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CONTEXT & SCALE Foundation models (FMs), pre-trained on large datasets and adapted to a broad set of
applications, are revolutionizing the field of artificial intelligence (Al). Powerful FMs for language and weather
have recently emerged, proving that such models can be developed for complex systems. Here, we concep-
tualize FMs for the electric power grid to be trained on grid data. It is shown that grid FMs have the potential to
cope with the increasing complexity and uncertainties stemming from the energy transition by providing a
significant speed-up in computation of at least 3-4 orders of magnitude. A key benefit is the generalizability
of FMs that enables stakeholders to readily fine-tune the model for specific needs and their own proprietary
data in a scalable and economical way. These capabilities make the FM approach ideal for unifying data,
technology, and industry expertise toward a common goal. To develop such FM capabilities, we envision
the power system and Al communities joining forces in a “moonshot” to develop transformative Al capabil-
ities for the power grid, thereby supporting the energy transition.

SUMMARY

Foundation models (FMs) currently dominate news headlines. They employ advanced deep learning archi-
tectures to extract structural information autonomously from vast datasets through self-supervision. The re-
sulting rich representations of complex systems and dynamics can be applied to many downstream applica-
tions. Therefore, advances in FMs can find uses in electric power grids, challenged by the energy transition
and climate change. This paper calls for the development of FMs for electric grids. We highlight their
strengths and weaknesses amidst the challenges of a changing grid. It is argued that FMs learning from
diverse grid data and topologies, which we call grid foundation models (GridFMs), could unlock transforma-
tive capabilities, pioneering a new approach to leveraging Al to redefine how we manage complexity and

'._} Joule 8, December 18, 2024 © 2024 Elsevier Inc. 3245
- All rights are reserved, including those for text and data mining, Al training, and similar technologies.



mailto:hehamann.hh@gmail.com
mailto:alban.puech@epfl.ch
https://doi.org/10.1016/j.joule.2024.11.002
http://crossmark.crossref.org/dialog/?doi=10.1016/j.joule.2024.11.002&domain=pdf

¢ CellPress

Joule

uncertainty in the electric grid. Finally, we discuss a practical implementation pathway and road map of a
GridFM-vO0, a first GridFM for power flow applications based on graph neural networks, and explore how
various downstream use cases will benefit from this model and future GridFMs.

INTRODUCTION

Power grids are arguably the largest machines ever built by hu-
manity, as recognized by the National Academy of Engineering.’
Having survived the deregulation revolution at the dawn of the
new century, this aging and ever-expanding system is about to
face its biggest challenge. The energy transition, with its wide-
spread electrification and massive deployment of renewable
and distributed generation, is the main driver for this change,
affecting both the demand and supply sides of the market.>™
Furthermore, it is happening quickly. Climate change, manifest-
ing with more frequent high-intensity weather events, poses
additional challenges to system planners and operators.”’

In this context, it is clear that the operation, control, and plan-
ning of power systems will soon be pushed to their limits. As de-
picted in Figure 1, new computational methods and approaches
are needed to better tackle the challenges posed by increased
uncertainty and complexity. Machine learning (ML) and artificial
intelligence (Al) methods have shown promise for such purposes
in a wide spectrum of industries, with significant breakthroughs
in computer vision,® natural language processing,’ and intelli-
gent control.’® Such approaches rely on statistical algorithms
to learn from massive data, often enabling them to execute tasks
(e.g., regression, classification, detection, segmentation, fore-
casting, and generation) without human supervision.

Yet, despite significant progress in the application of Al/ML
methods to power systems,’'™'® wider adoption has been
impeded, particularly by a lack of readily available training data
and the limited transferability of developed models to adjacent
applications and system configurations.'® This is where, we
argue, foundation models (FMs) have an important role to play.
FMs are advanced Al models developed through self-supervised
learning, most often based on transformer architectures, that
generalize across various tasks after initial training on large data-
sets, enabling efficient adaptation to specific applications with
minimal labeled data. Text-based FMs like GPT-4,'® encoding
deep relationships in text, have enabled a wide range of new ap-
plications. Similarly, we anticipate that FMs for power grids,
trained on the diverse data that characterizes power grids, will
enable a broad set of new use cases.

In this article, we advocate for developing FMs for power grids:
what we refer to as GridFMs. We explain why we believe in their
potential, highlighting their anticipated strengths and weak-
nesses in light of the challenges posed by the evolving power
grid. We introduce a practical road map for implementing
GridFM-v0, an initial version of a GridFM for power flow applica-
tions, and discuss our vision for future GridFMs, pioneering a
new approach in leveraging Al to manage complexity and uncer-
tainty in the power grid.

In the following, we first highlight, in the “looming chal-
lenges” section, the looming power grid challenges associated
with the energy transition, which are further aggravated by ag-
ing infrastructure, swelling cybersecurity, and climate change
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concerns. We show how, by increasing the complexity and un-
certainty of the power grid, these drivers are creating a signifi-
cant gap in computational capabilities, which we propose to
overcome with FMs. We then review in the “foundation
models” section the strengths and weaknesses of FMs and
propose in the “proposed implementations for GridFM”
section the near-term and long-term development phases of
GridFMs that we argue will overcome current limitations and
enable scenarios, which are currently unattainable.

LOOMING CHALLENGES

As the energy transition accelerates, power grids face unprece-
dented challenges threatening their reliability and efficiency.

Distributed and renewable energy sources

Although a single coal plant can generate hundreds of mega-
watts predictably and reliably, large numbers of weather-
dependent renewable energy resources, such as wind and so-
lar, are required to produce the same power output. Current
methods to forecast 1 day or 1 h ahead still show forecast er-
rors of up to 10% and 3%, respectively,'® depending on the
energy source. Additionally, distributed energy resources
(DERSs), such as battery storage and electric vehicles, are
operated by independent power management systems and
are driven by user patterns with intrinsic uncertainties. Dealing
with the added uncertainty from reverse DER power flows,
multipoint injections, and weather-induced fluctuations re-
quires new voltage regulation methods, protection schemes,
and advanced (optimal) power flow analysis. The numbers of
controllable and dispatchable devices, as well as balancing
nodes, are expected to grow exponentially,’” with additional
thousands to millions to be added in the near future. Manag-
ing the associated variability and uncertainty will require
advanced stochastic optimization, scenario reduction, and
sampling-based approaches, which are computationally
more intensive than currently used deterministic methods,
especially for real-time demand-supply balancing. Further-
more, as the net load of DER-rich distribution branches seen
by transmission operators becomes more variable and less
predictable, effective grid management and planning will
become impossible without effective co-simulation frame-
works that integrate transmission and distribution analysis.
Yet, the computational cost of such simulations, at least
with existing technologies, is extremely high.

Everything inverter

For the future power grid, inverters will play a crucial role in main-
taining low cost at the grid’s edge. However, with increased
inverter proliferation, established control schemes and grid sta-
bility are challenged, while a more deregulated environment is
created. With more inverters connected, grid inertia—which sta-
bilizes phase, voltage, and frequency during transient events and
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Figure 1. The energy transition, aging infra-
structure, cybersecurity challenges, and
climate change greatly increase complexity
and uncertainty in operating, controlling,
and planning the power grid

This is creating a widening gap between existing
computational capabilities and the evolving needs
of the electric power industry.

Changes to demand and weather
patterns
Mass electrification of heating, transpor-
tation, and industry —in addition to climate
change and shifting demographics—
result in changing load profiles. Conse-
quently, the accuracy of classical short-
Distribution & term |oad forecasting has declined over
Transmission
A the past decade due, among other fac-
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tors, to changes in customer demand
and weather patterns, leading to out-of-
L distribution scenarios.”® To model de-

Complexity

is mostly tied to large synchronous generators—decreases,'®
unless more grid-forming converters are introduced. Because in-
verters are controlled by software, they can quickly adjust power
or disconnect, causing additional issues such as sub-synchro-
nous resonances and even trip large generators.'®

Despite the increasing adoption of standards,?° inverters
remain hard to predict and model, unlike physics-driven syn-
chronous generators. Quasi-static phasor simulations are used
to assess optimal power flow. For transient grid stability assess-
ment, however, computationally expensive electro-magnetic
transient (EMT) simulations®’ are required. They run mostly on
traditional central processing units (CPUs), which are flexible
for many algorithms but inferior in computational performance
to recent graphics processing units (GPUs), which are just start-
ing to get adopted in the industry, as, e.g., in Sun et al.?® Further-
more, CPU systems do not always scale well for larger EMT sim-
ulations when run on multiple CPU cores.”® For example,
consider ParaEMT — NREL’s EMT simulator®>?%; on a single
CPU, it runs a 1-s, 50-us resolution EMT simulation for the
WECC 240-bus system in 29 s. Another speed-optimized algo-
rithm?" takes 11 min to compute a 0.25-s window for a 52-bus
system at 1-us resolution. Grid operations, however, would
require EMT simulations to run in real-time and for large sections
of the grid, including distribution grid sections.

To further account for inherent network uncertainties and
those introduced by inverter-based resources (IBRs) and
DERs, stochastic ensembles of the problems must be simulated.
Altogether, such an approach is computationally very expensive
and, with current approaches, impractical.25 Thus, the commu-
nity mostly relies on offline simulators, such as PS CAD*° or
ParaEMT,*® while starting exploring Physics-informed neural
networks (PINNs) to reduce EMT simulation time.?’

mand uncertainty, utilities use multiple
scenarios for structural and random
drivers.”® Increasingly, they also forecast
at the power transformer level to manage
local dynamics,*° but this approach is costly and does not scale
due to the need for multiple models.
Short-term models
Short-term models for operations, running hourly to weekly, are
used for market bidding, unit commitment/economic dispatch,
operational planning, and security analysis, among others.®’
As stated before, uncertainty and variability are driven in part
by weather and human behavior, from societal aggregations to
individual households,* as well as by operator-induced indus-
trial activities. Economic factors, the increasing frequency and
intensity of extreme weather events with high prediction uncer-
tainty,* and growing system complexity (e.g., self-consumption
and electric vehicles) also contribute to variability. The resulting
complexity necessitates the selection and integration of new and
heterogeneous data sources (e.g., social networks and online
news) along with the frequent adjustment, rebuilding, and main-
tenance of models.
Long-term models
Long-term models, such as the regional energy deployment sys-
tem,>* are used for resource, infrastructure, and strategic plan-
ning. Uncertainty and variability at longer time scales are signif-
icantly driven by climate policy, technology adoption, and
regulatory changes. Instances of this include the combustion en-
gine phase out by 2035 in Europe—which resulted in a massive
increase in the long-term electricity demand forecast—or the US
Federal Energy Regulatory Commission’s rules on planning and
covering the cost of the power grid.*® To improve model accu-
racy, additional information that captures demographic changes
and changes in the distribution of wealth, which lead to different
societal and individual behaviors (e.g., heating, cooling, and
electromobility), as well as climate-change-induced environ-
mental shifts, must be integrated. Therefore, the capacity to
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Figure 2. Evolution in Al and ML methods, leading to the emergence of FMs

combine heterogeneous data sources, including information
in textual format, is a fundamental requirement to improve
predictability.

Aging infrastructure

Managing the vast amount of diverse equipment and aging infra-
structure—the US power grid has hundreds of thousands of
miles of transmission and millions of miles of distribution lines
with over 55,000 substations—constitutes a major challenge
on its own. Although some lines last up to 80-100 years,*® insu-
lators, transformers, and generators require frequent inspec-
tions, ideally through permanent sensing, which, given their
age and approaching end of life,®” may not always be installed.
Modeling these components in mostly unknown conditions is
difficult and may rely on computationally expensive stochastic
and ensemble models. Driven by growing demand, utilities are
increasingly exploiting their aging infrastructure toward its oper-
ational limits,®® reducing margins and leading to larger size con-
tingency analysis problems.*® In response, much faster grid
analysis functions are required, e.g., including grid contingency
events.

Moreover, the lowering of grid inertia through IBR integration
(see “everything inverter” section) is further amplified by the
retirement of old synchronous generators. The more frequent
use of synchronous generators for regulating purposes brings
them more often into operating zones where mechanical or ther-
mal stresses are significant, thus accelerating the aging of the
generators. IBR-related switching transients also disrupt exist-
ing protection relay schemes’® and increase grid behavioral
uncertainty.

Cybersecurity threats

DER and IBR technologies are currently being developed and
deployed without robust regulatory frameworks mandating
essential cybersecurity standards, hence increasing the associ-
ated cybersecurity threats. Interconnection and interoperability
standards, such as IEEE Std. 1547, requires DERs and IBRs to
communicate with clients, vendors, aggregators, and grid oper-

3248 Joule 8, December 18, 2024

ators for monitoring and control. In practice, however, communi-
cation often occurs over inadequately secured public and private
networks, expanding the cyberattack surface.*’ Consequently,
critical vulnerabilities are frequently discovered in commercial
DERs and IBRs, such as electric vehicle charging stations*?
and PV inverters,*® increasing the likelihood of major cyberat-
tacks.** As the penetration of DERs and IBRs increases, syn-
chronized cyberattacks targeting DERs or IBRs could cause
grid reliability issues, from localized instability to system
collapse.*" This risk is exacerbated by reduced grid inertia and
contingency reserves due to reliance on zero marginal cost re-
newables. Additionally, control and management responsibilities
for DERs and IBRs are often delegated to aggregators, vendors,
and customers. This delegation complicates risk assessment,
incident detection, and response—as visibility barriers are
created for grid operators—introducing uncertainty and black-
box behavior for large sections of their grid. With the lack of
real-time data, these barriers create significant additional
computational burdens for automated and accelerated data
analysis to search for fraudulent injections.

FOUNDATION MODELS

Having identified the growing gaps between computational ca-
pabilities and industry needs amidst the energy transition, we
now introduce FMs, laying the groundwork for our vision of
GridFMs.

The FM approach

To understand the FM approach, it is helpful to review the evolu-
tion of Al and ML as depicted in Figure 2. Early hand-crafted
symbolic expert systems, from the 1960s onward, were limited
and brittle. The 90s brought big data and general-purpose ML
that, however, still often depend on task-specific hand-crafted
features. In 2012, deep learning, enabled by increased computa-
tional performance, started to disrupt the Al world*® but was
more often than not used to train models on large, annotated
datasets in a supervised way, making them task-specific.
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Recently, FMs have emerged. They learn from data through self-
supervision and large content-rich datasets,*® and have proven
to generalize across many applications. FMs draw their potential
from being able to train on very large datasets, which have not
been annotated and thus are more easily available than labeled
datasets, as required for supervised learning. The FM approach
is a three-step process, as shown in Figure 3:

Pre-training

A general-purpose FM is developed through self-supervised
pre-training and a suitable architecture, often based on a trans-
former model with encoder and decoder components. This step
involves a reconstruction task where the model reconstructs
masked parts of the data.

Fine-tuning

The pre-trained FM is customized for various downstream tasks
and applications with minimal labeled data by attaching a task-
specific decoder head and performing a few training iterations.
Inference

The fine-tuned FM is deployed to allow users to request predic-
tions at low computational cost.

The development of FMs involves extensive pre-training on
datasets of tens of terabytes and models with hundreds of mil-
lions or even billions of parameters.*” However, in contrast to
what one might assume, even bespoke Al models can be very
complex and expensive to train. For example, the non-founda-
tion and application-specific weather Al models, Graphcast
(for forecasting) and CorrDiff (for downscaling), were trained on
32 TPU devices*® and on 128 A100 GPUs,*° respectively.

The key advantage of FMs is that once developed, they can
be readily adapted to multiple downstream applications via
fine-tuning with minimal labeled data. Thus, the cost of model
pre-training can be spread across numerous applications.
These economies of scale make it feasible to employ Al for
niche applications, for which developing a dedicated traditional
Al model might be prohibitively expensive or technically
infeasible.

Supervised

Encoder/decoder
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Figure 3. FM life-cycle phases (1) pre-
training, (2) fine-tuning, and (3) inference
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FM pre-training encodes underlying
patterns from the supplied data in
model parameters. Successful examples
of FMs to date include text-based large
language models (LLMs)*” and also
weather forecast models,*” in which these
patterns are linguistic and Physics-driven
temporal-spatial relationships, respec-
tively. LLMs have been shown to be
applied successfully to certain power sys-
tem problems.'* By contrast, our focus
here is on GridFMs that go beyond text,
which will eventually be able to handle
multiple data modalities intrinsic to power
grid operations. Modalities of interest
include network topologies, sensor data
from phasor measurement units (PMUs),
alarms, SCADA systems, advanced metering infrastructure
(AMI), load, generation, weather, and market data.
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Salient advantages

We next review salient features of Al in general and FMs in partic-
ular that hold significant potential for enhancing power grid
applications.

Predicting “tokens”

In transformer models, a token is defined as the smallest funda-
mental unit of data (e.g., a character sequence or image patch).
FMs have been shown to excel at predicting missing tokens
based on context, enabling tasks such as sentence completion,
programming assistance, and question answering in the text
domain.®" This capability extends beyond text to fields such as
time-series, audio, or video, where FMs predict the next or missing
values.®?

Homogenization and scaling

FMs represent a paradigm shift in Al, offering a scalable and stan-
dardized approach and making niche applications commercially
viable. This Al-as-a-platform approach promises to simplify op-
erations by allowing a few FMs to replace many specialized
models. For example, a single geospatial FM for earth observa-
tion has been fine-tuned for tasks such as flood segmentation,
land-use classification, and heat island regression.53
Accelerating simulations

Al models, in general, including FMs, can emulate physics-
based simulations with impressive accuracy and efficiency,
potentially combined with physics-informed ML.?” The efficiency
gains originate from Al models directly mapping inputs to out-
puts, unlike traditional physics-based simulations that solve par-
tial differential equations iteratively. Recent Al models®* emulate
numerical weather prediction models®® with comparable fore-
casting skills but up to 4-5 orders of magnitude lower computa-
tional cost®® during inference. These game-changing advances
improve the spatial and temporal resolution of forecasts and,
combined with Al techniques such as diffusion-based models,”’
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facilitate the creation of large ensembles for uncertainty estima-
tion. Another salient advantage of using Al for emulating simula-
tions lies in the fact that no a-priori assumptions are required, but
rather the Al model can learn the full physics directly from the
data or observations. We argue that exactly these characteris-
tics of Al in general and FMs in particular are crucial for bridging
the computational gaps shown in Figure 1.

Hurdles to implementation

Here, we discuss potential hurdles associated with implement-
ing FMs for the power grid while suggesting solutions.

Need for data

FMs, similar to other deep learning models, are data hungry.
For example, the Llama3 LLM, with 70 billion parameters, is
trained on 15 trillion tokens of text.”® By way of comparison,
the power sector globally generates several times that volume
daily.>® Considering the groundbreaking capabilities of LLMs in
open-ended systems where context and semantics are not
consistently described by mathematical equations, we are
confident about this technology’s potential for the power grid.
Diverse and high-quality datasets required for training grid
FMs will, however, still have to be assembled to cover the full
spectrum of scenarios and situations. Addressing transmission
grid problems first, where data are available in a more stan-
dardized form, e.g., PMU or power flow data, will help demon-
strate the value of FMs for the grid. This will create incentives
for data at the distribution level, which currently are much
more heterogeneous and of less quality,’® to be collected,
curated, and made available in suitable formats for use with
Al and FMs at a larger scale.

Data accessibility

Data accessibility is another hurdle to overcome. Grid data are
heterogeneous and distributed, are owned by multiple entities,
and have special security and privacy measures. A potential
solution to this barrier includes privacy-preserving federated
learning®” and secure enclave technologies.®> Such ap-
proaches may enable multiple data owners to train models
collaboratively without sharing their local data with a central
server, thus preserving privacy and complying with data pro-
tection regulations. Additional schemes, such as differential pri-
vacy and homomorphic encryption, can be integrated into
federated learning frameworks,®® ensuring that sensitive infor-
mation remains protected during training. Secure enclaves, in
contrast, create a trusted execution environment for secure
processing of sensitive and proprietary data during FM training.
Moreover, simulated data from real and synthetic systems can
complement and provide scenarios under various conditions,
such as extreme weather conditions, component failures, and
cascading failure events.” As discussed further in “propose
implementations for GridFM” section, GridFMs might be devel-
oped by synthetic data, which are then updated and verified
with proprietary data behind the user’s firewall. However, it is
important to consider that electrical networks evolve for various
reasons, such as network reinforcement, which changes topol-
ogies and operating conditions, or new business models (e.g.,
local energy communities), which change the operating profiles
of assets connected to the network, requiring continual learning
of the FM.
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Trust

Notwithstanding the scenario in which all necessary data,
whether synthetic or real, can be cleared and collected for use,
there still remains the age-old question of whether the data
and, consequently, a data-driven model can be trusted. In gen-
eral, power system operators prefer interpretable models over
black-box models so that the root causes of choices by
advanced tools can be better understood, and heuristic solu-
tions can be developed. Although the debate on the trustworthi-
ness of Al will continue, there is evidence that Al models can
match the performance of first-principle physics-based models,
at least for specific applications.®* Performance alone, however,
does not seem to be necessarily a sufficient condition for trust
because even conventional solvers can have stability and
convergence challenges,®® which we have found ways to deal
with through decades of usage.

Referring back to the recent breakthroughs of Al emulators for
weather, it was demonstrated that Al could, indeed, encode the
actual dynamics of certain physical systems and generalize to
unseen events in ways that allow it to have comparable perfor-
mances to a physics- and simulation-based model.?® In some
cases, e.g., for an Al power flow emulator, which is discussed
in “propose implementations for GridFM” section, the Al results
can be immediately verified by using the physics equations. In
other cases, where such ad-hoc verification is not possible, a
consistent way is required to evaluate the model for out-of-sam-
ple scenarios. In the longer term, a set of standards must be
developed as to what performances must be achieved for a
given out-of-sample scenario. Toward that end, ISO has already
developed the first family of standards, e.g., ISO/IEC 24029-2.°7
The European Union’s recently published Al Act®® defines two
concepts to boost trust in Al-based systems and data sharing:
(1) testing and experimentation facilities that combine physical
and virtual environments to evaluate and certify their latest Al-
based software and hardware and (2) the data spaces concept
aims to remove barriers to data sharing, such as interoperability,
trust, and privacy, while keeping sovereignty and full control
of data.

Malicious use

FMs can be used as a sandbox to accelerate the development of
adversarial attacks. For example, FMs’ potential for scalable
data imputation, combined with their ability to predict grid oper-
ating conditions, could be exploited by adversaries to infer sen-
sitive information about a target power system.®® Therefore, it is
imperative to continuously assess the extent to which misusing
such technology can augment malicious actors’ attack capabil-
ites and to adapt cybersecurity defenses and policies in
response.”’

PROPOSED IMPLEMENTATIONS FOR GridFM

The broader vision of a GridFM is the enablement of all or as
many applications as possible. However, even if initially
GridFMs would only be suitable for a single application, the su-
perior adaptability of FMs over bespoke Al models through
fine-tuning to thousands of different utilities with their specific
data and requirements justifies the FM approach.
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Figure 4. Applications: examples of power system problems to be solved with GridFMs

In the above context, fine-tuning can mean different things. A
GridFM may be fine-tuned to a set of diverse applications, such
as load forecasting, fault detection, and others. Initially, this may
be too ambitious and challenging, considering the diversity of
downstream applications as shown in Figure 4, each requiring
different data, temporal scales, and pre-training strategies. But
fine-tuning may also refer to tailoring a GridFM for a given appli-
cation with user-specific (and potentially private) data to the
particular user needs and requirements. For example, just in
the United States, there are 3,200 utilities,”" with their own pri-
vate and siloed data and grid-specific requirements. These util-
ites may not have sufficient data by themselves but could
directly profit from the proposed approach. This multi-level
fine-tuning approach is not unlike what can be observed in geo-
spatial or weather FMs, where FMs have shown excellent adapt-
ability to different geographic regions and spatial and temporal
resolutions for a given downstream application.®*%"*

We thus propose an implementation road map as outlined in
Figure 5, with a first, more specific version of GridFMs, pre-
trained for power flow applications (GridFM-v0), which is ex-
pected to provide real-world benefits in the next 1-3 years. In
the long term, we envision expanding and addressing more
grid applications by including more diverse data modalities to
pre-train a single GridFM or by combining different GridFMs,
as discussed in the “long-term vision: GridFMs for a broader
set of applications in power systems” section. The rationale to
start with power flow is as follows:

A highly relevant pre-training task

FMs are known to excel when the pre-training task is closely
related to the enabled downstream applications.”* Conse-
quently, with AC power flow at the core of power system anal-
ysis,”® its reconstruction is an ideal pre-training task for
GridFM-v0. This enables power-flow-related applications in the
area of load flow (optimal power flow, state estimation, and po-
wer flow), system security (contingency analysis and cascading
failure), and beyond.

Al power flow models are computationally more efficient

Current power flow solvers, e.g., using Newton-Raphson
methods, are computationally expensive, especially for large
grids. For instance, for an N-1 contingency analysis on the West-
ern Interconnection, it takes approximately 5 min per scenario,”®
whereas meeting the NERC TOP-001-3 requires running these
analyses within a limited time period. In contrast, GridFM-vO0 is

projected to achieve a computational speed-up of 3 to 4 orders
of magnitude over conventional solvers, as demonstrated on
IEEE grid cases with up to 118 buses.”” For larger grids, we
anticipate a similar or greater speed-up because GNNs exhibit
linear complexity in the number of grid buses,’”® whereas
Newton-Raphson methods scale quadratically with the number
of buses.”® This significant efficiency gain will enable real-time
analysis of multiple scenarios of more complex grids,”” which
will become crucial for maintaining system stability and opti-
mizing future grids under uncertainties stemming from the en-
ergy transition and from climate change.”®

There have been significant advances in GNN-based
power flow

Using GNNs to represent the power grid and mapping power
flow to the message-passing scheme of GNNs has been suc-
cessfully demonstrated recently.”” These models replicated
the results of traditional power flow solver with less than 1% error
on the predicted quantities despite past GNN training chal-
lenges.?® Although these models were trained in a supervised
way, recent results of the previously discussed GNN-based
weather FMs®%’>"® indicate that learning power flow with
GNNs in a self-supervised way is a valid approach for a
GridFM. Furthermore, large-scale data FMs based on GNNs
have already been developed,*® and a comprehensive review
can be found in Mao et al.®’

Near term: GridFM-v0, a GridFM for power flow
applications

The four phases as foreseen for the development of GridFM-vO0,
and as depicted in Figure 5, are discussed in detail in the
following sections.

Phase 1: Identify, collect, and generate training data
Training GridFM-v0 requires a large collection of solved power
flow problems for different grid topologies, parameters, and
different load conditions. In recent years, large power grid data-
sets have been made available, created by (1) collecting grid
topology and measurement data, (2) generating varying syn-
thetic load conditions per grid model, and (3) using established
solvers to compute a wide range of power flow solutions under
different operational conditions. We aim at using the dataset
provided by Varbella et al.,’® which contains power flow solu-
tions under real load conditions on four different grid topol-
ogies. Additionally, to complement these data, diverse power
flow problems using traditional power flow solvers®*%* will be
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computed, with power grid topologies from PGLIB-OPF®® and
standard IEEE benchmarks and with topology and load pertur-
bations. Consequently, our model will be pre-trained on data
from realistic topologies with a broad range of operational con-
ditions. This approach facilitates the model to generalize well
across topologies, as demonstrated in Varbella et al.®® For
model fine-tuning, datasets from Varbella et al.?® for system se-
curity analyses and Lovett et al.®’ for optimal power flow (OPF)
will be used. The latter contains 300,000 solved optimal power
flow problems for 10 different grid topologies each, including
solutions for N-1 contingency analysis, with grid sizes ranging
from 14 to 14,000 buses.

Phase 2: Model architecture development

In the second phase, suitable architectures will be evaluated by
pre-training performance analysis and by adjusting models,
training strategies, and loss functions. Figure 6 illustrates the
masked auto-encoder (MAE) pre-training task of GridFM-vO.
Intuitively, the grid is modeled as a graph, where nodes represent
electrical buses with active power, reactive power, voltage
magnitude, and voltage angle, (p;,q;, Vi, 6;), as node variables.
We opted for this graph representation of power systems, but
others can also be considered.®® Transmission lines and trans-
formers are modeled as graph edges. An autoencoder®®:%° is
trained in a self-supervised manner to reconstruct masked
node features from power flow solutions, each corresponding
to a specific topology and load condition. This amounts to solv-
ing the power flow equations. During training, the loss function
ensures meaningful reconstruction of node variables within the
physical constraints. The total loss £ = Lsce + Lpowerflow COM-
bines the scaled cosine error (SCE),%° which minimizes the dis-
tance between the original and reconstructed graphs, and
Lpowerfiow, Which ensures that the power flow equations are satis-
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fied. Recent studies show that an approach using physics-
informed methods is the most effective for solving OPF. For
example, Chatzos et al.”’ demonstrated that a hybrid loss func-
tion provides high-fidelity approximations for large-scale OPF,
whereas Nellikkath et al.”? confirmed that this approach
best solves AC OPF by integrating data-driven learning
with physical laws. FMs, as a concept, are designed to incorpo-
rate diverse methods, including GNNs and PINNs, into a
unified framework, enabling them to generalize effectively and
adapt to various tasks, such as solving OPF problems.

Phase 3: Model scaling and validation on industry data
Due to regulatory constraints, it is unlikely or at least chal-
lenging to gain full access to sensitive data from operational
power grids.”*%° To ensure the model’s accuracy and rele-
vance in practical applications, it is therefore imperative that
a GridFM be validated on operational data and real grid topol-
ogies. To address these challenges, an iterative approach is
adopted. Our GridFM-v0 will initially be pre-trained and tested
on openly available data. Subsequently, it will be re-trained and
validated in collaboration with electricity utility partners behind
the firewall in a secure compute environment. The results of
these validations will guide us to generate more suitable syn-
thetic training data, update the architecture, loss functions,
etc., so that the improved GridFM yields satisfactory results
in real-world conditions once fine-tuned. This approach en-
sures that the GridFM remains performant and aligned with in-
dustry needs without exposing nor pre-training the model on
proprietary data.

Phase 4: Implement power flow-based use cases
GridFMs are anticipated to achieve a computational speed-up of
3 to 4 orders of magnitude over traditional power flow solvers, as
stated previously, which will directly benefit various applications.



Joule

MASKED INPUT

¢? CellPress

RECONSTRUCTED INPUT

Eﬂlﬂ’\ﬂﬂlﬂ

EE@lmlla
,ﬂﬂlﬂ

Plolviel

Figure 6. GridFM-vO0 is pre-trained to reconstruct masked power flow data from input graphs

Complementing numerical power flow solvers. For applica-
tions that require solving power flow frequently, and where
speed is critical, linear approximations (such as DC power
flow®®) are typically used. For these applications, faster Al-based
power flow solvers offer a trade-off between traditional DC po-
wer flow and AC power flow solutions. We expect minimal
fine-tuning of these models because the task is equivalent to
the suggested pre-training reconstructing task.

Contingency analysis. Contingency analysis is essential for as-
sessing grid resilience. On a grid with 1,000 lines, simulating the
loss of each individual line requires solving 1,000 distinct power
flow problems. However, when considering scenarios that
involve the simultaneous loss of any two components, the
number of power flow analyses increases dramatically to

1,000
(72") -
1,000 times faster, operators will be able to perform contingency
analyses across a much larger set of scenarios. For example,
solving 499,500 scenarios with Al-based methods would take
roughly the same time as solving only about 500 scenarios using
conventional physics-based solvers. Therefore, a GridFM-v0 will
greatly enhance grid analyses and contribute to operating and
planning under uncertainty.

The power grid is continuously evolving; therefore, the
GridFM-v0 must be able to account for different network topol-
ogies and different operating conditions of a same grid. This
can be accomplished by training the model on grids with topo-
logical perturbations, as already demonstrated by Piloto
et al.,”” or by additionally training the same model on entirely
different grid topologies, as done in Varbella et al.®®
OPF. The authors in Piloto et al.?” trained a model on synthetic
data and demonstrated an OPF speed-up of 2 to 4 orders of
magnitude while maintaining errors of less than 1% in the objec-
tive value. Solving the OPF translates into fine-tuning the GridFM
for reconstructing the generator power to minimize generation
costs. Reconstructed node variables must adhere to bounds
(e.g., generator capacity constraints), making this problem chal-

499, 500. By utilizing a power flow solver that is

lenging. However, GridFM-v0 can be hierarchically integrated
into optimization schemes where generator power is iteratively
adjusted, solution feasibility is checked, and other variables
are determined using the power flow solver.

Long-term vision: GridFMs for a broader set of
applications in power systems

In the “near-term: GridFM-v0, a GridFM for power flow applica-
tions” section, we explored an initial version of GridFM for power
flow applications, already addressing important challenges of
the industry. The long-term objective, however, is to address
as many applications from Figure 4 as possible, using a single
GridFM or a family thereof, fully exploiting FM capabilities.
Here, we discuss how to build new industry-relevant applica-
tions on top of GridFM-v0.

Extending GridFM-vO to a GridFM capable of handling
new applications

Forecasting. GridFM-v0 was pre-trained to reconstruct power
flow data for a single time step. This can be readily extended
to pre-training to reconstruct power data over multiple consecu-
tive time steps, similar to Weather FMs.”® This enhancement will
enable the forecasting of future grid states. By incorporating
weather and climate data into the node embeddings, we will
further improve the model’s ability to predict generation and
anticipate weather-induced grid disturbances.

Transient and dynamic stability analysis. In addition to training
GridFMs on static power flow data, such as in the case of
GridFM-v0, the pre-training can additionally involve reconstruct-
ing high-resolution real-time data obtained from PMUs, which
enables effective transient-state estimation. This approach will
facilitate rapid fault current detection and localization, efficient
system restoration, and disturbance mitigation.’® Additionally,
the generator rotor angle and voltage differential-algebraic equa-
tions can be added to the model using physics-based ML tech-
niques® to, e.g., assess the grid’s stability margins.

Control operations. There are two concrete ways in which
GridFMs will help in control operations. First, the generative
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capabilities of FMs, such as serving as conditional load and
generation scenario generators, can be used to construct sce-
nario trees that are inputted to multistage stochastic program-
ming algorithms, as done in Heitsch et al.’°° and Growe-Kuska
et al.”’" Second, we can use GridFM-v0 and GridFMs in gen-
eral as digital twins of power grids within reinforcement learning
(RL) environments. Leveraging digital twins (data-driven repre-
sentations of systems) enables faster computation of state
transitions during RL training. This also allows RL agents to
be trained on systems with highly complex dynamics that are
difficult to model explicitly, such as distribution networks. As
demonstrated in Hua et al.,'® a digital twin of a distribution
network was used to train an RL agent, improving decision-
making in both planning and operations. Third, GridFMs can
also be used as a pre-trained representation for RL agents,
for which FMs have been shown to be a valuable asset.'*
Expansion planning. The pre-training of GridFM-v0, which in-
volves reconstructing node-level masked power flow data,
can be complemented by edge masking and reconstruction.
Extending this approach further, we will leverage the model’s
generative capabilities to also propose new grid topologies
that optimize for capacity expansion. By integrating constraints
such as network reliability, load growth forecasts, and eco-
nomic cost factors, GridFM can generate topologies that mini-
mize congestion, maximize redundancy, and ensure efficient
power distribution. Optimizing grid topology and resource
dispatch co-optimization has already been achieved with
GNNs in Authier et al.’®

Cybersecurity. GridFMs can be fine-tuned for anomaly detec-
tion tasks to identify patterns that signal potential cyber intru-
sions or physical failures.'®® We can also use GridFMs to identify
vulnerabilities and conditions that lead to cascading failures.'®®

Although the use cases mentioned above are the most
apparent, experience with FMs and LLMs shows that once a
model is available, numerous new applications can emerge.
Therefore, the reader is encouraged to begin considering these
possibilities because FMs for the power grid will soon become
a reality.

Building multi-modal GridFMs

Ideally, GridFMs should be able to handle more than one set of
application tasks. This can be done by combining multiple
GridFMs together'®® or by building self-contained stand-alone
larger models, ingesting multi-modal spatial, temporal, and
text data.'* Finally, concepts such as mixture-of-experts (MoE)
frameworks'?” can be exploited to compose GridFMs from a
family of GridFMs.

Regardless of the method used, GridFMs will need to handle
diverse data modalities in the long term, to account for complex
external factors—such as climate, weather, economic and so-
cietal influences, distributed power sources, and the electrifica-
tion of mobility and heating.”® Training multi-modal FMs re-
quires creating tokens for each modality, aligning them in
space and time, and potentially normalizing or reducing their
dimensionality.'°® Consequently, tasks beyond power flow
and grid topology reconstruction'®® will need to be incorpo-
rated for pre-training. This approach has been demonstrated
with models such as 4M,"'° which unifies different modalities
into discrete tokens for computer vision. We anticipate that
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the number of trainable parameters for such models could
approach those of weather models, reaching hundreds of
millions.>% """

CONCLUSIONS AND DISCUSSION

The rapid emergence of FMs is reshaping the Al landscape.
Although FMs are well established for text and image analysis,
here, we have introduced the idea of GridFMs: FMs for the power
grid, able to learn from grid-relevant data to improve power grid
operations, planning, and control. We first highlighted the
strengths of FMs, which include excellent token prediction skills
(signal reconstruction and forecasting), broad adaptability and
scalability, and simulation acceleration. To demonstrate that
GridFMs are well suited to close the growing gaps between
computational capabilities and the industry’s need to cope
with the increasing uncertainty and complexity of the power
grid, we draw on the experiences of FMs for weather forecasting.
The latter is a domain characterized by apparently intractable
complexity. Nevertheless, we have seen scalable and adaptable
FMs to produce much more computationally efficient models by
more than 4 orders of magnitude than traditional weather fore-
casting models.

We have outlined concrete implementation phases to create
an initial version, GridFM-v0, which is pre-trained on power
flow data and tailored to accelerate power flow-related down-
stream applications (e.g., optimal power flow and contingency
analysis). In the same way that FMs have been able to learn
the fundamental equations governing weather, we envision
GridFM-v0 to learn power flow, thereby creating a much more
efficient model. The key advantage of such a GridFM-v0 is that
once pre-trained on multiple grids and various networks and
operating conditions, it can be readily fine-tuned to specific
grid topologies and user requirements based on their own pri-
vate data.

This paper advocates for research and development of FMs
for the power grid to facilitate the energy transition through
collaboration between the various stakeholders. All stakeholders
will benefit from GridFMs simply by fine-tuning it to their specific
needs and with their proprietary data and knowledge —without
re-developing a full bespoke Al model each time. Toward this
end, we envision, under the leadership of industry associations
and open source initiatives, for the community of stakeholders
to join forces and make the required investments to research
and develop GridFMs in open source, thereby revolutionizing
power grid analysis and leveraging Al advancements to meet
common goals and needs.
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