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Abstract001

The rapid proliferation of Generative AI ne-002
cessitates rigorous documentation standards003
for transparency and governance. However,004
manual creation of Model and Data Cards005
is not scalable, while automated approaches006
lack large-scale, high-fidelity benchmarks for007
systematic evaluation. We introduce Meta-008
GAI, a comprehensive benchmark comprising009
2,541 verified document triplets constructed010
through semantic triangulation of academic pa-011
pers, GitHub repositories, and Hugging Face012
artifacts. Unlike prior single-source datasets,013
MetaGAI employs a multi-agent framework014
with specialized Retriever, Generator, and Edi-015
tor agents, validated through four-dimensional016
human-in-the-loop assessment. We estab-017
lish a robust evaluation protocol combining018
automated metrics with validated LLM-as-a-019
Judge frameworks. Extensive analysis reveals020
that sparse Mixture-of-Experts architectures021
achieve superior cost-quality efficiency, while022
a fundamental trade-off exists between faithful-023
ness and completeness. MetaGAI provides a024
foundational testbed for benchmarking, train-025
ing, and analyzing automated Model and Data026
Card generation methods at scale. Our data027
and code are available at https://anonymous.028
4open.science/r/MetaGAI-DBB4.029

1 Introduction030

The rapid proliferation of Generative AI (GenAI)031

has fundamentally transformed machine learn-032

ing deployment. As these systems transition033

from research artifacts to critical infrastructure,034

the demand for transparency and accountability035

has intensified. This has driven the evolution036

of documentation standards from foundational037

Model Cards (Mitchell et al., 2019) and Data038

Cards (Pushkarna et al., 2022) to comprehensive039

System Cards adopted by industry leaders (Ope-040

nAI et al., 2024; Comanici et al., 2025; OpenAI041

et al., 2025). These modern frameworks extend042

Figure 1: MetaGAI Benchmark Construction Exam-
ple. Automated GenAI card generation for the iBOT
model (Zhou et al., 2022) demonstrating Multi-Source
Triangulation combining architectural concepts from
Papers, hyperparameters from GitHub, and licensing
data from Hugging Face, with Editor-Based Synthesis
to produce high-fidelity ground truth.

beyond static performance metrics to document 043

safety alignment procedures, red-teaming results, 044

and societal impacts. 045

Standardized documentation artifacts serve as 046

essential infrastructure for AI governance and re- 047

producibility. They enable longitudinal tracking of 048

model evolution (Castaño et al., 2024), automated 049

compliance auditing, and systematic risk assess- 050

ment in high-stakes domains (Longpre et al., 2024). 051

Without high-quality documentation, the AI ecosys- 052

tem lacks the interoperability required to bench- 053

mark capabilities or trace data provenance across 054

complex supply chains (Rahman et al., 2025). 055

However, a significant bottleneck impedes 056

widespread adoption. The GenAI ecosystem is in- 057

creasingly driven by the “long tail” of open-source 058

contributions, comprising thousands of models on 059

community platforms (Wolf et al., 2020; Horwitz 060

et al., 2025). Unlike well-resourced industry lab- 061

oratories, developers in this ecosystem often lack 062

the capacity to maintain rigorous documentation. 063

Manual card creation suffers from severe scalabil- 064
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ity constraints, characterized by pervasive incom-065

pleteness, inconsistency, and subjectivity (Yang066

et al., 2024; Liang et al., 2024), leading to a trans-067

parency crisis where many research papers and068

repositories lack structured metadata necessary for069

reproducibility (Olmo et al., 2025). Automated070

documentation generation has emerged as a critical071

necessity (Liu et al., 2024a). To address this chal-072

lenge, current approaches face significant hurdles:073

zero-shot methods often hallucinate details when074

summarizing lengthy documents, while retrieval-075

augmented strategies struggle to align diverse paper076

structures with rigid schemas. Progress is stalled077

by the lack of large-scale, high-quality benchmarks078

that can objectively measure automated generation079

accuracy against verified ground truth.080

To fill this gap, we introduce MetaGAI, a large-081

scale benchmark designed to systematically evalu-082

ate automated Model and Data Card generation.083

Unlike prior datasets treating documentation as084

simple summarization, MetaGAI formulates it as a085

complex multi-source information generation task,086

mirroring real-world requirements for verifying sci-087

entific claims against implementation details.088

As illustrated in Figure 1, creating complete doc-089

umentation cards requires triangulating evidence090

from heterogeneous sources. Taking the iBOT091

model (Zhou et al., 2022) as an example, archi-092

tectural concepts are derived from the academic093

Paper, implementation details are extracted from094

the GitHub repository, and deployment constraints095

are verified via Hugging Face. Our construction096

pipeline utilizes a multi-agent framework compris-097

ing specialized Retriever, Generator, and Editor098

agents to synthesize these signals into verified099

ground truth. We implement rigorous human-in-100

the-loop validation across four dimensions: (1) re-101

trieval strategy validation through domain expert102

annotation, (2) generator divergence analysis val-103

idating ensemble diversity, (3) editor efficacy as-104

sessment through hybrid human-LLM evaluation105

panels, and (4) editor architecture selection through106

pairwise comparisons, establishing a rigorous stan-107

dard for evaluating automated systems.108

We employ MetaGAI to evaluate cost-effective109

LLMs suitable for large-scale deployment, identify-110

ing architectures that deliver high-fidelity card gen-111

eration while maintaining practical cost-efficiency112

for processing scientific literature at scale.113

In a nutshell, the key contributions of this study114

are summarized as follows:115

• We construct MetaGAI, the largest high- 116

quality benchmark for GenAI documentation, 117

comprising 2,541 verified triplets with rigor- 118

ous human-in-the-loop validation across four 119

dimensions. 120

• We propose a robust evaluation framework 121

combining granular automated metrics with a 122

validated LLM-as-a-Judge protocol. 123

• We provide extensive empirical analysis re- 124

vealing that sparse Mixture-of-Experts (MoE) 125

architectures offer superior cost-quality effi- 126

ciency, though a systematic trade-off persists 127

between faithfulness and completeness in gen- 128

erating abstract metadata. 129

2 Related Work 130

Model Documentation. The lack of standardized 131

documentation for trained machine learning models 132

limits transparency, reproducibility, and responsi- 133

ble use in NLP. Model Cards were introduced to 134

provide structured summaries of trained models, 135

including intended use, evaluation settings, per- 136

formance, and limitations (Mitchell et al., 2019). 137

Dataset-level documentation was developed in par- 138

allel. Data Cards focus on data provenance, col- 139

lection processes, representativeness, and ethical 140

considerations (Pushkarna et al., 2022). Together, 141

Model Cards and Data Cards form a documenta- 142

tion framework that addresses both model-level 143

and data-level sources of uncertainty. Subsequent 144

work extended model documentation to interactive 145

and machine-readable formats. Interactive Model 146

Cards were shown to better support user under- 147

standing of model behavior (Crisan et al., 2022), 148

while linked and semantic representations of doc- 149

umentation were proposed to improve traceability 150

and reuse (Donald et al., 2023). Empirical anal- 151

ysis of a large number of Model Cards indicates 152

substantial variation in documentation quality, with 153

evaluation and limitation sections often missing or 154

incomplete (Liang et al., 2024). 155

Automatic Model and Data Card Generation. 156

To reduce the manual effort required for documen- 157

tation, recent work has explored automatic gener- 158

ation of Model and Data Cards. Liu et al. (2024a) 159

introduced CARDBENCH, a benchmark of human- 160

written cards, together with CARDGEN, an LLM- 161

based system that generates structured documenta- 162

tion by retrieving information from model repos- 163

itories and associated papers. Their results show 164
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Figure 2: MetaGAI Benchmark Construction and Validation Framework. The pipeline integrates multi-source
document preprocessing, a multi-agent generation framework (Evidence Retrieval, Draft Generation, Draft Synthesis
and Refining), and a four-dimensional validation protocol (D1-D4) incorporating human expert adjudication.

that automatic generation can improve documenta-165

tion completeness. However, existing benchmarks166

remain limited in scale and coverage, which con-167

strains systematic evaluation of generation meth-168

ods. To address this limitation, we introduce Meta-169

GAI, a large-scale benchmark for GenAI Model170

and Data Card generation.171

3 MetaGAI Benchmark Construction172

Figure 2 illustrates the MetaGAI benchmark con-173

struction and validation pipeline, comprising three174

sequential stages: (1) evidence retrieval from multi-175

source documents, (2) multi-generator draft syn-176

thesis, and (3) editor-based consolidation and re-177

finement. This architecture extends beyond tradi-178

tional single-model approaches (Liu et al., 2024a)179

by incorporating ensemble generation and rigor-180

ous human-in-the-loop validation to ensure high-181

fidelity card generation for GenAI ecosystems.182

3.1 Task Definition183

We formulate MetaGAI as a structured genera-184

tion task mapping unstructured scientific papers185

P to standardized cards C. Ground truth CGT is186

derived from a document triplet (P,G,H), where187

G denotes the GitHub repository and H the Hug- 188

ging Face artifact. This multi-source triangulation 189

addresses implementation details frequently omit- 190

ted in manuscripts. We adopt taxonomies from 191

Mitchell et al. (2019) and Pushkarna et al. (2022), 192

extending them with GenAI-specific fields (Ap- 193

pendix Table 3) to capture domain-specific charac- 194

teristics such as prompt engineering configurations 195

and generative model architectures. 196

Each card C comprises M field-value pairs 197

{(ki, vi)}Mi=1, where ki represents a schema at- 198

tribute and vi represents its corresponding content. 199

The objective is learning a mapping fθ that predicts 200

Ĉ from paper input alone: 201

Ĉ = fθ(P) (1) 202

minimizing divergence from the high-fidelity refer- 203

ence CGT (P,G,H). 204

3.2 Data Acquisition and Filtering 205

Corpus Construction. We construct the bench- 206

mark through systematic triangulation of arXiv, 207

GitHub, and Hugging Face metadata to capture im- 208

plementation details absent from published papers. 209
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Unlike prior work that aggregates existing docu-210

mentation (Liu et al., 2024a), our work constructs a211

new corpus from scratch, with ground truth verified212

via cross-source semantic consistency. An initial213

corpus of 15,727 candidates is canonically filtered214

to identify unique paper–model–dataset linkages,215

resulting in 4,068 entries.216

Semantic Verification. To eliminate spurious217

citations and ensure cross-source alignment, we218

employed Qwen3-30B-A3B-Instruct (Yang et al.,219

2025) for automated semantic consistency ver-220

ification across the three sources (Prompt F.1).221

A pilot study with two domain experts achieved222

100% inter-annotator agreement, validating the au-223

tomated approach. This rigorous filtering process224

produced a final high-fidelity corpus of 2,541 ver-225

ified triplets (Appendix B), addressing the incom-226

pleteness and inconsistency challenges inherent in227

human-authored documentation. Detailed prove-228

nance analysis appears in Appendix G.229

3.3 Benchmark Generation Pipeline230

We developed an automated pipeline synthesizing231

high-fidelity cards through document preprocess-232

ing and a multi-agent framework.233

3.3.1 Pre-processing234

Raw PDF documents were converted to structured235

Markdown using OLMoCR-2, a state-of-the-art236

OCR model optimized for academic layouts (Poz-237

nanski et al., 2025). To accommodate context win-238

dow constraints, converted papers and README239

files were segmented into 1024-token chunks, en-240

abling precise retrieval of implementation details241

dispersed throughout documents.242

3.3.2 Multi-Agent Framework243

We employ a multi-agent architecture (Algo-244

rithm 1) to maximize factual grounding and mini-245

mize hallucinations (Du et al., 2024). Where tradi-246

tional approaches rely on single-model generation247

following retrieval (Liu et al., 2024a), our frame-248

work introduces ensemble diversity and editor-249

based cross-validation. The framework processes250

full context P ∪ S, where S = {G,H} denotes251

supplementary documentation, through three spe-252

cialized agents:253

vi = Retriever(P ∪ S, ki) (2)254

C̃ = Generator({(ki, vi)}Mi=1) (3)255

Ĉ = Editor(P ∪ S, C̃) (4)256

Retriever Agent. This agent aligns unstructured 257

text with schema fields through exhaustive chunk- 258

level classification. Each document segment re- 259

ceives a relevance score (0–4) with supporting key- 260

words (Prompt F.2). Comparative analysis (Sec- 261

tion 4.1) established generative models’ superiority 262

over discriminative rerankers for complex schema 263

alignment, informing our selection of Qwen3-30B- 264

A3B-Instruct as the retrieval backbone. This gener- 265

ative reasoning approach contrasts with embedding- 266

based similarity matching, enabling more nuanced 267

interpretation of implicit metadata requirements. 268

Generator Agent. To mitigate architectural bias 269

and capture diverse interpretations, we employ en- 270

semble generation (Wang et al., 2023) with three 271

architecturally distinct LLMs (OLMo-3-7B, Llama- 272

3.1-8B, Qwen2.5-7B). Each model independently 273

synthesizes draft content, evidence quotations, and 274

confidence scores. A strict “Subject Focus” con- 275

straint (Prompt F.3) ensures agents synthesize in- 276

formation about the proposed system only, exclud- 277

ing baselines and prior work. This multi-model 278

design addresses single-architecture limitations in 279

capturing the full evidence spectrum across com- 280

plex GenAI systems. 281

Editor Agent. A “Chief Editor” consolidates can- 282

didate drafts using a larger, cross-family model to 283

avoid self-enhancement bias (Zheng et al., 2023). 284

The editor validates semantic alignment between 285

drafts and raw evidence, filters attribution errors, 286

and merges non-redundant details into concise final 287

entries (Prompt F.4). This explicit cross-validation 288

stage against original sources provides stronger hal- 289

lucination mitigation than single-pass generation, 290

which is particularly critical for technical specifica- 291

tions where factual precision is essential. Concrete 292

examples appear in Appendix H. 293

4 MetaGAI Validation and Analysis 294

To rigorously validate the benchmark construction 295

pipeline, we conduct human-in-the-loop experi- 296

mentation across four critical dimensions, substan- 297

tially extending beyond prior validation efforts (Liu 298

et al., 2024a) through systematic component-wise 299

evaluation. 300

Our validation framework examines retrieval 301

strategies (D1) comparing generative reasoning ver- 302

sus discriminative reranking, quantifies semantic 303

variation across ensemble generators (D2), mea- 304

sures quality improvements from editor-based con- 305
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Model Architecture P@1 R@5 F1@5

Discriminative Rerankers
BGE-Reranker-v2-m3 0.135 0.114 0.101
Qwen3-Reranker-8B 0.115 0.137 0.091

Generative LLMs
Llama-3.1-8B-Instruct 0.615 0.406 0.326
Qwen2.5-7B-Instruct 0.538 0.282 0.232
Qwen3-30B-A3B-Instruct 0.635 0.469 0.342

Table 1: Comparative Validation of Retrieval Models
(D1). Performance metrics evaluated on the curated
validation set. We report Precision at rank 1 (P@1)
to measure top-result accuracy, alongside Recall and
F1 at rank 5 (R@5, F1@5) to assess broader retrieval
coverage. The best performance in each category is
highlighted in bold.

solidation (D3), and compares performance across306

editor architectures (D4). This enables isolating307

each pipeline component’s contribution and opti-308

mizing overall system configuration.309

4.1 Retrieval Strategy Validation (D1)310

We conducted comparative validation to iden-311

tify the optimal retrieval backbone using human-312

verified gold standards. Ten randomly sampled313

entries were segmented and evaluated by two314

domain experts. From 6,116 chunk-field deci-315

sions, we retained 276 chunks achieving unani-316

mous consensus as ground truth, prioritizing pre-317

cision over coverage. We compared five models318

across two paradigms: discriminative rerankers319

(BGE-Reranker-v2-m3 (Chen et al., 2025), Qwen3-320

Reranker-8B (Zhang et al., 2025)) and generative321

LLMs (Llama-3.1-8B-Instruct (Grattafiori et al.,322

2024), Qwen2.5-7B-Instruct, Qwen3-30B-A3B-323

Instruct (Yang et al., 2025)).324

Table 1 demonstrates generative models’ deci-325

sive advantage. Discriminative rerankers achieved326

P@1 < 0.14, indicating that semantic similarity327

alone is insufficient for schema mapping. Qwen3-328

30B-A3B-Instruct achieved superior performance329

(P@1: 0.635, F1@5: 0.342), establishing it as the330

retrieval backbone.331

4.2 Generator Divergence Analysis (D2)332

We analyzed semantic consensus within the333

generator ensemble (OLMo-3-7B, Llama-3.1-334

8B, Qwen2.5-7B) by computing pairwise335

BERTScore (Zhang et al., 2020) similarity336

across all 2,541 samples. Figure 3 reveals337

distinct behavioral patterns. Fields clustering338

Figure 3: Mean-Variance analysis of semantic align-
ment. Mean BERTScore similarity (µ, X-axis) ver-
sus variance (standard deviation σ, Y-axis) across card
fields. High-consensus zones reflect evidence scarcity
with converged placeholder responses.

in the high-consensus zone (µ > 0.8, σ < 0.4), 339

such as Ethical Considerations (µ = 0.848), 340

predominantly reflect evidence scarcity in source 341

documents (Appendix G.2): when documentation 342

is absent, generators converge on similar place- 343

holder responses. Conversely, substantial portions 344

of both Model and Data Card fields exhibit 345

pronounced divergence (σ > 0.4), confirming 346

that architecturally distinct models generate 347

complementary details from information-rich 348

contexts. This variation validates our ensemble 349

design, enabling the Editor Agent to synthesize 350

broader evidence coverage and mitigate individual 351

model biases. 352

4.3 Editor Efficacy and Selection (D3 & D4) 353

We conducted controlled experiments to evaluate 354

editor impact and architecture selection using a 355

stratified sample of 10 entries (5 Model/5 Data 356

Cards). For each entry, we generated three blinded 357

outputs: (1) Raw Baseline (highest-token-count 358

generator draft), (2) Editor A (GPT-OSS-20B (Ope- 359

nAI et al., 2025)), and (3) Editor B (Mistral-3-14B- 360

Instruct1). 361

A hybrid panel comprising three Ph.D. stu- 362

dents and three LLMs (Claude 4.5 Sonnet, GPT 363

5.2 Thinking, Gemini 3 Pro) assessed candidates 364

on 1–5 Likert scales across five dimensions (Ap- 365

pendix D). LLM evaluations were triplicated with 366

randomized orders to mitigate position bias. We 367

computed Mean Likert Scores and Pairwise Win 368

Rates, validating LLM-human alignment via Spear- 369

1https://mistral.ai/news/mistral-3
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man correlation. Editor Efficacy (D3): Both edi-370

tors substantially outperformed Raw Baseline (win371

rates: 70–80%), confirming that consolidation ef-372

fectively filters hallucinations. Absolute scores:373

Raw Baseline (3.44 human/3.48 LLM), Mistral374

(3.75/3.72), GPT (3.80/3.84). Editor Selection375

(D4): GPT marginally outperformed Mistral (60%376

win rate), though quality differences remain mini-377

mal (3.80 vs. 3.75). We therefore incorporate both378

architectures, averaging outputs to ensure architec-379

tural neutrality. All LLM judges achieved strong380

human alignment (Spearman ρ > 0.67, p < 0.001;381

GPT-Judge: ρ = 0.752), validating automated eval-382

uation frameworks.383

5 Experiments384

5.1 Experimental Setup385

We evaluate models in a zero-shot setting where386

cards Ĉ are generated exclusively from paper text387

P , excluding supplementary sources S to simulate388

realistic deployment constraints. In practice, a sub-389

stantial proportion of models and datasets lack doc-390

umentation cards or suffer from severe incomplete-391

ness (Liang et al., 2024; Yang et al., 2024), making392

paper-only generation the predominant scenario for393

large-scale deployment. To balance statistical rigor394

with computational feasibility, we employ a hybrid395

protocol: automated metrics are computed on the396

full benchmark (N = 2, 541), while LLM-as-a-397

Judge evaluations use a stratified random sample398

of 500 entries (250 each).399

5.2 Baselines400

We examine models categorized by access modal-401

ity and architectural paradigm. Preliminary exper-402

iments with models below 14B parameters show403

JSON formatting failures; therefore, we restrict404

evaluation to architectures with 20B+ parameters.405

Open-Weight Models. We evaluate two ar-406

chitectural classes. Dense Models employ stan-407

dard transformer architectures (20B–32B param-408

eters), including Mistral-Small-3.2-24B-Instruct,409

Gemma-3-27B-IT (Team et al., 2025), and Qwen3-410

32B (Yang et al., 2025). MoE Models utilize411

Mixture-of-Experts architectures providing high412

parameter counts with efficient active parame-413

ter usage, comprising GPT-OSS-20B (OpenAI414

et al., 2025), NVIDIA-Nemotron-3-Nano-30B-415

A3B (NVIDIA et al., 2025), and Qwen3-30B-A3B-416

Instruct (Yang et al., 2025). Closed-Source Mod-417

els. We include proprietary models accessed via418

API: GPT-5.1 series (Mini/Nano)2 and Gemini-2.5 419

series (Flash/Flash-Lite) (Comanici et al., 2025). 420

5.3 Evaluation Metrics 421

We employ a dual-layered evaluation combining 422

quantitative structural metrics with qualitative ex- 423

pert judgment. 424

Automated Metrics. We measure recall and se- 425

mantic alignment through three metrics: 426

• Completeness: Quantifies field-level recall. 427

Let K(C) denote the set of populated keys in 428

card C: 429

Completeness =
|K(Ĉ) ∩ K(CGT )|
|K(CGT )|

(5) 430

• Semantic Similarity: We report ROUGE- 431

L (Lin, 2004) for lexical overlap and 432

BERTScore (F1) (Zhang et al., 2020) for se- 433

mantic alignment. 434

LLM-as-a-Judge Evaluation. To capture nu- 435

ances beyond n-gram matching, we imple- 436

ment an ensemble framework using GPT-OSS- 437

120B (OpenAI et al., 2025), Llama-3.3-70B- 438

Instruct (Grattafiori et al., 2024), and Qwen3-235B- 439

A22B-2507 (Yang et al., 2025). Following the pro- 440

tocol in Appendix D, judges evaluate generated 441

fields on a 1–5 Likert scale. Scores are averaged 442

across judges to mitigate single-model bias (agree- 443

ment analysis in Appendix E). 444

Cost Efficiency. To assess economic feasibility 445

at scale, we introduce a Cost Index that estimates 446

the inference cost per card generation task. The 447

index normalizes costs across models by standard- 448

izing token consumption to 1M input tokens and 449

0.2M output tokens, enabling direct price compari- 450

son independent of model-specific tokenization ef- 451

ficiency. Pricing is derived from standardized rates 452

on OpenRouter3, facilitating economic comparison 453

across proprietary and open-weight models. 454

5.4 Experimental Results 455

We establish a comprehensive evaluation protocol 456

combining automated metrics on 2,541 entries with 457

LLM-as-a-Judge assessment on 500 samples (vs. 458

CardBench’s 350 (Liu et al., 2024a)). Beyond qual- 459

ity assessment, we introduce cost-efficiency analy- 460

sis, revealing that sparse MoE models achieve opti- 461

mal cost-quality trade-offs while traditional lexical 462

2https://openai.com/index/gpt-5-1/
3https://openrouter.ai/
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Model
Faithfulness Relevance Accuracy Consistency Usefulness Qual. Avg Comp. BScore RL

Cost
D M D M D M D M D M D M D M D M D M

Dense Models
Mistral-Small-24B 3.39 3.75 3.28 3.59 3.33 3.70 3.64 3.97 2.67 3.14 3.26 3.63 .280 .327 .193 .194 .270 .255 0.10
Gemma-3-27B 3.81 3.97 3.76 3.94 3.76 3.96 4.03 4.23 3.26 3.58 3.72 3.94 .464 .734 .151 .151 .214 .203 0.07
Qwen3-32B 3.40 3.72 3.29 3.58 3.32 3.69 3.66 3.94 2.65 3.10 3.26 3.60 .386 .513 .184 .198 .267 .265 0.13

MoE Models
GPT-OSS-20B 3.18 3.49 3.09 3.36 3.11 3.45 3.45 3.74 2.49 2.87 3.06 3.38 .394 .492 .146 .133 .235 .220 0.06
Nemotron-Nano-30B-A3B 3.45 3.80 3.41 3.76 3.39 3.77 3.71 4.03 2.88 3.35 3.37 3.74 .557 .644 .124 .133 .199 .206 0.11
Qwen3-30B-A3B-Instruct 4.33 4.50 4.36 4.57 4.31 4.51 4.46 4.67 4.06 4.49 4.30 4.55 .702 .786 .169 .174 .246 .243 0.15

Closed-Source Models
GPT-5-Mini 4.14 4.32 4.09 4.26 4.10 4.32 4.25 4.43 3.74 4.07 4.06 4.28 .556 .216 .102 .117 .185 .207 0.65
GPT-5-Nano 3.18 3.38 3.06 3.18 3.10 3.32 3.46 3.57 2.53 2.73 3.06 3.23 .383 .127 .113 .149 .188 .228 0.13
Gemini-2.5-Flash 3.88 4.08 3.80 3.97 3.82 4.06 4.04 4.19 3.27 3.69 3.76 4.00 .443 .181 .160 .170 .241 .246 0.80
Gemini-2.5-Flash-Lite 3.93 4.10 3.88 4.03 3.87 4.08 4.12 4.25 3.39 3.69 3.83 4.03 .511 .194 .140 .144 .207 .208 0.18

Table 2: MetaGAI Benchmark Comprehensive Results. Performance across Data Card (D) and Model Card
(M) generation. Completeness, BERTScore, and ROUGE-L are reported on the full test set (N=2,541). Qual.
Avg (Qualitative Average) is evaluated on a sample of 500 entries. Bold/Underline indicate best/second-best
performance.

(a) Model Card Fields (b) Data Card Fields

Figure 4: Field-Level Performance Patterns Averaged Across All Baselines. Evaluation metrics (colored lines)
across card fields (axes). Performance is strong on signal-rich fields (Model Details) but degrades on abstract
categories (Ethical Considerations), revealing systematic generation difficulty when documentation is sparse.

metrics inversely correlate with semantic quality.463

These findings provide practical deployment guide-464

lines absent in prior benchmarks. Table 2 presents465

comprehensive evaluation results across all base-466

line models. We analyze performance through ar-467

chitectural efficiency, evaluation metric validity,468

and cognitive limitations.469

5.4.1 Architectural Efficiency and Economic470

Viability471

MoE Superiority with Scale Threshold. Sparse472

MoE architectures demonstrate superior parame-473

ter efficiency, but only at sufficient scale. Within474

the Qwen family, MoE-based Qwen3-30B-A3B-475

Instruct (4.55 Model Card quality) outperforms476

dense Qwen3-32B (3.60) by 0.95 points despite 477

comparable parameter counts. Given shared pre- 478

training lineages, this gap validates that sparse acti- 479

vation enables more effective information synthesis. 480

However, this advantage requires approximately 481

30B parameters: the smallest MoE (GPT-OSS- 482

20B) achieves the lowest performance (3.06/3.38), 483

underperforming comparable dense models. This 484

establishes a minimum viable scale threshold for 485

MoE benefits in complex generation tasks. 486

Open-Weight Cost Dominance. Qwen3-30B- 487

A3B-Instruct occupies the Pareto-optimal position 488

on the cost-quality frontier. It delivers state-of-the- 489

art performance (4.55 quality score) at the lowest 490
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normalized cost (Cost Index: 0.15), outperforming491

GPT-5-Mini (4.28 quality, Cost Index: 0.65) by492

4.3× in cost efficiency. Gemini-2.5-Flash presents493

the least favorable value proposition: inferior qual-494

ity (4.00) at the highest normalized cost (Cost In-495

dex: 0.80). Detailed analysis in Appendix G.4496

confirms that optimized open-weight MoE archi-497

tectures provide economically superior solutions498

for production-scale card generation.499

5.4.2 Evaluation Metric Validity500

Lexical Similarity Metrics Invalidation. Tradi-501

tional content matching metrics exhibit inverse cor-502

relation with semantic quality. ROUGE-L demon-503

strates this paradox: Mistral-Small-24B achieves504

the highest ROUGE-L (0.270) through naive ver-505

batim copying yet produces one of the lowest qual-506

ity (3.26), while Qwen3-30B-A3B-Instruct yields507

lower ROUGE-L (0.246) through abstractive syn-508

thesis but superior quality (4.30). BERTScore sim-509

ilarly fails as a quality discriminator, compressing510

all models into a narrow 0.10–0.20 range despite511

1.5-point quality differences (3.06–4.55). These512

metrics penalize good abstractive synthesis that513

necessarily diverges from the source text. How-514

ever, BERTScore retains diagnostic value for ana-515

lyzing generation difficulty under varying informa-516

tion density (Appendix G.2).517

Completeness-Quality Orthogonality. Struc-518

tural coverage and semantic quality represent inde-519

pendent dimensions. On Model Cards, Gemma-3-520

27B achieves high Completeness (0.734, second-521

best) yet scores only 3.94 in quality, substantially522

below Qwen3-30B-A3B-Instruct (4.55) despite523

comparable Completeness (0.786). Similarly, on524

Data Cards, Nemotron-Nano-30B-A3B achieves525

0.557 Completeness yet scores only 3.37 in qual-526

ity, far below Qwen3-30B-A3B-Instruct (4.30)527

despite the latter’s higher Completeness (0.702).528

This decoupling reveals that high field coverage529

does not guarantee semantic quality without refine-530

ment. Figure 4 illustrates field-level performance531

patterns: averaged across all baselines, models532

achieve greater than 0.7 Completeness on explicit533

fields (Model Details, Performance Metrics) con-534

taining abundant signals, but drop below 0.5 on535

abstract categories (Ethical Considerations, Main-536

tenance) requiring inference from sparse contexts.537

Appendix G.2 demonstrates that ground truth in-538

formation density explains 31% of Completeness539

variance, confirming source sparsity as the primary540

driver of generation difficulty. 541

5.4.3 Systematic Cognitive Limitations 542

Universal Data Card Difficulty. All models 543

show consistent performance degradation on Data 544

Cards versus Model Cards (average gap: 0.2– 545

0.4 points), from weakest (GPT-OSS-20B: 3.06 546

vs 3.38) to strongest (Qwen3-30B-A3B-Instruct: 547

4.30 vs 4.55). Data Card schemas demand high- 548

granularity lifecycle documentation (privacy pro- 549

tocols, security measures, maintenance plans), 550

whereas papers treat datasets as ancillary artifacts 551

with sparse experimental descriptions. This sys- 552

tematic scarcity imposes the need to synthesize 553

complete profiles from limited signals, under which 554

current models show consistent degradation in com- 555

pleteness and quality metrics. 556

Faithfulness-Completeness Trade-off. Qwen3- 557

30B-A3B-Instruct achieves near-perfect Faithful- 558

ness, avoiding hallucinations, yet exhibits only 559

0.786 Completeness, systematically omitting 21% 560

of ground truth fields. This precision-recall imbal- 561

ance aligns with documented long-context retrieval 562

limitations (Liu et al., 2024b), where models strug- 563

gle to access dispersed information. Linguistically, 564

outputs show high abstraction with hedging phrases 565

and cross-references contrasting with the ground 566

truth’s concrete specifications. Appendix G.3 quan- 567

tifies these divergences via Log-Odds Ratio analy- 568

sis, revealing systematic narrative bias. 569

6 Conclusion 570

We introduce MetaGAI, a large-scale benchmark 571

comprising 2,541 validated entries constructed 572

through multi-source triangulation and a multi- 573

agent framework. Unlike prior work that aggre- 574

gates existing documentation, our approach con- 575

structs ground truth through rigorous semantic ver- 576

ification and four-dimensional human-in-the-loop 577

validation, addressing incompleteness and inconsis- 578

tency in human-authored cards. Our experiments 579

reveal that sparse MoE architectures achieve op- 580

timal cost-quality performance, while traditional 581

lexical metrics inversely correlate with semantic 582

quality. A fundamental faithfulness-completeness 583

trade-off emerges where models systematically 584

omit fields despite maintaining high factual ac- 585

curacy. MetaGAI provides critical infrastructure 586

for advancing transparency and reproducibility in 587

GenAI documentation at a production scale. 588
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Limitations589

While MetaGAI provides a strong baseline for auto-590

mated Model and Data Card generation, it remains591

limited in scope. Our current framework relies on592

text-only generation, which overlooks important593

information embedded in figures, tables, and other594

non-textual modalities. In addition, MetaGAI treats595

documentation generation as isolated paper-level596

tasks, without modeling the complex dependencies597

among papers, models, and datasets in the broader598

GenAI ecosystem. Addressing multimodal con-599

tent and capturing ecosystem-level relationships600

through structured or graph-based representations601

are promising directions for future work. Beyond602

these technical limitations, automated documenta-603

tion also introduces potential risks. Errors or omis-604

sions in generated cards may propagate misleading605

signals about model capabilities, data provenance,606

or licensing conditions, especially when such ar-607

tifacts are reused at scale. Without careful val-608

idation and human oversight, these inaccuracies609

could undermine transparency efforts or lead to610

misplaced trust. Addressing multimodal under-611

standing, ecosystem-level modeling, and robust612

verification mechanisms are important directions613

for future work.614

Ethics Statement615

We introduce MetaGAI to improve transparency616

and reproducibility in GenAI through automated617

documentation. We address the following ethical618

considerations:619

Data Provenance and Licensing. Our bench-620

mark triangulates public data from arXiv, GitHub,621

and Hugging Face, strictly adhering to each plat-622

form’s terms of use. Source materials are used623

exclusively for scientific research and card gen-624

eration. No private information beyond publicly625

associated author names is collected.626

Human Evaluation. Validation involved volun-627

teer Ph.D. students in NLP and machine learning.628

All evaluators were informed of the task nature,629

with a reasonable workload and no exposure to630

harmful content.631

Risks of Automated Documentation. We ac-632

knowledge the inherent risks of LLM hallucina-633

tions in automated documentation. Generated cards634

should serve as preliminary drafts requiring hu-635

man oversight, not expert replacements. Cards may636

omit critical safety warnings or hallucinate capabil- 637

ities. Our framework includes Editor Agent verifi- 638

cation and explicitly advocates human-in-the-loop 639

approaches for high-stakes governance scenarios. 640

Environmental Considerations. While bench- 641

mark construction employed large-scale LLMs, 642

our cost-quality analysis demonstrates that sparse 643

Mixture-of-Experts architectures achieve high- 644

quality generation with substantially lower compu- 645

tational requirements, helping reduce energy con- 646

sumption in large-scale documentation efforts. 647
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A Definition of Model and Data Card819

The definitions of Model and Data card for GenAI820

are shown in Table 3.821

B Dataset Characteristics822

Figure 5 (Top) illustrates the temporal distribution823

of our corpus, which shows an increase from 141824

triplets in 2022 to 931 in 2025. The domain com-825

position is dominated by Computer Vision (cs.CV)826

and Computational Linguistics (cs.CL), reflecting827

our filtering criteria targeting papers with verified828

GitHub and Hugging Face artifacts in generative829

modeling. The word count analysis (Bottom) re-830

veals distinct content characteristics across sources:831

academic papers provide comprehensive technical832

context (median ≈10k words), while GitHub and833

Hugging Face README files offer concise im-834

plementation details (median <1k words). This835

complementary information structure empirically836

justifies our multi-source triangulation approach.837

Papers emphasize theoretical foundations and ex-838

perimental analysis, whereas repository artifacts839

document practical deployment specifications, to-840

gether enabling the construction of high-fidelity841

ground truth metadata that captures both concep-842

tual frameworks and implementation details.843

C MetaGAI Benchmark Generation844

Algorithm845

D MetaGAI Quality Validation Protocols846

To rigorously assess generated card quality, we847

employ a five-dimensional evaluation framework.848

This framework adopts three established metrics849

(Faithfulness, Relevance, and Accuracy) from prior850

Algorithm 1 MetaGAI Benchmark Generation
Pipeline

Require: P ∪ S: Full Context (Paper, GitHub,
Hugging Face) X : Segmented chunks of
P ∪ S K: Schema Keys {ki}Mi=1

Ensure: Ĉ: Final Card
Stage 1: Retriever Agent (Evidence Map-
ping)

1: E ← ∅
2: for each ki ∈ K do
3: vevidence ← Retriever(X , ki) ▷ Extract

factual content
4: E [ki]← vevidence
5: end for

Stage 2: Generator Agent (Draft Synthesis)
6: C̃ ← ∅
7: for each ki ∈ K do
8: ṽi ← Generator(E [ki],PromptGen) ▷

Synthesize structured draft
9: C̃[ki]← ṽi

10: end for
Stage 3: Editor Agent (Consolidation)

11: for each ki ∈ K do
12: ▷ Editor verifies draft against full context
13: v̂i ← Editor(P ∪ S, C̃[ki],PromptEdit)
14: Ĉ[ki]← v̂i
15: end for
16: return Ĉ

work (Liu et al., 2024a), and introduces two ad- 851

ditional metrics (Consistency and Usefulness) to 852

address the structural and practical requirements of 853

technical documentation. 854

D.1 Metric Definitions 855

Faithfulness (F). Measures the degree to which 856

generated content is grounded in provided source 857

materials (paper, GitHub, Hugging Face), ensuring 858

absence of unsupported claims or hallucinations. 859

Relevance (R). Evaluates information density 860

and pertinence to the target field. High-scoring con- 861

tent strictly adheres to field definitions, avoiding 862

redundancy, verbosity, or out-of-scope information. 863

Accuracy (A). Assesses factual correctness of 864

technical details (numerical values, licenses, entity 865

names). Unlike Faithfulness, which verifies source 866

alignment, Accuracy validates objective correct- 867

ness against domain knowledge. 868
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Card Field Description
M

od
el

C
ar

d
Model Details Model architecture, parameter count, developer organization, license, release date, and

other model metadata
Intended Use Primary applications, target audience, out-of-scope uses, domain restrictions, and other

intended uses
Generative Capabilities Context length, inference latency, multilingual support, supported modalities, and other

capabilities
Safety Considerations Safety alignment methods, red teaming results, jailbreak resistance, harm reduction

strategies, and other safety analysis
Training Data Training corpus, data mixture, filtering pipeline, data provenance, and other training data

information
Performance Metrics Benchmark results, accuracy metrics, reasoning scores, safety scores, robustness metrics,

and other quantitative metrics
Ethical Considerations Environmental impact, intellectual property, dual-use risks, societal implications, and

other ethical issues
Caveats & Recommendations Hardware requirements, deployment guidelines, operational constraints, model limita-

tions, and other recommendations

D
at

a
C

ar
d

Dataset Details Dataset name, version identifier, creators and curators, funding, license, text language,
and other dataset metadata

Dataset Structure Instance count, field schema, data splits, dataset size, and other structural details
Data Collection Collection methodology, data sources, collection timeframe, consent process, and other

collection details
Data Processing Preprocessing steps, cleaning procedures, labeling process, filtering criteria, deduplica-

tion, and other processing steps
Intended Uses Primary tasks, intended use cases, prohibited uses, commercial restrictions, and other

usage information
Bias & Fairness Demographic distribution, geographic coverage, social bias analysis, fairness assessment,

and other bias or fairness information
Privacy & Security Personally identifiable information (PII), anonymization methods, data security protocols,

confidentiality measures, and other privacy measures
Content Analysis Content types, toxicity analysis, misinformation risks, offensive language, and other

content risks
Legal & Ethical Copyright status, terms of use, ethical review, compliance requirements, and other legal

details
Maintenance & Updates Maintenance plan, update frequency, versioning policy, deprecation plan, and other

maintenance information
Distribution & Access Access mechanism, download instructions, repository link, citation requirements, and

other access details
Limitations & Recommendations Known limitations, usage guidelines, quality caveats, and other recommendations

Table 3: Definitions of Model and Data Card for Generative AI

Consistency (C). Evaluates internal logical co-869

herence across sentences and fields within a card,870

detecting contradictions that compromise documen-871

tation integrity.872

Usefulness (U). Measures practical value for873

downstream users. Useful content provides spe-874

cific, actionable insights supporting deployment875

decisions rather than generic descriptions.876

D.2 Scoring Rubric877

Each metric is evaluated on a 1–5 Likert scale. Ta-878

ble 4 presents the scoring criteria applied by both879

human evaluators and LLM judges.880

E Inter-Judge Agreement Analysis881

To validate the robustness of our LLM-as-a-Judge882

framework, we computed Pearson correlation coef-883

ficients between the three judge models on the strat-884

ified evaluation set (N = 500). Table 5 reveals sub- 885

stantial inter-judge variation. While Qwen3-235B- 886

A22B-2507 and Llama-3.3-70B-Instruct demon- 887

strate moderate alignment (ρ = 0.540), GPT-OSS- 888

120B exhibits markedly different scoring patterns 889

(correlations ≤ 0.226). All observed correlations 890

achieve statistical significance (p < 0.001), indi- 891

cating that score divergence reflects systematic ar- 892

chitectural differences in quality assessment rather 893

than random measurement error. This architectural 894

diversity justifies our ensemble averaging strategy: 895

aggregating judgments across models with distinct 896

evaluation perspectives mitigates single-model bi- 897

ases and provides more robust quality estimates 898

than any individual judge. 899
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Figure 5: Dataset Overview. Top: Publication trends of the 2,541 collected triplets (2019–2025), categorized by
primary arXiv domain. Bottom: Word count distributions across three data sources (Academic Papers, Hugging
Face, GitHub), illustrating complementary information granularities.

F Prompt Templates 900

F.1 Correspondence Verification Prompt 901

Correspondence Verification Prompt

System Instruction
You are an expert research evaluator specializing in
[dataset/model] identification.

Task Description
Determine whether a research paper introduction and
two README files (GitHub and Hugging Face) de-
scribe the same [dataset/model].

Evaluation Criteria
1. Existence: Does the paper explicitly introduce a

specific named entity?
2. Consistency: Do BOTH the GitHub README

and Hugging Face README reference the
SAME entity as the paper?

3. Alignment: Compare names, domain, size met-
rics, methodology, and unique features.

Input Data
Paper Content: <Paper text>
GitHub README: <GitHub README text>
Hugging Face README: <HF README text>

Output Format
RELATED: [Yes/No]
CONFIDENCE: [High/Medium/Low]
EXPLANATION: [2-3 sentences citing specific evi-
dence]

902
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Metric Score 1 (Poor) Score 3 (Acceptable) Score 5 (Excellent)

Faithfulness Contains major hallucinations;
claims unsupported by sources.

Mostly supported with minor extrap-
olations.

Fully grounded in source text; no
unsupported claims.

Relevance Largely off-topic, redundant, or con-
tains significant noise.

Generally on-topic with some redun-
dant details.

Concise and strictly focused on field
definition.

Accuracy Contains critical factual errors. Core facts correct; minor impreci-
sions present.

Factually precise; all technical de-
tails correct.

Consistency Contains direct logical contradic-
tions.

Generally consistent; minor ambigu-
ities present.

Logically coherent; no internal con-
tradictions.

Usefulness Vague or generic; provides no prac-
tical value.

Provides basic information but lacks
depth.

Rich, actionable insights supporting
deployment.

Table 4: Evaluation Scoring Rubric. Criteria for assessing generated metadata cards on a 1–5 Likert scale across
five quality dimensions.

Judge Model Llama GPT Qwen

Llama-3.3-70B-Instruct 1.000 0.101∗ 0.540∗

GPT-OSS-120B 0.101∗ 1.000 0.226∗

Qwen3-235B-A22B-2507 0.540∗ 0.226∗ 1.000

Table 5: Inter-Judge Correlation Matrix. Pearson
correlations computed on 500 samples. All correla-
tions are statistically significant (∗p < 0.001). Llama:
Llama-3.3-70B-Instruct, GPT: GPT-OSS-120B, Qwen:
Qwen3-235B-A22B-2507.

F.2 Retriever Agent Prompt903

Retriever Agent Prompt

System Instruction
You are a metadata classification assistant. Output
valid JSON only. STRICTLY select sub-fields from
the provided ontology.

Task Description
Classify the provided text chunk into predefined meta-
data fields for [Dataset/Model] documentation.

Evaluation Criteria
1. Relevance: Assign a score (0–4) indicating how

well the chunk describes the field.
2. Sub-field Selection: Select 1–5 sub-fields strictly

from the provided “Selectable Sub-fields” list. Do
not extract raw text.

Input Data
Source: <[PAPER] / [GITHUB] / [HUGGING-
FACE]>
Content: <Text chunk content>

Output Format
{ "classifications": [ {
"field": "field_name",
"relevance": 3,
"matched_sub_fields": ["sub_field1"] } ] }

904

F.3 Generator Agent Prompt 905

Generator Agent Prompt

System Instruction
You are an expert AI Researcher. Generate specific
metadata sections for a [Model/Dataset] Card. Output
valid JSON only.

Critical Constraint: Subject Focus
• Focus: Solely on the entity introduced in this

paper.
• Ignore: Baselines, pre-training models, or com-

parisons.

Input Data
Target: <Field Name> (e.g., Training Data) | Con-
text: <Retrieved chunks>

Output Requirements (Per Sub-field)
1. Content: Summarized factual answer.
2. Evidence Quote: Direct verbatim quote support-

ing the answer.
3. Confidence: [low, medium, high, certain].
4. Source: Provenance (e.g., “Paper+GitHub”).

Output Format
{ "sub_field": {
"content": "...",
"evidence_quote": "...",
"confidence": "high",
"source": "Paper" } }

906
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F.4 Editor Agent Prompt907

Editor Agent Prompt

System Instruction
You are the Chief Editor. Consolidate 3 candidate
drafts into ONE concise entry describing the pro-
posed entity.

Task Description
Review three independent drafts (Candidates A, B, C)
against the source ground truth. Identify the correct
proposed entity, filter out hallucinations, and merge
valid details.

Evaluation Logic
1. Identify Proposed Entity: Describe ONLY the

entity introduced in THIS paper. Discard candi-
dates describing baselines.

2. Verify Evidence: Check attribution.
3. Conciseness: Remove fluff; use direct facts (1–3

sentences).

Input Data
Target: <Field Name> | Ground Truth: <Raw
chunks>
Candidates: <Draft A>, <Draft B>, <Draft C>

Output Format
{
"selected_candidates": ["Candidate B"],
"final_content": "...",
"final_evidence": "...",
"reasoning": "..." }

908

F.5 Evaluation Judge Prompt909

Evaluation Judge Prompt

System Instruction
You are an expert evaluator for Generative AI doc-
umentation. Your task is to compare the gener-
ated metadata card against the provided triangulated
sources (Paper, GitHub, Hugging Face).

Task Description
Evaluate the candidate text based on the five dimen-
sions below. Assign a score from 1 (Poor) to 5 (Ex-
cellent) for each dimension.

Evaluation Metrics
• Faithfulness (F)
• Relevance (R)
• Accuracy (A)
• Consistency (C)
• Usefulness (U)

Analysis Considerations
Classify content into: Accurate facts (verifiable),
Vague facts, Logical reasoning, Illogical reasoning,
or Acceptable inferences.

Input Data
Sources: <Context>; Target Field: <Field
Name>; Candidate: <Text>

Output Format
{"scores": {"F": 5, "R": 5, "A": 5, "C": 5,
"U": 5}, "reasoning": "..."}

910

Source Category Bench_Mistral Bench_GPT-OSS

Model Data Model Data

Paper Only 65.9% 61.9% 57.1% 45.1%
Multi-Source 22.4% 26.7% 22.2% 30.7%
GitHub Only 3.5% 3.3% 3.4% 3.9%
Not Provided 8.2% 8.1% 17.4% 20.3%

Table 6: Information Provenance Distribution. Per-
centage of metadata fields derived from single vs. mul-
tiple sources across the two benchmark subsets.

G Comprehensive Analysis of Benchmark 911

Characteristics and Baseline Behaviors 912

To understand the MetaGAI benchmark’s inher- 913

ent challenges and model behaviors, we conduct 914

granular analysis covering information provenance, 915

information sparsity impact, comparative lexical 916

quality, and cost-efficiency trade-offs. 917

G.1 Information Provenance and Editor 918

Dynamics 919

A central design principle of MetaGAI is that high- 920

fidelity card generation requires multi-source tri- 921

angulation. We validate this through provenance 922

analysis of final ground-truth fields. 923

Source Distribution. Table 6 demonstrates that 924

while academic papers provide the majority of in- 925

formation (45–66%), a substantial proportion of 926

metadata fields (22–31%) requires multi-source 927

triangulation across paper, GitHub, and Hugging 928

Face artifacts. Data Cards exhibit higher reliance 929

on multi-source integration (27–31%) compared to 930

Model Cards (22%), confirming that dataset docu- 931

mentation is typically fragmented across theoretical 932

descriptions in papers and implementation details 933

in repositories, necessitating cross-source synthe- 934

sis. 935

Editor Strategy. Table 7 reveals distinct consoli- 936

dation patterns. The Best Match strategy dominates 937

(80–95%), while the Merge strategy contributes 5– 938

20% depending on editor architecture. This demon- 939

strates that achieving comprehensive ground truth 940

for certain fields necessitates synthesizing com- 941

plementary information across multiple generator 942

drafts rather than selecting a single best candidate. 943

G.2 Impact of Information Sparsity 944

To explain the field-level performance stratification 945

observed in Figure 4, we analyze the relationship 946

between source text information density and gener- 947
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Metric Bench_Mistral Bench_GPT-OSS

Consolidation Strategy
Best Match 80.0% 94.9%
Merge 20.0% 5.1%

Winning Candidate Source
Qwen2.5-7B 64.6% 63.8%
Olmo3-7B 27.8% 30.3%
Llama-3.1-8B 7.6% 5.9%

Table 7: Editor Agent Dynamics. Top: The logic
used by the Editor to finalize content. Bottom: The
distribution of Generator drafts selected as the final
ground truth.

ation performance using BERTScore as a diagnos-948

tic indicator of generation difficulty.949

We hypothesize that the difficulty of generating950

abstract fields (Safety Considerations, Bias And951

Fairness) stems primarily from information spar-952

sity in ground truth sources. High-density fields953

such as Model Details provide abundant explicit954

signals, enabling high semantic alignment. Con-955

versely, abstract fields contain sparse or implicit956

information, challenging models to infer unstated957

constraints without generating hallucinations.958

Figure 6 demonstrates a statistically significant959

positive relationship (R2 = 0.31, p = 0.011) be-960

tween ground truth completeness (information den-961

sity) and semantic similarity (BERTScore), indicat-962

ing that 31% of BERTScore variance is explained963

by source completeness. This diagnostic analy-964

sis confirms that a primary bottleneck for current965

LLMs is the inferential capacity required to popu-966

late sparse metadata fields from weak textual sig-967

nals, rather than simple retrieval failure. Note that968

while BERTScore serves as an effective diagnostic969

tool for analyzing the impact of information spar-970

sity on generation difficulty, it does not function as971

a quality metric for comparing model performance,972

as discussed in Section 5.4.2.973

G.3 Comparative Lexical Analysis974

We perform lexical analysis using Log-Odds Ra-975

tio (Monroe et al., 2008) to assess linguistic quality976

differences between generated content and ground977

truth. We focus on Model Details and Dataset De-978

tails fields, which require complex generation of979

open-ended, high-density technical information.980

Figure 7 reveals systematic linguistic divergence.981

Baseline models (red) exhibit narrative-oriented982

patterns, frequently employing hedging language983

(suggests, implying) that summarizes experimen-984

tal narratives rather than generating factual spec-985

Figure 6: Information Sparsity Impact on Generation
Difficulty. The relationship (R2 = 0.31, p = 0.011,
OLS linear regression) between ground truth informa-
tion density (X-axis, measured by completeness) and
generation difficulty (Y-axis, measured by BERTScore
as a diagnostic indicator). Fields with high sparsity
(lower completeness) result in significantly lower gen-
eration success, highlighting the challenge of inferring
abstract metadata from sparse signals.

ifications. In contrast, MetaGAI ground truth 986

(blue) uniquely captures high-value technical en- 987

tities (CDLA, OpenRAIL) and precise licensing 988

terms. This demonstrates that our pipeline suc- 989

cessfully generates concrete implementation speci- 990

fications (artifact metadata) rather than paper nar- 991

ratives. 992

G.4 Cost-Efficiency Analysis 993

To further evaluate the economic feasibility of de- 994

ploying these models at the scale of millions of 995

papers, we analyze the trade-off between genera- 996

tion quality and inference cost. We define a Cost 997

Index normalized by standardizing token consump- 998

tion (1M input / 0.2M output) based on OpenRouter 999

pricing. 1000

Figure 8 visualizes this cost-quality landscape. 1001

The analysis reveals a distinct Pareto frontier dom- 1002

inated by open-weight architectures. Specifically, 1003

the sparse MoE model Qwen3-30B-A3B-Instruct 1004

achieves the highest qualitative scores while main- 1005

taining one of the lowest costs per task. In contrast, 1006

proprietary models like Gemini-2.5-Flash and GPT- 1007

5-Mini, while capable, sit far to the right of the ef- 1008

ficient frontier, incurring significantly higher costs 1009

(up to 5×) without a proportional gain in generation 1010

fidelity. This disparity suggests that for structured 1011

generation tasks, specialized open-weight models 1012

offer a far superior return on investment. 1013
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(a) Dataset Details Divergence (b) Model Details Divergence

Figure 7: Lexical Divergence (Log-Odds Ratio). Left (Red): Words over-represented in Baselines, indicating
narrative bias and format hallucinations. Right (Blue): Words specific to MetaGAI, highlighting the capture of
high-value entities and technical specifications.

H Case Study1014

To demonstrate the efficacy of the MetaGAI1015

pipeline in complex retrieval and synthesis scenar-1016

ios, we present two qualitative case studies illustrat-1017

ing how multi-source triangulation and multi-agent1018

architecture mitigate common failure modes includ-1019

ing information omission and incomplete evidence1020

coverage.1021

H.1 Multi-Source Triangulation1022

We analyze the Model Architecture generation1023

for the paper “Low-light Image Enhancement via1024

Breaking Down the Darkness”. As illustrated in1025

Figure 9, high-fidelity output requires fusing dis-1026

tinct information modalities: the paper defines1027

macro-level architectural topology, GitHub spec-1028

ifies implementation hyperparameters typically1029

omitted from manuscripts, and Hugging Face vali-1030

dates entity alignment and deployment availability.1031

This case validates the pipeline’s capacity to1032

resolve the granularity gap between conceptual1033

descriptions and implementation specifications.1034

While the paper provides the architectural frame-1035

work, the GitHub repository supplies concrete hy-1036

perparameters necessary for reproducibility. The1037

Editor Agent (GPT-OSS-20B) correctly identified1038

that Candidate B integrated evidence across all1039

three sources, selecting it over simpler drafts that1040

merely paraphrased the abstract.1041

H.2 Editor-Driven Information Synthesis 1042

While retrieval ensures evidence access, individual 1043

Generator Agents frequently exhibit narrow focus, 1044

generating information from specific paper sections 1045

while overlooking complementary content. The 1046

Editor Agent provides critical synthesis capabilities 1047

to resolve this incompleteness. 1048

Continuing with the same paper, we analyze the 1049

Robustness Metrics field for the “Bread” model. 1050

As shown in Figure 10, the two Generator Agents 1051

produced factually accurate but incomplete drafts: 1052

Candidate A (Olmo3-7B) generated only com- 1053

parative benchmark results, while Candidate B 1054

(Qwen2.5-7B) focused exclusively on ablation 1055

study findings. The Editor Agent (GPT-OSS-20B) 1056

recognized that both candidates captured orthogo- 1057

nal robustness dimensions: external performance 1058

validation versus internal architectural stability. 1059

Rather than selecting a single candidate, the ed- 1060

itor merged non-redundant information to generate 1061

comprehensive coverage addressing both compara- 1062

tive benchmarking and component ablation analy- 1063

sis. This synthesis capability demonstrates a criti- 1064

cal advantage of our multi-agent architecture over 1065

single-model generation approaches, which typi- 1066

cally exhibit selection bias toward particular evi- 1067

dence types. 1068
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(a) Model Card Generation (b) Data Card Generation

Figure 8: Cost-Efficiency Analysis. The Pareto frontier (dashed grey line) highlights models that offer optimal
quality for a given cost. Note the significant gap between the efficient open-weight frontier and closed-source
proprietary models.

Triangulation Logic for “Bread” Architecture

[Source] Paper
“Figure 4 shows the overall architecture... com-
prises an illumination adjustment net (IAN), an
adaptive noise suppression net (ANSN), and a
color adaption net (CAN).”

[Source] GitHub
(Code Implementation)
class IAN(nn.Module):
layers = [Conv3x3] * 3
# 3 down-sampling
# 3 up-sampling
out = torch.sigmoid(x)

[Source] Hugging Face
(Metadata Verification)
Task: Image Restoration
Tags: [PyTorch, bread]
Confirms model identity and availability.

MetaGAI Editor Decision (GPT-OSS-20B)
Selected Candidate: Qwen2.5-7B (Draft B)
Source Types Verified: Paper, GitHub, Hugging Face
Reasoning: “Candidate B accurately captures the proposed Bread architecture, whereas the other candidates lack
relevant details.”

Final Generated Content:
Bread is a three-stage CNN pipeline:
1. Illumination Adjustment Network (IAN) predicts a relative illumination map to brighten the luminance.

2. Adaptive Noise Suppression Network (ANSN) denoises the brightened luminance using multiple suppres-
sion strengths fused by a Noise Fusion Module.

3. Color Adaption Network (CAN) refines chrominance guided by the denoised luminance.
Synthesis: Each sub-network follows a symmetric encoder–decoder with 3 down-sampling and 3 up-sampling
layers, 3×3 convolutions, and a sigmoid output (except ANSN).

Figure 9: Multi-Source Triangulation. The Editor Agent synthesizes the high-level topology from the Paper,
specific layer depths and activation functions from GitHub, and validates alignment via Hugging Face, resulting in a
complete specification.
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Synthesis Logic for “Bread” Robustness

Candidate A (Olmo3-7B)
(Focus: External Benchmarks)

“Bread achieves the lowest NIQE and LOE scores on the DICM, NPE,
and VV datasets, outperforming all competing methods.”
✗ Missing internal analysis.

Candidate B (Qwen2.5-7B)
(Focus: Internal Ablation)

“Ablation studies show that removing key modules such as the noise fusion
module causes marked drops in PSNR/SSIM.”
✗ Missing comparative stats.

MetaGAI Editor Decision (GPT-OSS-20B)
Action: Merge Non-Redundant Information
Reasoning: “Both candidates describe valid, orthogonal aspects of robustness. Candidate A covers external metrics
(NIQE/LOE), while Candidate B covers internal validity (Ablation). Merging creates a holistic summary.”

Final Generated Content:

• External Performance: Bread achieves the lowest NIQE and LOE scores on the DICM, NPE, and VV
datasets.

• Internal Stability: Ablation studies confirm framework robustness; removing the noise fusion module
causes marked drops in PSNR/SSIM.

Figure 10: Resolving Incompleteness via Synthesis. The Editor Agent detects that Candidates A and B focus on
orthogonal aspects of robustness (External Benchmarks vs. Internal Ablation). Instead of selecting a single winner,
the Editor merges them to generate a comprehensive entry.
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