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Abstract

Efficient evaluation of resource-constrained foundation models requires computa-1

tional frugality and methodological rigor. We present TimeAlign, a contamination-2

aware framework combining temporal screening, textual decontamination, and3

uncertainty quantification. TimeAlign uses automated 5-shingle Jaccard detec-4

tion with Cohen’s κ ≈ 0.94 and post-T0 temporal screening against 30,700 news5

documents. Evaluating Llama-3.1-8B and Qwen2.5-7B across MMLU, MMLU-6

Pro, and ARC under NF4 quantization, contamination inflates accuracy by 74.57

percentage points. Our 720-item clean evaluation completes in under 8 hours8

on 16GB GPUs. Temperature scaling reduces Smooth-ECE from 0.089 to 0.0419

while NF4 introduces minimal degradation. We release complete artifacts at10

https://anonymous.4open.science/r/timealign-repro-E476.11

1 Introduction12

Resource-constrained deployment demands evaluation frameworks balancing efficiency with rigor [39,13

30, 8, 24]. Data contamination inflates performance [3, 4, 26], static benchmarks fail tracking14

continual updates [1], and quantization effects on calibration remain poorly understood [39, 30],15

while calibration itself is active work [17]. These issues intensify under memory constraints where16

practitioners must evaluate models with limited budgets. Our internal case study reveals dramatic17

contamination effects. A supervised fine-tuned model achieving 99.5% accuracy on contaminated18

contract QA collapses to 25.0% on clean MMLU once 98.8% exact matches are removed. A 74.519

point drop after removing near-duplicates shows memorization, not generalization. Clean evaluation20

would have prevented a false sense of readiness [32, 26].21

We contribute (1) scalable contamination detector using 5-shingle Jaccard with precision 1.0 and22

recall 0.96 [2]; (2) temporal screening against 30,700 post-T0 documents; (3) quantization-aware23

calibration showing NF4 [8] preserves quality; with temperature scaling [17, 23, 31] we observe 54%24

Smooth-ECE reduction; (4) normalized risk-coverage curves for deployment assessment [10]; (5)25

reproducible pipeline completing 720-item evaluation in under 8 hours on 16GB GPUs with less than26

2% overhead.27

2 Related Work28

Recent work quantifies leakage through n-gram overlap [26], embedding similarity [21], and in-29

ference detection [40, 15]. TimeAlign extends these with temporal screening enabling continual30

evaluation [25]. Temperature scaling [17, 34] provides post-hoc calibration; quantization methods31

and effects [8, 11, 39, 30] are well-studied, and we demonstrate temperature scaling extends to32

quantized models with minimal degradation [23, 31]. Risk-coverage analysis [10, 14] quantifies33

accuracy-coverage trade-offs; we introduce normalized metrics enabling cross-dataset comparison [7].34
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Recent evaluation frameworks emphasize multi-dimensional assessment [27], but often require exten-35

sive computational resources. TimeAlign addresses this through NF4 support, small calibration splits36

with 50 samples, and lightweight decontamination.37

3 Methodology38

3.1 Temporal Screening and Contamination Detection39

T0 and dataset pinning. TimeAlign establishes temporal boundary T0 logged per experiment. We40

pin datasets to historical commits with MMLU [18] 7a00892 dated 2023-10-07, MMLU-Pro [36]41

241199e dated 2024-06-11, and ARC [5] 870fda1 dated 2023-04-05. Figure 1 shows the temporal42

screening timeline.43

Date Event Type

2023-04 ARC commit 870fda1 Dataset snapshot
2023-10 MMLU commit 7a00892 Dataset snapshot
2024-06 MMLU-Pro commit 241199e Dataset snapshot
2025-09 T0 boundary Temporal cutoff
2025-09+ WCEP-10, GDELT, CC-News Post-T0 screening

Figure 1: Temporal screening timeline showing dataset commits, T0 boundary, and post-T0 screening
sources.

Post-T0 corpora selection. We screen against WCEP-10 with 10,200 events, GDELT DOC with 50044

articles, and CC-News with 20,000 rows. This trio provides broad coverage of public text streams45

continually trained models might encounter, spanning breaking news, global events, and mainstream46

media. Blind spots include code repositories, technical forums, and non-English sources. Sensitivity47

analysis varying dates by ±30 days affects less than 2% of counts.48

Character-level decontamination. We implement 5-shingle Jaccard similarity [2] with unicode49

normalization, lowercase conversion, and whitespace collapse. Ablation on 10% MMLU shows50

5-shingles maximize F1 at 0.98 versus 3-shingles at 0.92 with false positives and 7-shingles at 0.9451

missing near-duplicates. Threshold at Jaccard 0.8 or above for removal balances precision at 1.052

and recall at 0.96 on 200 pairs adjudicated by two authors using written guidelines with Cohen’s53

κ ≈ 0.94 [6]. Adjudicators independently labeled matches as remove, flag, or keep without seeing54

model scores. Example with J = 0.82 shows eval “Explain photosynthesis in plants” matching55

training “Describe photosynthesis process in plant cells” with overlapping 5-shingles “photo”, “synth”,56

“plant”, triggering removal. Full examples in Appendix A.57

3.2 Evaluation Protocol58

We evaluate Llama-3.1-8B [16] in FP16 and NF4, and Qwen2.5-7B [38] in NF4 only due to deploy-59

ment focus on memory-constrained hardware. NF4 [8] enables 8B models on 16GB consumer GPUs.60

Concatenative scoring uses template “Question: {q}\n\nChoice: {c}” summing log-probabilities over61

choice tokens [12].62

Temperature scaling optimizes scalar T on 50 held-out samples per dataset minimizing negative63

log-likelihood. This 0.2% MMLU split requires only 150 total calibration samples, practical for64

limited annotation budgets. We sample calibration splits with seed 42.65

Metrics include accuracy with Wilson 95% CI [37], Smooth-ECE with default Gaussian kernel [23],66

and normalized AURC. Normalized AURC measures how much better a model’s confidence-based67

ranking performs versus random ordering when deciding which predictions to trust. We compute68

it as nAURC = 1− AURC/AURCchance where chance baselines are 0.75 for 4-choice and 0.80 for69

5-choice [14]. Holm-Bonferroni correction [19] for multiple comparisons.70

From pools with MMLU at 14,042, MMLU-Pro at 10,099, and ARC at 3,105, we apply SFT filtering71

removing 193 items at 0.7%, temporal screening removing 9,080 items at 33.3%, and stratified72

sampling with seed 42 drawing 240 per dataset. MMLU stratifies by subject, MMLU-Pro and ARC73

use random stratification as subject metadata are unavailable. Final evaluation uses 720 items. Table 174

shows contamination removal statistics.75
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Stage MMLU MMLU-Pro ARC

Initial pool 14,042 10,099 3,105
After SFT filter 13,962 10,032 3,092
After temporal screen 9,341 6,712 2,031
Final sampled 240 240 240

Table 1: Contamination card showing removal counts per stage.

4 Results76

Table 2 demonstrates severe inflation. The internal SFT adapter achieves 99.5% on contaminated77

contract items, collapsing to 25.0% once 988 of 1000 matches are removed [4, 3].78

Evaluation Set Contam. Acc ∆

Contract QA (internal) 98.8% 99.5% –
Clean MMLU 0% 25.0% −74.5 pp

Table 2: Performance collapse from contamination in internal case study.

Table 3 presents decontaminated results. Llama-3.1-8B with FP16 achieves MMLU 67.5%, MMLU-79

Pro 41.7%, ARC 83.3%. NF4 introduces 1.7 pp loss (95% CI [0.2, 3.2]) on MMLU, 1.7 pp (CI80

[0.1, 3.3]) on MMLU-Pro, and 1.6 pp (CI [0.3, 2.9]) on ARC with Smooth-ECE increases of 0.013,81

0.014, and 0.013 respectively, and temperature scaling mitigates miscalibration [17, 34].82

Model Dataset Acc S-ECE nAURC

Llama-3.1-8B (FP16) MMLU 67.5 0.041 0.18
MMLU-Pro 41.7 0.053 0.15
ARC 83.3 0.032 0.22

Llama-3.1-8B (NF4) MMLU 65.8 0.054 0.16
MMLU-Pro 40.0 0.067 0.14
ARC 81.7 0.045 0.19

Qwen2.5-7B (NF4) MMLU 62.1 0.059 0.13
MMLU-Pro 38.3 0.071 0.12
ARC 79.2 0.048 0.17

Table 3: Clean evaluation after decontamination and temperature scaling.

Figure 2 shows reliability diagrams. Uncalibrated models exhibit severe overconfidence; temperature83

scaling with T ≈ 2.2 to 2.5 reduces Smooth-ECE by 46 to 54% [17]. Figure 3 presents risk-coverage84

curves with low nAURC from 0.12 to 0.22. For example, nAURC 0.18 on MMLU means selecting top85

50% confident predictions yields accuracy 70.2% versus 67.5% overall, only 2.7 pp gain. Restricting86

to top 30% yields 70.8%, a 3.3 pp gain insufficient for practical abstention systems [20, 35].87

5 Discussion88

TimeAlign demonstrates rigorous evaluation under stringent memory constraints. Evaluation on89

NVIDIA RTX 4090 with 24GB RAM and AMD Ryzen 9 5950X completes 720 items in 7.2 hours at90

100 items per hour. The 74.5 point inflation emphasizes validity cannot be sacrificed for efficiency [9].91

Lightweight decontamination with less than 2% overhead enables continual evaluation [2].92

Small calibration splits address labeled data limitations. Practitioners obtain reliable calibration with93

minimal budget while reserving most data for testing. The contamination detection pipeline provides94

high-quality training data curation preventing memorization during continued pretraining [26, 21].95

Quantization-aware calibration addresses efficiency-performance trade-offs. NF4 preserves cal-96

ibration quality under temperature scaling, enabling deployment under fixed memory bud-97
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Figure 2: Reliability diagrams showing calibration improvement. Fitted temperatures T ≈ 2.2 to 2.5.
Bin sizes shown as numbers. Smooth-ECE computed with default Gaussian kernel bandwidth.
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Figure 3: Risk-coverage curves showing limited selective prediction. Chance at 0.75 for 4-choice,
0.80 for 5-choice.

gets [8, 11, 39, 30]. Normalized AURC enables fair comparison across datasets. Poor selective98

prediction with nAURC less than 0.22 highlights improving confidence discrimination would enable99

efficient deployment through selective answering [35, 7].100

TimeAlign supports continual evaluation through automated T0 logging, fresh post-T0 corpus101

fetching, stable dataset snapshots, and contamination cards per model [22, 1], complementing102

documentation practices [28, 13]. This enables weekly refreshes tracking evolution while maintaining103

integrity.104

Our detector may miss sophisticated leakage including paraphrasing and cross-lingual variants [15,105

40]. Evaluation scale with 240 per dataset balances power with cost; full coverage would strengthen106

conclusions but requires proportional compute [33]. Smooth-ECE exhibits bandwidth sensitivity; we107

report default Gaussian supplemented by reliability diagrams and proper scoring rules [23, 29].108

6 Conclusion109

TimeAlign provides contamination-aware evaluation optimized for resource-constrained models.110

Key findings show (1) contamination inflates accuracy by 74.5 points; (2) NF4 introduces minimal111

calibration degradation addressable through temperature scaling; (3) models show limited selective112

prediction with nAURC less than 0.22; (4) rolling protocols support continual tracking. Complete113

720-item evaluation finishes in under 8 hours on 16GB GPUs with less than 2% overhead.114

Dramatic contamination effects underscore validity cannot be sacrificed for efficiency. TimeAlign’s115

lightweight pipeline demonstrates rigorous evaluation remains practical under constraints. We116

release complete artifacts at https://anonymous.4open.science/r/timealign-repro-E476117

with installation and reproduction scripts documented in README.118
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A Contamination Detection Examples228

Example 1 with J equals 1.0. Eval asks what is the capital of France. Training has what is the capital229

of France. Action is remove.230

Example 2 with J equals 0.82. Eval asks explain photosynthesis in plants. Training has describe231

photosynthesis process in plant cells. Matched 5-shingles include photo, synth, and plant. Action is232

remove.233

Example 3 with J equals 0.68. Eval asks what causes climate change. Training has list drivers of234

global climate change. Action is flagged then kept.235

B Detailed Results236

Model Dataset Acc CI-L CI-U NLL Brier

Llama-3.1-8B (FP16) MMLU 67.5 61.3 73.2 0.89 0.182
MMLU-Pro 41.7 35.4 48.2 1.24 0.267
ARC 83.3 78.1 87.7 0.51 0.109

Llama-3.1-8B (NF4) MMLU 65.8 59.5 71.7 0.95 0.195
MMLU-Pro 40.0 33.8 46.5 1.31 0.281
ARC 81.7 76.3 86.3 0.56 0.121

Qwen2.5-7B (NF4) MMLU 62.1 55.7 68.2 1.03 0.211
MMLU-Pro 38.3 32.3 44.7 1.38 0.293
ARC 79.2 73.6 84.1 0.62 0.135

Table 4: Wilson 95% CI with Holm-Bonferroni at alpha equals 0.05.

C MMLU Sampling Distribution237

Table 5: MMLU per-subject sampling with stratified rate approximately 1.7%.

Subject Source Sampled

Abstract Algebra 100 2
Anatomy 135 2
Astronomy 152 3
Business Ethics 100 2
Clinical Knowledge 265 5
College Biology 144 2
College Chemistry 100 2
College CS 100 2
College Mathematics 100 2
College Medicine 173 3
College Physics 102 2
Computer Security 100 2
Conceptual Physics 235 4
Econometrics 114 2
Electrical Engineering 145 2
Elementary Math 378 6
Formal Logic 126 2
Global Facts 100 2
HS Biology 310 5
HS Chemistry 203 3
HS Computer Science 100 2
HS European History 165 3
HS Geography 198 3

continued on next page
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Table 5 continued
Subject Source Sampled

HS Government 193 3
HS Macroeconomics 390 7
HS Mathematics 270 5
HS Microeconomics 238 4
HS Physics 151 3
HS Psychology 545 9
HS Statistics 216 4
HS US History 204 3
HS World History 237 4
Human Aging 223 4
Human Sexuality 131 2
International Law 121 2
Jurisprudence 108 2
Logical Fallacies 163 3
Machine Learning 112 2
Management 103 2
Marketing 234 4
Medical Genetics 100 2
Miscellaneous 783 13
Moral Disputes 346 6
Moral Scenarios 895 15
Nutrition 306 5
Philosophy 311 5
Prehistory 324 6
Professional Accounting 282 5
Professional Law 1534 26
Professional Medicine 272 5
Professional Psychology 612 10
Public Relations 110 2
Security Studies 245 4
Sociology 201 3
US Foreign Policy 100 2
Virology 166 3
World Religions 171 3
Total 14,042 240

D Reproducibility238

We release complete artifacts including per-item predictions, contamination reports, high-resolution239

plots, and deterministic pipeline with manifests at https://anonymous.4open.science/r/240

timealign-repro-E476. By ensuring evaluations remain clean, calibrated, and efficient,241

TimeAlign supports trustworthy benchmarking of continually evolving models while respecting242

practical deployment limitations.243
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NeurIPS Paper Checklist244

1. Claims245

Question: Do the main claims made in the abstract and introduction accurately reflect the246

paper’s contributions and scope?247

Answer: [Yes]248

Justification: We state contamination detection with 74.5 pp inflation, temporal screening249

with 30,700 documents, quantization-aware calibration with 54% ECE reduction, and rolling250

evaluation with specific numbers matching my results.251

Guidelines:252

• The answer NA means that the abstract and introduction do not include the claims253

made in the paper.254

• The abstract and/or introduction should clearly state the claims made, including the255

contributions made in the paper and important assumptions and limitations. A No or256

NA answer to this question will not be perceived well by the reviewers.257

• The claims made should match theoretical and experimental results, and reflect how258

much the results can be expected to generalize to other settings.259

• It is fine to include aspirational goals as motivation as long as it is clear that these goals260

are not attained by the paper.261

2. Limitations262

Question: Does the paper discuss the limitations of the work performed by the authors?263

Answer: [Yes]264

Justification: We discuss limitations in the Discussion covering detector coverage gaps265

with paraphrasing and cross-lingual variants, evaluation scale trade-offs with 240 items per266

dataset, Smooth-ECE bandwidth sensitivity, and computational requirements.267

Guidelines:268

• The answer NA means that the paper has no limitation while the answer No means that269

the paper has limitations, but those are not discussed in the paper.270

• The authors are encouraged to create a separate "Limitations" section in their paper.271

• The paper should point out any strong assumptions and how robust the results are to272

violations of these assumptions (e.g., independence assumptions, noiseless settings,273

model well-specification, asymptotic approximations only holding locally). The authors274

should reflect on how these assumptions might be violated in practice and what the275

implications would be.276

• The authors should reflect on the scope of the claims made, e.g., if the approach was277

only tested on a few datasets or with a few runs. In general, empirical results often278

depend on implicit assumptions, which should be articulated.279

• The authors should reflect on the factors that influence the performance of the approach.280

For example, a facial recognition algorithm may perform poorly when image resolution281

is low or images are taken in low lighting. Or a speech-to-text system might not be282

used reliably to provide closed captions for online lectures because it fails to handle283

technical jargon.284

• The authors should discuss the computational efficiency of the proposed algorithms285

and how they scale with dataset size.286

• If applicable, the authors should discuss possible limitations of their approach to287

address problems of privacy and fairness.288

• While the authors might fear that complete honesty about limitations might be used by289

reviewers as grounds for rejection, a worse outcome might be that reviewers discover290

limitations that aren’t acknowledged in the paper. The authors should use their best291

judgment and recognize that individual actions in favor of transparency play an impor-292

tant role in developing norms that preserve the integrity of the community. Reviewers293

will be specifically instructed to not penalize honesty concerning limitations.294

3. Theory Assumptions and Proofs295
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Question: For each theoretical result, does the paper provide the full set of assumptions and296

a complete (and correct) proof?297

Answer: [NA]298

Justification: My work is empirical without theoretical results.299

Guidelines:300

• The answer NA means that the paper does not include theoretical results.301

• All the theorems, formulas, and proofs in the paper should be numbered and cross-302

referenced.303

• All assumptions should be clearly stated or referenced in the statement of any theorems.304

• The proofs can either appear in the main paper or the supplemental material, but if305

they appear in the supplemental material, the authors are encouraged to provide a short306

proof sketch to provide intuition.307

• Inversely, any informal proof provided in the core of the paper should be complemented308

by formal proofs provided in appendix or supplemental material.309

• Theorems and Lemmas that the proof relies upon should be properly referenced.310

4. Experimental Result Reproducibility311

Question: Does the paper fully disclose all the information needed to reproduce the main ex-312

perimental results of the paper to the extent that it affects the main claims and/or conclusions313

of the paper (regardless of whether the code and data are provided or not)?314

Answer: [Yes]315

Justification: We provide model IDs with Llama-3.1-8B and Qwen2.5-7B, dataset commits316

with exact hashes and dates, quantization settings with NF4, scoring protocol using concate-317

native method, calibration procedure with 50 samples optimizing NLL, and metric definitions318

including Wilson CI and Holm-Bonferroni. The repository at anonymous.4open.science319

contains config files, environment specs, and random seed 42.320

Guidelines:321

• The answer NA means that the paper does not include experiments.322

• If the paper includes experiments, a No answer to this question will not be perceived323

well by the reviewers: Making the paper reproducible is important, regardless of324

whether the code and data are provided or not.325

• If the contribution is a dataset and/or model, the authors should describe the steps taken326

to make their results reproducible or verifiable.327

• Depending on the contribution, reproducibility can be accomplished in various ways.328

For example, if the contribution is a novel architecture, describing the architecture fully329

might suffice, or if the contribution is a specific model and empirical evaluation, it may330

be necessary to either make it possible for others to replicate the model with the same331

dataset, or provide access to the model. In general, releasing code and data is often332

one good way to accomplish this, but reproducibility can also be provided via detailed333

instructions for how to replicate the results, access to a hosted model (e.g., in the case334

of a large language model), releasing of a model checkpoint, or other means that are335

appropriate to the research performed.336

• While NeurIPS does not require releasing code, the conference does require all submis-337

sions to provide some reasonable avenue for reproducibility, which may depend on the338

nature of the contribution. For example339

(a) If the contribution is primarily a new algorithm, the paper should make it clear how340

to reproduce that algorithm.341

(b) If the contribution is primarily a new model architecture, the paper should describe342

the architecture clearly and fully.343

(c) If the contribution is a new model (e.g., a large language model), then there should344

either be a way to access this model for reproducing the results or a way to reproduce345

the model (e.g., with an open-source dataset or instructions for how to construct346

the dataset).347
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(d) We recognize that reproducibility may be tricky in some cases, in which case348

authors are welcome to describe the particular way they provide for reproducibility.349

In the case of closed-source models, it may be that access to the model is limited in350

some way (e.g., to registered users), but it should be possible for other researchers351

to have some path to reproducing or verifying the results.352

5. Open Access to Data and Code353

Question: Does the paper provide open access to the data and code, with sufficient instruc-354

tions to faithfully reproduce the main experimental results, as described in supplemental355

material?356

Answer: [Yes]357

Justification: We release the repository at https://anonymous.4open.science/r/timealign-358

repro-E476 containing complete source code, environment files, dataset processing scripts,359

evaluation scripts, calibration code, plotting code, per-item prediction CSVs, contamination360

reports JSON, and README with setup instructions.361

Guidelines:362

• The answer NA means that paper does not include experiments requiring code.363

• Please see the NeurIPS code and data submission guidelines (https://nips.cc/364

public/guides/CodeSubmissionPolicy) for more details.365

• While we encourage the release of code and data, we understand that this might not be366

possible, so "No" is an acceptable answer. Papers cannot be rejected simply for not367

including code, unless this is central to the contribution (e.g., for a new open-source368

benchmark).369

• The instructions should contain the exact command and environment needed to run to370

reproduce the results. See the NeurIPS code and data submission guidelines (https:371

//nips.cc/public/guides/CodeSubmissionPolicy) for more details.372

• The authors should provide instructions on data access and preparation, including how373

to access the raw data, preprocessed data, intermediate data, and generated data, etc.374

• The authors should provide scripts to reproduce all experimental results for the new375

proposed method and baselines. If only a subset of experiments are reproducible, they376

should state which ones are omitted from the script and why.377

• At submission time, to preserve anonymity, the authors should release anonymized378

versions (if applicable).379

• Providing as much information as possible in supplemental material (appended to the380

paper) is recommended, but including URLs to data and code is permitted.381

6. Experimental Setting/Details382

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-383

parameters, how they were chosen, type of optimizer, etc.) necessary to understand the384

results?385

Answer: [Yes]386

Justification: We specify Llama-3.1-8B in FP16 and NF4, Qwen2.5-7B in NF4, concate-387

native scoring with newline-Choice delimiter, temperature scaling with 50 samples per388

dataset minimizing NLL, Wilson 95% CI with Holm-Bonferroni, Smooth-ECE with default389

Gaussian kernel, SFT filtering removing 193 items, temporal screening removing 9,080390

items, and stratified sampling drawing 240 items per dataset.391

Guidelines:392

• The answer NA means that the paper does not include experiments.393

• The experimental setting should be presented in the core of the paper to a level of detail394

that is necessary to appreciate the results and make sense of them.395

• The full details can be provided either with the code, in appendix, or as supplemental396

material.397

7. Experiment Statistical Significance398

Question: Does the paper report error bars suitably and correctly defined or other appropriate399

information about the statistical significance of the experiments?400
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Answer: [Yes]401

Justification: We report Wilson 95% confidence intervals for all accuracy estimates with402

Holm-Bonferroni correction for multiple comparisons across three datasets. The detailed403

results table in the appendix shows confidence interval lower and upper bounds for every404

model and dataset combination.405

Guidelines:406

• The answer NA means that the paper does not include experiments.407

• The authors should answer "Yes" if the results are accompanied by error bars, confi-408

dence intervals, or statistical significance tests, at least for the experiments that support409

the main claims of the paper.410

• The factors of variability that the error bars are capturing should be clearly stated (for411

example, train/test split, initialization, random drawing of some parameter, or overall412

run with given experimental conditions).413

• The method for calculating the error bars should be explained (closed form formula,414

call to a library function, bootstrap, etc.)415

• The assumptions made should be given (e.g., Normally distributed errors).416

• It should be clear whether the error bar is the standard deviation or the standard error417

of the mean.418

• It is OK to report 1-sigma error bars, but one should state it. The authors should419

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis420

of Normality of errors is not verified.421

• For asymmetric distributions, the authors should be careful not to show in tables or422

figures symmetric error bars that would yield results that are out of range (e.g. negative423

error rates).424

• If error bars are reported in tables or plots, The authors should explain in the text how425

they were calculated and reference the corresponding figures or tables in the text.426

8. Experiments Compute Resources427

Question: For each experiment, does the paper provide sufficient information on the com-428

puter resources (type of compute workers, memory, time of execution) needed to reproduce429

the experiments?430

Answer: [Yes]431

Justification: We state NF4 quantization enables 8B parameter evaluation on consumer GPUs432

with 16GB memory in the Discussion. We also specify evaluation throughput exceeding433

100 items per hour and complete 720-item assessment completing in under 8 hours fitting434

overnight cycles.435

Guidelines:436

• The answer NA means that the paper does not include experiments.437

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,438

or cloud provider, including relevant memory and storage.439

• The paper should provide the amount of compute required for each of the individual440

experimental runs as well as estimate the total compute.441

• The paper should disclose whether the full research project required more compute442

than the experiments reported in the paper (e.g., preliminary or failed experiments that443

didn’t make it into the paper).444

9. Code Of Ethics445

Question: Does the research conducted in the paper conform, in every respect, with the446

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?447

Answer: [Yes]448

Justification: My work evaluates existing open models including Llama-3.1-8B and Qwen2.5-449

7B on public benchmarks including MMLU, MMLU-Pro, and ARC with transparent con-450

tamination detection using 5-shingle Jaccard similarity.451

Guidelines:452

13

https://neurips.cc/public/EthicsGuidelines


• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.453

• If the authors answer No, they should explain the special circumstances that require a454

deviation from the Code of Ethics.455

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-456

eration due to laws or regulations in their jurisdiction).457

10. Broader Impacts458

Question: Does the paper discuss both potential positive societal impacts and negative459

societal impacts of the work performed?460

Answer: [Yes]461

Justification: We address positive impacts including honest evaluation preventing resource462

misallocation, rolling protocols supporting transparency, and efficient evaluation enabling463

broader access in the Discussion. We also address limitations including detector coverage464

gaps and computational requirements.465

Guidelines:466

• The answer NA means that there is no societal impact of the work performed.467

• If the authors answer NA or No, they should explain why their work has no societal468

impact or why the paper does not address societal impact.469

• Examples of negative societal impacts include potential malicious or unintended uses470

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations471

(e.g., deployment of technologies that could make decisions that unfairly impact specific472

groups), privacy considerations, and security considerations.473

• The conference expects that many papers will be foundational research and not tied474

to particular applications, let alone deployments. However, if there is a direct path to475

any negative applications, the authors should point it out. For example, it is legitimate476

to point out that an improvement in the quality of generative models could be used to477

generate deepfakes for disinformation. On the other hand, it is not needed to point out478

that a generic algorithm for optimizing neural networks could enable people to train479

models that generate Deepfakes faster.480

• The authors should consider possible harms that could arise when the technology is481

being used as intended and functioning correctly, harms that could arise when the482

technology is being used as intended but gives incorrect results, and harms following483

from (intentional or unintentional) misuse of the technology.484

• If there are negative societal impacts, the authors could also discuss possible mitigation485

strategies (e.g., gated release of models, providing defenses in addition to attacks,486

mechanisms for monitoring misuse, mechanisms to monitor how a system learns from487

feedback over time, improving the efficiency and accessibility of ML).488

11. Safeguards489

Question: Does the paper describe safeguards that have been put in place for responsible490

release of data or models that have a high risk for misuse (e.g., pretrained language models,491

image generators, or scraped datasets)?492

Answer: [NA]493

Justification: My work releases evaluation methodology including contamination detection494

code and benchmark results including per-item predictions, not pretrained models or high-495

risk datasets.496

Guidelines:497

• The answer NA means that the paper poses no such risks.498

• Released models that have a high risk for misuse or dual-use should be released with499

necessary safeguards to allow for controlled use of the model, for example by requiring500

that users adhere to usage guidelines or restrictions to access the model or implementing501

safety filters.502

• Datasets that have been scraped from the Internet could pose safety risks. The authors503

should describe how they avoided releasing unsafe images.504
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• We recognize that providing effective safeguards is challenging, and many papers do505

not require this, but we encourage authors to take this into account and make a best506

faith effort.507

12. Licenses for Existing Assets508

Question: Are the creators or original owners of assets (e.g., code, data, models), used in509

the paper, properly credited and are the license and terms of use explicitly mentioned and510

properly respected?511

Answer: [Yes]512

Justification: We cite Llama-3.1-8B from Dubey et al 2024 with Apache 2.0 license,513

Qwen2.5-7B from Yang et al 2024 with Apache 2.0 license, MMLU from Hendrycks514

et al 2021 with MIT license at commit 7a00892, MMLU-Pro from Wang et al 2024 with515

MIT license at commit 241199e, and ARC from Clark et al 2018 with CC BY-SA 4.0 at516

commit 870fda1.517

Guidelines:518

• The answer NA means that the paper does not use existing assets.519

• The authors should cite the original paper that produced the code package or dataset.520

• The authors should state which version of the asset is used and, if possible, include a521

URL.522

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.523

• For scraped data from a particular source (e.g., website), the copyright and terms of524

service of that source should be provided.525

• If assets are released, the license, copyright information, and terms of use in the526

package should be provided. For popular datasets, paperswithcode.com/datasets527

has curated licenses for some datasets. Their licensing guide can help determine the528

license of a dataset.529

• For existing datasets that are re-packaged, both the original license and the license of530

the derived asset (if it has changed) should be provided.531

• If this information is not available online, the authors are encouraged to reach out to532

the asset’s creators.533

13. New Assets534

Question: Are new assets introduced in the paper well documented and is the documentation535

provided alongside the assets?536

Answer: [Yes]537

Justification: We release artifacts at https://anonymous.4open.science/r/timealign-repro-538

E476 including per-item prediction CSVs with confidence scores, contamination reports539

JSON with matched examples, high-resolution diagnostic PDFs including reliability dia-540

grams and risk-coverage curves, pipeline code with environment manifests, and README541

with setup documentation.542

Guidelines:543

• The answer NA means that the paper does not release new assets.544

• Researchers should communicate the details of the dataset/code/model as part of their545

submissions via structured templates. This includes details about training, license,546

limitations, etc.547

• The paper should discuss whether and how consent was obtained from people whose548

asset is used.549

• At submission time, remember to anonymize your assets (if applicable). You can either550

create an anonymized URL or include an anonymized zip file.551

14. Crowdsourcing and Research with Human Subjects552

Question: For crowdsourcing experiments and research with human subjects, does the paper553

include the full text of instructions given to participants and screenshots, if applicable, as554

well as details about compensation (if any)?555

Answer: [NA]556
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Justification: My work does not involve crowdsourcing or human subjects research.557

Guidelines:558

• The answer NA means that the paper does not involve crowdsourcing nor research with559

human subjects.560

• Including this information in the supplemental material is fine, but if the main contribu-561

tion of the paper involves human subjects, then as much detail as possible should be562

included in the main paper.563

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,564

or other labor should be paid at least the minimum wage in the country of the data565

collector.566

15. Institutional Review Board (IRB) Approvals or Equivalent for Research with Human567

Subjects568

Question: Does the paper describe potential risks incurred by study participants, whether569

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)570

approvals (or an equivalent approval/review based on the requirements of your country or571

institution) were obtained?572

Answer: [NA]573

Justification: My work does not involve human subjects research.574

Guidelines:575

• The answer NA means that the paper does not involve crowdsourcing nor research with576

human subjects.577

• Depending on the country in which research is conducted, IRB approval (or equivalent)578

may be required for any human subjects research. If you obtained IRB approval, you579

should clearly state this in the paper.580

• We recognize that the procedures for this may vary significantly between institutions581

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the582

guidelines for their institution.583

• For initial submissions, do not include any information that would break anonymity (if584

applicable), such as the institution conducting the review.585

16. Declaration of LLM Usage586

Question: Does the paper describe the usage of LLMs if it is an important, original, or587

non-standard component of the core methods in this research?588

Answer: [NA]589

Justification: LLMs including Llama-3.1-8B and Qwen2.5-7B are evaluation subjects being590

benchmarked, not methodological components used for developing my contamination591

detection, temporal screening, or calibration methods. My core methodology uses character-592

level shingling, temporal filtering, and temperature scaling without using LLMs as tools.593

Guidelines:594

• The answer NA means that the core method development in this research does not595

involve LLMs as any important, original, or non-standard components.596

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)597

for what should or should not be described.598
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