, copyright infringements, and the605

over-representation of specific viewpoints, thereby606

empowering researchers and regulators to better607

understand foundation models. However, we ac-608

knowledge that this technology could be repur-609

posed to reverse-engineer proprietary dataset cu-610

ration strategies or identify vulnerabilities in spe-611

cific models by revealing their lack of exposure612

to certain domains. We believe that the scientific613

and social benefits of open and verifiable model614

auditing outweigh these risks, and we emphasize615

that our method operates at the distributional level616

rather than extracting individual training examples617

or private data.618

Regarding the using of AI, we just use generative 619

models for writing assistance and coding drafting. 620
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Appendix807

A Class-wise Detection Error808

A.1 Coarse-Grained Detection Error809

This section presents a coarse-grained detection810

error analysis over six high-level data source cat-811

egories: Web, GitHub, Wikipedia, Books, ArXiv,812

and StackExchange. These categories represent813

broad groupings of training data sources and are814

used to evaluate model performance at an aggre-815

gate level. The analysis examines the alignment816

between model-predicted data source distributions817

and the corresponding ground-truth distributions818

under a coarse-grained categorization.819

Figure 6 provides a visual comparison of pre-820

dicted and ground-truth proportions for OLMo-821

1B, Amber-13B, LLaMA1-7B, and LLaMA1-65B.822

Solid bars denote model predictions, while hatched823

bars indicate ground-truth proportions. All values824

are normalized to sum to one, allowing for direct825

comparison across categories and models. This vi-826

sualization offers an overview of detection results827

prior to detailed numerical inspection.828

Table 7 reports the corresponding numerical re-829

sults, including ground-truth proportions, model830

predictions, and absolute detection errors expressed831

as percentage deviations for each category. Detec-832

tion errors are computed as the absolute difference833

between predicted and ground-truth proportions.834

Overall, the table summarizes coarse-grained detec-835

tion behavior across models and data sources, with836

lower errors observed for dominant categories such837

as Web and GitHub, and comparatively larger devi-838

ations for less prevalent categories such as ArXiv839

and StackExchange.840

A.2 Mid-Grained Detection Error841

To further analyze detection performance beyond842

coarse-grained categories, this section reports mid-843

grained detection errors across 17 data source844

classes derived from the Pile dataset. These classes845

provide a finer partitioning of training data sources,846

covering a wider range of domain-specific datasets847

while remaining more aggregated than individual848

file types or instances. This mid-grained evaluation849

offers increased resolution relative to the coarse-850

grained setting while preserving interpretability.851

The results of the mid-grained evaluation are pre-852

sented in Table 8, which is divided into two subta-853

bles corresponding to class indices 0–10 and 10–17,854

respectively. For each class and model, we report855

the ground-truth proportion, the predicted propor- 856

tion, and the absolute detection error expressed as 857

a percentage. The class indices follow the order- 858

ing defined in the Pile dataset specification and are 859

applied consistently across all evaluated models. 860

Overall, the results indicate larger detection er- 861

rors for certain broad data sources, such as Com- 862

mon Crawl, while smaller errors are observed for 863

categories such as HackerNews. These observa- 864

tions summarize the mid-grained detection behav- 865

ior across the evaluated classes without further ag- 866

gregation. 867

A.3 Fine-Grained Detection Error 868

We further report a fine-grained detection error 869

analysis for the StarCoder model across 87 pro- 870

gramming language categories, where each cate- 871

gory corresponds to a distinct programming lan- 872

guage. This analysis provides the most detailed 873

view of detection behavior in our evaluation and en- 874

ables a class-wise inspection of prediction accuracy 875

at the level of individual programming languages. 876

Due to the large number of categories, the results 877

are organized into multiple subtables, each cover- 878

ing a contiguous range of class indices, collectively 879

spanning all 87 programming language classes. For 880

each language, the tables report the ground-truth 881

proportion, the model-predicted proportion, and the 882

corresponding absolute detection error expressed 883

as a percentage. All values are normalized such 884

that proportions across all classes sum to one. 885

From the reported results, languages with rel- 886

atively large ground-truth proportions, such as 887

Java, JavaScript, Python, and Go, tend to exhibit 888

larger absolute detection errors. In several cases, 889

the model substantially underestimates these high- 890

frequency languages, leading to large deviations be- 891

tween predicted and ground-truth proportions. For 892

example, Java and JavaScript show zero predicted 893

instances (0%). reflecting pronounced discrepan- 894

cies in their predicted distributions. 895

In contrast, many low-frequency languages, in- 896

cluding Agda, Alloy, ANTLR, and Emacs Lisp, are 897

associated with comparatively small absolute er- 898

rors. For these categories, both the ground-truth 899

and predicted proportions are close to zero, result- 900

ing in limited absolute deviation despite relative 901

differences. This pattern is consistently observed 902

across multiple subtables. 903

Additionally, several mid-frequency languages 904

exhibit notable overestimation, such as Markdown, 905

Julia, and Elixir, where predicted proportions ex- 906
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OLMo-1B

Amber-13B

LLaMA-7B

LLaMA-65B

Figure 6: Predicted versus ground-truth proportions of training data sources for OLMo-1B, Amber-13B, LLaMA1-
7B, and LLaMA1-65B across six coarse-grained categories. Solid bars denote model predictions, while hatched bars
indicate ground-truth proportions. The figure presents a comparison of detection results across models with different
numbers of parameters and across data source categories, providing a coarse-grained view of model predictions
relative to the ground truth.

Model Name Web GitHub Wikipedia Books ArXiv StackExchange

OLMo-1B
Ground Truth 81.10 13.40 0.10 0.20 2.30 2.90

Prediction 83.99 12.89 2.04 0.91 0.09 0.08
Detection Error 2.89 0.51 1.94 0.71 2.21 2.82

Amber-13B
Ground Truth 68.50 23.30 1.70 2.30 2.50 1.70

Prediction 49.69 41.56 4.45 2.98 0.78 0.53
Detection Error 18.81 18.26 2.75 0.68 1.72 1.17

LLaMA1-7B
Ground Truth 81.59 4.48 4.48 4.48 2.49 2.49

Prediction 81.58 8.27 5.55 4.47 0.07 0.06
Detection Error 0.01 3.79 1.07 0.01 2.42 2.43

LLaMA1-65B
Ground Truth 81.59 4.48 4.48 4.48 2.49 2.49

Prediction 82.58 6.48 3.59 7.21 0.08 0.05
Detection Error 0.99 2.00 0.89 2.73 2.41 2.44

Table 7: Per-class detection error analysis across six classes for OLMo-1B, Amber-13B, LLaMA1-7B, and LLaMA1-
65B, with errors reported as percentage absolute deviations for each category. The table reports the ground-truth
proportions, model predictions, and the corresponding absolute detection errors for each class, enabling a detailed
per-class comparison of detection results across the evaluated models.
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Model Name Common Crawl GitHub Wikipedia Gutenberg ArXiv StackExchange PubMed Central FreeLaw USPTO Backgrounds

Pythia-2.8B
GT 34.05 8.80 1.77 2.51 10.38 5.95 16.69 7.09 4.23
Pred 53.21 17.09 1.50 0.06 6.01 0.98 3.35 1.16 3.73

Error 19.16 8.29 0.27 2.45 4.37 4.97 13.34 5.93 0.50

Pythia-12B
GT 34.05 8.80 1.77 2.51 10.38 5.95 16.69 7.09 4.23
Pred 48.74 18.21 0.97 0.07 8.17 1.11 4.71 0.84 2.71

Error 14.69 9.41 0.8 2.44 2.21 4.84 11.98 6.25 1.52

GPT-Neo-2.7B
GT 34.05 8.80 1.77 2.51 10.38 5.95 16.69 7.09 4.23
Pred 60.5 4.21 1.43 2.67 3.88 0.31 7.36 0.92 6.72

Error 26.45 4.59 0.34 0.16 6.50 5.64 9.33 6.17 2.49

(a) Per-class detection error for classes 0-10.

Model Name PubMed Abstracts DM Mathematics Ubuntu IRC EuroParl HackerNews PhilPapers NIH ExPorter Enron Emails

Pythia-2.8B
GT 3.56 1.43 1.02 0.84 0.72 0.44 0.35 0.17
Pred 0.72 0.70 0.11 0.40 0.67 2.08 5.96 2.27

Error 2.84 0.73 0.91 0.44 0.05 1.64 5.61 2.10

Pythia-12B
GT 3.56 1.43 1.02 0.84 0.72 0.44 0.35 0.17
Pred 0.91 1.42 0.14 0.54 0.57 1.55 7.54 1.79

Error 2.65 0.01 0.88 0.30 0.15 1.11 7.19 1.62

GPT-Neo-2.7B
GT 3.56 1.43 1.02 0.84 0.72 0.44 0.35 0.17
Pred 0.68 0.90 0.08 0.16 0.19 1.99 7.17 0.85

Error 2.88 0.53 0.94 0.68 0.53 1.55 6.82 0.68

(b) Per-class detection error for classes 10-17.

Table 8: Per-class detection error analysis across 17 classes for models trained on the Pile dataset, with errors
reported as percentage absolute deviations for each category.

ceed the corresponding ground-truth values by a907

substantial margin. Conversely, languages such as908

C, C++, and Rust are markedly underestimated,909

contributing to larger detection errors within their910

respective class groups.911

Overall, the fine-grained results reveal substan-912

tial variability in detection accuracy across pro-913

gramming languages, with absolute errors influ-914

enced by both the underlying ground-truth fre-915

quency of a language and the model’s tendency to916

over- or under-predict specific language categories.917

These detailed per-language results serve as a sup-918

plementary reference for understanding class-wise919

detection behavior at the finest granularity.920
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ada agda alloy antlr applescript assembly augeas awk batchfile bluespec

GT 0.039 0.010 0.001 0.008 0.001 0.233 0.000 0.003 0.035 0.005
Pred 0.230 0.073 0.111 0.042 0.458 0.603 0.076 0.227 0.379 0.036

Error 0.191 0.063 0.110 0.034 0.457 0.370 0.076 0.224 0.344 0.031

(a) Per-class detection error for classes 0–10 evaluated on StarCoder.

c c-sharp clojure cmake coffeescript common-lisp cpp css cuda dart

GT 8.082 6.697 0.069 0.068 0.095 0.210 7.336 0.450 0.084 0.549
Pred 0.433 0.009 0.170 1.478 3.809 0.068 0.064 0.039 0.022 0.147

Error 7.649 6.688 0.101 1.410 3.714 0.142 7.272 0.411 0.062 0.402

(b) Per-class detection error for classes 10-20 evaluated on StarCoder.

dockerfile elixir elm emacs-lisp erlang f-sharp fortran glsl go groovy

GT 0.063 0.107 0.045 0.061 0.105 0.092 0.267 0.060 3.566 0.137
Pred 0.180 2.843 0.117 0.051 0.321 0.000 1.228 0.194 0.110 0.474

Error 0.117 2.736 0.072 0.010 0.216 0.092 0.961 0.134 3.456 0.337

(c) Per-class detection error for classes 20-30 evaluated on StarCoder.

haskell html idris isabelle java java-server-pages javascript json julia kotlin

GT 0.335 4.403 0.005 0.012 13.037 0.147 9.703 0.150 0.197 0.852
Pred 0.045 0.082 0.737 0.302 0.000 0.080 0.000 1.090 6.980 0.226

Error 0.290 4.321 0.732 0.290 13.037 0.067 9.703 0.940 6.783 0.626

(d) Per-class detection error for classes 30-40 evaluated on StarCoder.

lean agda l-coffeescript l-haskell lua makefile maple markdown mathematica matlab

GT 0.014 0.001 0.001 0.008 0.430 0.197 0.001 11.236 0.187 0.000
Pred 0.705 0.000 1.594 1.869 4.263 0.058 0.790 14.348 0.308 0.904

Error 0.691 0.001 1.593 1.861 3.833 0.139 0.789 3.112 0.121 0.904

(e) Per-class detection error for classes 40-50 evaluated on StarCoder.

ocaml pascal perl php powershell prolog protocol-buffer python r racket

GT 0.154 0.252 0.335 9.131 0.168 0.001 0.046 9.057 0.045 0.005
Pred 1.256 0.188 0.453 0.155 0.688 0.819 0.049 27.029 5.590 0.106

Error 1.102 0.064 0.118 8.976 0.520 0.818 0.003 17.972 5.545 0.101

(f) Per-class detection error for classes 50-60 evaluated on StarCoder.

restructuredtext rmarkdown ruby rust sas scala scheme shell solidity sparql

GT 0.498 0.009 1.021 1.366 0.018 0.704 0.030 0.463 0.128 0.006
Pred 3.826 2.176 1.461 0.076 0.198 0.092 0.138 0.777 0.069 0.266

Error 3.328 2.167 0.440 1.290 0.180 0.612 0.108 0.314 0.059 0.260

(g) Per-class detection error for classes 60-70 evaluated on StarCoder.

sql stan standard-ml stata systemverilog tcl tcsh tex thrift typescript

GT 1.663 0.001 0.029 0.049 0.059 0.053 0.003 0.780 0.001 3.977
Pred 0.655 0.042 0.699 1.178 0.309 0.355 0.186 0.152 0.109 0.302

Error 1.008 0.041 0.670 1.128 0.250 0.302 0.183 0.628 0.108 3.675

(h) Per-class detection error for classes 70-80 evaluated on StarCoder.

verilog vhdl visual-basic xslt yacc yaml zig

GT 0.000 0.141 0.213 0.008 0.016 0.150 0.026
Pred 0.046 0.106 0.818 0.063 0.307 0.871 0.021

Error 0.046 0.035 0.605 0.055 0.291 0.721 0.005

(i) Per-class detection error for classes 80-87 evaluated on StarCoder.

Table 9: Per-class detection error analysis across 87 programming languages for the StarCoder model, reporting
percentage absolute errors for each language category.
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