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ABSTRACT Selecting and evaluating the most suitable Large Language Model (LLM) for a given task
remains a significant challenge, particularly in domain-specific applications such as healthcare and legal
research, which require models to provide transparency regarding training data, task specialization, and
compliance with ethical standards. Despite the availability of open-source platforms for sharing models
and datasets, challenges persist in accessing critical information. Incomplete metadata and inconsistent
documentation hinder efficient model discovery, comparison, and adoption. In this paper, we introduce
a simple conceptual map for LLMs, designed to assist researchers and practitioners in understanding
the complex landscape of generative models. We provide a rationale for our modeling choices and a
comprehensive description of the map in terms of four interconnected entities. Our primary objective is
to provide all practitioners in the field—not just developers, but managers, testers, and other people who
are part of producing and using technology—a clear terminology for expressing how to address the LLM
landscape. A secondary objective is a call on industry stakeholders—including collaborative platforms and
model providers—to enhance transparency and reproducibility in LLM research and deployment.

INDEX TERMS Conceptual maps, FAIR principles, hugging face, large language models, model metadata,
model selection, reproducibility, transparency.

I. INTRODUCTION crucial information, such as model training data, domain

Since the launch of ChatGPT in November 2022, Large
Language Models (LLMs) have been driving innovation
across diverse fields; however, their rapid advancement also
brings challenges in evaluating and understanding their full
potential and capabilities [1]. Professionals across various
fields face difficulties when selecting the most suitable model
for their specific tasks. Legal experts require models trained
on case law [2], educators need tools for personalized learn-
ing [3], and customer support teams depend on multilingual
conversational Al [4]. Even experienced researchers in fields
like climate science, engineering, and social sciences often
struggle with the lack of centralized resources that detail
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expertise, and performance benchmarks [5]. The lack of a
structured knowledge base properly describing models’ train-
ing data, domain specialization, and performance metrics
forces users to rely on fragmented information, limiting the
effective adoption of this emerging technology.

These challenges are further compounded by the growing
emphasis on transparency and accountability in Al develop-
ment, particularly with regulations as the EU AI Act [6],
which focus on fairness, safety, and ethics. Insufficient
documentation and a lack of transparency of both closed and
open models make it difficult for researchers to ensure that
their Al systems meet the stringent standards required for
responsible and lawful deployment. Moreover, the concept of
“openness’’ in Al models itself is multifaceted, as we discuss
later.

© 2025 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License.
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In this landscape, there is a compelling need for under-
standing the concepts and terms used in everyday conver-
sations about LLM. Here, we propose a simple conceptual
map that organizes and categorizes LLM-related knowledge.
This structured approach, based on classical data abstrac-
tions [7], supports practitioners in the field in reasoning
about model selection, evaluation, and comparison, offering
an intuitive and efficient way to navigate the ecosystem
of LLMs.

In our vision, this approach should be integrated into
existing platforms like Hugging Face (HF, [8]) and Kaggle
[9]: these repositories have become vital resources for
accessing and sharing models and datasets in an open-source
and collaborative manner. HF is the primary hub for col-
laboration within the machine learning community, enabling
researchers and developers to contribute models, datasets,
and several applications; however, the platform has notable
limitations that prevent efficient information exploration.
In particular, HF often lacks crucial information about LLMs,
including supported languages, usage license and reference
publications. This can be due to both providers’ negligence
in documentation practices and strategic commercial deci-
sions by major players, who may withhold critical details
to maintain competitive advantages or protect proprietary
interests.

The remainder of this paper is organized as follows.
We first introduce our conceptual map and describe in detail
the entities and attributes relevant to understanding LLMs.
We also show how our map could be used in practice by
stakeholders across different domains, including medicine,
finance, law, life sciences, management and software devel-
opment. Next, we discuss related documentation standards
in existing literature and highlight the position of our
contribution. Then, we briefly discuss different definitions
of openness for LLMs, and analyze the lack of available
information on Hugging Face. We conclude with a discussion
of various critical aspects in the evolution of LLM, including
a call for the community to revise the organization of
collaborative platforms, further expanding their capabilities
for accessing relevant knowledge.

Il. CONCEPTUAL MAP

We propose a novel conceptual map to represent the
key entities and relationships within the LLM ecosystem.
In Figure 1 (top) we identify four main entities: Large
Language Model, Dataset, Task, and Metric; six binary
relationships interconnect them, explaining how models are
tested or trained on datasets, how models are suited for
tasks, how tasks are enabled by datasets, and how metrics
evaluate models or assess tasks. Fig. 1 (bottom) shows
a table listing attributes commonly used to describe the
four entities — together with one example value. Attributes
belong to three categories: identifiers, descriptive attributes
responding to FAIR principles (i.e., contributing to the
Findability, Accessibility, Interoperability, and Reuse [10] of
related digital objects), and internal attributes describing the
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entity’s implementation/deployment. We next describe each
entity, with its attributes, and then each relationship.

A. MODEL

This entity describes the main characteristics of Large Lan-
guage Models. Specifically, a model is uniquely identified
by the pair (Name, Version); note that this distinction is not
formalized and is sometimes missing or not exposed in HF
(e.g., “Llama-2” in HF is split into “Llama”, “2” in our
map). Responding to FAIR principles, attributes include the
Uniform Resource Identifier (URI), to indicate where the
model can be accessed or downloaded; the LicenseToUse that
specifies relevant terms; the ModelCreator, that is the original
author of a model; the Developer, who has fine-tuned the
model to serve a specific need — starting from a foundation
model. HF allows model providers to freely flag their LLMs
as “open-source” without specifying whether this refers to
the architecture, training data, or implementation framework.
For simplicity, we include a Boolean attribute OpenSource,
which reflects the tag assigned by developers on the platform.
In Section V, we provide an in-depth discussion of the
various meanings of LLM openness. Additionally, when
available, we include information about CarbonEmission in
tCO2e (tonnes of carbon dioxide equivalent) as the unit of
measurement. To represent implementation characteristics,
we detail the used LibraryFramework; a list of Languages on
which the model has been trained; the type of Architecture
and its NumberOfParameters; the ContextLength, which
indicates the maximum number of tokens that the model can
handle in a sentence (e.g., “4k’’); the Tokenization algorithm
that determines how the input prompt (and the output
answer) is divided into tokens (e.g., “‘SentencePiece Byte-
Pair Encoding’’) and the NumberOfIokens representing the
dictionary employed by the algorithm. The Boolean attributes
Quantization, InstructionTuned, and HumanAligned respec-
tively indicate the use of quantization techniques [11],
fine tuning on instructions, and optimization w.r.t. human
directions.

B. DATASET

This entity describes specific datasets, which can be used
for pre-training an LLM (e.g., WebText [12]), for its fine-
tuning (e.g., Reddit TL;DR [13]) or its evaluation (e.g.,
MMLU [14]). The entity is identified by its Name and
equipped with a URI that connects it to its location for
retrieval/download. We represent the LicenseToUse (detailing
terms for the dataset usage) and a Domain of reference.
Then, we define the Size as the number of rows of the
dataset, the set of Languages of the texts in the dataset, and
a Boolean flag FineTuning that indicates whether the dataset
is suitable for fine-tuning previously trained models. Finally,
Annotation indicates if the dataset is used for unsupervised
(i.e., “Not annotated’”) or supervised tasks, in which case we
capture information about the author of the annotation (e.g.,
workers, students, domain experts, or unknown crawl) or of

VOLUME 13, 2025
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Dataset

enabled by

Entity  Attribute: Definition — Example.

Attributes categories color code: identification ("), FAIR (), and implementation ()

Name: Name of the LLM — Llama

Version: Version of the model (identifier together with Name) — 3.2
URI: Link or source location to access the model — https:// huggingface.co/ meta-llama/ Llama-3.2-3B

LicenseToUse: Licensing terms for model usage — llama3.2

ModelCreator: Individual/organization who developed the model — Meta

Developer: Individual/team who shared the model — meta-llama

OpenSource: Flag indicating if the model is open-source — Yes

CarbonEmissions: The environmental impact derived from training the model (in tCO2e) — 240

Model

LibraryFramework: Library/framework used to implement the model — PyTorch
Language: Language(s) the model is trained to understand — English, German, French, ...

Architecture: Underlying architecture/structure of the model — Transformer

NumberOfParameters: Number of parameters in the model — 3B

ContextLength: Maximum input length/context window supported by the model — 128k tokens
Tokenization: Tokenization algorithm used to preprocess text for the model — BPE

NumberOfTokens: The number of unique tokens (i.e., dictionary) used by the Tokenization algorithm — 728k
Quantization: A Flag that indicates if the model uses quantization techniques — No

InstructionTuned: Indicates if the model has been fine-tuned on instruction-following datasets — Yes
HumanAligned: Indicates if the model has been optimized to align with human preferences — Yes

Name: Identifier of the dataset — IMDB Reviews

URI: Link/source location to access the dataset — https:// ai.stanford.edu/ ~amaas/ data/ sentiment/

LicenseToUse: Licensing terms for dataset usage — other

Size: Amount of data (in terms of number of rows) — 50k

Dataset

Domain: Specific domain/area of interest of the dataset — Reviews

Language: List of language(s) used in the dataset content — English, French, Italian, ...
FineTuning: Flag indicating if the dataset is suitable for fine-tuning pre-trained models — Yes
Annotation: How the annotation was performed (if applicable) — Domain experts

Task

Name: Identifier of the downstream task — Sentiment Analysis
Description: Brief text to describe the task — Determines the sentiment of a given text
SubTask: Specification/list of sub-categories of the main task — Emotion Detection

Name: Identifier of the metric used to assess performance — BLEU
Description: What the metric measures/evaluates — Assess goodness of translation

Metric

ContextFree: Flag indicating if the metric only needs the model’s output (vs. also model’s input) — Yes
Trained: Flag indicating if the metric has trainable parameters — No

FeatureBased: Flag indicating if the metric employs heuristics (i.e., input features), vs. the data itself (i.e., end-to-end) — No

Granularity: Granularity of the evaluation — SentenceLevel

FIGURE 1. Top: Conceptual map describing LLMs, their attributes, and relationships with the surrounding entities.Bottom:
Table listing attributes (with definition and example values) grouped by entity according to the above map. We consider

the case of Llama 3.2 as a reference when values are available.

the self-annotation process (e.g., through captcha, alternative
text).

C. TASK

This entity represents a task addressed by the Large
Language Model (e.g., Question Answering, Commonsense
Reasoning, Summarization). Each task is identified by its
Name, clarified by a brief Description, and a list of SubTasks
that progressively refine the main — general — task.

D. METRIC

This entity represents metrics used to evaluate a Language
Model on a specific task (e.g., ROUGE [15], BLEU [16],

VOLUME 13, 2025

BERTScore [17]). The entity is identified by its Name,
characterized by a Description, and equipped with three
Boolean flags, respectively indicating whether (i) they are
ContextFree (i.e., they only need the model’s output and a
ground truth text to use as a reference) or context-dependent
(i.e., they also need the model’s input, such as a table,
a document, etc.); (ii) they can be Trained (i.e., they have
trainable parameters and need human annotations to be
trained on) or not—note that context-dependent metrics are
usually trained; (iii) they are FeatureBased (i.e., use other
metrics/heuristics as input features) or can be evaluated in
an end-to-end manner (i.e., requiring the input given to
the model, the output of the model, and the ground truth).
Untrained metrics can operate at the Word-Character level
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FIGURE 2. Examples of user-based interactions across different domains, mapping a request in natural language to an actual query on our conceptual
map. We highlight attributes, entities and relationships involved, using different colors.

or use Embeddings to evaluate the output of the models.
Embeddings-based metrics are usually able to capture the
semantics of the phrase. We represent this information in the
Granularity attribute.

E. RELATIONSHIPS

A Model can be trained or tested on one or more
Datasets (e.g., BERT is trained on the Wikipedia Dataset

190738

and tested on Natural Questions Dataset [18]). Models are
suited for resolving one or more Tasks (e.g., GPT-3 —
Text Generation). Metrics allow us to evaluate Models
(e.g., BLEU — GPT-3) and assess Tasks (e.g., BLEU —
Text Translation, ROUGE — Text Summarization). Finally,
Tasks are performed once they are enabled by Datasets
(e.g., Sentiment Analysis — IMDB Reviews, Question-
Answering — SQuAD [19]).
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IIl. NAVIGATING THE CONCEPTUAL MAP

Our conceptual map can be directly translated to a relational
database, enabling SQL-like queries to return high-quality
information for a variety of stakeholders interested in
identifying models and datasets best suited to their tasks.
Notably, modern tools now allow relational databases to be
queried using natural language [20], making interaction with
our map intuitive and accessible.

A focus group was carried out with several users with
backgrounds in diverse application domains. Out of this user
study, a selection of exemplifying queries was extracted.
Figure 2 shows examples of possible user interactions
in different domains. Color codes help in visualizing the
specific entities and attributes involved. For instance, panel
A shows a user working in the medical domain who is
interested in finding an open-source model that supports
the Italian language, has fewer than 8B parameters (hence,
of a relatively small size), and is fine-tuned for the medical
domain. In this case, the query returns results obtained by
navigating through two entities and one relationship. The
model identifier is extracted from the Model entity, filtering
on the open-sourceness, language and size, while traversing
the trained on relationship towards the Dataset entity,
identifying those used for fine-tuning that are in the medical
domain.

Other examples show queries made by stakeholders in
diverse domains: finance, law, science, management and
software development. Different requests involve different
entities and relationships in the map. Note that some user
inputs might be expressed in very simple terms (e.g., the
legal query on datasets) while others include more technical
aspects. To accommodate this range of expertise, we envision
an intermediate system that assists users, translating vague
or high-level inputs (e.g., “small size”’) into precise query
constraints (e.g., “less than 8B parameters’), thereby making
our map accessible to both non-technical and technical users.

A. PROOF OF CONCEPT

To showcase how our map could be used, we built a simple
demonstrator accessible at https://geco.deib.polimi.it/LLMap-
demo/. This prototype provides readers with a concrete idea
of how to navigate a database based on our conceptual map.
We show the effect of interacting with such a resource,
where exploration of single entities, relationships, and paths
is made available and fully implemented; we restrict to a
small instance that focuses on the six queries explained
above. Developing a full database is out of the scope of this
paper, as it would require involvement in the community,
tight interaction with actors such as HF and Kaggle, and
enforcement of schema constraints by data managers.

B. BUILDING LEADERBOARDS

Leaderboards are user-friendly interfaces for practitioners,
gathering all relevant information to support and guide their
decision-making processes. With our map, a leaderboard can
be built by combining Models, Tasks, Metrics, and Datasets,
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e.g., for assessing the performance of a given LLM on a
given task using a given test dataset, measuring performance
according to a given metric. Usually, leaderboards support
partial aggregations to compare performance results over
multiple datasets and metrics. As of today, there is no official
(nor widely adopted) unique platform for leaderboards, which
are scattered across the web. For instance, the HF-based
open-llm-leaderboard [21] and the Massive Text Embedding
Benchmark (MTEB) [22] provide an extensive view of
performance metrics for different language models across
a variety of datasets and tasks, as question answering
and text embedding. Unified benchmarking tools, such as
LLMBox [23] and PromptBench [24] and LLM-Uncertainty-
Bench [25], offer ad hoc functionalities for LLM assessment,
but require end-users to customize dataset and performance
metrics.

IV. RELATED DOCUMENTATION STANDARDS AND
POSITIONING OF OUR WORK

Our map complements, rather than replaces, widely adopted
documentation standards—most notably Datasheets for
Datasets [26] and Model Cards for Model Reporting [27]—
and related proposals such as data statements for NLP [28].
Whereas datasheets and model cards provide rich, reflective
narratives, our contribution is a concise, queryable schema
spanning four entities (Model, Dataset, Task, Metric) and
their relationships, designed to support discovery, compari-
son, and governance at scale to diverse stakeholders.

Datasheets for Datasets organize questions across a
dataset’s lifecycle (motivation, composition, collection, pre-
processing/labeling, intended uses, limitations) in order
to reduce mismatches between training and deployment
contexts—mismatches with societal and financial conse-
quences. They center dataset creators and consumers,
while acknowledging other stakeholders (policymakers, and
individuals affected by downstream use). Several datasheet
elements map directly to attributes in our schema-e.g.,
Domain, Languages, Size, LicenseToUse, and Annotation
(including who labeled or whether self-annotation was
used). Other aspects (rationale, social risks, collection
protocols) are intentionally verbose and do not compress
into scalar fields; for these, our map serves as a relational
backbone with pointers (URI) to full narrative artifacts.
Because relationships are in the form of trained on
or enabled by, updates to a dataset can propagate
to models and tasks, making dependencies explicit for
reproducibility and auditing. Although datasheets are not
designed for automation, many fields in our map could
be in principle semi-populated from repository pages and
papers; LLM-assisted drafting of datasheets, with human
review, could co-evolve with automated population of our
schema.

Model Cards similarly standardize model reporting (capa-
bilities, evaluation conditions, intended users, limitations),
with strong emphasis on socio-cultural bias and deployment
context. Platforms such as Hugging Face already provide
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support for “model cards,” yet, as our empirical snapshot
shows (Fig. 3), critical fields are often missing or incon-
sistent. Our schema addresses discoverability and compa-
rability by normalizing a minimal set of shared attributes
(LicenseToUse, Languages, Architecture, NumberOfParam-
eters, ContextLength, InstructionTuned, HumanAligned) and
by linking models to concrete Task/Metric/Dataset triplets.
This enables platform-level enforcement of required fields
and automated queries (e.g., SQL) for stakeholders who must
make decisions under constraints such as domain suitability,
licensing, hardware, or evaluation provenance.

In short, both datasheets and model cards provide
guidelines to support responsible Al research; our map
proposes a compact, relational layer that: (i) normalizes the
most queried facts; (ii) exposes model-dataset—task—metric
dependencies; and (iii) could support automated discovery
(leaderboards, filters) while preserving links to the richer
documentation where nuanced risks and context can be better
described.

To our knowledge, the only systematic investigation
of models described within HF has been conducted in
the context of LLM4Code models, i.e., LLMs for coding
tasks [29]. Even the simple selection of such models proved
to be a difficult manual process, ultimately leading to the
identification of about 400 models as of April 2025. The study
involved manual labeling of dependencies, focusing on model
reuse, and ranking models by popularity, for instance based
on the number of likes. It also experimented with using LLMs
to extract metadata, achieving good accuracy only on simple
tasks. Although several LLM4Code properties were carefully
defined, no data resource systematically reports their values
for each assessed model. The discussion further highlights
inconsistencies and misalignments in HF metadata, hinting at
the need for a more structured process to support the healthy
growth of the LLM4Code ecosystem.

V. ON THE DEFINITION OF OPENNESS
Several shades of openness can be defined for LLMs. The

most common interpretation for “open model” refers to
models that are freely available, which is equivalent to being
“open for inference/fine-tuning.” Note that, according to
Hugging Face’s policies, all models on the platform are
considered “open” [8]. A model is considered “‘open for
code” when the provider offers free access to the model’s
implementation (e.g., Falcon and Mistral families). It is
“open for derivatives” when the model’s output can be
reused (e.g., for model distillation). A model is “‘open dataset
for pre-training” when the provider discloses the datasets
used for training, and it is “open dataset for instruction-
tuning” when users can provide new or different training
datasets (e.g., BLOOMZ [30]). Developers are usually
encouraged to provide open-source LLM documentation
that includes ethical problem statements and use case
restrictions [31].

We typically denote a model as ‘“‘supporting external
parametrization” when it is both an open model and
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FIGURE 3. (A) Proportion of available attributes for models on Hugging
Face.(B) Average proportion of available attributes for models on Hugging
Face depending on their popularity, measured by the total number of
downloads. The bars represent 95% C.I.

open code (e.g., DeepSeek). Several variations of these
basic models exist; for example, an open model could be
used for commercial applications only under certain legal
constraints [32]. Access to pre-training data is regarded as
“open’’ when the training data is open, and as “known” (a
weaker form) when the training data includes private data.

Note that entity attributes in our map provide an effective
indication of the provider’s availability in disclosing the
“shade of openness” supported by each model, through
flags as Quantization, InstructionTuned, and HumanAligned,
or through quantitative indicators like NumberOfParam-
eters, ContextLength, Tokenization, and NumberOfIokens.
If richer metadata were systematically collected, our map
could also enable quantification of openness across the
ecosystem, in ways similar to the analysis of Hugging
Face presented below. For instance, one could measure
how many models are open for code but not for datasets,
or how many support external parametrization. Anecdo-
tal evidence already shows wide variation: BLOOM and
BLOOMZ emphasize dataset transparency, Llama models
restrict access and licenses, and commercial APIs such
as GPT-4 remain closed. Our framework provides the
scaffolding to turn such qualitative comparisons into system-
atic statistics, which can easily support taxonomical views
regarding issues and their mitigation in open-source project
ecosystems [33].

VI. ON THE LIMITATIONS OF HUGGING FACE
Founded in 2016, Hugging Face is a widely used online
platform that hosts over 530,000 open-source models and
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110,000 datasets. While not exclusively focused on LLMs,
HF has become a central repository for the Al and NLP
communities, providing a suite of tools and resources that
enable developers, researchers, and organizations to access,
share, and collaborate on machine learning models and
datasets [34], [35], [36], [37], [38], [39].

We employed a combination of API calls and web scraping
to analyze the availability of information about models hosted
on the platform, focusing on attributes that are present in our
conceptual map, like the model’s name, creator, vocabulary
size, usage license and associated publication(s) (see panel A
of Figure 3. Among the 300,000 4+ NLP models, on average,
information is available less than 30% of the time, with no
correlation between popularity and availability (panel B).
For instance, the top 3 most downloaded models (namely
BERT, MPNet, and GPT-2) only provide information about
half of their attributes, while across the top 50 downloaded
models the most transparent one is Qwen2.5-1.5B-Instruct,
which describes 80% of its attributes. This suggests
that a lot of critical information remains unavailable,
reflecting differing priorities among LLM providers that
must balance openness with competitive and commercial
considerations.

VII. CONCLUSION

We propose a new conceptual map that provides a
well-structured and comprehensive categorization of LLMs,
related datasets, tasks, and metrics. In the remainder of this
section, we illustrate various perspectives stemming from our
approach to data modeling.

A. MODEL USABILITY

Different models are usually optimized for different tasks and
use cases, with some performing better in certain scenarios
than others. Previous efforts have attempted to quantify
model usability in various contexts — for instance, Kaggle
provides a score that reflects the completeness of available
information and the credibility of the model developer.
Our conceptual map builds upon this idea by incorporating
additional factors, as the availability of pre-training and
fine-tuning data, performance on relevant benchmarks, and
hardware constraints (e.g., model size). Given that end users
have diverse goals and limitations, we argue that our approach
enables more precise, tailored recommendations for selecting
the most suitable models for specific use cases.

B. ENVIRONMENTAL COSTS

The carbon footprint of LLMs has been estimated to range
from tens to hundreds of tonnes of CO»-eq [40], [41].
These estimates are typically calculated a posteriori by third
parties using carbon footprint projection models, as LLMCar-
bon [41]. By systematically collecting metadata on various
LLMs, our proposed conceptual model can be leveraged
to generate CO;-eq estimates automatically across a wide
range of models. These estimates provide insights into both
the total emissions associated with model training and the
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projected footprint of inference. This information empowers
users to make more informed decisions — either avoiding
models with excessive carbon footprints for ethical reasons
or adopting strategies to minimize their environmental
impact.

C. HUMAN SUPERVISION COSTS

Language models are typically pre-trained using self-
supervised tasks, most notably next-token prediction, which
allows them to learn without explicit supervision. However,
to develop helpful models, LLMs often undergo instruc-
tion tuning [42] and alignment with human values, e.g.
through Reinforcement Learning from Human Feedback
(RLHF) [43]. These fine-tuning steps, unlike pre-training,
require human-annotated datasets. As widely recognized
in the literature [44], human annotation introduces ethical
considerations, particularly regarding the choice of labor
sources. We argue that systematically tracking the datasets
used for pre-training and fine-tuning LLMs can provide a
clearer understanding of the human labor.

D. REPRODUCIBILITY AND TRANSPARENCY

A structured representation of the ecosystem encompassing
models, datasets, tasks, and evaluation metrics plays a crucial
role in enhancing the reproducibility and transparency of
research findings [5]. In scientific publications, it is common
for papers to provide only partial — if any — details about
the experimental settings used. This lack of clarity hinders
the ability of other researchers to replicate results, slowing
scientific progress and making it difficult to assess the
robustness of proposed methodologies. By introducing a
standardized schema, we establish a practical framework that
serves both as a checklist for researchers publishing new
models and a set of expectations for publishers, whether
in the peer-review process or when uploading models
to public repositories. Structured metadata can facilitate
better model selection, making it easier for organizations
to identify models that meet specific criteria regarding
performance, ethical considerations, and deployment con-
straints. Furthermore, by improving model discoverability
and usability, our framework fosters collaboration between
researchers, developers, and policymakers, ultimately driving
responsible Al development. We recognize that companies
and organizations may have legitimate reasons to withhold
certain information, whether for competitive advantages,
regulatory compliance, or intellectual property protection;
but this should be their clear choice, and not be hidden by
ambiguous or incomplete information.

E. A VISION FOR THE FUTURE

Our conceptual map could be adopted and populated
using both semi-automated and fully automated approaches.
Large-scale metadata extraction, natural language process-
ing, and LLM-driven automation can systematically retrieve
and structure attributes such as model architecture, train-
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ing data provenance, licensing terms, and task specializa-
tions from heterogeneous sources including documentation,
research papers, and repository descriptions. Semi-automated
methods, including crowdsourced contributions, could fur-
ther refine and validate extracted information. As discussed
in Section IV, our work is complementary to existing
documentation standards, but it emphasizes a structured,
queryable schema that enables discovery and comparison at
scale. Building on this foundation, we argue that structured
metadata collection should become a fundamental practice
in the LLM ecosystem. Our map can provide the minimal
enforceable core, while narrative artifacts like Datasheets
and Model Cards supply the necessary contextual depth.
Finally, our work is intended to complement collaborative
platforms such as Hugging Face and Kaggle. We call
for platform owners to adopt and enforce these design
principles, and for providers to use them consistently
when describing their models, datasets, metrics, and tasks.
Such practices would significantly improve transparency,
reproducibility, and usability for both scientific and industrial
stakeholders.
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