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Abstract

Hidden license conflicts in the open-source AI ecosystem
pose serious legal and ethical risks, exposing organizations
to potential litigation and users to undisclosed risk. However,
the field lacks a data-driven understanding of how frequently
these conflicts occur, where they originate, and which com-
munities are most affected. We present the first end-to-end
audit of licenses for datasets and models on Hugging Face, as
well as their downstream integration into open-source soft-
ware applications, covering 364 thousand datasets, 1.6 mil-
lion models, and 140 thousand GitHub projects. Our em-
pirical analysis reveals systemic non-compliance in which
35.5% of model-to-application transitions eliminate restric-
tive license clauses by relicensing under permissive terms. In
addition, we prototype an extensible rule engine that encodes
almost 200 SPDX and model-specific clauses for detecting li-
cense conflicts, which can solve 86.4% of license conflicts in
software applications. To support future research, we release
our dataset and the prototype engine. Our study highlights li-
cense compliance as a critical governance challenge in open-
source AI and provides both the data and tools necessary to
enable automated, AI-aware compliance at scale.

Introduction
The open-source AI ecosystem is navigating a legal mine-
field, with high-stakes copyright litigation threatening the
operational foundations of the industry. Recent court rul-
ings have created a volatile and uncertain landscape. On
one hand, courts in cases like Bartz v. Anthropic (Bartz,
Graeber, and Johnson 2024) have found AI training to be
an ”exceedingly transformative” fair use. On the other, the
sheer cost of litigation can be catastrophic, regardless of the
verdict. The case of Ross Intelligence (GmbH and Corpo-
ration 2020), which was forced to cease operations Moran
(2020) under the financial strain of its legal defence long
before a final judgment, serves as a stark warning of the ex-
istential risks involved. This intense legal scrutiny has, until
now, focused almost exclusively on the legitimacy of train-
ing data, demonstrating a critical need for proactive com-
pliance frameworks that can help organizations avoid such
costly disputes altogether.

However, this focus on training data overlooks the full
scope of legal risk embedded in the AI supply chain: the
end-to-end lineage of digital artifacts from datasets, the raw
materials of AI; to the models trained on them; and into

the final software applications that use them. A systemic
governance failure is occurring at every stage of this chain,
driven by license drift: the process by which legal and ethical
obligations are stripped away as artifacts propagate down-
stream. This creates two distinct but interconnected points
of legal exposure: first, at the model creation stage, where
training data licenses are often disregarded; and second, fur-
ther downstream, where the model’s own license is violated
upon integration. While foundational studies have mapped
these stages in isolation Jiang et al. (2024); Stalnaker et al.
(2025), the cumulative, end-to-end nature of this compliance
failure has remained unquantified, leaving the ecosystem’s
true legal exposure dangerously underestimated.

This paper presents the first end-to-end empirical audit of
this comprehensive compliance crisis. We quantify the stag-
gering scale of license drift by tracing the license lineage of
364,000 datasets and 1.6 million models from Hugging Face
into 140,000 GitHub applications. Our analysis reveals sys-
temic non-compliance across the entire chain, culminating at
a critical failure point: the model-to-application stage, where
35.5% of transitions violate the upstream model’s license. To
combat this, we introduce LicenseRec: a novel, AI-aware
framework, implemented as a proof-of-concept prototype,
that automatically detects these conflicts and recommends
compliant licensing solutions, demonstrating a path toward
mitigating this widespread risk.

We summarize our primary contributions below:

• We conduct the first large-scale, end-to-end empirical au-
dit of license propagation in the AI supply chain, provid-
ing quantitative evidence of the systemic compliance risk
that harms both creators and practitioners.

• We design and implement LicenseRec, a novel, AI-aware
framework capable of automatically detecting license
conflicts and recommending compliant solutions.

• We publicly release our comprehensive dataset of license
lineage and the open-source LicenseRec prototype to em-
power future research and automated compliance.

Related Work
Empirical Studies of AI Supply Chains Recent stud-
ies of the AI supply chain have revealed significant license
inconsistencies within isolated segments, highlighting the
need to understand how these issues propagate from end to
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Figure 1: A comprehensive overview of our multi-stage data collection approach.

end. The AI supply chain is the lineage of artifacts from
datasets, to models, and into the final applications that use
them. Foundational empirical work on this chain began with
the PeaTMOSS dataset (Jiang et al. 2024), which provided
the first large-scale mapping of the model → application
link. This study revealed widespread inconsistencies be-
tween the licenses of pre-trained models and their down-
stream dependent projects. Complementing this, research
by Stalnaker et al. (2025) conducted an extensive audit of
the preceding dataset → model link on the Hugging Face
platform. They documented significant license drift, finding
that license declarations frequently change between a dataset
and a model but did not analyze the compatibility implica-
tions of these changes. While these studies provided critical
evidence of compliance issues at distinct stages, the cumu-
lative effect of these problems across the full supply chain
remained unknown. Our work directly addresses this gap by
conducting the first end-to-end audit, connecting these seg-
ments to trace how license obligations are passed, altered,
and discarded from the original dataset to the final software
application.

The Interpretive Challenge of Software Licensing Au-
diting this supply chain is complicated by the fact that li-
cense compliance is not a simple technical check, but a
complex interpretive challenge. This challenge is empiri-
cally documented by Wintersgill et al. (2024). Through sur-
veys and interviews with legal experts, they found that the
proliferation of licenses, the use of ambiguous legal terms,
and a lack of clear court precedent create a significant ”grey
area,” making definitive compatibility rulings difficult even
for professionals. Their findings confirm the reality that,
when it comes to licensing, ”The Law Doesn’t Work Like
a Computer.”

Our goal is not to offer a definitive legal interpretation
but to adopt a formal, replicable model suitable for large-
scale computational analysis. To this end, we build upon
the theoretical foundation provided by Moreau et al. (2019),
who deconstruct license terms into fundamental, machine-

readable statuses: Permission, Duty, and Prohibition. We ac-
knowledge this logic-based approach differs from a more
risk-averse legal perspective which, as highlighted by the
practitioners in the Wintersgill et al. (2024) study, often con-
siders cumulative complexity and practical risk over direct
logical contradiction. For instance, while combining multi-
ple licenses that each impose a Duty to display a separate
notice does not create a logical contradiction, a legal practi-
tioner might still deem the combination problematic due to
the real-world usability and compliance risks involved. For
our large-scale empirical audit, we adopt the more direct,
contradiction-focused model as it provides a clear, replica-
ble, and automatable basis for analysis.

Frameworks for Automated License Analysis To trans-
late these legal principles into practice, researchers and
practitioners most commonly rely on compatibility matri-
ces. These frameworks work by pre-calculating and storing
the compatibility relationships between pairs of common
licenses. Prominent examples include the matrix underly-
ing the European Commission’s Licensing Assistant (JLA),
which helps users select and compare licenses, and the com-
prehensive matrix maintained by the Open Source Automa-
tion Development Lab (OSADL). The prerequisite for using
any such framework is a process of license categorization,
where hundreds of unique license strings are grouped into a
smaller set of canonical categories based on their core obli-
gations. This practice is guided by the principles of orga-
nizations like the Free Software Foundation (FSF), which
classifies licenses based on their adherence to user freedoms
and their copyleft requirements.

However, these traditional frameworks have a critical lim-
itation in the modern AI ecosystem. Their compatibility
rules and categories, designed for conventional software, are
ill-equipped to model the novel, use-based restrictions now
common in AI-specific licenses. For example, a traditional
matrix would not capture a prohibition on using a model for
military applications or a duty to prevent a model from gen-
erating misinformation. This gap highlights the need for a



Table 1: Comparison of Data Sources

# Datasets # Models # Repos

Stalnaker et al. (2025) 175,000 760,460 —
Jiang et al. (2024) — 281,638 28,575

Ours 364,917 1,627,519 136,375

new, AI-aware compliance framework that augments tradi-
tional compatibility matrices with an understanding of the
unique obligations present in modern machine learning li-
censes.

Methodology
Our methodology comprises three stages to conduct an end-
to-end audit of the open source AI supply chain, as illus-
trated in Figures 1 and 2. The first stage is Data Collection,
where we construct a dependency graph linking datasets and
models from Hugging Face to downstream applications on
GitHub. The second stage introduces the LicenseRec, a rule-
based engine we develop to automatically detect license con-
flicts and recommend compliant solutions. The final stage is
the Evaluation, where we benchmark LicenseRec’s perfor-
mance against other compatibility matrices and tools.

Data Collection
Our analysis requires data spanning the entire AI supply
chain, from the initial datasets to the models trained on them,
and finally to the software applications integrating these
models. Our audit encompasses both open-source and pro-
prietary model ecosystems. It is important to note that for
proprietary models, our analysis is limited to the model →
application link, as their upstream training data typically is
not disclosed.

Our work performs the first large-scale, end-to-end audit
of the open source AI supply chain. The scale of our dataset
is substantially larger than in prior work (Stalnaker et al.
2025; Jiang et al. 2024), encompassing 364,917 datasets and
1,627,519 models from Hugging Face, roughly double the
175,000 datasets and 760,460 models analyzed by Stalnaker
et al. (2025) (see Table 1). However, our key contribution
moves beyond just scale to address the scope of the supply
chain. While previous studies analyzed isolated segments,
our audit is the first to construct a full dataset → model
→ repository lineage by linking the most popular of these
upstream Hugging Face artifacts to nearly 140,000 down-
stream GitHub software repositories. This complete linkage
enables a comprehensive view of how license obligations
propagate across the entire development lifecycle.

We collect metadata for all available datasets and models
hosted on the Hugging Face platform. Following an adapted
methodology from Stalnaker et al. (2025), we query the
Hugging Face API using an authenticated access token. This
process, conducted through April 22, 2025, yields metadata
for 364,917 datasets and 1,627,519 models.

We process the collected metadata for both datasets and
models to establish license information and supply chain
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Figure 2: An overview of our LicenseRec engine.

links, primarily using the tags field. Since dataset identifiers
in this field are often incomplete (e.g., missing an organiza-
tion name), we normalize them by searching Hugging Face
to resolve each dataset’s fully qualified identifier, ensuring
consistent dataset → model links.

To trace model usage in downstream applications, we se-
lect a subset of 9,112 popular models from Hugging Face,
defined as those with over 20 “likes”. While prior work used
download counts, we use “likes” as our popularity metric be-
cause recent research by Kadasi et al. (2025) shows they are
a strong proxy for community adoption and, unlike down-
load metrics, are consistently available via the Hugging Face
API.

For each selected model, we use its author and ID (e.g.,
microsoft/codebert-base) as a search query via the GitHub
Codesearch API, filtering results to include only Python
source files (.py). This process yields 1,164,743 (.py) files,
located in 136,375 unique repositories. To extract applica-
tion licenses, we first download each repository, filter for
all relevant license and notice files (Zacchiroli 2022), and
then run the ScanCode toolkit on this subset. We chose this
toolkit because its ability to detect multiple licenses within
a single repository provides a more holistic perspective than
the single-license detection offered by the GitHub API or
used in prior studies like Jiang et al. (2024).

To confirm a model is actively used, we perform static
analysis guided by code signatures. We want to ensure that
the model is called in the code and not just referenced in a
comment. Our verification process adapts the filtering tech-
niques from the PeaTMOSS dataset (Jiang et al. 2024). We
parse each Python file into an Abstract Syntax Tree (AST), a
structural representation of the source code. The AST is cru-



Table 2: Distribution of License Categories Across Datasets,
Models, and Repositories

Category Datasets Models Repos

# % # % # %

Permissive 64,088 70.8 380,022 62.8 465,053 90.6
CopyLeft 1,326 1.5 3,898 0.6 32,603 6.3
ML 8,323 9.2 114,797 19.0 995 0.2
SA 2,939 3.2 3,640 0.6 2,409 0.5
PD 1,851 2.0 2,192 0.4 3,938 0.8
NC 2,079 2.3 13,779 2.3 4,844 0.9
NC SA 1,930 2.1 3,735 0.6 2,672 0.5
NC ND 947 1.0 1,250 0.2 842 0.2
ND 228 0.3 158 0.0 41 0.0
UNKNOWN 6,758 7.5 81,896 13.5 164 0.0

Total 90,469 100.0 605,367 100.0 513,561 100.0

cial because it allows us to reliably distinguish active code
from non-executable lines that were commented out later in
the code. Within the parsed code, we identify signatures of
how the model is run using a comprehensive, manually cu-
rated set of 11,000 code signatures. For replicability, we use
Python’s native AST library, and the full list of signatures
is available in our replication package. This filtering process
confirms 136,375 repository entries that actively integrate
6,999 unique open-source Hugging Face models.

LicenseRec
Analyzing license propagation is difficult because the hun-
dreds of unique license strings in our dataset make direct
comparison complex. To address this, we develop a set of
consolidated license categories to group licenses with sim-
ilar rights and obligations. This is crucial for practitioners
like Luis. He may not know the specific legal differences be-
tween an ‘MIT’ and an ‘Apache-2.0’ license, but he knows
he wants his work to be freely used by anyone for any pur-
pose. Our Permissive category allows him to see at a glance
that both licenses align with his values. Conversely, if Luis
wanted to ensure any modifications to his project also re-
main open source, he could simply look for licenses grouped
in the Copyleft category.

The full definitions for these categories are provided in
Appendix A. Our categorization adapts the engine from
Stalnaker et al. (2025), and refines it based on established
principles from the Free Software Foundation (FSF) (Free
Software Foundation 2025) and Creative Commons (Cre-
ative Commons 2025), for instance, by using the FSF’s con-
crete categories like Permissive, Share-Alike, CopyLeft. We
also choose to subdivide the CC licenses to account for their
varying obligations (e.g., Non-Commercial, Share-Alike).

The resulting categories serve a dual purpose in our
methodology. First, they enable our empirical analysis of li-
cense propagation. The distribution of these license can be
found in Table 2. By mapping each raw license to a category,
we can track how licensing patterns change as the artifacts
move from upstream to downstream in the open-source sup-
ply chain. Second, these categories form the user-facing core

of our LicenseRec engine. When assessing compatibility, Li-
censeRec recommends a set of valid licenses, based on their
categorized level of permissiveness.

We empirically analyze the license transitions across this
graph by mapping the licenses for all dataset → model,
model → application and end-to-end dataset → application,
links to our predefined license categories in Table 5. With
these categorized links, we then perform a frequency analy-
sis to identify common propagation patterns. This involves
quantifying how often the specific license pathways occur
(e.g., public domain → permissive). This analysis aims to
reveal the common licensing strategies developers employ,
as well as how often license obligations are respected.

To formally analyze license interactions, we adopt the
framework from Moreau et al. (2019) which deconstructs
license terms into fundamental statuses for any action: Per-
mission, Duty (an obligation to perform an action), and Pro-
hibition (a ban on an action). Within this model, we define li-
cense compatibility as a state where the combined duties and
prohibitions from two licenses are not self-contradictory. A
license conflict occurs when one license imposes a Duty
that another Prohibits. For instance, a conflict arises if an
upstream model’s license includes a duty to ‘share source
code upon distribution,’ while the downstream application’s
license prohibits it.

To automate conflict detection, we developed a compre-
hensive, machine-readable compatibility matrix. Our pro-
cess began by adopting the well-established Open Source
Automation Development Lab (OSADL) matrix (Open
Source Automation Development Lab (OSADL) 2025) for
traditional licenses. We then extended it in two ways: first,
by encoding the official compatibility rules published by
Creative Commons (Creative Commons 2025), and second,
by manually analyzing the unique use-based restrictions and
redistribution duties common in modern ML licenses. No-
tably, this analysis revealed a common requirement for ML
licenses: downstream applications must include the original
license terms to ensure ethical and use-based restrictions are
preserved, even if the application’s own code is under a dif-
ferent license.

For conflict detection, LicenseRec takes licenses of any
two linked upstream and downstream artifacts in a supply
chain and reports whether they are compatible according to
the matrix. For license recommendations, the engine takes
a downstream artifact (e.g., a new application) and the full
set of its upstream component licenses as input. If the down-
stream license is not compatible, LicenseRec intersects the
compatibility sets of every upstream license to get a subset
that would satisfy all upstream obligations. If any fundamen-
tal, unresolvable conflicts exist, it stops here. It then filters
this subset with a configurable whitelist, discards older Cre-
ative Commons licenses when a 4.0 variant is available, and
ranks the options based on real-world frequency of licenses
in their projects and returns up to five licenses per SPDX
category.

We assess the Fixability of these violations. For every
identified conflict, we use LicenseRec’s recommendation
function to determine if a set of valid, compatible down-
stream licenses exists. We measure Fixability as the percent-
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Figure 3: License Category Transitions: A Sankey diagram illustrating the flow of license categories from datasets to models
and finally to code repositories.

age of initial violations for which LicenseRec could recom-
mend at least one valid, compatible license category for the
downstream artifact. This quantifies how many existing vi-
olations are due to sub-optimal license choices versus how
many are fundamental incompatibilities.

Evaluation. We benchmark the effectiveness of Li-
censeRec’s logic. We compare the compatibility rulings
of LicenseRec, which is based on our augmented matrix,
against the outcomes produced by the compatibility ma-
trix used in the PeaTMOSS study (Jiang et al. 2024). We
compare our Fixability compared to the EU’s Licensing As-
sistant tool (European Commission 2025). This two-part
benchmark contextualizes the performance and coverage of
our framework.

Results
License Drift in AI Ecosystem
Nearly all license categories exhibit disregard with their
obligations, frequently being replaced by permissive li-
censes in downstream components. This trend is evi-
dent in Figure 3, which reveals exceptionally low retention
rates for most non-permissive categories. For instance, Non-
Commercial licenses, which impose significant use restric-
tions, have a retention rate of only 20.7%. Similarly, only
3.9% of Share-Alike datasets resulted in a model with the
same license category, effectively ignoring the licenses pri-
mary copyleft obligation.

This trend of disregarding restrictive obligations cul-
minates at the model → repository stage, which acts

as a filter that erases nearly all remaining upstream li-
cense obligations. This is detailed in Figure 3, this stage
is marked by a near-total collapse in the retention rates for
non-permissive licenses. Strikingly, ML License category,
has specific use-based restrictions have a retention rate of
just 0.4%. This collapse in obligation retention is mirrored
by other restrictive categories like Non-Commercial (6.7%)
and and Share-Alike (1.7%). As visualized in Figure 3, these
flow almost entirely into the PERMISSIVE category, which
accounts for 91.1% of all repository licenses in these chains.
This finding is a critical disconnect; application developers
appear to treat complex restrictive licensed models as simple
permissive libraries, ignoring their terms at the final point of
integration.

Permissive licenses exhibit high stability as they move
downstream. This pattern is quantified in Figure 3, which
shows that in the dataset → model stage, 82.8% of models
retained a permissive license, a rate that increased to 91.9%
in the subsequent model → repository stage. This consistent
Permissive → Permissive flow is visualized by Figure 3, and
establishes this category as the most stable licensing choice
throughout the supply chain.

Despite the trend towards permissive licensing, a no-
table trend emerges at the final model → repository
stage. As Figure 3 shows, while the retention rates for most
restrictive licenses collapse at this stage - such as ML Li-
cense (0.4%) and Share-Alike (1.7%) - the retention rate for
COPYLEFT models is substantially higher at 25.3%. This
suggests that while model creators tend to avoid copyleft, a
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Figure 4: Summary of license violation analysis. Top:
dataset → model violations for models with linked datasets.
Bottom: model → repository violations.

larger group of application developers actively chooses it for
their final product.

Summary: Our audit reveals a systematic pattern of non-
compliance where restrictive license obligations are pro-
gressively discarded. This trend culminates at the crit-
ical model → repository stage, where compliance col-
lapses almost completely; a mere 0.4% of repositories
retain the obligations of the ML Licenses used by their
models. This creates a significant and systemic compli-
ance risk. The one notable exception is the Copyleft cate-
gory, which shows a substantially higher retention rate of
25.3% in the final application stage, suggesting a resilient
subset of developers committed to reciprocal sharing.

Effectiveness of LicenseRec
Our Analysis shows that LicenseRec successfully fixes
a majority of identified license violations, correcting
78.0% of the conflicts at the initial dataset → model
stage, and an even greater 86.4% at the final model →
repository stage. The summary of this evaluation, presented
in Figure 4, indicates that many licenses issues in the ecosys-
tem are not due to irreconcilable issues. Instead they appear
be the result of suboptimal license selection - a problem that
can be systematically identified and fixed with automated
framework.

A small number of high-risk violation patterns ac-
count for the vast majority of license conflicts throughout
the supply chain. Table 3 reveals that these violations are
not random but follow predictable pathways where restric-
tive obligations are systematically dropped. This failure to
adhere to specific license obligations is immediately evident;
for example, the Share alike → permissive pattern accounts
for 37.4% of all conflicts at the initial dataset → model stage.
The problem becomes more acute with ML specific licenses
whose use base restrictions are frequently erased at the fi-
nal, most critical stage of integration. This is demonstrated
by the ML license → Permissive transition, which alone ac-
counts for an overwhelming 84.9% of all model → reposi-
tory violations. Compounding this is a consistent and legally
precarious pattern of using non-commercial assets in per-
missive projects, as the non-commercial → Permissive vio-
lation ranks as a top-three conflict at every stage of analysis.
These concentrated failure patterns demonstrate a systemic
blind spot in the community, where developers repeatedly
default to permissive licenses, ignoring the specific and var-
ied obligations of their upstream dependencies.

Despite the framework’s effectiveness, a persistent
core of conflicts remains unresolvable, indicating funda-
mental incompatibilities inherited from upstream com-
ponents. As shown in Figure 4, 14.2% of the violations at
the initial dataset → model stage could not be resolved by
simply changing the downstream license. These unresolv-
able conflicts occur when no valid license category can sat-
isfy all upstream obligations. For example, a conflict arising
from a model trained on a dataset with a non-commercial
restriction cannot be fixed by re-licensing the model; the in-
compatibility is baked into the model itself. Consequently,
any application using this model inherits the same unresolv-
able conflict. The only solution is for the developer to select
a different upstream model. This underscores the limits of
automated license selection; while a framework can correct
errors in license declaration, it cannot fix flawed component
choices, reinforcing that developer diligence in vetting the
entire supply chain remains critical.

Summary: Our investigation reveals that license con-
flicts are not random errors, but are dominated by spe-
cific, high-risk patterns like the systematic erasure of ML
and non-commercial license obligations. We demonstrate
that while a majority of these are correctable declaration
errors, a significant number are fundamental incompati-
bilities inherited from upstream components, which can-
not be fixed by simple re-licensing. This finding under-
scores a critical dual path to compliance: an automated
framework can resolve common errors, but developer
diligence in vetting the entire supply chain remains in-
dispensable to avoid baked-in, unresolvable conflicts.

Discussion
A core aspect of LicenseRec is its compatibility-based ap-
proach, which navigates a complex and often ambiguous
landscape. Determining license compatibility is rarely a
definitive “yes or no” question as discussed by Wintersgill



Table 3: Top Most Frequent License Violation Patterns by Stage, calculated for links where both upstream and downstream
licenses were successfully categorized and known in our matrix

Dataset → Model Model → Repository Dataset → Repository
Rank Violation Pattern Count % Violation Pattern Count % Violation Pattern Count %
1 SA → P 5,208 37.4% ML → P 109,214 84.9% SA → P 32,312 63.4%
2 NC → P 2,620 18.8% NC → P 8,980 7.0% CL → P 8,184 16.1%
3 CL → P 2,372 17.0% NC-SA → P 3,338 2.6% NC → P 6,442 12.6%
4 NC-SA → P 992 7.1% P → PD 2,117 1.6% P → PD 1,952 3.8%
5 NC-ND → P 775 5.6% CL → P 1,702 1.3% NC-SA → P 997 2.0%
6 ML → P 560 4.0% SA → P 1,323 1.0% SA → PD 382 0.7%
7 P → PD 336 2.4% ML → PD 1,060 0.8% ML → P 334 0.7%
8 NC → ML 227 1.6% ML → SA 427 0.3% NC-ND → P 224 0.4%
9 NC-SA → ML 201 1.4% NC-ND → P 268 0.2% CL → PD 70 0.1%
10 NC-SA → SA 173 1.2% NC → PD 60 0.0% NC → PD 27 0.1%

Total Violations 13,921 128,568 50,977
Violation Rate (13,921/79,667) 17.5% (128,568/362,424) 35.5% (50,977/204,307) 25.0%

Table 4: Comparison of license violation percentages (%)
across matrices. Analysis stages are dataset to model (D →
M), model to repository (M → R), and dataset to repository
(D → R).

Analysis Stage Ours Jiang et al. Matrix EU Matrix

D → M 17.5 1.4 12.1
M → R 35.5 1.1 3.2
D → R 25.0 0.7 8.6

et al. (2024); it is a matter of legal interpretation and risk tol-
erance. LicenseRec adopts a more liberal approach, similar
to the EU’s Licensing Assistant tool, which focuses on direct
and explicit contradictions between license terms. It is im-
portant to note, however, that a stricter, more risk-averse le-
gal analysis would likely identify a greater number of viola-
tions, particularly in cases involving multiple licenses where
the combined obligations create legal complexity rather than
a direct conflict.

LicenseRec’s accuracy is fundamentally dependent on the
quality of the input data. If a developer on Hugging Face
assigns the wrong license tag, or if ScanCode fails to detect
a license in a repository, the tool’s analysis will be incorrect.
It cannot fix errors in the source metadata.

Our analysis uncovers a significant trend of a “Gravita-
tional Pull” towards permissive licensing across the open-
source AI ecosystem, revealing a systematic disregard for
upstream license obligations. This trend suggests developers
frequently default to permissive licensing due to a combi-
nation of convenience, limited awareness of licensing intri-
cacies, and perhaps platform defaults that favour simplicity
over compliance. The cultural norms within the open-source
community, which prioritize ease of collaboration and min-
imal friction, also contribute to this licensing behaviour, in-
advertently elevating the risk of legal non-compliance.

Our ML-aware compatibility matrix provides a more
accurate assessment of license conflicts, reducing the de-
tected violation rate at the critical model-to-repository

stage compared to a baseline matrix. This improvement,
detailed in Table 4, highlights the inadequacy of traditional
compatibility matrices for the modern AI ecosystem. Our
matrix, which accounts for ML-specific license families,
flags a high violation rate of 35.5% for model → repository
links. In stark contrast, the EU matrix, misses out this impor-
tant information, showing a violation rate of just 3.2%. This
addition is essential for building a useful compliance tool, as
an approach that does not understand the modern AI ecosys-
tem could mislead developers into choosing a common but
non-compliant license.

We identified the transition from the model to repository
as a crucial juncture where almost all non-permissive
obligations are stripped away. This high rate reveals a sig-
nificant gap in developer understanding of license obliga-
tions at the integration stage. Developers may mistakenly
treat models as if they were simple software libraries, over-
looking the specific licensing terms of the upstream artifacts.
This finding highlights the urgent need for better communi-
cation and tools for licensing at the time of integration. Fu-
ture work could build upon our AST-based approach by in-
corporating more sophisticated static and dynamic analysis
techniques to further enhance model usage accuracy.

Our results distinguish between two primary types of li-
cense non-compliance: fixable and unresolvable conflicts.
Many license conflicts detected by LicenseRec are fixable,
highlighting that a substantial proportion of non compliance
arises from suboptimal license choices rather than funda-
mental incompatibilities. However, our findings also expose
a core of unresolvable conflicts inherited from upstream
components, such as non-commercial licenses, that are fun-
damentally incompatible with downstream permissive us-
age. This distinction emphasizes that while an automated
framework can significantly improve compliance, developer
diligence in selecting upstream dependencies remains indis-
pensable. Tooling alone cannot fully eliminate baked-in li-
cense conflicts.

Future Work The next frontier for this investigation is to
explore whether similar dynamics hold true in closed source



contexts. Our preliminary findings are that 81.5% of repos-
itories using proprietary API-based services also adopt per-
missive licenses raises questions for future work. How do
developers reconcile the obligations of a proprietary ser-
vice’s Terms of Use with the freedoms of their chosen open-
source license? Investigating this dynamic is a vital next step
to understand compliance in the rapidly growing API-driven
AI ecosystem.

Conclusion
In this work, we presented the first large-scale, end-to-end
empirical audit of license compliance in the open-source AI
supply chain, introducing the LicenseRec engine to auto-
matically detect and resolve conflicts. Our findings reveal
a critical, dual path to compliance: while automated tooling
can successfully correct a majority of licensing errors. This
underscores that many are fixable instances of suboptimal
choice, but the persistence of fundamental, “unresolvable”
conflicts inherited from upstream components proves that
tooling alone is insufficient. Developer diligence in vetting
the entire supply chain remains indispensable. Ultimately,
by providing both the empirical data to quantify this sys-
temic risk and a practical framework to begin mitigating it,
our research offers a foundational step toward a more re-
sponsible, transparent, and legally robust AI ecosystem.
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A License Categorization
Table 5 provides the detailed definitions for the license cate-
gories used throughout our analysis. Our approach to creat-
ing these categories is described in the LicenseRec Frame-
work subsection of the Methodology.



Table 5: Definitions of License Categories

Category Description Change From
Supply Chain
2.0 (Stalnaker
et al. 2025)

NC ND (Non-
Commercial No
Derivatives)

Permits non-commercial sharing but prohibits modifications and commercial
use (for example, CC BY-NC-ND).

Originated from
CC class

NC SA (Non-
Commercial
Share Alike)

Permits non-commercial modifications and sharing only if derivatives are
shared under the same or compatible terms (for example, CC BY-NC-SA).

Originated from
CC class

NC (NON-
COMMERCIAL)

Restricts commercial use but may allow derivatives under varying terms (for
example, CC BY-NC, other custom non-commercial licenses).

Originated from
CC class

ND (NO
DERIVATIVES)

Allows commercial use but prohibits modifications (for example, CC BY-ND). Originated from
CC class

COPYLEFT Strong copyleft licenses requiring derivatives to be licensed under the same or
compatible terms.

Originated from
Open Source and
Data Class

ML LICENSE Machine Learning Licenses often including specific considerations for how
providers use models, as well as obligations on downstream applications simi-
lar to copyleft.

Originated from
Machine Learn-
ing Class

SHARE ALIKE Weak copyleft licenses requiring derivatives or modifications shared under the
same or compatible terms but potentially allowing linking with differently li-
censed code (for example, LGPL, MPL, CC BY-SA).

Originated from
Open Source and
Data Class

PERMISSIVE Minimal restriction licenses allowing use, modification, and distribution (com-
mercial or non-commercial) whose primary obligation is attribution (for exam-
ple, CC BY, MIT, Apache-2.0, BSD).

Originated from
Open Source and
Data Class

PUBLIC DO-
MAIN

No restrictions (for example, CC0, Unlicense). Originated from
Open Source
Data Class


