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Abstract

Foundation models (e.g. GPT-4, Gemini, Llama 3) perva-
sively influence society, warranting greater understanding.
While the models garner much attention, accurately char-
acterizing their impact requires considering the broader so-
ciotechnical ecosystem in which they are created and de-
ployed. We propose Ecosystem Graphs as a documenta-
tion framework to centralize knowledge of this ecosystem.
Ecosystem Graphs is composed of assets (datasets, models,
applications) linked together by dependencies that indicate
technical and social relationships. To supplement the graph
structure, each asset is further enriched with fine-grained
metadata, such as the model’s estimated training emissions or
licensing guidelines. Since its release in March 2023, Ecosys-
tem Graphs represents an ongoing effort to document 568
assets (112 datasets, 359 models, 97 applications) from 117
organizations. Ecosystem Graphs functions as a multifunc-
tional resource: we discuss two major uses by the 2024 Al
Index and the UK’s Competition and Markets Authority that
demonstrate the value of Ecosystem Graphs.

Introduction

Foundation models (FMs) are the defining paradigm of mod-
ern Al (Bommasani et al. 2021). Beginning with language
models (Devlin et al. 2019; Brown et al. 2020; Chowdhery
et al. 2022), the paradigm has expanded to images (Chen
et al. 2020; Ramesh et al. 2021; Radford et al. 2021), videos
(Singer et al. 2022; Wang et al. 2022b), code (Chen et al.
2021), proteins (Jumper et al. 2021; Verkuil et al. 2022),
and more. Given their remarkable capacities, they have been
adopted at unprecedented speed: ChatGPT amassed 100 mil-
lion users in just 50 days, making it the fastest-growing con-
sumer application in history (Hu 2023), and Gemini is de-
ployed across all of Google’s 2-billion user products.' FMs
are transforming the digital economy: Bloomberg predicts
the market will expand to $1.3 trillion by 2032 and Accen-
ture projects 75% of knowledge workers will use FMs on a
daily basis by 2030.

Despite their rapid adoption, the scope of FMs’ current
impact on society is unclear. Who reaps their benefits, who
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shoulders the harms they may cause, and how can we char-
acterize the societal changes they engender? Further, how do
trends in research correspond to outcomes in practice? How
do emergent abilities (Wei et al. 2022) influence deployment
decisions, and how do documented risks (Abid, Farooqi, and
Zou 2021) manifest as concrete harms? Currently, the Al
community and broader public tolerate the uncomfortable
reality that models are deployed ubiquitously through prod-
ucts, yet we know little about the models, how they were
built, and the mechanisms (if any) in place to mitigate and
address harm (Bommasani et al. 2023a).

To clarify the societal impact of FMs, we propose Ecosys-
tem Graphs as a centralized knowledge graph for doc-
umenting the foundation model supply chain (Figure 1).
Ecosystem Graphs consolidates distributed knowledge to
improve the ecosystem’s transparency. Ecosystem Graphs
operationalizes the insight that significant understanding of
the societal impact of FMs is already possible if we central-
ize available information to analyze it collectively.

Each node in the graph is (roughly) an asset: a dataset,
model, or application. Simply being aware of assets is a chal-
lenge: new datasets are being built, new models trained, and
new products shipped constantly, often with uneven public
disclosure. While models often draw attention, the conse-
quences of a FM depend on the broader supply chain in
which it is built and into which it is deployed. To link nodes,
we specify dependencies: models depend on training data
and applications depend on models. Dependencies are tech-
nical relationships between assets that induce social or eco-
nomic relationships between organizations (e.g. Microsoft
depends on OpenAl because Bing depends on GPT-4). Es-
pecially for products, surfacing these dependencies is chal-
lenging yet critical: dependencies indicate the flow of re-
sources to build products, which in turn determine much of
the direct impact of FMs.

To supplement the graph structure, we document each
node with an ecosystem card, drawing inspiration from doc-
umentation frameworks such as data sheets (Gebru et al.
2018), data statements (Bender and Friedman 2018), and
model cards (Mitchell et al. 2018). The ecosystem card con-
textualizes the node not only in isolation (e.g. when was
it built), but also with respect to the graph structure (e.g.
the license affects downstream use, data filters interact with
upstream dependencies). In contrast to static documentation



by dataset or model developers, ecosystem-level documen-
tation introduces key challenges of (i) maintenance practices
to synchronize the ecosystem graph with the ever-evolving
supply chain, and (ii) incentives that inhibit or encourage
documentation.

Since its release in March 2023, Ecosystem Graphs doc-
uments 568 assets across 117 organization through an in-
teractive website and database that is updated weekly. To
maintain this living resource, we rely primarily on our own
contributions, but also on open-source contributions that are
verified by the authors as well as contributions from asset
developers. Ecosystem Graphs enables the study of new
phenomenona such as the emergence of hubs like Chat-
GPT in the graph, drawing inspiration from the widespread
analysis of hubs across other graphs and networks (Klein-
berg 1999; Hendricks, Piccione, and Tan 1995; Franks et al.
2008; Van den Heuvel and Sporns 2013, inter alia). For asset
developers, hubs demonstrate their assets are high impact;
for economists, hubs communicate emergent market struc-
ture and potential consolidation of power; for policymakers,
hubs identify targets to scrutinize to ensure their security and
safety.

More generally, Ecosystem Graphs is a multifunctional
resource for a range of stakeholders. We present two case
studies where Ecosystem Graphs has seen extensive use.
The 2024 Al Index (Maslej et al. 2024) uses Ecosystem
Graphs as its data source for documenting broad trends
such as geopolitical considerations (e.g. which countries are
building the most foundation models?). And the UK’s Com-
petition and Markets Authority uses Ecosystem Graphs as
its primary means for conducting their market surveillance
obligations such as understanding the number of open vs.
closed models in the market (UK CMA 2023). As founda-
tion models are enmeshed as essential societal infrastruc-
ture with wide-reaching impact across economic sectors,
supply chain monitoring will be increasingly vital. Ecosys-
tem Graphs prototypes this supply chain monitoring, which
world governments may scale up in the future.?

The Foundation Model Supply Chain

Technology is developed in a social context, shaped by
organization-internal processes and external forces (Mar-
tin Jr et al. 2020; Gebru et al. 2018; Mitchell et al. 2018;
Amironesei, Denton, and Hanna 2021; Paullada et al. 2021;
Birhane et al. 2022). Bommasani et al. (2021) introduce this
perspective for FMs: Figure 1 demonstrates the canonical
pipeline wherein datasets, models, and applications mediate
relationships between people on either side. As an example,
consider Stable Diffusion (Rombach et al. 2021):

1. People create content, taking photos that they (or others)
upload to the web.

2. LAION curates the LAION-5B dataset (Schuhmann et al.
2022) from the CommonCrawl web scrape, filtered for
problematic content.

3. LMU Munich, IWR Heidelberg University, and Run-
wayML train Stable Diffusion on a filtered version of

Zhttps://crfm.stanford.edu/ecosystem- graphs
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LAION-5B using 256 A100 GPUs.

4. Stability Al builds Stable Diffusion Reimagine by replac-
ing the Stable Diffusion text encoder with an image en-
coder.

5. Stability Al deploys Stable Diffusion Reimagine as an
image editing tool to end users on Clipdrop, allowing
users to generate variations on an image (e.g. a room with
different furniture).

This process delineates social roles and, thereby, stakehold-
ers: data creators, data curators, compute providers, hard-
ware providers, FM developers, downstream application de-
velopers, and end users. While framed technically (e.g. cu-
ration, training, adaptation), the process has broader societal
ramifications. For example, ongoing litigation contends the
use of LAION and subsequent image generation from Stable
Diffusion infringes on the rights of data creators.

Documentation Framework

To document the foundation model supply chain, we in-
troduce the Ecosystem Graphs framework. Informally, the
framework is defined by a graph of (i) assets (e.g. GPT-4),
(ii) dependencies (e.g. datasets used to build GPT-4, appli-
cations built upon GPT-4), and (iii) ecosystem cards (e.g.
metadata about GPT-4).

Definition

Formally, we define the ecosystem graph as a directed
vertex-labeled graph. Each vertex is an asset that is labeled
as either a dataset, model, or application. Examples include
The Pile dataset, the Stable Diffusion model, and the Bing
Search application. Vertices are connected by directed edges
that specify dependencies. In the aforementioned example,
LAION-5B is a dependency for Stable Diffusion and Stable
Diffusion is a dependency for Stable Diffusion Reimagine.

Each vertex has an associated ecosystem card that doc-
uments relevant metadata. Each asset type (dataset, model,
application) has a schema for its metadata: the full schema is
in the Appendix. Examples of properties within the schema
include the “organization” that created the asset, the “li-
cense” enforced to use the asset, and type-specific properties
(e.g. the “size” of a model).

The definition of Ecosystem Graphs is deliberately mini-
mal: as a resource aimed at many, often non-technical, stake-
holders, we aim for a simple and broadly intelligble repre-
sentation of the supply chain. Under the hood, we introduce
two further forms of complexity that we revisit in §3.2. First,
while we refer to vertices as assets, in practice they corre-
spond to sets of related assets (e.g. the models of different
sizes in the GPT-3 model family). Second, while we refer
to the properties of assets, this information (e.g. a model’s
license) is annotated in a specific value that specifies a con-
strained value (i.e. a license type like MIT or Apache 2.0)
and a more open-ended description (e.g. provenance for the
information).

Implementation

We implement Ecosystem Graphs in a lightweight fashion
that is simple to maintain and simple to understand, period-
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Figure 1: Basic foundation model ecosystem. To conceptualize the FM ecosystem, we present a simplified pipeline. Image

taken from Bommasani et al. (2021).

ically adding features due to direct requests by users of the
resource.

Codebase. On the back end, Ecosystem Graphs is a collec-
tion of YAML files that store the annotation metadata, orga-
nized by the pre-specified schemas. To create a new asset,
an annotator creates a YAML entry with the schema fields
empty by default and fills in information about the asset. As
part of this process, the annotators specifies any known de-
pendencies for the asset, which in turn determine the graph
structure. To modify the public-facing website the annotator
submits a pull request to our GitHub repository that a veri-
fied maintainer of the Ecosystem Graphs effort reviews and
vets before making the changes live.

Views. The assets in Ecosystem Graphs are rendered in an
interactive table that users can search, filter, or export as a
CSV. These features facilitate several of the uses we describe
subsequently. In addition, the dependency graph is rendered
with a simple interface. Users can zoom into particular re-
gions to explore specific subgraphs and clicking on a vertex
pulls up its ecosystem card. For the purposes of double-blind
review, we do not link to the website but, instead, include
static screenshots of interesting subgraphs and ecosystem
cards in the Appendix.

Nodes

To define the nodes in the graph, we describe how we dis-
cover assets and how we group assets into nodes.

Asset discovery Information about assets is highly decen-
tralized. For some assets, primarily models and datasets, the
asset is the subject of a research paper or technical report.
To capture these assets, we manually track arXiv papers on
a daily basis, identifying any papers that introduce an asset.
However, even for assets described in papers, we identify
the presence of dark matter: assets that must exist, but about
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which no information is publicly available. For instance, the
GPT-4 paper (OpenAl 2023) discloses no details whatsoever
on the dataset(s) underlying GPT-4. To supplement assets
that are research contributions, we proactively the blogs, so-
cial media accounts, and media coverage of known founda-
tion model developers. Through these sources, developers
may announce new assets, which usually are either founda-
tion models or products/services built upon the developer’s
foundation models.

Practically, we make decisions to not include every as-
set we could potentially discover. As a lower bound, there
are 150k+ models and 20k+ datasets available on Hugging
Face alone. Consequently, we do not have the resources to
annotate every one of these assets, so we instead enumerate
general principles that guide our decisions on what assets to
include or exclude. Namely, we include assets that (i) are
socially salient, (ii) have outsized impact, and/or (iii) rep-
resent a broader class (e.g. ensuring we include at least one
music foundation model). Of course, the first condition is es-
pecially subjective, so we are generally receptive to adding
an asset if a member of the community or other stakeholder
requests its inclusion.?

Asset representation. For conceptual simplicity, nodes in
Ecosystem Graphs combine very closely-related assets. In
particular, we merge distinct assets into a single represen-
tative node when they are near-indistinguishable based on
public information. In practice, this occurs often in the case
of datasets, where different variants are used (e.g. differ-
ent developers filter The Pile in different ways) or a more
generic source is being described (e.g. many models are

3For example, representatives of the South Korean government
have reached out to us to help improve our coverage of South
Korean models not covered by Western English-speaking media
sources.



trained on English Wikipedia, even though the exact set of
articles is likely different). And we merge assets within a
model family into a single node for the family (e.g. there is
only one Llama 3 node, in spite of there being Llama 3 mod-
els of different sizes). There are trade-offs: by collapsing to
one node, we obscure slight differences (e.g. Llama 3-400B
was released after Llama 3-8B), though if we observe a dis-
tinction is relevant, we can choose to dis-aggregate the node
into its constituent assets. Overall, we prioritize usefulness
over faithfulness.

Edges

Edges constitute dependencies, meaning the assets required
in building a given asset. Implementation-wise, dependen-
cies are annotated as one field within the ecosystem card,
but they are of heightened importance because they deter-
mine the graph connectivity and structure. In general, we
identify dependencies in whatever material (e.g. research pa-
per, release blogpost, media article) announces the existence
of an asset. However, in many cases we find that assets are
announced with no or partial disclosure of the assets they de-
pend upon. This is the dark matter of the foundation model
supply chain. In the cases of applications, we especially see
this pattern: many products or services are marketed as us-
ing Generative Al or the models of specific companies (e.g.
OpenAl) without specifying the specific foundation model.

Ecosystem Cards

Each node is instrumented with documentation to contextu-
alize the node. To identify the relevant documentation fields
for each asset type, we consulted existing documentation ap-
proaches such as data sheets (Gebru et al. 2018) and model
cards (Mitchell et al. 2018). Based on these works, we iden-
tified an initial set of fields that we updated during a pi-
lot phase of annotating 50 assets. Overall, we employ two
principles in determining the final schema of documenta-
tion fields for each asset type: (i) we emphasize properties
that are critical for understanding the supply chain (e.g. how
nodes are influenced by their dependencies or shape their de-
pendents) and (ii) we offload documentation that exists else-
where (e.g. pointing to existing model cards). The resulting
documentation metadata for each node is its ecosystem card.

We organize the documentation fields into three cate-
gories:

1. Basic properties of the node (e.g. the developer organiza-
tion).

2. Construction properties of the node (e.g. the training
emissions for models).

3. Downstream properties of the node (e.g. the license and
terms-of-service for applications).

When annotating a given property, the annotator specifies
the value (i.e. the concrete and succinct information) along
with an optional description, which explains how the value
should be interpreted (e.g. explains how the emissions value
was computed or provides sources).
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Basic properties To understand nodes and assets even in-
dependent of the broader ecosystem, certain basic informa-
tion is necessary such as the “name” and producing “organi-
zation” of the asset(s). Documenting these properties is typ-
ically straightforward, but complexities can arise even con-
cerning basic properties. For example, the naming conven-
tion for OpenAl models has been historically unclear.* Or
the granularity in the case of organizations may be obscure:
as an example, we annotate Copilot as developed by GitHub
even though GitHub has been acquired by Microsoft. In the
case of the “description” field, we generally quote the as-
set(s) developers, along with providing the “URL” that dis-
closed the node to the public (e.g. the paper or press release).
In addition to these properties, we highlight the “created
date”: as Ecosystem Graphs is maintained over time, fil-
tering on the date can be used to understand how the ecosys-
tem evolves. For example, filtering for node(s) before vs.
after January 1, 2023 reveals both (i) the early adopters of
FMs and (ii) how publicly-announced release have rapidly
accelerated since 2023.

Construction properties A node’s dependencies do not
fully determine its nature. Many products can be built from
the same model and different models can arise from training
on the same dataset. However, summarizing these nuances is
challenging: since the training procedure for prominent FMs
can amount to dozens of pages in a well-written paper (see
Chowdhery et al. 2022), even a summary of model training
procedures would be long and likely not more useful than
pointing to the paper itself. We decided to include: (i) an um-
brella category of quality control for all assets, (ii) deliber-
ate inclusion/exclusion for datasets (e.g. filtering out “toxic”
content based on a word list, which may have the side-
effect of removing LGBTQ+ language (Dodge et al. 2021;
Gururangan et al. 2022)), (iii) material training costs for
models (e.g. to contextualize environmental impact (Lacoste
et al. 2019; Strubell, Ganesh, and McCallum 2019; Hender-
son et al. 2020; Luccioni and Herndndez-Garcia 2023)) and
(iv) adaptation details for applications (e.g. fine-tuning de-
tails and UI design). These details provide important context
since dependencies visually appear the same in Ecosystem
Graphs even when they corresponding to different underly-
ing relationships.

Downstream properties To construct the ecosystem
graph, we specify dependencies on the target asset: given
a node, we annotate its parents.> However, some properties
of an asset influence how it can be built upon, rather than
how it was built. Most notably, the access status of an asset
directly determines who can build on it, whereas the intend-
ed/prohibited uses influence how the asset should be built
upon (in addition to the license and terms of service). In
general, we found these properties to be straightforward to

*See
researchers.

SWe found this natural since, in general, we may not know the
all of the dependents of a given upstream asset (e.g. ChatGPT con-
tinues to accrue new dependents well after its initial release), but
we can better trace the lineage when annotating the downstream
asset.

https://platform.openai.com/docs/model-index-for-



annotate, though we find discussion of intended/prohibited
uses is quite uneven and in some cases no license/terms of
service could be found.

We also annotate fields that determine the asset’s down-
stream social impact, namely their impact on end users.
To underscore the transparency of Ecosystem Graphs, we
highlight mechanisms for accountability/recourse. We track
(1) whether asset developers can monitor the usage of their
assets downstream, and (ii) whether specific failures or
harms concretely arise, and (iii) when these issues come up,
do feedback mechanisms exist to propagate this information
back upstream? These fields signal assets that are having
high impact, which could confer recognition (or payment) to
those who contributed to their downstream impact (e.g. valu-
ing data creators whose data generates value downstream).

Complementarity of construction and downstream prop-
erties The construction and downstream properties to-
gether enrich the interpretation of the underlying graph.
When edges are interpreted in the forward direction, they
indicate how assets are built; when interpreted in the back-
wards direction, they indicate how feedback would flow
back upstream.

We stress this point as indicative of the present immaturity
of the FM ecosystem by analogy to industries with robust
supply chain practices, such as the automobile industry. The
National Highway Traffic Safety Administration (NHTSA;
an agency under the US Department of Transportation), is
tasked with ensuring automotive safety.® When a batch of
parts is found to be sub-standard, established protocols man-
date the recall of the fleet of cars built using those parts.
Since the National Traffic and Motor Vehicle Safety Act was
enacted in 1966, the NHTSA has recalled over 390 million
cars due to safety defects. When cars from different manu-
facturers are reported to be faulty, the shared source of the
defect can be traced by attributing their common parts. Cen-
tralized infrastructure exists for consumers to report issues
to the NHTSA (e.g. the Department of Transporation’s Vehi-
cle Safety Hotline), to interpret how their report will be used,
to understand the investigation process the NHTSA imple-
ments, and to understand the legal remedies and consumer
protections they are afforded. And the Federal Motor Vehi-
cle Safety Standards sets formal and transparent standards
on what constitutes the minimum performance requirements
for each (safety-relevant) automotive part.

Practices in the automobile industry illustrate the virtues
of observing an ecosystem as a whole. If an upstream as-
set (akin to the faulty brakes) is identified to be faulty in
the FM ecosystem, we are not confident that communica-
tions of its faults, let alone interventions like a recall, will
occur. For example, if LAION-5B was shown to be data poi-
soned (Carlini et al. 2023) or to include child sexual abuse
material (Thiel 2023), how would the developers of Stable
Diffusion, the application developers who built upon Sta-
ble Diffusion, and the end userbase be notified? The FM

ecosystem lacks entities similar to the NHTSA that could
See their guidelines on motor vehicle safety at

https://www.nhtsa.gov/sites/nhtsa.gov/files/documents/14218-

myvsdefectsandrecalls_041619-v2-tag.pdf.
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share information about failures or prompt “recalls”. Sim-
ilarly, many assets lack monitoring mechanisms, let alone
publicly-disclosed means for relaying feedback and incident
reports upstream. While some organizations have partner-
ships (e.g. when Khan Academy users surface issues, Khan
Academy and OpenAl likely work together to diagnose if
these problems arise from Khan Academy’s use of Ope-
nAI’s GPT-4), these mechanisms do not allow end users to
report issues directly. More fundamentally, no adverse event
reporting system exists in the foundation model ecosystem
(Guha et al. 2023; NAIAC 2023), thereby lacking key con-
sumer protections to mitigate known harms.

Annotation Practices

Different assets often have idiosyncratic properties. As we
iterated on annotation best practices, we identified two key
questions: (i) how should we interpret missing data entries
and (ii) how can we frust the recorded information?

Missing data. We identified two forms of missing data
that arise under different conditions. To clarify these dif-
ferent forms of missing data, we use different annotations.
We annotate a field as “None” if an annotator looked for the
relevant information and was unable to find it. In contrast,
we annotate “Unknown” if the information cannot be found
but must exist. For example, a model necessarily has train-
ing emissions (even if 0) associated with it, whereas it may
not have a model card. Therefore, we would annotate “Un-
known” for the former and “None” for the latter. When ag-
gregated across the entire ecosystem, these conventions for
missing data help to articulate pervasive opacity (i.e. many
unknown values) and immaturity (i.e. many none values).

Trust. To ensure information in Ecosystem Graphs is le-
gitimate and credible, we implement two mechanisms. First,
to add or modify information, all such requests must be ver-
ified by a vetted maintainer to ensure the correctness of the
information as well as the consistency with prior annota-
tions. As Ecosystem Graphs expands to be a community-
maintained artifact, moderation will support the sustained
quality of the resource. Since Ecosystem Graphs is imple-
mented as a GitHub repository, the full history of commits
and associated discussion is maintained to ensure the prove-
nance of information, akin to the Wikipedia change log. Sec-
ond, information should be attributed to a publicly-available
source to ensure the annotation matches the source and that
the source itself is reliable.’

Maintenance and Incentives

Everything in the foundation model supply chain is sub-
ject to rapid change. For example, in a single week in May
2024, over 50 assets were released. Therefore, keeping pace
in maintaining this resource real-time is an ongoing chal-
lenge. In fact, even for existing assets, metadata may change
(e.g. the license for Microsoft’s Phi-2 was changed to the
open-source MIT license several months after release). For
this reason, we discuss who maintains Ecosystem Graphs

"In the future, we may permit developers to self-verify infor-
mation that was not previously publicly.



and whether incentives misalignment introduces challenges,
given much of the value is contingent on the resource being
both correct and up-to-date Moving forward, as FMs fea-
ture more centrally in broader social discourse and Ecosys-
tem Graphs sees greater adoption, maintenance could be
mandated as a policy requirement to ensure sustained trans-
parency (see Bommasani et al. 2023b; Madry 2023).

Who maintains the ecosystem graph? To this point, the
ecosystem graph has been built and maintained primarily
by the authors of this work. While the authors will con-
tinue maintenance, our contributions will be increasingly in-
sufficient given the growing scale of the ecosystem. There-
fore, we envision two complementary strategies for expand-
ing the group involved in maintaining Ecosystem Graphs.
Building on traditions of open source software development
(e.g. Wikipedia, Mozilla, PyTorch, Hugging Face), we ac-
tively encourage contributions. For this reason we use a
lightweight process with explicit guidelines on how to create
and edit entries in YAML. To broaden accessibility, new as-
sets can be submitted from a public Google form to remove
the barriers of having a GitHub account and familiarity with
GitHub. Drawing upon trends in open source, we will im-
plement processes for top contributors to be recognized for
their achievement and signal-boosted in the broader commu-
nity.® Since the launch in March 2023, multiple open source
contributors have emerged with extensive contribution his-
tories.

As Ecosystem Graphs expands, we envision it may be-
come a broad-use public repository that organizations them-
selves are incentivized to maintain. In future, we propose
that major FM organizations each select a dedicated repre-
sentative responsible for the upkeep of their organization’s
nodes (and, possibly, some direct neighbors). This mecha-
nism introduces accountability: the veracity of an organi-
zation’s nodes and dependencies is the responsibility of this
maintainer. Here, we could lean on practices of periodic pub-
lic reporting (e.g. quarterly financial earnings) in reminding
the representative to update the graph regularly. We imag-
ine the specifics of this will further sharpen as Ecosystem
Graphs grows and as we better understand both the rate of
change in the ecosystem and the informational needs that
Ecosystem Graphs serves. In the future, the process of up-
dating the ecosystem graph could be integrated into develop-
internal corporate processes, since much of what is tracked
in Ecosystem Graphs is likely already tracked within orga-
nizations.

The compatibility of incentives. Ensuring the ecosystem
is transparent serves many informational needs and bene-
fits many stakeholders. Akin to other shared knowledge re-
sources (e.g. Wikipedia, the US Census), downstream use
cases continuously arise, further incentivizing the sustained
upkeep of the resource. While incentives may not exist for
all relevant information to be made transparent, we hope

8While we do not currently implement any extrinsic bounties,
works like Zhao, Laszka, and Grossklags (2017) and Chowdhury
and Williams (2021) demonstrate their efficacy, warranting further
consideration in the future.
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Ecosystem Graphs will encourage increased transparency
by demonstrating the cumulative value of public informa-
tion.

However, we also recognize that there exist pernicious in-
centives for organizations to maintain opacity in the ecosys-
tem: most directly, transparency could infringe on corporate
secrets and commercial interest. Central to our approach in
Ecosystem Graphs is recognizing that in many cases, infor-
mation can be made transparent to the public without com-
promising commercial interests. The information in ques-
tion is common knowledge amidst an organization’s com-
petitors, and it is better for the public to have partial trans-
parency rather than to have nothing at all. This approaches
aligns with having representatives from each organization
update assets, thereby iteratively identifying the boundaries
of transparency in an organization-specific and asset-specific
way. More expansively, Ecosystem Graphs mediates an in-
cremental process for building norms of transparency (Liang
et al. 2022a; Bommasani et al. 2023b) and functions as an in-
road for policy intervention as specific informational needs
grow more important.

Use Cases for Ecosystem Graphs

Ecosystem Graphs is a multifunctional resource that aims
to address informational needs of many stakeholders. We
first enumerate, in brief, how different stakeholders may
benefit from Ecosystem Graphs before describing two
major demonstrated uses of the resource by the 2024 Al
Index and the UK Competition and Markets Authority.

Stakeholders

Al developers. Al developers need to be aware of what as-
sets are available. Ecosystem Graphs allows developers to
be made aware of new assets near-realtime as well as use
metadata to search the large space of assets. For example,
a startup may want to identify new video foundation mod-
els that are permissively licensed for commercial applica-
tions. In turn, the startup could simply filter on the website
by modality and license type to identify the appropriate as-
sets.

End users. Consumers deserve to know how the technology
they use was built, just as food in the US must be labeled
with its ingredients.® The graph structure and the simple web
interface make this practical: a user can look up the product,
see if it is in the graph, and trace its dependencies. This pro-
cess surfaces any existing mechanisms for feedback report-
ing, which could prove to be useful if the user experiences
an issue. The user would also be able to find documenta-
tion of similar issues or failures, should such documentation
exist(see Costanza-Chock, Raji, and Buolamwini 2022). In
the future, we imagine this information could become a ba-
sis for more formal consumer protections: if a user experi-
ences harm, what are their means for recourse? Or if they
pursue legal action, how might society attribute responsibil-
ity to different entities implicated upstream?

*https://www.fda.gov/food/food-ingredients-packaging/



Al researchers. Ecosystem Graphs provides an array of
functionalities that are relevant for Al research. For example,
understanding the downstream use of foundation models can
help ground research to practical impact. As an example,
many of the applications of text-to-image models like Stable
Diffusion diverge from what has been traditionally studied
in computer vision research, and billions have been invested
into language-based startups whose applications (e.g. copy-
writing) differ from standard tasks studied in natural lan-
guage processing (e.g. summarization). Ecosystem Graphs
enables reflection by the scientific community: understand-
ing (i) what is being deployed in society, (ii) the demand for
such technology, and (iii) the resulting societal impact can
help Al researchers build models that are more accurate, ef-
ficient, robust, and fair. In particular, this understanding can
bolster research on the risks of AI (Bender et al. 2021; Wei-
dinger et al. 2022; Bommasani et al. 2021; Abid, Farooqi,
and Zou 2021; Buchanan et al. 2021, inter alia) by tracking
how they release to observed harms or usage patterns.
Economists. FMs are general-purpose technologies (Bres-
nahan and Trajtenberg 1995; Brynjolfsson, Rock, and Syver-
son 2021) that define an emerging market (Eloundou et al.
2023; Bommasani et al. 2021, §5.5) in the (digital) economy
(Acemoglu and Autor 2010; Acemoglu and Restrepo 2018;
Agrawal, Gans, and Goldfarb 2021; Autor et al. 2022). Early
work shows that FMs can complete tasks of significant eco-
nomic value (Noy and Zhang 2023; Felten, Raj, and Sea-
mans 2023; Korinek 2023), i.e. the realizable market poten-
tial of FMs. Ecosystem Graphs naturally complements this
work by defining the realized impact of FMs at macro-scale,
complementing more grounded analyses such as Peng et al.
(2023) on developer productivity using GitHub Copilot and
Eloundou et al. (2023) on labor exposure using GPT-4.
Auditors. Auditors need to prioritize attention on auditing
assets of highest priority(see Metaxa et al. 2021; Raji and
Buolamwini 2019). To inform these decisions, Ecosystem
Graphs helps auditors to prioritize (i) assets with known re-
ports of “failures”, (ii) unsatisfactory “quality control” prac-
tices and (iii) assets with significant opacity (i.e. much is
unknown about the node). Further, auditors should factor in
the impact of these nodes: we recommend auditors target
algorithmic monocultures (Kleinberg and Raghavan 2021;
Bommasani et al. 2022) that are made legible by Ecosystem
Graphs. Namely, if an upstream asset has extensive down-
stream dependencies (e.g. ChatGPT is a hub that supports
many applications), then risks associated with this asset may
propagate downstream perniciously if unchecked. For exam-
ple, if a dataset like LAION-400M is subject to data poison-
ing (Carlini et al. 2023) or contains child sexual abuse ma-
terial, what are the downstream risks for assets built on the
dataset?

Case Study 1: UK CMA

The UK Competition and Markets Authority (CMA) is
the competition regulator for the United Kingdom. In May
2023, shortly after the release of Ecosystem Graphs, the
CMA announced that it would conduct market surveillance
on the foundation model supply chain to “help create an
early understanding of the market for foundation models and
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how their use could evolve”. Given that Ecosystem Graphs
was available, the CMA reached out to us and, over the
course of several months, we engaged with the CMA on di-
rectly using Ecosystem Graphs to conduct their activities
instead of creating a new database (their initial proposal).
In particular, we provided both technical guidance on how
to conduct data analysis and handle missing data in Ecosys-
tem Graphs, as well more qualitative learnings about the
foundation model ecosystem.

In the initial report of the CMA released in September
2023 (UK CMA 2023), the CMA makes extensive use of
Ecosystem Graphs. For example, the CMA uses our data
to identify which foundation model developers produce the
most foundation models. And, given the specific interest in
how open foundation models (i.e. those with widely avail-
able model weights) may differentially contribute to com-
petition as compared to more restricted/closed foundation
models, the CMA used our annotations to characterize the
distribution of release strategies as captured by our data.
The analysis indicated that, at the time of the report, 42%
of tracked models were released with open weights and that
most common license for licensed assets was the Apache 2.0
license. Based on subsequent discussions, the CMA plans to
continue using Ecosystem Graphs as a primary resource
to build market understanding, which may be emulated by
market surveillance authorities and competition regulators
in other jurisdictions.

Case Study 2: Al Index

The Al Index is an annual effort that tracks, collates, distills,
and visualizes data on trends in artificial intelligence. It is
recognized globally as one of the most credible and authori-
tative sources for data and insights on artificial intelligence:
the Index has thousands of academic citations, is used as a
primary resource for top-level policy-making on Al in many
jurisdictions, and is reported on in mainstream outlets like
Bloomberg and The New York Times. The 2024 AI Index
(Maslej et al. 2024) was launched in April 2024 as the sev-
enth edition with a dedicated section on foundation models.

In preparing the 2024 AI Index, Maslej et al. (2024)
reached out to use Ecosystem Graphs as the sole data
source for all analyses about foundation models. In total,
our data was the basis for five analyses featured in the In-
dex: trends in the number of foundation models, the sec-
tors developing foundation models, the release strategies for
foundation models, the organizations developing foundation
models, and the countries developing foundation models.
We provide some of these figures as examples (Figure 2,
Figure 3). In doing so, this use case also demonstrates how
data in Ecosystem Graphs can be merged with other infor-
mation such as information about companies (e.g. location
of headquarters, industry sector).

Related Work

To situate our work, we consider both our objective of in-
creasing transparency in Al and our methodology of supply
chain monitoring.
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Figure 2: Release strategies over time. Release strategies for foundation models based on Ecosystem Graphs data as reported

in the 2024 AI Index (Maslej et al. 2024).
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Figure 3: Geographic development over time. Geographic
regions for foundation model development based on Ecosys-

tem Graphs data as reported in the 2024 Al Index (Maslej
et al. 2024).
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Transparency in Al

We categorize efforts for transparency in Al into three cate-
gories.

First, evaluation is a widespread practice for articulating
the properties and measuring the behavior of systems: in
the research community, it is customary to evaluate systems
against particular benchmarks to assess their performance.
Evaluations can vary in the specific type of transparency (see
Bommasani et al. 2023b) they provide: some evaluations
quantify the accuracy of models (e.g. ImageNet; Deng et al.
2009), others stress-test models (e.g. CheckList; Ribeiro
et al. 2020) or adversarially identify failures (e.g. red-
teaming; Perez et al. 2022) and still others characterize mod-
els along a range of dimensions (e.g. HELM; Liang et al.
2022b). In general, while some efforts expand evaluation to
datasets (Bommasani and Cardie 2020; Swayamdipta et al.
2020; Ethayarajh, Choi, and Swayamdipta 2022; Mitchell
et al. 2022) or adopt methodologies from human-computer
interaction to consider human factors like user experience
(Lee, Liang, and Yang 2022; Lee et al. 2022), for the most
part, evaluation aims to characterize a specific model in iso-
lation.

Second, documentation is a growing practice for specify-
ing metadata about the broader context that situates model
and system development. Formative works like data sheets
(Gebru et al. 2018) and model cards (Mitchell et al. 2018)
brought this approach to the fore, complementing evalua-
tions by articulating design decisions and developer posi-
tions involved in creating assets. Subsequent efforts have
enriched these approaches to make these documentation ar-
tifacts more useful, accessible, or otherwise aligned to spe-



cific informational needs (Crisan et al. 2022).!° In general,
documentation efforts aim to contextualize a specific asset
against a broader social backdrop, often with an inclination
towards how the asset came to be and with greater uptake
for research-centric assets to our knowledge.

Third, analyses and critiques have become increasingly
relevant, showcasing much of the latent and oft-overlooked
underpinnings of Al development and deployment. These
works often bring questions of values and power to the fore,
frequently appealing to concepts or methodologies from the
social sciences and disciplines beyond computer science
(e.g. Dotan and Milli 2020; Ethayarajh and Jurafsky 2020;
Scheuerman, Hanna, and Denton 2021; Raji et al. 2021;
Koch et al. 2021; Denton et al. 2021; Paullada et al. 2021;
Birhane et al. 2022; Bommasani 2022). Rather than spe-
cific assets (other than for case study/illustration), analytic
work centers broader themes (e.g. algorithmic intermedi-
aries; Lazar 2023) or classes of technology (e.g. predictive
optimization; Wang et al. 2022a).

Our framework shares the objective of making Al (specif-
ically FMs) transparent. However, it differs along impor-
tant axes from all of these established approaches, perhaps
most closely resembling the documentation class (since, in-
deed, Ecosystem Graphs is a documentation framework).
In contrast to current interpretations of evaluation and doc-
umentation, Ecosystem Graphs is fundamentally about the
ecosystem rather any specific asset: the value of Ecosystem
Graphs arises from tracking all assets.!! This introduces a
variety of new challenges (e.g. partial observability of cer-
tain information, more complicated maintenance as there is
constant change across the ecosystem even if particular as-
sets may not change for extended periods). Further, Ecosys-
tem Graphs especially highlights the importance of ground-
ing out into applications (for which a general-purpose ana-
logue of data sheets and model cards does not exist to our
knowledge) and, more generally, moving beyond research
artifacts to commercial artifacts that affect broader society.
Finally, in comparison to analytic/critical methods, Ecosys-
tem Graphs retains much of the concreteness of evalu-
ation/documentation: we believe Ecosystem Graphs pro-
vides valuable descriptive understanding that could support
future normative analyses and critiques.

Beyond these distinctions, we emphasize that our contri-
bution extends beyond most prior works on documentation
in AL Concretely, most prior works (e.g. Gebru et al. 2018;
Bender and Friedman 2018; Mitchell et al. 2018) propose
the framework to document artifacts, perhaps with an addi-
tional proposal of who will conduct this documentation and
how/why. In contrast, we concretely execute, implementing
the Ecosystem Graphs framework in our codebase and pub-
lic website. This mirrors works like HELM (Liang et al.
2022b) where, in addition to designing an evaluation, the
contributions include evaluating all language models avail-

10See https://huggingface.co/docs/hub/model-cards.

""'We do note other works exist at ecosystem scale in other senses
such AI100 (Stone et al. 2022), Al Index (Zhang et al. 2021), and
various data/model repositories (Wolf et al. 2020; Lhoest et al.
2021); see https://modelzoo.co/.
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able at present. The infrastructure, sustained upkeep and, ul-
timately, the resource itself are what provide value: ensuring
transparency requires we follow through and enact the con-
ceptual frameworks we design.

Supply Chain Monitoring

At the technical level, Ecosystem Graphs foreground
the tracking of dependencies, whereas at the social level,
Ecosystem Graphs delineates institutional relationships.
Both of these constructs are encountered in almost every
mature industry and, therefore, have been studied across a
range of fields. Concretely, almost every commercial prod-
uct is the composite of some collection of materials/ingre-
dients, meaning it has a complex supply chain. As a result,
we specifically point to related work in open-source software
(which share similar implementation to Ecosystem Graphs)
and market structure (which emulate Ecosystem Graphs in
terms of organizations).

Open-source software. Much like FMs, open-source soft-
ware development is sustained by an immense network of
dependencies. Akin to our efforts to track the FM ecosys-
tem, the demand to track the open-source software ecosys-
tem is immense: the software bill of materials (SBOM) is a
national-level initiative of the US’s Cybersecurity and In-
frastructure Security Agency to maintain an inventory of
the ingredients that make up software (White House Exec-
utive Order 2021).'> These approaches have clarified how
to ensure compliance from different stakeholders (e.g. soft-
ware vendors) and how to standardize information to sup-
port a range of use cases, providing inspiration for the ab-
stractions we make in Ecosystem Graphs. To implement
this vision, a range of efforts have been put forth over the
years'? with applied policy work mapping out the sociotech-
nical challenges for maintaining and funding these efforts
(Ramaswami 2021; Scott et al. 2023). Further, they present
an exemplar of policy uptake towards mandatory public re-
porting of these dependencies as exemplified by the pro-
posed Securing Open Source Software Act of 2022.4 And,
much akin to the uses we consider, these efforts already have
shown how descriptive understanding of the ecosystem di-
rectly informs decision-making and characterizes the impact
of assets.!”

Market structure. In defining Ecosystem Graphs, we
made the fundamental decision to define the graph in terms
of assets. We contrast this with approaches more common in
disciplines like economics and sociology, where it would be
customary to instead foreground the organizations/institu-
tions responsible for creating these assets (Rowlinson 1997).
We believe this (fairly techno-centric) choice provides valu-
able leverage given the status quo: the number of assets is

12See https://www.cisa.gov/sbom.

13See https:/libraries.io/, http://deps.dev/, and https://ecosyste.
ms/.

“https://www.congress.gov/bill/117th-congress/senate-
bill/4913

5See https://docs.libraries.io/overview.html\#sourcerank and
https://github.com/ossf/criticality\ _score.



currently still manageable (on the order of hundreds to thou-
sands), the assets themselves are distinctive (e.g. they are
not exchangeable in the way oil or steel may be in other
market analyses), and specific assets markedly contextual-
ize our understanding of organizations (e.g. Stable Diffusion
dramatically shapes our perception of Stability Al). In spite
of these advantages, we point to a range of works that fore-
ground institutions in mapping out market structure and the
dynamics by which actors interact to shape the economy. For
example, given we draw upon a comparative analysis of the
FM ecosystem to the automotive ecosystem, Weingast and
Marshall (1988) demonstrate that institution-centrism better
allow for comparisons/juxtapositions across sectors. Alter-
natively, Einav and Levin (2010) showcase how grounding
to institutions facilitates various forms of measurement (e.g.
due to firm-level requirements on information disclosure).
Finally, many works in political and institutional sociology
prime us to view institutions as the natural unit for studying
power relations in modern networks and markets (Frickel
and Moore 2006; Dequech 2006; Fleury 2014, inter alia).

Conclusion

The social footprint of foundation models is rapidly esca-
lating. Foundation models mediate thousands of technolo-
gies affecting billions of people in aggregate. In general,
current understanding of the foundation model supply chain
is in its infancy and generally underwhelming. We intro-
duce Ecosystem Graphs to make progress towards recti-
fying this situation by promoting supply chain monitoring
through concrete tooling and a new centralized data reposi-
tory. Moving forward, we hope to see the community build-
ing on and contributing back to Ecosystem Graphs as we
collectively work towards a more mature foundation model
ecosystem.
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Ethical Concerns

By its nature, our work involves tracking an evolving ecosys-
tem with uncertainty surrounding coverage: as a result, anal-
yses based on our monitoring may be prone to overgeneral-
izing, and insufficiently considering the untracked nodes in
the ecosystem. Beyond this, we do not foresee significant
ethical concerns from this work or its use.

Research Positionality

The researchers involved in this work are situated at aca-
demic institutions: in large part, they are motivated to con-
duct this work by deficiencies in public and academic under-
standing of the supply chain and market impact of founda-
tion models.

Adverse Impact

We do not foresee any significant adverse impacts of this
work.
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