Structuring license permissiveness from pairwise comparisons
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Abstract

Licenses are legal instruments that inventors
rely upon to govern the diffusion of an inven-
tion. The unstructured nature of the license
ecosystem, however, has made licenses diffi-
cult to compare and thus difficult to enforce at
scale—when is one license considered more
permissive than the other, and when are their
terms incomparable to each other? Currently,
there is a growing list of licenses that are in-
troduced and used, yet no systematic way to
study their relationships. This matters for plat-
forms such as Hugging Face, GitHub, and the
Python Package Index, where developers pub-
lish or build upon technologies that each have
their own licenses. Using large language mod-
els (LLMs) and calibrating with human judg-
ment, we introduce methods for comparing li-
censes at scale: first, in a pairwise fashion to
construct and validate a partial ordering based
on permissiveness; and by drawing on existing
taxonomies of software licenses. Then, by em-
ploying a Bradley—Terry model to efficiently
recover the permissiveness structure, we ob-
serve a performance loss of 20%-—and attribute
this loss to the limitations of feature coverage.
The partial ordering coupled with model ratio-
nale allows us to trace restrictiveness, while the
existing taxonomies allows us to understand li-
cense selection as a combination of shared pro-
visions. Our repository and data are available
at: https://anonymous.4open.science/r/
software-license-ordering-EDOF.

1 Introduction

Incentives for innovation often hinge on a devel-
oper’s ability to protect the technologies they build
(Scotchmer, 2004). Yet today’s legal instruments
have not been reconsidered in light of an increas-
ingly Al-driven software ecosystem—where new
kinds of software can be deployed with much more
ease (Hopkins et al., 2025). The software ecosys-
tem is built on dependencies: libraries are imported
into repositories, and foundation models coupled
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with domain-specific datasets are deployed to ac-
complish specialized tasks (Laufer et al., 2025).
When the developer of a technology chooses a li-
cense, they adopt its terms. When a user uses the
software tied to that license, they enter into an
agreement to abide by those terms (Saint-Laurent,
2004). If terms require attribution or that deriva-
tives be released under the same license as the
source, ignoring that requirement may constitute a
breach of contract (Duan et al., 2025). The author-
ship of licenses is a particular case of commons-
based peer production with ties to ongoing regu-
latory debate. Our work presents novel methods
for studying the structure of the software license
ecosystem as a network.

1.1 Toward (computable) software license
governance

A software license can be considered a contract
because it specifies terms under which users may
use a given software. However, various issues arise
in its implementation in practice: there is little es-
tablished structure on what terms can be written or
how, and licenses are often multi-purpose—applied
to distinct technologies developed after the creation
of a license.

We focus primarily on the relicensing problem,
where licenses are considered in terms of how they
interact within composite software and how they
behave when there are dependencies. More for-
mally, given an upstream license, we compare the
permissiveness of its terms to a set of licenses that
may be used downstream.

New licenses are written for several reasons,
but enforcement mechanisms are rarely described
within them and typically have to be inferred.
For example, while there are often terms of use
which govern how an end user interacts or ac-
cesses the technology, it is less clear what terms
apply to a derivative developer building on that
technology who wishes to apply their own pro-
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tections. Take, for instance, OpenClaw, an open-
source agent project released with intentions to be
a user-controlled, sovereign technology. OpenClaw
comes with an MIT license which meant companies
like OpenAl could adapt and release the project un-
der more closed terms that may diverge from the
creators’ original intentions (Gupta, 2026).

Given the arbitrariness of practices within the
landscape, downstream artifacts do not always com-
ply with the licenses of the artifacts they are built
on. Software licenses are considered contracts and
should be treated as such (Reddy, 2009), which can
lead to potential legal consequences. In 2022, the
class-action lawsuit DOE 1 v. GitHub alleged that
the creation of the Codex and Copilot Al systems
constituted a breach of contract of open-source
software licenses (Machines, 2025). This legal
challenge implies that downstream licenses may
also need to be compatible with upstream license
restrictions, yet the current free-for-all of license
attachments challenges our ability to make such
comparisons.

1.2 Contributions

This work proposes methodology for reasoning
about licenses and unstructured legal texts more
broadly, and demonstrates its use in practice. We:

* Present a dataset of 2,226 unique licenses:
747 are retrieved from SPDX (the Software
Package Data Exchange), of which 93 are se-
lectable on the Hugging Face license menu;
1,479 are retrieved from Hugging Face model
cards. Each license in the dataset includes
their text and metadata (author, version, etc.)
and use existing software license taxonomies
such as Nordlander’s (Nordlander et al., 2004)
and Kapitsaki’s (Kapitsaki and Charalambous,
2021) to characterize them.

Employ pairwise comparisons to produce a
partial ordering of licenses based on their per-
missiveness, and demonstrate that the Bradley-
Terry algorithm does not reliably recover the
total-ordering when new licenses are added
by their permissiveness “scores.”

Analyze the open-source software library
ecosystem covering a total of 9.3M packages
from 2010-2025 (npm, PyPI, Cargo, Maven,
and conda-forge), and find that inconsistent
license choice—where a downstream artifact

77

uses a more permissive license than an up-
stream dependency—happens at rates ranging
from 12.3% to 57.4%.

2 Related Work

Licenses are the primary instrument through which
innovators govern access to the technologies they
develop, though software and new kinds of digital
artifact exist in a gray zone of governance (Reuel
et al., 2025). This raises the question of whether li-
cense choice within a technological ecosystem can
be optimally designed, and how the externalities
of the choices made by its actors can be measured
(Jewitt et al., 2026; Heller and Eisenberg, 1998).
White et al. (2024) put forth a framework for as-
sessing openness and the relationships of artifacts
in the model ecosystem. Others have tried to map
the interactions of technology developers, in partic-
ular the Al supply chain—where interactions are
particularly sprawling due to the diversity of in-
teracting components (Hopkins et al., 2025)—and
have empirically documented the license landscape
across the ecosystem of ML models (Longpre et al.,
2023; Laufer et al., 2025).

3 A dataset of software licenses

Together, we collected 996 text-bearing licenses,
filtering from 2,226 total licenses with unique IDs:
747 are sourced from SPDX and 1,479 additional
identifiers recovered from Hugging Face model
cards and metadata of which 249 are actually text-
bearing. We check for identical licenses by check-
ing if they are ‘byte-identical’ and find that 83 are
redundant and 1,230 do not have any text (55.3%).!
For every license, we retrieve its text, its source,
and any additional metadata offered by the provider.
The majority of the licenses had their data retrieved
from the Software Package Data Exchange (SPDX)
(SPDX Project, 2024) started in 2011 which is a
repository of indexed licenses in XML. We find
that a small number of license are adopted by the
majority, of the 637,980 models with licenses on
Hugging Face, 11 licenses make up 90% of the
ones selected 4.2

'A list of these licenses can be found in our dataset repos-
itory. A license version variant is a license with a version
number in its SPDX ID.

%As calculated from a Hugging Face snapshot from July
31, 2026 of 2.95M models.
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A sizeable fraction of licenses are written by non-
profits and foundations such as the Creative Com-
mons and the Free Software Foundation (FSF);
both have relatively large (55° and 66, respectively)
and popular suites of licenses. The second largest
demographic of license authors are individuals, ex-
amples including Donald Arseneau, the author of
a number of LaTeX packages and three related
licenses (e.g. the Dotseqn introduced in 1995);
Henry Spencer, developer of regex libraries and the
author of one corresponding license (the Spencer
license), and Larry Wall, the developer of the Perl
programming language and the author of the Artis-
tic License family (Brand, 1994; Houston, 1999;
Open Source Initiative).

The author dynamics of individuals reinforce
Choksi and Grimmelmann’s thesis, built on ideas
from Brand, which presents licenses and infrastruc-
ture more broadly are built in live ecosystems and
out of adapting needs (Choksi and Grimmelmann,
2024; Brand, 1994). To classify organization types
we use Wikidata’s taxonomy. For the breakdown
of author demographics we use the Research Orga-
nization Registry (ROR) which consists of nine
categories and we add a category to categorize
individuals as authors. Out of the ten, eight are
represented, as archive and funder organizations
were not classified as authors in the dataset, but we
identify them as relatively ambiguous types.

Who writes licenses?

4 Arriving at a partial ordering

We introduce methods for assessing the relative
permissiveness of licenses by using LLMs to pro-
duce a partial ordering over the licenses in our set
(Figure 1) (Gu et al., 2025). For every pair from
a total of 4,278 ((%})), we prompt models to se-
lect the more permissive license out of the two, or
identify them as equal or incomparable. We use a
subset of the licenses selectable by developers on
Hugging Face because of the computational costs
of calculating every pair ((926)) (495,510) from a
broader set.

Formal definitions

To denote the relationships more formally, let
L = {l1,0y,...,0,} denote the set of licenses
in the ML ecosystem; our goal is to characterize
the relationships between these licenses. We define

3We combine counts from Creative Commons (49) and the
Creative Commons Corporation (6).
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Figure 1: Hasse diagram of a subset of 12 partially or-
dered licenses (excluding incomparable licenses), show-
ing the transition from the MIT license (most permis-
sive) to the cc-by-nc-4.0 licenses (most restrictive).

two relations: the first, represents a relationship
where one license ¢; is therefore more permissive
(less strict) than another license /;:

& >£j (1)

where ¢; — ¢; in a graph. Strictness is defined by a
logical entailment relationship: If #; > £; then any
work that complies with /; must also comply with
¢;, and there exists works that comply with ¢; but
not /;. The second represents a relationship where
both licenses are equally as restrictive:

b~ b )

The third, is the lack of relation where both a pair
is deemed incomparable due to a lack of consensus
or certainty.

Ci | 4 3)

This is the most ambiguous relation, and we
query models to select this choice in addition to
one of the above so we can analyze its determinants
and the nature of conflicting verdicts across raters.

S Comparatively characterizing licenses

5.1 How license text changes with
permissiveness

Given the partial orderings we produce, we explore
the relationship between textual features and per-



missiveness. Past work has investigated the com-
plexity of legal literature over time (Jeong et al.,
2026) and has found that legal texts have grown
more complex and long, with vocabularies staying
increasingly dominated by a few popular terms. We
observe similar findings in our dataset looking at
lexical features of licenses as they get more per-
missive. For every pair of licenses in which one is
deemed more permissive than the other, we note
whether a feature is true (‘appears’) or false (‘disap-
pears’) as a license becomes permissive (is chosen
as the more permissive one in the ordered pair).

We look at license word counts as they become
more restrictive. For diversity—the linguistic nov-
elty and variation of a license’s text—we employ
Shannon entropy (Shannon, 1948), which studies
how evenly distributed vocabulary terms are within
a corpus. We also compare embedding models for
this task. Traditional models like MiniLM-L6-v2
(truncating 70% of the licenses) struggle with long
texts

Comparing these three we observe that the mod-
els’ representations of legal text do not represent
permissiveness (as directed pairs are not meaning-
fully more similar than random pairs), however
they do represent licenses families 7. Possibly, this
is because a license in the same family are likely
to have shared textual quirks, while permissive-
ness is determined by specific clauses that can be
difficult to discriminate because of how they are
expressed. When comparing LLM pairwise order-
ings, we also see that there is a strong positive cor-
relation between license popularity and agreement,
agreement is raised from 91-94% to 98.6%-99.4%
when popularity is weighed. Potentially, this could
be due to exposure during pretraining or user LLM
interactions, or because popularity is a function
of accessibility, where the most widely adopted
licenses are also the clearest.

5.2 License traits

Notably, a shortcoming of the aforementioned is
that it does not consider the nature of the license
provisions themselves. For example, two licenses
could have an equal number of claims but corre-
spond to distinct areas of law. That is, a license
could be more structurally restrictive but contex-
tually incomparable. To address this, we extract
binary features derived from existing taxonomies
that characterize software licenses by their terms
(Nordlander et al., 2004; Kapitsaki and Charalam-
bous, 2021).
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Figure 2: Barbell plot showing how license features
change in directed pairs, where licenses gets more re-
strictive. A feature gained is represented as +1 and a
feature removed is represented as -1. We only count
flips, where a feature is either gained or lost in a directed
pair. The plot shows the features that are associated with
restriction in purple (positive values) and the features
associated with permissiveness (negative value) in blue.

5.3 How features correlate with
permissiveness

We look at how features change with permissive-
ness. Below, we plot the direction that each feature
changes in as licenses become more restrictive. Out
of the 1,213 ordered pairs where copyleft has a dif-
ferent value between the more permissive and less
permissive license, it appears in the less permis-
sive license 75% of the time, showing a mean drift
of +0.38. Given the absolute mean drift we can
produce an ordering of features in the direction
of restrictiveness. As seen in the plot, requiring
attribution offers the strongest signal for restrictive-
ness while allowing commercial use is the strongest
signal of permissiveness.

For a given feature, its order is determined by its
score that is calculated accordingly:

appears — disappears

mean direction — -
appears + disappears

With the feature profiles that we produce, we
also categorize the most common feature changes
as licenses get more restrictive. We group directed
pairs by the number of features that differ. Then,
we see the most common changes for each of them.
For example, when there is a single feature change,
the most common is GPL compatibility (50%) fol-
lowed by attribution (25%).

With our features, we introduce a framework for
comparing licenses by their functional signatures,
that is, what they actually enforce. Each license is



n Cosine similarity TF-IDF A words A entropy  |A| features

MiniLM ModernBERT Qwen3 Nord. with Kap.
All directed pairs 2,459 0480 0.711 0.528 0.450 4689 +0.48 3.18 4.20
All incomparable pairs 838 0464 0.715 0.520 0.467 1,729 0.45 3.01 421
Within-family pairs 3,044  0.706 0.818 0.741  0.550 477 0.43 2.13 2.49
Cross-family pairs 351,859  0.399 0.658 0.490 0.273 1,147 0.99 298 3.86
Random baseline 354,903  0.401 0.659 0492 0.275 1,142 0.99 298 3.85

Table 1: Semantic and feature similarity across license pairs. Random and family-based pairs are sampled from
the full corpus, while directed pairs are sampled from selectable licenses on Hugging Face. Semantic similarity
is computed using cosine similarity from three embedding models: MiniLM-L6-v2, gte-modernbert-base, and
Qwen3-Embedding-0.6B. With directed pairs, we compute the word and entropy deltas as the difference in value
of the more permissive license from the less permissive license; undirected pairs (i.e., family pairs, random pairs,
etc.) report the mean absolute difference. Cross-family pairs contain licenses from different license families, while
within-family pairs contain licenses from the same family (e.g., the Creative Commons family). The random
baseline samples pairs without conditioning on ordering or family membership. Feature differences count the
number of binary feature dimensions that differ between two licenses under the Nordlander taxonomy and the
extended taxonomy including Kapitsaki features.

| Feature Description Licenses
Attribution (Attr) Redistribution must preserve credit to the original author 765 (91%)
ShareAlike (SA) Distributions must use the same or a compatible license 233 (28%)
Modification (Mod) Modification of the code is permitted 807 (96%)

_ﬂg Derivatives (Der) Derivative works are permitted 805 (95%)
S | Commercial deriv. (CDer)  Derivatives may be distributed commercially 686 (81%)
B | Commercial redist. (CRed) Redistribution may be charged for 689 (82%)
£ GPL-compatible (GPL) Can be combined with GPL code and distributed under the GPL 245 (29%) 1 50 (43%)
Binaries (Bin)" Compiled binary distributions are permitted 797 (95%)
Source disclosure (Src) Distributing modifications requires making source available 155 (18%)
Copyleft (CL) Any copyleft or ShareAlike requirement exists 245 (29%)

a Patent use Explicit grant of patent rights to users 153 (18%)
v State changes Modifications must be documented when distributing 320 (38%)
Network use Network access triggers source-disclosure obligations 38 (5%)

Table 2: License features from existing taxonomies (Nordlander et al., 2004; Kapitsaki and Charalambous, 2021),
with the number of licenses exhibiting each feature (Opus 4.6). Features whose value cannot be determined from the
license text alone are not counted which affects GPL-compatibility (220) and attribution (14) the most—extractable
from identifiers. “Binaries are compiled, machine-executable files (e.g. . so, .exe), distinct from human-readable
source.

represented as a binary string, where every position While single features can be directionally more
corresponds to a proposition from our predefined  permissive or restrictive, licenses are composed
vocabulary of features. Each position is evaluated  of multiple features and we also study them in
depending on whether the assigned propositionis  combination. We can understand the ecosystem of
true or false.* While the partial ordering helps  licenses and what restrictions are most common
us understand the degree of restrictiveness across by producing license profiles. With the 10 features
licenses, this framework allows us to compare li-  in the Nordlander taxonomy, we characterize each
censes at a functional level (Table 3). license by its value for each feature in a string.

Given these licenses, there is an upper bound of

4 ; P, . . .
. For this framework, a feature nepds to be a proposn‘l‘on. a 210 ~ombinations (when null is not treated as a
claim that can be argued for or against. For example, “com-

. . . > - i ise it is 310
mercial use” is a topic, but “derivatives of this license are =~ UI1qUE value, otherwise itis 3'°). Yet, we find only
allowed to be distributed for commercial use” is a proposition 50 unique feature combinations when the features

because it is possible to verify whether the claim is true or are considered with binary values (or 75 when they
false. More formally, we can describe a feature as a predicate

that returns true or false (Mayo-Wilson, 2017), where a lack of are considered with ternary values), with 77.1% of
a positive determination, or an explicit description, is consid-  ]icenses sharing the same 10 combinations. Table

ered false. Nordlander’s features follow the original taxonomy, s
; I s 3 presents the most common feature combinations.
while Kapitsaki’s features were adapted as propositions.
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Nordlander

Kapitsaki

Licenses Attr SA Mod Der CDer CRed GPL Bin Src CL Pat StCh Net Example licenses

122 (145%) v x v v v v
99 (11.7%) v X v v v
516.0%) v x v v v v
480G.7%) v x v v Y v x Vv
33B39%) x x v v YV v v v
3339%) v v v Vv v x Vv
2934%) v x v Y X X x Vv
2631%) v x v Vv Y v v
22Q27%) v x v v Y v x Vv
2125%) v v VY X X x v

X X X X X AMPAS, ANTLR-PD,
ANTLR-PD-fallback

X X X X X Adobe-Display-PostScript,
ADSL

X X X v X 3D-Slicer-1.0, AdaCore-doc,
Afmparse

X X X X X AAL, Apache-1.0, Apache-1.1

X X X X X OBSD, berypt-Solar-Designer,
blessing

v v v Vv x APSL-1.0, APSL-1.2

X X X X X  Adobe-License, AdobeResearch,
ASWE-Digital-Assets-1.0

X X x v X bzip2-1.0.5, bzip2-1.0.6

X X X v x CC-BY-3.0,CC-BY-3.0-AT,
CC-BY-3.0-AU

X v X X X  BUSL-1.1, CC-BY-NC-SA-1.0,

CC-BY-NC-SA-2.0

Table 3: The first column reports the number and proportion of licenses with each feature combination. Columns
Attr—CL correspond to the ten features in Nordlander’s taxonomy (Nordlander et al., 2004); Pat, StCh, and Net denote
features from Kapitsaki’s (Kapitsaki and Charalambous, 2021). The last column lists representative examples. A v’
represents an applicable feature, X represents an inapplicable feature, and - means it is undefined or indeterminate.

6 Tools for license selection

License selection is one application of the per-
missiveness framework introduced in this paper.
While we attempt to classify permissiveness in this
work, interpretations of permissiveness often de-
pend on context, including: 1) developers’ own
openness preferences, 2) the artifacts from which
their work is derived, 3) the artifacts that may be
derived from their technology, and 4) the technolo-
gies with which their system interacts. We show-
case different methods throughout this work based
on these contexts and suggest that the relational,
comparative nature of pairwise preferences strikes
an appropriate balance between capturing the tacit
decision-making heuristics developers employ and
providing the explicitness required for a generaliz-
able framework.

To be able to gauge the permissiveness of a li-
cense relative to others in the list, we would gener-
ally need to redo all pairwise comparisons. How-
ever, given the Bradley—Terry model we can use our
pairwise orderings and transform them into a total
order, where all the licenses can be assigned a la-
tent score (the degree of permissiveness) driven by
how much they are preferred across comparisons.
We can then produce a ranked list of licenses based
on these scores, where the probability that one li-
cense is more permissive than another, P(i > j),
is calculated as
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exp(fi)
exp(B;) + exp(5;)

We use the Bradley—Terry model on our pairwise
data to give us a total order to reference, which
forms the basis of a lookup table, where ¢ and j
index two distinct licenses.

P(i-j)= “)

P=(P(i- j))lgi,jgn

This model helps us order new licenses without
having to compare them against every previously
compared license (Bradley and Terry, 1952). One
application of this total order is a ranked list of li-
censes that serves as the backbone of a tool to filter
licenses based on developer preferences. We define
the permissiveness rank as follows. For a given
license L, let | L| denote the number of ecosystem
licenses it is strictly more permissive than, and
severity is

0= I'ank(Ldownstream) - rank(Lupstream)

In the context of a developer choosing a license
based on the degree of burden on a downstream
developer and the number of licenses they can se-
lect, you can use this total ordering to produce a
decision tree; where each node represents a fea-
ture, which in this case corresponds to a restriction.
Starting with the root node, which if selected alone



Feature £ Remaining Lost
All licenses — 843 —
Allows commercial redistribution? +10.67 661 182
Allows commercial use of derivatives? +5.52 646 15
No attribution required? +3.51 55 591
Allows modification? +2.48 55 0
Allows derivative works? +2.48 55 0
No ShareAlike required? +2.21 52 3
GPL-compatible? +1.68 35 17
No source disclosure required? +0.90 35 0
Grants patent rights? +0.34 0 35
No state-changes obligation? +0.31 0 0
Network use is not distribution? 0.00 0 0
Allows binary distribution? —0.51 0 0
No copyleft? 0.00 0 0

Table 4: License features as preferences, with the num-
ber of licenses meeting each requirement. Features are
drawn from the Nordlander and Kapitsaki taxonomies.
The correlation between a feature and restrictiveness
(B) typically narrows the set of licenses available to a
downstream developer. The second column shows the
latent factor for each feature, the middle column shows
the number of licenses remaining given a chosen term,
and the rightmost column shows licenses lost from the
total pool.

filters out the fewest licenses from our list, a de-
veloper can traverse the tree and add restrictions.
As you go down the tree, the number of licenses
available generally decreases as restrictions are ap-
plied. From this set of licenses, a developer can
then choose any one of them and see its rank based
on how many licenses below it are more restrictive.
We determine the order of features in the tree based
on their permissiveness, as determined by the linear
regressions in Table 4.

We question whether we can use these scores
to reconstruct the rankings from a feature-first per-
spective, the core benefit being that re-running pair-
wise judgments is an expensive task that scales
quadratically (O(n?)). We find that this is not the
case: reproducing the order from feature-predicted
scores T?T rather than pairwise judgments, we see
that 20.7% of pairwise directions get reversed, with
Spearman correlation (p = 0.695). We view this as
motivation for why introducing new licenses into
the ecosystem without considering their marginal
legal contribution is a costly task both computa-
tionally and socially. Despite the ease of writing
a new license, we can observe the actual costs to
obtain additional model-based partial orderings,
where pairwise judgments cost roughly 560 x more
than deriving a list from extracted features ((’)
license pairs per model, compared with n feature
extractions). We describe the methodology and the
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loss in more depth in the appendix (Section A.1,
5). We attribute loss to features being lossy repre-
sentations themselves, where for all the pairs that
were deemed incomparable, 16.3% of model ratio-
nale pointed to features that were not in the library
we employ (the average of the models: GPT-5.5,
17.5%; Opus 4.6 16.1%; Qwen 3.5 15.2%). When
considering BT on pairs with full agreement across
raters, BT had a contradiction rate that was 0.7%.

A developer can consider license choice as a set
of preferred restrictions, where for every combina-
tion of chosen restrictions a a hypothetical license
exists. In practice, the lack of such a license would
suggest that a license with that combination could
be seen as functionally distinct compared to the ex-
isting ones in the list. This tool allows a developer
to understand how the decisions they care about
affect what licenses are available to them and how
this affects developers who build on top of their
technologies. Many licenses have similar combina-
tions as observed in Table 3, and these licenses can
be interpreted as functionally equivalent based off
the features we investigate.

Agreement is employed to understand the valid-
ity of the rankings derived from features compared
to more expensive pairwise orderings. We find that
Spearman correlation demonstrates that BT cannot
successfully derive a reliable order given features
alone. However, grouped agreement is meaning-
fully higher (with a 20 point increase). While fea-
tures could be a means to understanding ecosystem-
level patterns efficiently (f.ex. understanding the
degree of permissiveness across a corpus or seeing
the most popular combinations), feature-first analy-
sis appear best for studying local instead of global
structure.

7 Case studies

Previous work has explored incompatible license
choices for models on Hugging Face, where
downstream models (i.e. fine-tuned, quantizations,
model merges, and adapters) are accompanied with
more permissive licenses than their parents, but to
our knowledge, these works lacked a framework
that could formally classify this phenomenon or
the extent of its implications (Laufer et al., 2025).
We take these observations as motivation and study
a snapshot of five popular software library ecosys-
tems, covering 9.3M+ packages: npm (~8.2M),
Maven (~546K), PyPI (~444K), Cargo (~139K),
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Figure 3: Top 6 most common license inconsistencies
over time across software packages, weighing violations
on a log scale. A steady increase in license inconsis-
tencies across dependencies is observable, with the ex-
ception of Cargo, with an initial increase followed by a
decline.

and conda-forge (~32K), from 2010 to 2025.

To do this, we study the dependency graphs of
software packages using a BigQuery snapshot from
Google’s deps.dev service (Google). We only look
at licenses that exist within a chain and do not
look at isolated packages. We define consistency as
whether a downstream artifact’s license is equally
or more restrictive than its parent—see Figure 9
for examples. Cargo (~83%) has the highest ratio
of consistent license relations, followed by PyPI
(~54%), Maven (~53%), then npm (~48%) and
conda-forge (~41%) (Figure 8).

Figure 3 shows that the rates of inconsistent li-
cense choice have grown steadily over the years
in tandem with overall ecosystem growth. Across
software packages we see that the most popular li-
cense is overwhelmingly the MIT license and more
broadly license authors overwhelmingly pick per-
missive licenses. We find that severity of violation
of the total ordering varies with the depth of the
dependency trees (as detailed in Table 6). We com-
pute the severity of a ‘violation’ as a function of
permissiveness rank, where a license’s rank is de-
termined by counting how many licenses are less
permissive than it. For each violating pair, we
quantify severity as the difference in permissive-
ness rank between the downstream and upstream
licenses.

8 Limitations

While we rely on existing, bottom-up license tax-
onomies to inform the features we look into, the
space of possible features is large. For example, we
broadly refer to license terms as features, but legal
scholars have explored the different types of legal
relations encoded in licenses, and a more granular
treatment of these obligations and restrictions re-

3Sourced from a snapshot from March 30, 2026

&3

mains an avenue for future work (Hohfeld, 1913).
Our method is versatile as it can apply to a wider
range of feature taxonomies, especially in domain-
specific settings.

8.1 Understanding incomparability

The ML model ecosystem is a breeding ground to
study license relationships due to the composite
nature of technologies (e.g., fine-tuned or distilled
models, training data, and generative outputs). In
particular, our work investigates comparability be-
tween licenses, which we find is not always equiv-
alent to compatibility along license chains. For
instance, a downstream license may be more per-
missive than an upstream license, which may not
necessarily violate the upstream license restrictions.
The reverse is also true: a downstream license may
be more restrictive than an upstream copyleft li-
cense, but violates the share-alike requirements for
derivative licenses.

Furthermore, licenses themselves get iterated
upon: consider if a license is an earlier version
of the same license—which terms should apply?
Our exploration surfaces 55 cases where a model
has one recognized license selected in its platform
metadata but a different license listed in the model
card’s 1icense_name field. Deciding the protocols
for handling these situations lies at the intersection
of UX, legal, and software research which we see
as an impactful but underexplored area of work.

Furthermore, the definitions of the model rela-
tionships is far from concrete. Clarifying these
ambiguities will be key for formalizing automated
legal processing approaches. Here, we consider the
lack of a feature or clause as suggesting that it is
false, but it could be interpreted as nullification.

9 Conclusion

In this work, we consider whether LLMs can be
used to recover global structure where local struc-
ture is hard to define. We focus on interpreting the
network of licenses in a top-down manner to see
if reliability can be gleaned beyond model-defined
confidence which is typically unreliable. And we
apply this framework to software licenses where
the implications are timely and pressing. We use
pairwise comparisons to study the networks of soft-
ware licenses and apply this partial ordering to
existing software ecosystems.
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A Appendix

A.1 Total ordering from extracted features

More formally, we can describe the rank recovery
process as the following. First, we fit the feature-
based rankings and the BT (ordering) model.
Feature-based rankings are derived from the scores
taking the sum of the learned latent factors. We
compare the derived ranking from the ground truth
partial order by looking at all the directed pairs
(¢,75) wherei? > j or j > ¢. To compare the
full lists in terms of similarity which offers a more
holistic view than agreement alone, we also look at
Spearman correlation and extend it to consider the
fact that because we have a partial order we have
groups of comparable licenses. Consider a number
of ordered lists, where every item is a comparable
license of aa > b > ¢ > d, we first count the tradi-
tional agreement across pairs and then the average
of these agreements across groups.

1. The first measure p is defined as:

# agreeing directed pairs

e
O+

=0.54

# total directed pairs D

For agreement across g grouped ordered lists
of licenses {L1,..., Ly}, let C; and D; de-
note the number of agreeing and disagreeing
pairwise-ordered pairs within group £;. If
we ever report a the average of the agreement
across groups, which we define as:

C

1< ;
==Y 2 —om4
Pgrouped g ; Cz n Dz

A.1.1 Bradley-Terry model loss

Family n  Mean rank error Median
Permissive 18 9.1 5
Data 19 10.2 4
Copyleft 35 11.9 10
ML 19 17.6 13

Table 5: Rank error by license family.
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A.2 Additional figures
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Figure 6: Incomparability rates by license popularity.

Cargo’s high consistency may be attributed to
the tools the community gives its developers,
cargo-deny and cargo-about give software main-
tainers executable governance at build time to
check if the dependencies they have chosen for
a project abide by the terms of the license they

Embedding space per model

MiniLM (256 tokens) gte-modembert-base (8K)

Quen3-Embedding-0.68 (32K)

Figure 7: License embedding atlas showing the discrim-
ination of the space by family with t-SNE as the dimen-
sionality reduction algorithm. Counters are outlined to
show the cluster density at 80% and 50% concentration.
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Figure 8: Severity of license inconsistencies (violations
of permissive ordering) by software package depth.
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qgats (MIT)

l
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Figure 9: Example software library dependency chains
in PyPI. Each node is a package and its declared license.
A violation occurs when a downstream package carries
a more permissive license than a transitive dependency:
gats (MIT) depends on pyqt5 (GPL-3.0), a more re-
strictive license, whereas the scikit-learn chain is
uniformly BSD-3-Clause.

choose. More formal license fields are promoted
for use in Cargo. toml files which are structured
and machine-readable and can be seen as program-
matic documentation that can be more easily veri-
fied.

A.3 Additional related work

Additional previous work has framed open-source
licenses as infrastructure for governing the tech-
nological commons (Choksi and Grimmelmann,
2024; Ostrom, 2010), where each license reflects
the values of its inventors and their design con-
stitutes collective deliberation over the needs of
downstream developers. One reason why the op-
timal licensing regime is hard to conceive is that
technologies are built in tandem and on top of each
other within a broader supply chain; understanding
what rules apply to whom, especially when they
are often vaguely specified, is a difficult task.

A.4 Limitations

A.4.1 License dataset

To the best of our ability, we note and acquire a
list of licenses and their text, but recognize that
the diffuse nature of license authorship means that
there are likely licenses on smaller platforms that
may have been missed.
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Ecosystem  Max depth p50 p99
npm 199 4 12
PyPI 17 2 5
Cargo 14 3 7
Maven 15 2 7
conda-forge 6 1 2

Table 6: Length of compatible dependency chains across
software packages.

Ecosystem Compliant  Incomparable Violation n edges
npm 47.7% 39.8% 12.6% 2.5B
PyPI 54.2% 3.8% 42.0% 53.1M
Cargo 83.1% 4.6% 12.3% 30.5M
conda-forge 40.9% 1.6% 57.4% 122K
Maven 53.1% 0.0% 46.9% 66.2M

Table 7: License relations across software package
ecosystems. Incomparability is relatively low across all
packages (<5%), with the exception of npm (~40%).

A.4.2 Ordering bias

Given a pair of licenses to be compared, it is possi-
ble that a model would have a tendency to assign a
judgment based on the order in which they are pre-
sented. We explored this independently on a small
sample and find that there is 76% consistency on
a set of 50 randomly selected license pairs, where
12 out of 50 verdicts flipped when the order of li-
censes flipped. We find that the majority of the flips
favored the license that appeared first. Of the 12
flips, 11 were marked as incomparable, suggesting
that when the model is less confident this bias is a
stronger influence, and that when a model reasons
and commits to a confident verdict, positional bias
is less of a factor. Future work could explore these
tendencies in more depth (e.g. at a larger scale with
order-balanced presentation).

A.4.3 Software libraries as a case-study

As part of our case-studies, we look to the software
package ecosystem as a way to apply this work
but note that there are shortcomings of processing
data at scale (Wu et al., 2024). We assume that all
SPDX identifiers are unique and that all packages
have a corresponding license where applicable, but
realize that if they are not, there may be duplica-
tions and sparsity in the dataset. The deps.dev
MinimumDepth parameter represents the shortest
path from a library to a dependency across all de-
pendency trees, but we acknowledge that it does
not show the full depth of the tree.



An equivalence judgment should only be returned

when the licenses have the same substantive permis-
sions and obligations; it should not be used as an ab-
stention.

Model pair n  Agreement

GPT-5.5 vs Opus 4.6 orderings 4,276 942% (
GPT-5.5 vs Qwen 3.5  orderings 4,270 913% (
Opus 4.6 vs Qwen 3.5  orderings 4,270 913% (
GPT-5.5 vs Opus 4.6 features 10,777 94.2% (
GPT-5.5 vs Qwen 3.5  features 10,777 95.7% (
Opus 4.6 vs Qwen 3.5  features 10,777 93.9% (

Step 2. Incomparability.

Set incomparable=true only when the licenses im-
pose a tradeoff across distinct dimensions: one li-

Table 8: Agreement between models for pairwise ver-
dicts on the HF-93 sample (93 licenses selectable on
Hugging Face).

A.5 Prompt iterations

We iterated on prompts in later runs, but the plots in
the main paper use an earlier version without an ex-
plicit definition of logical entailment; we compare
prompt results and inter-model agreement below.
We run the most recent prompt version with a panel
of models (GPT 5.5, Opus 4.6, Qwen 3.5) which
we select for their similar release dates and strong
performance on legal reasoning tasks while being
from performant closed and open model families
(Vals Al, 2026). We use these models on a smaller,
selectable subset of Hugging Face licenses (93 li-
censes) which represent the majority of license
selection. Improvements include removing model
self-confidence as an unnecessary measure, a sim-
plified output schema, instructing models to assess
incompatibility as a separate, additional step from
determining the main verdict, and an enhanced
definition clarifying that incompatibility refers to
restrictions operating on distinct dimensions (or
those that are “orthogonal” to one another). While
we believe these improvements are justified, the
plots and findings in the main paper reflect earlier
iterations; we find the reported findings stay consis-
tent on the HF set and hope the improved versions
can be used and shared publicly for future analysis.

A.6 Prompts used for LLM analysis

Pairwise ordering prompt

Task. Given two license texts, determine their relative
permissiveness.

Step 1. Ordering (required).

* A > B: License A is strictly more permissive
than B.

* A = B: Licenses A and B have equivalent scope,
with the same net permissions and obligations,
even if expressed using different wording (e.g.,
MIT and ISC, or CCO and the Unlicense).

* A < B: License B is strictly more permissive
than A.
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cense is more permissive on at least one dimension
while the other is more permissive on another. Set
incomparable=false when the licenses have a clear
ordering or are equivalent.

Output schema.

{
"ordering_verdict”:

"A>B | A=B | A<B",
"incomparable”: true | false,
"incomparability_summary":

"<one or two sentences>" or null,
"insufficient_information”:

true | false

Feature extraction prompt

System. Extract structured features from license texts.
Return only a JSON object with no explanation or
additional text. Each feature should be assigned true,
false, or null. Use null only when the license text
does not provide sufficient information to determine
the value.

User. Answer the ten feature questions from the
Loreto, Oliner & Woo (2004) software license tax-
onomy listed in Table 2. Use the license text as the
sole source of truth. Questions should be interpreted
using their original taxonomy definitions, for example
requires_attribution corresponds to “Copyright
Notice Must Be Attached?”” and gpl_compatible cor-
responds to “GPL Compatible?”.

Feature defaults are asymmetric by design. Attribution,
modification, and derivative-work permissions default
to true unless explicitly restricted. Commercial re-
distribution defaults to true when the text is silent.
gpl_compatible should return null when compati-
bility cannot be established from the license text alone.

The model receives the license name and license text
and returns a flat JSON object containing all ten fields.

A.7 Model calibration

We use multiple models to calibrate our confidence
in LLM verdicts. To study coherence, we use a
lookup table with every license pair and a cor-
responding verdict. To study whether there are
contradictions, we look for cases where a model
judges license A as more permissive than B in one
instance but less permissive in another. We find no
such contradictions. Moreover, we check for cy-
cles, where A > B and B > C' but C' > A. Out of
129,766 groups of three votes from each model, we
count cycles in 1% from the HF-93 sample. In other



"ordering_verdict”: "A>B | A=B | A <B",

"incomparability_analysis”: {

"verdict"”: "incomparable | comparable”,
"factors": [
{
"type": "<short label>",
"explanation”: "<one or two sentences>",
"evidence_by_license": [
{
"license”: "A",
"quote"”: "<short exact excerpt from A>",
"location”: "<section or heading, or null>"
+s
{
"license"”: "B",
"quote"”: "<short exact excerpt from B>",
"location”: "<section or heading, or null>"
}

]

1,

"insufficient_information”: {
"verdict”: true | false,
"factors”: [

{
"type": "<short label>",

"explanation”: "<one or two sentences>"

}

Figure 10: Output schema for the v8 pairwise prompt. Each asserted incomparability factor must be supported by a
verbatim excerpt from both licenses. Factors without textual evidence should not be reported.

words, we find little Condorcet cycles, indicating
that the judgments are transitive and coherent, as
they form a consistent ordering of verdicts (Arrow,
2012). We also report the inter-rater agreement
(between models) for the extracted binary features.
We compute Cohen’s «, where each feature has
three possible values (True/False/null), and find
that the average agreement across models is 0.8952
and head-to-head comparisons are as follows: &
= 0.888 for GPT-5.5 against Opus 4.6, 0.915 for
GPT-5.5 against Qwen 3.5, and 0.883 for Opus 4.6
against Qwen 3.5, over 10,777 pairs. The anomaly
is the GPL compatibility feature, where we see rel-
atively low agreement. This is likely because it
is a feature denoted in the license identifier itself
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Rater Edges Cyclic % Largest Incomp.

triples SCC %
GPT-5.5 4,252 777 0.60 67 78.9
Opus 4.6 4,251 916 0.71 50 74.9
Qwen 3.5 4,221 2,083 1.61 87 34.2

Table 9: Condorcet cycles and logical coherence of
pairwise orderings for the HF-93 license set. The largest
structural connected component is enumerated in the
third column.

instead of in the text.

In our prompt, we give models the ability to
independently deem two licenses incomparable, in-
structing them to do so only after determining a



Per-feature inter-rater agreement across license features
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Figure 11: Cohen’s  analysis for features between Son-
net 4.6 and DeepSeek. For all extractions, temperature

was set to 0.
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Figure 12: Breakdown of incomparability rationales.
Haiku 4.5 is used for canonicalization phase of theme
extraction due to its efficiency and the simpler task of
classifying themes against a fixed list compared to initial
parsing which requires deeper reasoning where Sonnet
4.6 is used.

verdict so that we can study the nature of incompa-
rability itself. In earlier experiments, models were
liberal in flagging incomparability when given the
opportunity upfront, which motivated this order of
operations. To extract the most common themes
from model rationales, we prompt an LLM to iden-
tify core themes for each rationale separately, then
canonicalize the resulting themes by passing the
joint list to another model instance that groups se-
mantically similar ones, which we then count. Be-
low (Figure 12), we plot the most common themes
by frequency across incomparability rationales. We
count 3,718 incomparable pairs out of 4,278 total
( (923) from the HF-93 license set) and plot the top
15 of 28 categories.
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Figure 13: Inter-rater agreement for human annotators
on pairwise orderings.

Phase 1: Taxonomy derivation

You are analyzing descriptions of why pairs of software
licenses are legally incomparable. Each description
explains which specific legal dimensions put the two
licenses in tension — e.g., one imposes copyleft obli-
gations the other does not, or one grants patent rights
while the other restricts patent use.

Below are 80 representative descriptions: {descrip-
tions}

Task: Derive a canonical taxonomy of 20-28 cate-
gories covering the legal dimensions that make licenses
incomparable. Each canonical category should: - Have
a short, precise label (3—7 words, title case) - Represent
a coherent, distinct legal dimension or obligation type
- Be specific enough to be informative

Return ONLY a JSON array of canonical category
label strings, nothing else.

Phase 2: Mapping (Haiku 4.5)

Canonical legal dimension categories: {taxonomy }

Each item below is a 1-2 sentence description of why
two software licenses are incomparable. Map each to
the single most relevant canonical category. Return
ONLY a JSON object mapping the exact input string to
the canonical category label. If none fit, use “Other”.

Descriptions: {descriptions}

A.8 Human calibration

We employ a human panel from Prolific and in-
ternally (among authors) to annotate a sample of
licenses for their features and pairwise orderings.

The following 16 licenses are used for anno-
tation sample, with nine pairs drawn from the
set: 3D-Slicer-1.0, AAL, ADSL, AFL-2.0, AFL-
2.1, AGPL-1.0-or-later, AGPL-3.0-only, Aladdin,
BSD-2-Clause-NetBSD, BSD-Attribution-HPND-
disclaimer, BSD-Systemics, CDLA-Permissive-
1.0, EUPL-1.0, Fair, GFDL-1.2-no-invariants-or-
later, RSCPL. Raters are asked to revise the Nord-
lander features only.

A.9 Feature analyses

When looking at the barbell plot in the main paper
(Figure 2), we can study which individual features
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Figure 14: Inter-rater agreement for human and machine
annotators on feature labels.
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Figure 15: Share of licenses across three popular soft-
ware ecosystems.

appear the most commonly and whether this signals
permissiveness or restrictiveness. With a combi-
natorial view, we can do the same with the group
of features that define a license. In this upset plot,
we can visualize the features that differ and show
the rate of divergence, where across all the pairs,
we compare the less permissive license to the more
permissive license, and see how many features dif-
fer and which ones. We can then count the rates
of the different forms of divergence across all the
instances.
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Figure 16: Features plotted based on logistic regression
on permissiveness.
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Figure 17: Upset plot depicting differences in ordered
license pairs grouped by the number of features that
differ (Lex et al., 2014). For every group, there is a
bar plot showing the frequency of every divergence
type. Gray cells mean that a feature is common between
the pair. A blue cell means that given that this feature
disagrees in a pair, it is because it was present in the less
permissive license. An olive cell means that given this
feature disagrees in a pair, it was not present in the less
permissive license. This plot is a complement to 1.



