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Abstract
Transparent and standardized documentation is essential for build-
ing trustworthy generative AI (GAI) systems. However, current
automated model and data card generation methods still face three
key challenges: (i) Static templates.Most systems rely on fixed
query templates that cannot adapt to diverse paper structures or
evolving documentation requirements. (ii) Information scarcity.
Web-scale repositories such as Hugging Face often provide incom-
plete or inconsistent metadata, resulting in missing or noisy infor-
mation. (iii) Lack of benchmarks. The absence of standardized
datasets and evaluation protocols prevents fair and reproducible
assessment of documentation quality. To address these challenges,
we propose AdaQE-CG, an Adaptive Query Expansion for Card
Generation framework that integrates dynamic information extrac-
tion with cross-card knowledge transfer. The Intra-Paper Extrac-
tion via Context-Aware Query Expansion (IPE-QE) module
iteratively refines extraction queries to capture richer and more
complete information from scientific papers and repositories. The
Inter-Card Completion using the MetaGAI Pool (ICC-MP)
module enriches missing fields by transferring semantically rele-
vant content from similar cards within a curated dataset. In addi-
tion, we constructMetaGAI-Bench, the first large-scale, expert-
annotated benchmark for evaluating GAI documentation. Compre-
hensive experiments across five quality dimensions demonstrate
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that AdaQE-CG significantly outperforms existing approaches, sur-
passes human-authored data cards, and approaches human-level
quality for model cards. Code, prompts, and data are publicly avail-
able at: https://github.com/haoxuan-unt2024/AdaQE-CG.
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1 Introduction
As artificial intelligence (AI) systems proliferate across the web
at an unprecedented scale, the need for transparent and standard-
ized documentation has become increasingly critical. Model and
data cards, which are fundamentally web-based data artifacts, have
emerged as key transparency mechanisms that provide structured,
machine-readable documentation for models and datasets under-
pinning AI systems [30, 36]. In the era of generative AI (GAI), where
large language models (LLMs), multimodal architectures, and web-
scale GAI platforms exhibit complex behaviors and opaque data
dependencies, these web-native documentation frameworks are
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Figure 1: A comparison of card generation paradigms: (a)
Zero-Shot Generation (top), (b) Template-Guided RAG (mid-
dle), and (c) AdaQE-CG (bottom).

indispensable for conveying information about training corpora,
performance characteristics, and potential biases [16, 29, 41].

Beyond promoting transparency, model and data cards consti-
tute a critical layer of web infrastructure for enabling responsible,
reproducible, and scalable GAI development—particularly in high-
stakes domains such as healthcare, finance, and law, where prove-
nance, fairness, and ethical accountability are essential [14, 37].
As web-scale GAI ecosystems continue to expand, characterized
by emergent model behaviors, intricate data supply chains, and
dynamic deployment contexts, model and data cards provide the
minimal yet indispensable accountability substrate that supports
development, evaluation, governance, and interoperability across
the global AI landscape.

Model and data card generation also forms the foundation for a
broad spectrum of critical applications that advance transparency,
accountability, and governance in AI systems. These web-based
documentation artifacts enable longitudinal tracking of model and
dataset evolution, supporting systematic analyses of changes in ar-
chitecture, data composition, and performance over time [23, 25, 46].
They also power public repositories and registries that facilitate
cross-model and cross-dataset comparisons of capabilities, biases,
licenses, and usage constraints, thereby promoting interoperability
and reproducibility within the broader AI ecosystem [5, 17, 44].
Moreover, model and data cards are instrumental in benchmark-
ing and governance, providing structured metadata for automated
compliance auditing against ethical principles, data consent re-
quirements, and security standards [28, 35]. Beyond compliance,
they serve as key enablers of risk and fairness auditing, helping
researchers and practitioners identify, quantify, and mitigate po-
tential harms in AI deployment contexts [27]. Collectively, these
applications highlight the indispensable role of model and data
cards as the connective infrastructure that bridges AI research,
practice, and policy across web-scale generative systems.

However, model and data card generation is a non-trivial task.
Manual card creation faces significant scalability challenges, as cur-
rent human-generated documentation suffers from inconsistencies,
incompleteness, and a heavy reliance on developers’ subjective
interpretations of what should be reported [25, 26, 46]. Automatic

generation of model and data cards promises consistency and scala-
bility, but faces several challenges, as shown in Figure 1. Zero-shot
generation synthesizes complete documentation in a single infer-
ence pass but encounters three critical deficiencies: context window
constraints that truncate lengthy papers, missing critical details
due to a lack of systematic extraction, and the absence of evidence
traceability that prevents source verification. Template-guided RAG
methods [26] employ predefined question templates yet face dis-
tinct limitations: static query constraints preventing adaptation to
diverse paper structures, fixed retrieval strategies failing to accom-
modate domain-specific patterns, and template rigidity creating
schema mismatches with evolving documentation requirements.
Beyond paradigm-specific constraints, both approaches confront
shared challenges: (1) the absence of ground truth makes it difficult
to objectively assess completeness and correctness, (2) algorithms
that rely solely on information from academic papers or web-based
data sources such as Hugging Face or GitHub rarely achieve optimal
performance due to information scarcity in these sources, (3) the
risk of hallucinations when LLMs summarize lengthy documenta-
tion beyond their context windows, and (4) inconsistent templates
and schema variants across data sources.

To address these limitations, we proposeAdaQE-CG, anAdaptive
Query Expansion for Card Generation framework that tackles both
static query constraints and information scarcity. The first mod-
ule, Intra-Paper Extraction via Context-Aware Query Expansion
(IPE-QE) dynamically adapts extraction strategies by iteratively
refining queries based on identified information gaps, overcoming
static template limitations. The second module, Inter-Card Comple-
tion using the MetaGAI Pool (ICC-MP) enriches incomplete fields
by transferring knowledge from architecturally and semantically
similar cards in the curated MetaGAI Pool. This hybrid approach
balances automation efficiency with documentation quality while
maintaining provenance transparency.

In a nutshell, our contributions are summarized as follows:

• MetaGAI: Web-Scale Dataset and High-Quality Bench-
mark. We construct the MetaGAI-Dataset of 6,481 data
cards and 123,013 model cards across four GAI modalities,
and establish a high-quality MetaGAI-Bench of 1,200 expert-
annotated cards with strong inter-annotator agreement.
• Comprehensive Empirical Statistical Analysis.We in-
troduce the Weighted Card Completeness Index (WCCI) to
quantify documentation quality. Our analysis reveals that
data cards significantly outperformmodel cards, with critical
gaps in responsible AI fields. We identify strong correlations
between completeness and popularity through systematic
correlation analysis.
• AdaQE-CG: Adaptive Query Expansion Framework.
We propose a novel hybrid-module architecture combining
IPE-QE for dynamic extraction and ICC-MP for cross-card
knowledge transfer, and validate its effectiveness through
comprehensive ablation studies.
• Rigorous Evaluation Framework and Empirical Val-
idation. We employ a multi-perspective assessment com-
bining LLM-as-a-Judge and human evaluation across five
quality dimensions (Faithfulness, Relevance, Accuracy, Consis-
tency, Usefulness). Our AdaQE-CG framework outperforms



AdaQE-CG: AdaptiveQuery Expansion for Web-Scale Generative AI Model and Data Card Generation WWW ’26, April 13–17, 2026, Dubai, United Arab Emirates

the human baseline for data cards and achieves human-level
performance for model cards in LLM evaluation. In human
evaluation, our framework consistently ranks second among
all methods.

2 Related Work
Web-scale semantic integration transforms heterogeneous docu-
mentation into standardized, machine-interpretable knowledge. For
example, an analysis of 2 million models on Hugging Face (a large
web repository) revealed declining documentation quality as model
cards become templated and auto-generated [23]. Horwitz et al.
[19] further mapped over 400,000 model relationships to infer un-
documented attributes, underscoring the need for scalable semantic
synthesis. To improve coverage and consistency, Liu et al. [26] pro-
posed CardGen, building a 4.8k model and 1.4k data card corpus.
Beyond repositories, large-scale efforts such as AutoSchemaKG [3],
TEXT2DB [21], structured scientific extraction using LLMs [11],
and retrieval-augmented generation for multi-document and mul-
timodal reasoning [26, 45], further demonstrate the trend toward
progressive web-scale synthesis of structured knowledge.

Model and data card generation is also critical for responsi-
ble AI as accountability and traceability become major concerns in
web-scale GAI applications [22, 31, 33]. A lack of visibility into how
models are trained, evaluated, and deployed often obscures their
limitations and societal risks, underscoring the need for transpar-
ent documentation [12, 20, 32]. For models, Model Cards [30] were
proposed to disclose evaluations across demographics and usage
conditions, and subsequent research expanded their scope with
explainability principles [34], consumer-style labels [40], comple-
mentary card families [1, 42], and toolkits for tracking and reporting
model information [2]. More recently, this line of work has evolved
toward regulatory compliance and system-level governance [7], as
well as end-to-end transparency and trust [43]. For data, Datasheets
[13], Data Statements [4], and Data Nutrition Labels [18] set base-
line practices for recording provenance, consent, and fitness-for-use.
These foundations were succeeded by templated Data Cards and
accompanying guidance for documenting crowd-sourced data [36].
Building on this line of work, recent studies have explored auto-
mated generation of dataset documentation [26] and the design of
machine-readable open datasheets [38, 39] to improve complete-
ness, consistency, and discoverability in large-scale repositories.
Despite these advances, prior methods remain largely static, relying
on predefined templates or constrained multi-source extraction.

3 Preliminary
Model cards and data cards provide structured,machine-interpretable
documentation for AI models and datasets. Following Mitchell et
al. [30] and Pushkarna et al. [36], we define a semantic card as
𝐶 = {𝑓1, 𝑓2, . . . , 𝑓𝑚} where𝑚 is the total number of fields, and each
field 𝑓𝑖 = (𝑘𝑖 , 𝑣𝑖 ) comprises (1) a field name 𝑘𝑖 from the card taxon-
omy and (2) a field value 𝑣𝑖 containing natural language descriptions
or structured data.

Given document chunks D = {𝑐1, 𝑐2, . . . , 𝑐𝑛} from a scientific
paper and its web repository page (where 𝑛 is the total number of
chunks), together with a MetaGAI PoolM = {𝐶1,𝐶2, . . . ,𝐶𝑁 },
which is a curated collection of 𝑁 high-quality cards filtered from

the MetaGAI-Dataset by completeness (𝜏𝑤𝑐𝑐𝑖 ) and popularity (𝜏𝑝𝑜𝑝 )
criteria, the goal is to generate a complete card𝐶 by extracting and
synthesizing information across these sources.

Task Definition: The automated card generation task is formu-
lated as two sequential modules:

Module 1: Intra-Paper Extraction viaContext-AwareQuery
Expansion (IPE-QE). For each target field 𝑓𝑖𝑑 , iteratively refine
queries 𝑞𝑟 (round 𝑟 ) to extract information from chunks D, termi-
nating when information gain Δ𝑟 falls below the threshold 𝜖 or
completeness is reached. This produces an initial card 𝐶′:

𝐶′ [𝑓𝑖𝑑 ] = 𝐴𝑟 ∗ , 𝑟∗ = min{𝑟 : Δ𝑟 ≤ 𝜖 ∨ IsComplete(𝐴𝑟 )} (1)

where 𝐴𝑟 represents the generated answer for round 𝑟 , computed
as 𝐴𝑟 = LLM(𝑞𝑟 , Retrieve(D, 𝑞𝑟 )), and 𝑞𝑟 is generated based on
previous answers and query history Q.

Module 2: Inter-Card Completion using the MetaGAI Pool
(ICC-MP). Given the initial card 𝐶′ from Module 1, identify in-
complete fields F𝑖𝑛𝑐 = {𝑓𝑖 ∈ 𝐶′ : 𝑣𝑖 = ∅} and retrieve similar cards
from the MetaGAI PoolM via TF-IDF (Term Frequency–Inverse
Document Frequency) tag matching (threshold 𝛼) and semantic
reranking (top-𝑘). The enriched card 𝐶 is produced by:

𝐶 [𝑘𝑖 ] = Synthesize(V𝑖 ,𝐶′), V𝑖 = {𝑣 𝑗 : 𝐶 𝑗 [𝑘𝑖 ] ∈ M𝑠𝑖𝑚} (2)

where M𝑠𝑖𝑚 ⊆ M is the set of top-𝑘 most relevant cards, V𝑖
represents the collection of field values for field name𝑘𝑖 from similar
cards, and 𝐶 represents the final enriched card. This module is
applied only when F𝑖𝑛𝑐 ≠ ∅ and similar cards exist inM; otherwise,
𝐶 = 𝐶′. Detailed algorithms for both modules are presented in
Section 5.

4 MetaGAI Dataset and Benchmark
4.1 MetaGAI-Dataset Construction
We construct the MetaGAI-Dataset from Hugging Face1, a promi-
nent web-based platform hosting over 2 million open-source AI
models and datasets. While the platform provides highly credible
human-authored descriptions, these resources exhibit substantial
heterogeneity and data sparsity, which pose significant challenges
for semantic web applications. The descriptions lack standardized
schemas and machine-interpretable semantics, and numerous fields
remain unfilled, impeding automated knowledge integration.

To address these challenges, we implement a three-stage seman-
tic data pipeline. First, we leverage the Hugging Face Hub API2 to
systematically retrieve models and datasets across four GAI modal-
ities: Multimodal, Computer Vision, Natural Language Processing,
and Audio. Second, we establish publication provenance by filtering
resources with associated scientific papers through metadata tags
containing DOI or arXiv identifiers, enabling paper-to-card seman-
tic alignment. Third, we employ Gemini-2.5 Flash-Lite [10] to trans-
form unstructured web descriptions into machine-interpretable
JSON-formatted semantic cards following our standardized taxon-
omy (Table 4 in Appendix A.1). Our semantic annotation process
generates structured cards where each field is augmented with con-
fidence scores {0.25, 0.5, 0.75, 1.0} to support quality assessment

1Hugging Face: https://huggingface.co
2Hugging Face Hub API: https://huggingface.co/docs/huggingface_hub/

https://huggingface.co
https://huggingface.co/docs/huggingface_hub/
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and downstream completeness analysis. The resulting MetaGAI-
Dataset comprises 6,481 data cards and 123,013 model cards with
machine-interpretable semantics, collected on August 20, 2025.

4.2 MetaGAI-Bench Construction
To evaluate the performance of the card generation algorithm, we
randomly sampled 600 model cards and 600 data cards from the
MetaGAI-Dataset for manual annotation to establish a high-quality
benchmark. Our annotation team comprised six members: two
Ph.D. students in Information Science and four master’s students in
Data Science, all with expertise in GAI. The team was divided into
three groups. Annotators reviewed original Hugging Face content,
associated papers, and generated structured cards to complete their
annotations.

The annotation process followed two stages. In the first stage,
each group independently annotated 50 model cards and 50 data
cards. We then assessed intra-group consistency to ensure anno-
tation quality. Traditional inter-annotator agreement metrics like
Cohen’s kappa [9] are unsuitable for generative tasks, as identi-
cal meanings can be expressed through different wording without
definitive correct answers. Therefore, we employed BERTScore
[47] to calculate semantic similarity for each card field between
annotators, treating annotations as consistent when semantic simi-
larity exceeded 0.8. This approach yielded average kappa-equivalent
scores of 0.939 for model cards and 0.806 for data cards, both indi-
cating high agreement. After resolving inconsistencies within each
group, the second stage began, in which each group completed the
remaining annotations.

4.3 Statistics and Analysis
To quantify documentation quality across heterogeneous card struc-
tures, we propose theWeighted Card Completeness Index (WCCI), a
novel metric built upon three fundamental principles: interpretabil-
ity, confidence-weighted evaluation, and uniform field weighting.
The detailed formula and field-level analysis by task category are
presented in Appendices A.2 and A.3, respectively. To examine
factors associated with card completeness, we computed Spearman
correlations between WCCI scores and metadata tags, as shown in
Table 5 in Appendix A.2.

Popularity metrics demonstrate significant positive associations
with documentation completeness for both types of cards, with
model cards exhibiting particularly strong correlations compared
to data cards. These positive correlations align with prior findings
that more popular artifacts on Hugging Face consistently exhibit
higher documentation quality [25, 46].

Task-specific patterns reveal an important paradox. Specialized
tasks such as text-to-speech (𝜌 = 0.211) and multimodal synthesis
(𝜌 = 0.132) show positive correlations with WCCI scores. How-
ever, text generation models show a significant negative correla-
tion (𝜌 = −0.153), despite being the most common task category
(𝑛 = 97,689). This finding indicates that high-volume domains have
lower documentation quality, creating gaps where standardized
practices are most needed [25, 46]. For data cards, NLP-centric tasks
(zero-shot classification: 𝜌 = 0.203, text classification: 𝜌 = 0.201)
show moderate positive correlations, reflecting more established
documentation practices in these research areas.

Formodel cards, infrastructure and licensing choices show strong
associations with documentation completeness. Apache-2.0 license
(𝜌 = 0.374) and PyTorch framework (𝜌 = 0.386) have the strongest
positive correlations, suggesting that open-source ecosystems and
popular frameworks promote better documentation through com-
munity standards. For data cards, crowdsourced annotation shows
a strong negative correlation with documentation completeness
(𝜌 = −0.384), likely reflecting coordination challenges and a lack of
centralized oversight.

5 Methodology
We propose AdaQE-CG, a hybrid-module framework that imple-
ments the pipeline defined in Section 3 to generate complete se-
mantic cards from academic papers and web repository metadata.
As illustrated in Figure 2, Module 1 (IPE-QE) iteratively extracts
field values 𝑣𝑖 from document chunks D using dynamic query re-
finement and LLM-based reranking to produce the initial card 𝐶′.
Module 2 (ICC-MP) is conditionally applied when F𝑖𝑛𝑐 ≠ ∅ and
similar cards exist in the MetaGAI PoolM, enriching incomplete
fields through two-phase architectural and semantic matching to
yield the final card 𝐶 . This hybrid pipeline ensures deep extraction
from source documents while enabling broad completion through
cross-card knowledge transfer when applicable.

5.1 Module 1: Intra-Paper Extraction via
Context-Aware Query Expansion

Module 1 implements the extraction process formalized in Equation
1. For each target field, we iteratively refine queries to extract field
values from document chunks, terminating when information gain
falls below the threshold or completeness is achieved.

5.1.1 Document Preprocessing and Chunking. To construct the doc-
ument set D, we parse scientific papers from PDF to Markdown
using Nougat [6]. Each section of the paper forms an indepen-
dent chunk 𝑐𝑖 , while Hugging Face metadata constitutes a separate
chunk. This section-level granularity balances information com-
pleteness with retrieval precision, ensuring each chunk 𝑐𝑖 ∈ D
contains semantically coherent content for effective extraction.

5.1.2 LLM-Based Reranking for Retrieval. We employ an LLM-
based reranker [48] to identify relevant chunks for each query.
This approach enables contextual understanding of semantic rele-
vance and effective handling of complex, multifaceted queries. The
reranker produces ranked document chunks and filters them to
retain only relevant information for answer generation.

5.1.3 Dynamic Multi-Round Query Expansion. As formalized in
Algorithm 1, for each target field with its initial query, we generate
an initial answer using the top-ranked relevant chunks from the
reranker, then employ two adaptive mechanisms: context-aware
query refinement and adaptive stopping criterion. After each round,
the LLM evaluates answer completeness and generates refined
queries by analyzing information gaps in the previous answer
while leveraging accumulated query history to avoid redundant
extraction. The ComputeGain function assigns scores (0-3) based on
completeness, quality, new information, and utility criteria, while
IsComplete evaluates whether the query generator indicates comple-
tion (returns “COMPLETE”), signaling that all required information
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Figure 2: AdaQE-CG: Hybrid-module pipeline for automated card generation. Module 1 (IPE-QE): iteratively extracts field
values from document chunks via context-aware query expansion to produce the initial card. Module 2 (ICC-MP): conditionally
enriches incomplete fields using the MetaGAI Pool when similar cards are available, producing the final card.

has been extracted. The expansion terminates when: (1) the answer
is complete, (2) information gain is insufficient (≤ 𝜖) for two consec-
utive rounds, or (3) maximum rounds 𝑅𝑚𝑎𝑥 is reached, producing
initial card 𝐶′ with extracted field values for all target fields.

5.2 Module 2: Inter-Card Completion using the
MetaGAI Pool

Module 2 implements the conditional enrichment process formal-
ized in Equation 2. Given the initial card fromModule 1, we identify
incomplete fields and enrich them using similar cards from theMeta-
GAI Pool when available. If no incomplete fields exist or no similar
cards are found, the initial card is returned as the final output.

The MetaGAI Pool M is pre-constructed from the MetaGAI-
Dataset using dual quality criteria to ensure reliable knowledge
sources: (1) Completeness Filtering retains cards meeting WCCI
thresholds (top 30% for data cards and top 10% for model cards)
to ensure comprehensive documentation quality; (2) Popularity
Filtering prioritizes cards exceeding minimum download thresholds,
reflecting community validation and practical utility [25, 46]. Our
correlation analysis confirms this relationship in the MetaGAI-
Dataset (Table 5). This dual-criterion approach yields a curated
pool combining thorough documentation with proven practical
value.

For each incomplete field, we employ a two-phase retrieval
pipeline followed by category-aware synthesis, as formalized in
Algorithm 2:

Phase 1 - TF-IDF Tag Matching: We compute TF-IDF weights
for metadata tags such as task type and model architecture to
identify architecturally similar cards. This structural filtering effi-
ciently narrows the search space by retaining only cards exceeding

Algorithm 1 Intra-Paper Extraction via Context-Aware Query
Expansion (IPE-QE)
Require:
D = {𝑐1, 𝑐2, . . . , 𝑐𝑛 }: Document chunks
{ 𝑓1, . . . , 𝑓𝑚 }: Target fields where 𝑓𝑖 = (𝑘𝑖 , 𝑣𝑖 )
𝑞0: Initial queries
𝑅𝑚𝑎𝑥 , 𝜖 : Maximum rounds (default: 10) and gain threshold (default: 1)

Ensure:
𝐶′ = { 𝑓1, . . . , 𝑓𝑚 }: Initial card

1: 𝐶′ ← ∅
2: for each field 𝑓𝑖𝑑 do
3: Q ← {𝑞 (𝑖𝑑 )0 }, 𝑟 ← 0, stall_count← 0
4: while 𝑟 < 𝑅𝑚𝑎𝑥 do
5: 𝐴𝑟 ← LLM(𝑞𝑟 , RerankerRetrieve(D, 𝑞𝑟 ) )
6: if IsComplete(𝐴𝑟 , 𝑞

(𝑖𝑑 )
0 , 𝑓𝑖𝑑 ) then

7: break ⊲ Success: all information extracted
8: end if
9: if 𝑟 > 0 and ComputeGain(𝐴𝑟−1, 𝐴𝑟 , 𝑞

(𝑖𝑑 )
0 , 𝑓𝑖𝑑 ) ≤ 𝜖 then

10: stall_count← stall_count + 1
11: else
12: stall_count← 0
13: end if
14: if stall_count ≥ 2 then
15: break ⊲ Stalled: insufficient progress
16: end if
17: 𝑞𝑟+1 ← RefineQuery(𝑞 (𝑖𝑑 )0 , 𝐴𝑟 , Q, 𝑓𝑖𝑑 )
18: Q ← Q ∪ {𝑞𝑟+1}, 𝑟 ← 𝑟 + 1
19: end while
20: 𝐶′ [ 𝑓𝑖𝑑 ] ← 𝐴𝑟

21: end for
22: return𝐶′
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a weighted overlap threshold 𝛼 , focusing on models with similar
architectures or datasets with comparable characteristics. Phase 2 -
Semantic Reranking: An LLM-based reranker evaluates fine-grained
semantic similarity between the target card and filtered candidates
from Phase 1. This phase selects the top-𝑘 most semantically rele-
vant cards, capturing nuanced similarities beyond surface-level tag
matching. The two-phase design balances computational efficiency
with retrieval accuracy.

Category-Aware Synthesis: We collect field values from retrieved
similar cards and synthesize appropriate content based on field
categorization. Fields are classified into three categories: (1) Shared
Properties such as intended use and limitations that can be reason-
ably inferred from architecturally similar cards, (2) Unique Proper-
ties such as model developers and contact details that are artifact-
specific and must never be transferred, and (3) General Information
such as ethical considerations that are broadly applicable across
similar contexts. The LLM evaluates applicability for each category
and synthesizes content that integrates relevant information while
preserving artifact-specific accuracy.

Algorithm 2 Inter-Card Completion using the MetaGAI Pool (ICC-
MP)
Require:

𝐶′ = { 𝑓1, . . . , 𝑓𝑚 }: Initial card where 𝑓𝑖 = (𝑘𝑖 , 𝑣𝑖 )
M: MetaGAI Pool (pre-filtered by 𝜏𝑤𝑐𝑐𝑖 and 𝜏𝑝𝑜𝑝 )
𝑘 , 𝛼 : Top-𝑘 parameter (default: 10) and tag overlap threshold (default:
0.5)

Ensure:
𝐶 : Final card (enriched if similar cards found, otherwise𝐶 = 𝐶′)

1: F𝑖𝑛𝑐 ← { 𝑓𝑖 ∈ 𝐶′ : 𝑣𝑖 = ∅}
2: if F𝑖𝑛𝑐 = ∅ then
3: return𝐶′

4: end if
5: 𝐶 ← 𝐶′

6: for each field 𝑓𝑖 = (𝑘𝑖 , 𝑣𝑖 ) ∈ F𝑖𝑛𝑐 do
7: M𝑡𝑎𝑔 ← {𝐶 𝑗 ∈ M : TagOverlap(𝐶′,𝐶 𝑗 ) > 𝛼 }
8: if M𝑡𝑎𝑔 = ∅ then
9: continue
10: end if
11: M𝑠𝑖𝑚 ← RerankTopK(𝐶′,M𝑡𝑎𝑔, 𝑘 )
12: V𝑖 ← {𝐶 𝑗 [𝑘𝑖 ] : 𝐶 𝑗 ∈ M𝑠𝑖𝑚 ∧𝐶 𝑗 [𝑘𝑖 ] ≠ ∅}
13: if V𝑖 ≠ ∅ then
14: 𝐶 [𝑘𝑖 ] ← Synthesize(V𝑖 ,𝐶

′ )
15: end if
16: end for
17: return𝐶

6 Experiments and Results
In this section, we investigate three research questions to guide our
experimental evaluation:
RQ1: How can web-scale information be effectively integrated to

create comprehensive model and data cards for GAI?
RQ2: How can we overcome static template limitations and lever-

age web-scale data to achieve high-quality card generation?
RQ3: What evaluation frameworks can effectively assess the qual-

ity of generated cards across multiple quality dimensions?

Table 1: Evaluationmetrics for assessing the generatedmodel
and data cards. Eachmetric is scored on a 1-5 scale by domain
experts.

Metric Definition

Faithfulness
(F)

Accurately reflects information from source materials with-
out introducing unsupported claims or omitting key points

Relevance
(R)

Content focused on the specific category being evaluated,
avoiding unrelated or off-topic information

Accuracy
(A)

Statements are factually correct based on available refer-
ences and can be directly verified

Consistency
(C)

Information is internally consistent within the card, with
no contradictions or logical gaps

Usefulness
(U)

Provides clear, practical, and helpful information for users
or researchers who want to understand or use the model or
dataset

6.1 Experimental Setup
6.1.1 Baselines. To evaluate the effectiveness of our method, we
compare against two automated baselines and human-annotated
cards as a reference standard, representing different paradigms in
card generation.

Zero-Shot Generation. This baseline employs a direct syn-
thesis approach where the LLM generates complete model cards
from source papers and web repository pages in a single inference
pass without retrieval augmentation. This method represents an
end-to-end generation paradigm that processes entire documents
holistically to produce comprehensive model documentation in one
step.

Template-Guided RAG (CardGen). Following the established
CardGen methodology [26], this baseline implements a structured
query extraction approach using predefined question templates
to systematically retrieve relevant information before generation.
This method provides consistent structured extraction by employ-
ing a fixed set of queries designed to capture essential model card
components across different paper types. Detailed hyperparame-
ter configurations and implementation details for all models are
provided in Appendix A.4.

Human-Annotated. A detailed description of the human anno-
tation process is provided in Section 4.2.

6.1.2 Evaluation Metrics. To comprehensively assess the quality
of generated cards, we employ a five-dimensional evaluation frame-
work. We adopt three established metrics from Liu et al. [26], Faith-
fulness, Relevance, and Accuracy, which evaluate factual correctness
and source alignment. However, these metrics cannot capture the
structural coherence and practical utility requirements of multi-
field documentation. Therefore, we introduce two complementary
metrics: Consistency measures internal coherence across indepen-
dently generated fields to detect contradictions, while Usefulness
evaluates whether content provides actionable guidance for deploy-
ment decisions, addressing a critical gap in existing frameworks
that assess correctness without considering operational value. Each
metric is scored from 1 (poor) to 5 (excellent), and detailed defini-
tions for all five metrics are provided in Table 1.
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6.1.3 Evaluation Method. We employ an LLM-as-a-Judge evalu-
ation framework to assess generated card quality. This approach
provides scalable, cost-effective assessment while maintaining high
agreement with human judgments [15, 24], and is particularly well-
suited for evaluating open-ended generation tasks where traditional
metrics fail to capture nuanced qualities [8]. Tomitigate potential bi-
ases inherent in any single large languagemodel [15], we utilize two
distinct models as judges: GPT-5-nano and Gemini-2.5 Flash-Lite,
and detailed evaluation procedures are provided in Appendix A.5.

6.2 Experimental Results
Table 2 presents a comprehensive evaluation of AdaQE-CG relative
to two baseline methods and the human-annotated MetaGAI-Bench
across five quality dimensions, evaluated independently by two
LLM judges.

6.2.1 Effective Integration of Web-Scale Information (RQ1).
AdaQE-CG effectively integrates heterogeneous web-scale infor-
mation sources—scientific papers, repository metadata, and the
MetaGAI Pool—to generate comprehensive documentation. For
data cards, AdaQE-CG achieves first-place rankings across all di-
mensions for both judges (average scores: 4.47 GPT, 4.48 Gemini),
substantially outperforming all baselines. For model cards, AdaQE-
CG excels in Relevance (rank 1, scores: 4.79 GPT, 4.65 Gemini) and
Usefulness (rank 1, scores: 4.02 GPT, 4.24 Gemini), with competitive
performance on other metrics.

The differential performance across card types reveals the in-
formation integration challenges. Data card information follows
more standardized documentation patterns, enabling systematic
extraction, while model cards require nuanced interpretation of ex-
perimental details not always explicitly documented. Nevertheless,
AdaQE-CG’s automated approach achieves comparable or supe-
rior scores compared with human-annotated on most dimensions,
validating multi-source web-scale integration.

6.2.2 Overcoming Static Template Limitations (RQ2). Com-
paring AdaQE-CG and CardGen directly addresses RQ2. CardGen
performs well for model cards (average rank 2.2-2.4) but poorly on
data cards (rank 4), revealing a fundamental limitation of static tem-
plates: predefined questions capture standardized model properties
but fail to accommodate diverse dataset characteristics.

AdaQE-CG’s dynamic query expansion achieves dominant data
card performance (rank 1 across all dimensions) while maintaining
competitive model card results. Strong Relevance scores (4.79-4.85
for GPT) demonstrate effective information identification while
filtering off-topic content. The performance gap on data cards (0.24-
0.30 points) quantifies adaptive extraction’s value over static tem-
plates for heterogeneous web documentation.

6.2.3 Multi-Dimensional Evaluation Framework (RQ3). Our
five-dimensional framework effectively assesses card quality, with
each dimension capturing distinct aspects, as evidenced by varying
inter-judge correlations (𝜌=0.118-0.331, 𝑟=0.141-0.386).

Faithfulness andAccuracy evaluate content grounding. AdaQE-
CG achieves first-rank performance on both metrics for data cards.
For model cards, results show judge-dependent variation, with
strong performance under Gemini evaluation (rank 1) but mixed re-
sults under GPT (Faithfulness rank 2, Accuracy rank 4). Relevance

demonstrates strong discriminative power. AdaQE-CG’s top rank-
ings validate that this metric effectively captures whether iterative
query expansion identifies pertinent information while filtering
irrelevant content. Consistency reveals methodological tradeoffs.
Zero-shot generation occasionally achieves top rankings, suggest-
ing single-pass generation produces more uniform content, though
potentially sacrificing completeness. Lower inter-judge correlation
(𝜌=0.118) indicates greater subjectivity. Usefulness assesses prac-
tical value beyond correctness. AdaQE-CG’s top rankings demon-
strate that dynamically retrieved content provides more actionable
guidance than template-based or direct generation approaches.

6.3 Human Evaluation
To complement the LLM-as-a-Judge assessments, we conducted
an independent human evaluation study. We sampled 50 model
cards and 50 data cards from MetaGAI-Bench. Six Data Science
master’s students, divided into two independent groups, evaluated
all 100 cards across five quality dimensions using the 1-5 scoring
rubric in Table 1. Evaluators were selected from a different pool
than benchmark annotators to prevent recognition bias, and results
are presented in Table 3.

We computed inter-group agreement using Spearman and Pear-
son correlation coefficients to assess evaluation consistency. Corre-
lation coefficients vary by dimension: Faithfulness shows the high-
est agreement (𝜌=0.509, 𝑟=0.467), followed by Usefulness (𝜌=0.446,
𝑟=0.453), while Relevance exhibits the lowest (𝜌=0.204, 𝑟=0.231).
These moderate but statistically significant correlations (all 𝑝 <

0.001) indicate reasonable consistency, though variation reveals
some quality aspects are more subjectively interpreted. Notably,
human correlation values (𝜌=0.204-0.509) exceed LLM judge corre-
lations (𝜌=0.118-0.331), suggesting more aligned human evaluation
criteria.

6.3.1 Human Validation of Web-Scale Information Integra-
tion (RQ1). Human evaluation validates that AdaQE-CG produces
high-quality documentation approaching expert standards. AdaQE-
CG consistently ranks second across card types and evaluator
groups (model cards: rank 2.4/2.0; data cards: rank 2.0/2.0), substan-
tially outperforming automated baselines while remaining compet-
itive with human-annotated cards.

Score gaps reveal remaining quality differences. For model cards,
human-annotated achieve 3.53-3.66 versus AdaQE-CG’s 3.35-3.44
(a gap of 0.18-0.22); for data cards, gaps widen to 0.40-0.85 points
(human-annotated: 3.22-3.95 vs. AdaQE-CG: 2.42-3.71). This sug-
gests current methods are less effective at capturing the explanatory
depth and contextual appropriateness that human evaluators prior-
itize.

6.3.2 Human Perception of Dynamic vs. Static Approaches
(RQ2). Human evaluation confirms that dynamic query expan-
sion overcomes static template limitations. AdaQE-CG outperforms
CardGen across most quality dimensions, with notable advantages
in Accuracy and Usefulness.

Performance gaps are more pronounced for data cards than
model cards, mirroring LLM evaluation patterns. This convergent
evidence supports the claim that dynamic adaptation is essential
for diverse documentation structures where standardized templates
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Table 2: Performance evaluation of LLM-as-a-Judge for model card and data card generation across quality dimensions. GPT =
GPT-5-nano; Gemini = Gemini-2.5 Flash-Lite. Values are shown as Rank (Score). Correlation coefficients between GPT and
Gemini: 𝜌 = Spearman correlation, 𝑟 = Pearson correlation. Significance levels: * 𝑝 < 0.001. Within each cell, bold indicates
better performance (lower rank or higher score), underline indicates the second-best performance.

Card Type Method Faithfulness Relevance Accuracy Consistency Usefulness Average
𝜌=0.215*, 𝑟=0.243* 𝜌=0.228*, 𝑟=0.375* 𝜌=0.204*, 𝑟=0.218* 𝜌=0.118*, 𝑟=0.141* 𝜌=0.331*, 𝑟=0.386*

GPT Gemini GPT Gemini GPT Gemini GPT Gemini GPT Gemini GPT Gemini

Model Zero-shot 4.0 (4.02) 3.0 (4.33) 4.0 (4.64) 3.0 (4.50) 3.0 (4.07) 3.0 (4.33) 1.0 (4.75) 1.0 (4.66) 4.0 (3.72) 3.0 (4.05) 3.2 (4.24) 2.6 (4.37)
Model CardGen [26] 3.0 (4.07) 2.0 (4.36) 2.0 (4.74) 2.0 (4.62) 2.0 (4.08) 2.0 (4.36) 3.0 (4.73) 3.0 (4.65) 2.0 (3.97) 2.0 (4.19) 2.4 (4.32) 2.2 (4.43)
Model Human-Annotated 1.0 (4.09) 4.0 (4.26) 3.0 (4.66) 4.0 (4.49) 1.0 (4.11) 4.0 (4.26) 2.0 (4.75) 4.0 (4.62) 3.0 (3.83) 4.0 (4.04) 2.0 (4.29) 4.0 (4.33)
Model AdaQE-CG 2.0 (4.08) 1.0 (4.37) 1.0 (4.79) 1.0 (4.65) 4.0 (4.05) 1.0 (4.37) 4.0 (4.73) 2.0 (4.65) 1.0 (4.02) 1.0 (4.24) 2.4 (4.33) 1.2 (4.46)

Data Zero-shot 3.0 (4.10) 2.0 (4.27) 3.0 (4.62) 2.0 (4.57) 2.0 (4.19) 2.0 (4.27) 2.0 (4.75) 2.0 (4.67) 3.0 (3.83) 2.0 (4.08) 2.6 (4.30) 2.0 (4.37)
Data CardGen [26] 4.0 (4.01) 4.0 (4.07) 4.0 (4.57) 4.0 (4.39) 4.0 (4.07) 4.0 (4.07) 4.0 (4.67) 4.0 (4.47) 4.0 (3.82) 4.0 (3.93) 4.0 (4.23) 4.0 (4.18)
Data Human-Annotated 2.0 (4.12) 3.0 (4.19) 2.0 (4.64) 3.0 (4.51) 3.0 (4.18) 3.0 (4.19) 3.0 (4.73) 3.0 (4.60) 2.0 (3.86) 3.0 (4.05) 2.4 (4.31) 3.0 (4.31)
Data AdaQE-CG 1.0 (4.26) 1.0 (4.37) 1.0 (4.85) 1.0 (4.71) 1.0 (4.24) 1.0 (4.36) 1.0 (4.81) 1.0 (4.69) 1.0 (4.18) 1.0 (4.28) 1.0 (4.47) 1.0 (4.48)

Table 3: Human evaluation of model card and data card generation across quality dimensions. Group 1 and Group 2 represent
two independent sets of human evaluators assessing the same algorithms and card types. Values shown as Rank (Score).
Correlation coefficients between Group 1 and Group 2: 𝜌 = Spearman correlation, 𝑟 = Pearson correlation. Significance levels: *
𝑝 < 0.001. Within each metric, bold indicates best performance (lowest rank or highest score), underline indicates the second-
best performance.

Card Type Method Faithfulness Relevance Accuracy Consistency Usefulness Average
𝜌=0.509*, 𝑟=0.467* 𝜌=0.204*, 𝑟=0.231* 𝜌=0.358*, 𝑟=0.366* 𝜌=0.310*, 𝑟=0.319* 𝜌=0.446*, 𝑟=0.453*

Group 1 Group 2 Group 1 Group 2 Group 1 Group 2 Group 1 Group 2 Group 1 Group 2 Group 1 Group 2

Model Zero-shot 4.0 (2.73) 4.0 (2.94) 4.0 (4.12) 4.0 (3.01) 4.0 (2.69) 4.0 (2.85) 4.0 (3.70) 4.0 (3.17) 4.0 (2.68) 4.0 (2.79) 4.0 (3.18) 4.0 (2.95)
Model CardGen [26] 3.0 (3.29) 3.0 (3.21) 2.0 (4.53) 3.0 (3.33) 3.0 (3.28) 3.0 (3.17) 2.0 (4.19) 3.0 (3.39) 3.0 (3.26) 3.0 (3.09) 2.6 (3.71) 3.0 (3.24)
Model Human-Annotated 1.0 (3.69) 1.0 (3.53) 1.0 (4.66) 1.0 (3.62) 1.0 (3.66) 1.0 (3.43) 1.0 (4.32) 1.0 (3.59) 1.0 (3.55) 1.0 (3.35) 1.0 (3.98) 1.0 (3.50)
Model AdaQE-CG 2.0 (3.47) 2.0 (3.31) 3.0 (4.38) 2.0 (3.43) 2.0 (3.44) 2.0 (3.22) 3.0 (4.05) 2.0 (3.45) 2.0 (3.35) 2.0 (3.17) 2.4 (3.74) 2.0 (3.32)

Data Zero-shot 4.0 (2.94) 4.0 (2.76) 4.0 (3.44) 4.0 (2.41) 4.0 (3.01) 4.0 (2.13) 4.0 (2.95) 4.0 (2.20) 4.0 (2.50) 3.0 (2.23) 4.0 (2.97) 3.8 (2.35)
Data CardGen [26] 3.0 (3.08) 3.0 (2.98) 3.0 (3.50) 3.0 (2.61) 3.0 (3.08) 3.0 (2.25) 3.0 (3.13) 3.0 (2.53) 3.0 (2.69) 4.0 (2.21) 3.0 (3.10) 3.2 (2.52)
Data Human-Annotated 1.0 (3.79) 1.0 (4.01) 1.0 (3.95) 1.0 (3.92) 1.0 (3.57) 1.0 (3.57) 1.0 (3.43) 1.0 (3.56) 1.0 (3.22) 1.0 (3.45) 1.0 (3.59) 1.0 (3.70)
Data AdaQE-CG 2.0 (3.39) 2.0 (3.15) 2.0 (3.71) 2.0 (2.83) 2.0 (3.31) 2.0 (2.60) 2.0 (3.32) 2.0 (2.70) 2.0 (2.95) 2.0 (2.42) 2.0 (3.34) 2.0 (2.74)

fail, producing more actionable, contextually appropriate documen-
tation.

6.3.3 Cross-Validation of Multi-Dimensional Evaluation
Framework (RQ3). Human and LLM-based evaluation reveal com-
plementary strengths. Human evaluators maintain higher inter-
rater consistency (𝜌=0.204-0.509) than LLM judges (𝜌=0.118-0.331),
but score systematically differently from each other: humans rate
human-annotated cards higher, while scoring automated methods
conservatively compared to LLMs’ compressed distributions.

LLM judges prioritize syntactic correctness and factual accuracy,
occasionally ranking AdaQE-CG first. Human evaluators apply
holistic criteria encompassing explanatory depth, audience appro-
priateness, and practical utility. Convergence in relative rankings
validates the framework’s ability to distinguish method quality,
while divergence in absolute scores reveals complementary evalua-
tion perspectives.

7 Conclusion
This work addresses the critical challenge of automating seman-
tic documentation for GAI systems. We introduce the MetaGAI-
Dataset, comprising 6,481 data cards and 123,013 model cards, along
with a high-quality human-annotated MetaGAI-Bench of 600 data
cards and 600 model cards. Additionally, we propose the AdaQE-CG

framework that combines dynamic query expansionwith cross-card
knowledge transfer. Our analysis reveals significant documentation
quality disparities, with data cards achieving substantially higher
completeness thanmodel cards and critical deficiencies in safety and
ethical considerations. The proposed AdaQE-CG demonstrates that
integrating dynamic retrieval with cross-card knowledge transfer
enables scalable, high-quality semantic card generation, achieving
first-place rankings across all quality dimensions for data cards and
competitive performance for model cards in both LLM-based and
human evaluations. Limitations include degraded performance for
novel GAI architectures lacking reference cards and the inability
to extract visual information from figures and tables. Future work
will address multimodal knowledge extraction from figures and
tables, unified data-model card mapping, and targeted methods for
enhancing ethical documentation.
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A Appendix
A.1 Definition of Model and Data Card
The definitions of model and data cards for GAI are shown in Table
4.

A.2 Weighted Card Completeness Index
The WCCI quantifies documentation quality through content avail-
ability and confidence levels. The metric incorporates three design
principles: interpretability for cross-artifact comparison; confidence-
weighted evaluation reflecting information reliability; and uniform
field weighting preventing systematic bias. For each field 𝑖 with
content 𝑐𝑖 and confidence level conf𝑖 , the completeness score is:
0.0 for missing fields, 1.0 for non-applicable fields, and𝑤 (conf𝑖 ) ∈
{0.25, 0.5, 0.75, 1.0} for confidence levels {low, medium, high, and
certain}. The overall WCCI is:

WCCI =
1
|F |

∑︁
𝑖∈F

completeness_score(𝑖) (3)

Table 5 shows correlations between WCCI scores and metadata
tags.

A.3 Field-Level WCCI Analysis by Task
Category

MetaGAI-Dataset exhibits pronounced documentation disparities
across artifact types and modalities (Figure 3). Data cards substan-
tially outperform model cards. Within model cards, performance
varies by modality, with Multimodal and Audio exceeding CV and
NLP. Critically, NLP demonstrates the lowest completeness despite
representing 88% of model cards. Field-level decomposition reveals
that model cards contain negligible contributions from Safety Con-
siderations, Ethical Considerations, and Performance Metrics. Data
cards achieve higher completeness primarily through comprehen-
sive technical documentation (Dataset Details, Dataset Structure,
Data Collection), while responsible AI dimensions (Privacy & Se-
curity, Legal & Ethical, Limitations & Recommendations) remain
underrepresented across all modalities. This pattern indicates sys-
tematic prioritization of technical specifications over responsible
AI documentation in both artifact types [25, 46].

A.4 Model Details
We employ Gemini-2.5 Flash-Lite [10] as the large language model
for all card generation tasks. For fair comparison, both baseline
methods (Zero-Shot and CardGen) also use Gemini-2.5 Flash-Lite
as their underlying language model. We configure the model with
temperature = 0.2, top-p sampling = 0.9, and maximum output to-
kens = 8,192. This configuration is consistently applied across all

(a) Model Cards

(b) Data Cards

Figure 3: Field-level WCCI decomposition across generative
AI task categories. (a) Model cards show substantially lower
completeness with minimal Safety and Ethical Considera-
tions. (b) Data cards achieve higher completeness dominated
by technical specifications, with responsible AI dimensions
contributing smaller segments.

methods to ensure comparable evaluation conditions. For retrieval
reranking, we employ the Qwen3-Reranker-4B model [48], config-
ured with a maximum sequence length of 8,192 tokens, to process
retrieved document chunks and score their relevance to queries.

A.5 Evaluation Details
For LLM-as-a-Judge evaluation, we employ two distinct large lan-
guage models: GPT-5-nano (version gpt-5-nano-2025-08-07 from
OpenAI) and Gemini-2.5 Flash-Lite [10]. Each judge LLM inde-
pendently assesses outputs from all algorithms on five metrics:
Faithfulness, Relevance, Accuracy, Consistency, and Usefulness. To
ensure robustness, we implement three bias mitigation strategies:
(1) algorithm anonymization by removing all identifiers, (2) five in-
dependent evaluation rounds with randomized presentation orders,
and (3) dual-judge assessment using two distinct LLMs. Final scores
are computed as the average across both judges and all five rounds,
yielding 10 independent assessments per evaluation instance.
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Table 4: Definitions of Model and Data Card for Generative AI

Card Field Description

M
od

el
C
ar
d

Model Details Information about the model developer, architecture, size, training methodology, modalities, version,
license, and contact details

Intended Use Primary applications, target users, supported languages/domains, out-of-scope uses, and age restrictions
Generative Capabilities Generation quality, content types, length limitations, consistency, latency, and customization options
Safety Considerations Content safety measures, bias analysis, fairness metrics, red team testing, jailbreaking resistance, and

child safety
Training Data Training corpus details, data filtering processes, demographic representation, language coverage, con-

sent/privacy, and evaluation datasets
Performance Metrics Generation quality metrics, safety metrics, factual accuracy, bias metrics, cultural sensitivity, and

robustness measures
Ethical Considerations Dual-use risks, misinformation potential, intellectual property concerns, economic/environmental

impact, cultural appropriation, privacy, and consent issues
Caveats & Recommendations Known limitations, deployment recommendations, monitoring requirements, and user guidelines

D
at
a
C
ar
d

Dataset Details Dataset name, version, creators/curators, funding, type, text language, license, and related resources
Dataset Structure Instances, fields, missing information, relationships, splits, and size statistics
Data Collection Collection process, data sources, timeframe, ethical review, consent process, and data validation
Data Processing Preprocessing steps, cleaning procedures, labeling process, quality control, filtering criteria, and dedu-

plication
Intended Use Primary tasks, suitable/unsuitable applications, research applications, commercial applications, and

prohibited uses
Bias & Fairness Demographic representation, geographic/temporal coverage, known biases, bias mitigation, and fairness

considerations
Privacy & Security Personally identifiable information, sensitive information, privacy protection measures, data security,

anonymization/pseudonymization, and retention/deletion policies
Content Analysis Content types, harmful content identification, content moderation, toxicity analysis, misinformation

risks, and cultural sensitivity
Legal & Ethical Copyright considerations, terms of use, ethical guidelines, compliance requirements, subject rights, and

institutional review
Maintenance & Updates Maintenance plan, update frequency, versioning, error reporting, community contribution, and depreca-

tion plan
Distribution & Access Access mechanism, distribution format, download instructions, API access, access restrictions, and

citation requirements
Limitations & Recommendations Known limitations, recommended uses, usage guidelines, performance considerations, environmental

impact, and future work

A.6 Ablation Study
A.6.1 MetaGAI Pool Contribution. ICC-MP successfully enhanced
52.7% of model card fields and 56.5% of data card fields (Figure 5).
Of 243 model cards processed by ICC-MP, 128 (52.7%) showed
improvement, 60 (24.7%) showed no change, and 55 (22.6%) showed
tied performance. Data cards demonstrated a stronger impact with
134 of 237 cards (56.5%) improved, 94 (39.7%) showing no change,
and 9 (3.8%) tied, validating cross-card knowledge transfer when
source documents lack information.

A.6.2 Effectiveness of Multi-Turn Query Expansion. Using LLM-as-
a-Judge (Gemini-2.5 Flash-Lite), we compared consecutive rounds
(𝑅𝑖−1 vs. 𝑅𝑖 ) across five quality dimensions. Figure 4 reveals: (1)
progressive convergence—active cards decline from 600 (Round
2) to 100-430 (Round 10); (2) sustained quality gains—model cards
achieve 12-16% average improvements per dimension while data
cards show 1-2% gains; (3) field-specific behavior—Model Details
and Dataset Structure maintain higher activity (430-520 cards at
Round 10), while responsible AI fields converge rapidly to under
200 cards.

A.7 Case Study of Generated Model and Data
Cards

To demonstrate AdaQE-CG’s practical effectiveness, we present
partial cards for all-hands/openhands-lm-32b-v0.1-ep3 (model) and
MushanW/GLOBE_V3 (data). IPE-QE extracted core information
through iterative query refinement, while ICC-MP enriched in-
complete fields using similar artifacts. Enrichments marked by
yellow background and [enriched by ICC-MP] demonstrate success-
ful cross-card knowledge transfer, validating AdaQE-CG’s system-
atic extraction and conditional enrichment capabilities.
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(a) Model Cards

(b) Data Cards

Figure 4: Query expansion effectiveness across rounds 2-10.
Lines (left y-axis) show active cards undergoing query ex-
pansion per field; bars (right y-axis) track cumulative quality
improvements across five dimensions.

Figure 5: Quality improvement contribution of ICC-MP. Blue
bars show cases where ICC-MP improved quality scores over
IPE-QE-only cards, green bars show no improvement, and
orange bars indicate tied scores.

Table 5: Spearman Correlations between WCCI Scores and
Metadata Tags. * indicates 𝑝 < 0.001.

Card
Type

Category Metadata Tags Correlation
(𝜌)

Frequency
(n)

M
od

el
C
ar
ds

Popularity likes 0.408* 123,013
downloads 0.285* 123,013

Task text-to-speech 0.211* 3,145
text-to-audio 0.173* 2,781
image-text-to-text 0.132* 2,872
text-to-image 0.105* 1,223
text-generation -0.153* 97,689

License apache-2.0 0.374* 12,520
cc-by-nc-4.0 0.222* 3,445

Framework pytorch 0.386* 16,750

D
at
a
C
ar
ds

Popularity downloads 0.257* 6,481
likes 0.182* 6,481

Task zero-shot classifica-
tion

0.203* 680

text-classification 0.201* 1,220
table-QA 0.195* 717
question-answer 0.178* 3,261
multiple-choice 0.164* 665

Annotation crowdsourced -0.384* 1,389

Model Card: all-hands/openhands-lm-32b-v0.1-ep3

Model Details
Developer: OpenHands
Architecture: 32B Qwen2.5-Coder-Instruct.
License: MIT [enriched by ICC-MP]

...

Intended Use
Primary Applications: Agent scaffold for general-purpose

prompting in software engineering tasks

Out of Scope: Best suited for solving
GitHub issues ...
[enriched by ICC-MP]

...
[Additional sections]

Data Card: MushanW/GLOBE_V3

Dataset Details
Dataset Name: GLOBE_V3
Version: V3 version...

[enriched by ICC-MP]

...
Dataset Structure
Instances: The dataset includes utterances from 23,519 speakers.
Fields: Detailed metadata is available for all speakers ...
...
[Additional sections]

https://huggingface.co/all-hands/openhands-lm-32b-v0.1-ep3
https://huggingface.co/datasets/MushanW/GLOBE_V3
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