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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 (AI). 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 AI communities joining forces in a ‘‘moonshot’’ to develop transformative AI 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 AI to redefine how we manage complexity and
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uncertainty in the electric grid. Finally, we discuss a practical implementation pathway and road map of a
GridFM-v0, 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.1

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.2–4

Furthermore, it is happening quickly. Climate change, manifest-

ing with more frequent high-intensity weather events, poses

additional challenges to system planners and operators.5–7

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 (AI) methods have shown promise for such purposes

in a wide spectrum of industries, with significant breakthroughs

in computer vision,8 natural language processing,9 and intelli-

gent control.10 Such approaches rely on statistical algorithms

to learn frommassive 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 AI/ML

methods to power systems,11–13 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.14 This is where, we

argue, foundation models (FMs) have an important role to play.

FMs are advanced AImodels 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-4,15 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 AI 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,16 depending on the

energy source. Additionally, distributed energy resources

(DERs), 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,17 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



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.
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is mostly tied to large synchronous generators—decreases,18

unlessmore 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.19

Despite the increasing adoption of standards,20 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) simulations21 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.22 Further-

more, CPU systems do not always scale well for larger EMT sim-

ulations when run on multiple CPU cores.23 For example,

consider ParaEMT – NREL’s EMT simulator23,24; on a single

CPU, it runs a 1-s, 50-ms resolution EMT simulation for the

WECC 240-bus system in 29 s. Another speed-optimized algo-

rithm21 takes 11 min to compute a 0.25-s window for a 52-bus

system at 1-ms 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 problemsmust 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 CAD26 or

ParaEMT,23 while starting exploring Physics-informed neural

networks (PINNs) to reduce EMT simulation time.27
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-

term load forecasting has declined over

the past decade due, among other fac-

tors, to changes in customer demand

and weather patterns, leading to out-of-

distribution scenarios.28 To model de-

mand uncertainty, utilities use multiple

scenarios for structural and random

drivers.29 Increasingly, they also forecast

at the power transformer level to manage
local dynamics,30 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.31

As stated before, uncertainty and variability are driven in part

by weather and human behavior, from societal aggregations to

individual households,32 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,33 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-termmodels, such as the regional energy deployment sys-

tem,34 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.35 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
Joule 8, December 18, 2024 3247



Figure 2. Evolution in AI and ML methods, leading to the emergence of FMs
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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,36 insu-

lators, transformers, and generators require frequent inspec-

tions, ideally through permanent sensing, which, given their

age and approaching end of life,37 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,38 reducing margins and leading to larger size con-

tingency analysis problems.39 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

themmore 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 schemes40 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.41 Consequently,

critical vulnerabilities are frequently discovered in commercial

DERs and IBRs, such as electric vehicle charging stations42

and PV inverters,43 increasing the likelihood of major cyberat-

tacks.44 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.41 This risk is exacerbated by reduced grid inertia and

contingency reserves due to reliance on zero marginal cost re-

newables. Additionally, control andmanagement 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 AI 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 AI world45 but was

more often than not used to train models on large, annotated

datasets in a supervised way, making them task-specific.



Figure 3. FM life-cycle phases (1) pre-

training, (2) fine-tuning, and (3) inference
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Recently, FMs have emerged. They learn from data through self-

supervision and large content-rich datasets,46 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.47 However, in contrast to

what one might assume, even bespoke AI models can be very

complex and expensive to train. For example, the non-founda-

tion and application-specific weather AI models, Graphcast

(for forecasting) and CorrDiff (for downscaling), were trained on

32 TPU devices48 and on 128 A100 GPUs,49 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 AI for

niche applications, for which developing a dedicated traditional

AI model might be prohibitively expensive or technically

infeasible.
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)47 and also

weather forecast models,50 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.14 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.

Salient advantages
Wenext review salient features of AI 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.51 This capability extends beyond text to fields such as

time-series, audio, or video,where FMspredict the next ormissing

values.52

Homogenization and scaling

FMs represent a paradigmshift in AI, offering a scalable and stan-

dardized approach and making niche applications commercially

viable. This AI-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

AI models, in general, including FMs, can emulate physics-

based simulations with impressive accuracy and efficiency,

potentially combinedwith physics-informedML.27 The efficiency

gains originate from AI models directly mapping inputs to out-

puts, unlike traditional physics-based simulations that solve par-

tial differential equations iteratively. Recent AI models54 emulate

numerical weather prediction models55 with comparable fore-

casting skills but up to 4–5 orders of magnitude lower computa-

tional cost56 during inference. These game-changing advances

improve the spatial and temporal resolution of forecasts and,

combined with AI techniques such as diffusion-based models,57
Joule 8, December 18, 2024 3249
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facilitate the creation of large ensembles for uncertainty estima-

tion. Another salient advantage of using AI for emulating simula-

tions lies in the fact that no a-priori assumptions are required, but

rather the AI model can learn the full physics directly from the

data or observations. We argue that exactly these characteris-

tics of AI 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.58 By way of comparison,

the power sector globally generates several times that volume

daily.59 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,60 to be collected,

curated, and made available in suitable formats for use with

AI 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

learning61 and secure enclave technologies.62 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,63 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.13 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 AI will continue, there is evidence that AI models can

match the performance of first-principle physics-based models,

at least for specific applications.64 Performance alone, however,

does not seem to be necessarily a sufficient condition for trust

because even conventional solvers can have stability and

convergence challenges,65 which we have found ways to deal

with through decades of usage.

Referring back to the recent breakthroughs of AI emulators for

weather, it was demonstrated that AI 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.66 In some

cases, e.g., for an AI power flow emulator, which is discussed

in ‘‘propose implementations for GridFM’’ section, the AI 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 24029–2.67

The European Union’s recently published AI Act68 defines two

concepts to boost trust in AI-based systems and data sharing:

(1) testing and experimentation facilities that combine physical

and virtual environments to evaluate and certify their latest AI-

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.69 Therefore, it is

imperative to continuously assess the extent to which misusing

such technology can augment malicious actors’ attack capabil-

ities and to adapt cybersecurity defenses and policies in

response.70
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 AI models through

fine-tuning to thousands of different utilities with their specific

data and requirements justifies the FM approach.



Figure 4. Applications: examples of power system problems to be solved with GridFMs
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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,71 with their own pri-

vate and siloed data and grid-specific requirements. These util-

ities 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.50,72,73

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.74 Conse-

quently, with AC power flow at the core of power system anal-

ysis,75 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.

AI power flowmodels are computationallymore 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 theWest-

ern Interconnection, it takes approximately 5 min per scenario,76

whereas meeting the NERC TOP-001-3 requires running these

analyses within a limited time period. In contrast, GridFM-v0 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.77 For larger grids, we

anticipate a similar or greater speed-up because GNNs exhibit

linear complexity in the number of grid buses,78 whereas

Newton-Raphson methods scale quadratically with the number

of buses.79 This significant efficiency gain will enable real-time

analysis of multiple scenarios of more complex grids,77 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.76

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.77 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.80 Although these models were trained in a supervised

way, recent results of the previously discussed GNN-based

weather FMs50,72,73 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,48 and a comprehensive review

can be found in Mao et al.81

Near term: GridFM-v0, a GridFM for power flow
applications
The four phases as foreseen for the development of GridFM-v0,

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.,13 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 solvers82–84 will be
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Figure 5. GridFM implementation roadmapwith four near-term phases to develop GridFM-v0, a GridFM for power-flow-related applications

The icons refer to academia, power system industry, and AI community. The long-term goal is creating a family of GridFMs for a broader range of grid challenges.
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computed, with power grid topologies from PGLIB-OPF85 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.86 For

model fine-tuning, datasets from Varbella et al.86 for system se-

curity analyses and Lovett et al.87 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-v0.

Intuitively, the grid ismodeled as a graph, where nodes represent

electrical buses with active power, reactive power, voltage

magnitude, and voltage angle, ðpi; qi; vi; diÞ, as node variables.

We opted for this graph representation of power systems, but

others can also be considered.88 Transmission lines and trans-

formers are modeled as graph edges. An autoencoder89,90 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 L = LSCE +Lpowerflow com-

bines the scaled cosine error (SCE),89 which minimizes the dis-

tance between the original and reconstructed graphs, and

Lpowerflow, 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.91 demonstrated that a hybrid loss func-

tion provides high-fidelity approximations for large-scale OPF,

whereas Nellikkath et al.92 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.93–95 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.



Figure 6. GridFM-v0 is pre-trained to reconstruct masked power flow data from input graphs
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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

flow96) are typically used. For these applications, faster AI-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

2

�
= 499; 500. By utilizing a power flow solver that is

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 AI-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.,97 or by additionally training the same model on entirely

different grid topologies, as done in Varbella et al.86

OPF. The authors in Piloto et al.97 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-
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-v0 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.73 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.98 Additionally,

the generator rotor angle and voltage differential-algebraic equa-

tions can be added to the model using physics-based ML tech-

niques99 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.100 and Growe-Kuska

et al.101 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.,102 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.103

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.104

Cybersecurity. GridFMs can be fine-tuned for anomaly detec-

tion tasks to identify patterns that signal potential cyber intru-

sions or physical failures.105 We can also use GridFMs to identify

vulnerabilities and conditions that lead to cascading failures.106

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 together103 or by building self-contained stand-alone

larger models, ingesting multi-modal spatial, temporal, and

text data.14 Finally, concepts such as mixture-of-experts (MoE)

frameworks107 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.76 Training multi-modal FMs re-

quires creating tokens for each modality, aligning them in

space and time, and potentially normalizing or reducing their

dimensionality.108 Consequently, tasks beyond power flow

and grid topology reconstruction109 will need to be incorpo-

rated for pre-training. This approach has been demonstrated

with models such as 4M,110 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.56,111
CONCLUSIONS AND DISCUSSION

The rapid emergence of FMs is reshaping the AI 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 AI 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 AI advancements to meet

common goals and needs.
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lien Chosson, Joseph Collum, Magnus Cormack, Peter De Bock, Fei Ding, Ka-

thy Duviella, Darlain Edeme, Yamshid Farhat, Mark Fenton, Marcus Freitag,



Perspective
ll
Alirez Ghassemian, Tassos Golnas, Gavin Goodland, Luca Grella, John Grosh,

Benois Grossin, Andy Hackett, Hagen Haentsch, Zeryai Hagos, Grahame Hay,

Frank Hellmann, Andy Henton, Raffael Hilber, Dan Hilton, Gabriela Hug, Alex

Hurley, Sorana Ionescu, Kevin Johnston, Gareth Jones, Adrian Kelly, Bernd

Klockl, Teddy Kott, Benjamin Kroposki, Teja Kuruganti, Larry Light, Dalton

Lunga, Matt Magill, Adrian Maldonado, Antoine Maret, Pete Marsh, Russel

Mason, James McClean, John Messer, Nikki Militello, Jordan Murkin, Xabi

Muruaga, Indu Nambiar, Christian Nauck, Caleb Northrop, Gabby Nyirjesy,

Marco Padula, Patrick Panciatici, Raul Alfaro Pelico, Mark Petri, Pierre Pinson,

Abhishek Pontis, Josh Power, Alan Pressman, Feng Qiu, Mark Rafferty, Pippa

Robertson, Nicoletta Rocca, Caroline Rose-Newport, Lyndon Ruff, Bryan

Sacks, Kelly Sanders, Giovanni Sansavini, Michael Sheppard, Robert Shorten,

Vikas Singhvi, Pratik Sonthalia, Brian Spears, Declan Stock, Olle Sundstroem,

Matthew Tarduogno, Roger Thompson, Anna Carolina Tortora, Alex Vivas,

Lucy Yu, BenWeiner, CaseyWerth, Daniel Wetzel, GaryWhite, Xin Wu, Steven

Wysmuller, Yunchi Yang, Thomas Zadlo, Marzia Zafar, and many others. This

material is based upon work supported by the US Department of Energy, Of-

fice of Science, under contract number DE-AC02-06CH11357.

AUTHOR CONTRIBUTIONS

Conceptualization, H.F.H., B.G., L.S.A.M., A.P., A.V., and J.W.; investigation,

H.F.H., B.G., L.S.A.M., A.P., A.V., J.W., J.B.-M., A.B.M., T.B., S.L.C., I.F.,

B.-M.H., R.J., K.K., V.M., F.M., M.D.M., O.R.-L., H.S., L.X., E.-N.S.Y., and

A.Z.; project administration, H.F.H.; writing—original draft, H.F.H., B.G.,

L.S.A.M., A.P., A.V., J.W., J.B.-M., A.B.M., T.B., S.L.C., I.F., B.H., R.J., K.K.,

V.M., F.M., M.D.M., O.R.-L., H.S., L.X., E.-N.S.Y., and A.Z.; writing—review &

editing, A.B., R.J.B., B.P.B., J.S., and S.S.

DECLARATION OF INTERESTS

The authors declare no competing interests.

DECLARATION OF GENERATIVE AI AND AI-ASSISTED

TECHNOLOGIES

During the preparation of this work, the authors used ChatGPT to find more

concise reformulations and to condense paragraphs. After using this tool,

the authors reviewed and edited the content as needed and take full respon-

sibility for the content of the publication.
REFERENCES

1. Constable, G., and Somerville, B. (2003). A Century of Innovation: Twenty

Engineering Achievements That Transformed Our Lives (Joseph Henry

Press).

2. Mallapragada, D.S., Dvorkin, Y., Modestino, M.A., Esposito, D.V., Smith,

W.A., Hodge, B.-M., Harold, M.P., Donnelly, V.M., Nuz, A., Bloomquist,

C., et al. (2023). Decarbonization of the chemical industry through elec-

trification: Barriers and opportunities. Joule 7, 23–41. https://doi.org/

10.1016/j.joule.2022.12.008.

3. Qin, X., Xu, B., Lestas, I., Guo, Y., and Sun, H. (2023). The role of elec-

tricity market design for energy storage in cost-efficient decarbonization.

Joule 7, 1227–1240. https://doi.org/10.1016/j.joule.2023.05.014.

4. Nijsse, F.J.M.M., Mercure, J.-F., Ameli, N., Larosa, F., Kothari, S., Rick-

man, J., Vercoulen, P., and Pollitt, H. (2023). The momentum of the solar

energy transition. Nat. Commun. 14, 6542. https://doi.org/10.1038/

s41467-023-41971-7.

5. Stankovski, A., Gjorgiev, B., Locher, L., and Sansavini, G. (2023). Power

blackouts in Europe: Analyses, key insights, and recommendations from

empirical evidence. Joule 7, 2468–2484. https://doi.org/10.1016/j.joule.

2023.09.005.

6. Levin, T., Botterud, A., Mann, W.N., Kwon, J., and Zhou, Z. (2022).

Extreme weather and electricity markets: Key lessons from the February
2021 Texas crisis. Joule 6, 1–7. https://doi.org/10.1016/j.joule.2021.

12.015.

7. Afsharinejad, A.H., Ji, C., and Wilcox, R. (2021). Large-scale data ana-

lytics for resilient recovery services from power failures. Joule 5, 2504–

2520. https://doi.org/10.1016/j.joule.2021.07.006.

8. LeCun, Y., Boser, B., Denker, J.S., Henderson, D., Howard, R.E., Hub-

bard, W., and Jackel, L.D. (1989). Backpropagation applied to hand-

written ZIP code recognition. Neural Comput. 1, 541–551. https://doi.

org/10.1162/neco.1989.1.4.541.

9. Devlin, J., Chang, M.-W., Lee, K., and Toutanova, K. (2019). BERT: Pre-

training of Deep Bidirectional Transformers for Language Understanding.

Preprint at arXiv. 1810.04805.

10. Silver, D., Huang, A., Maddison, C.J., Guez, A., Sifre, L., van den Dries-

sche, G., Schrittwieser, J., Antonoglou, I., Panneershelvam, V., Lanctot,

M., et al. (2016). Mastering the game of Go with deep neural networks

and tree search. Nature 529, 484–489. https://doi.org/10.1038/

nature16961.

11. Harris, S.J., and Noack, M.M. (2023). Statistical and machine learning-

based durability-testing strategies for energy storage. Joule 7,

920–934. https://doi.org/10.1016/j.joule.2023.03.008.

12. Gjorgiev, B., Das, L., Merkel, S., Rohrer, M., Auger, E., and Sansavini, G.

(2023). Simulation-driven deep learning for locating faulty insulators in a

power line. Reliab. Eng. Syst. Saf. 231, 108989. https://doi.org/10.1016/j.

ress.2022.108989.

13. Varbella, A., Amara, K., Gjorgiev, B., El-Assady, M., and Sansavini, G.

(2024). PowerGraph: A Power Grid Benchmark Dataset for Graph Neural

Networks. Preprint at arXiv. 2402.02827.

14. Majumder, S., Dong, L., Doudi, F., Cai, Y., Tian, C., Kalathil, D., Ding, K.,

Thatte, A.A., Li, N., and Xie, L. (2024). Exploring the capabilities and lim-

itations of large language models in the electric energy sector. Joule 8,

1544–1549.

15. Brown, T.B., Mann, B., Ryder, N., Subbiah, M., Kaplan, J., Dhariwal, P.,

Neelakantan, A., Shyam, P., Sastry, G., Askell, A., et al. (2020). Language

models are few-shot learners. Preprint at arXiv. 2005.14165.

16. Wang, J., Liudong Chen, Z.T., Du, E., Liu, N., Ma, J., Sun,M., Li, C., Song,

J., Lu, X., Tan, C.-W., et al. (2022). Inherent spatiotemporal uncertainty of

renewable power in China. Nat. Commun. 14, 5379.

17. Dall’Anese, E., Dhople, S.V., Johnson, B.B., and Giannakis, G.B. (2014).

Decentralized optimal dispatch of photovoltaic inverters in residential

distribution systems. IEEE Trans. Energy Convers. 29, 957–967.

https://doi.org/10.1109/TEC.2014.2357997.

18. ERCOT, ERCOT DC tie operations document. (2015). https://www.ercot.

com/files/pobs/2015/11/19/power_operations_bulletin_662.doc.

19. Tan, J., Dong, S., and Hoke, A. (2023). Island power systems with high

levels of inverter-based resources: Stability and reliability challenges.

https://www.nrel.gov/docs/fy23osti/84981.pdf.

20. Kroposki, B., et al. (2022). UNIFI Specifications for Grid-Forming Inverter-

Based Resources, version 1. https://www.energy.gov/sites/default/files/

2023-09/Specs%20for%20GFM%20IBRs%20Version%201.pdf.

21. Choi, J., and Debnath, S. (2021). Electromagnetic transient (EMT) simu-

lation algorithm for evaluation of photovoltaic (PV) generation systems. In

IEEE Kansas Power and Energy Conference, pp. 1–6.

22. Sun, J., Debnath, S., Saeedifard, M., andMarthi, P.R.V. (2021). Real-time

electromagnetic transient simulation of multi-terminal hvdc–ac grids

based on gpu. IEEE Trans. Ind. Electron. 68, 7002–7011. https://doi.

org/10.1109/TIE.2020.3005059.

23. Xiong, M., Wang, B., Vaidhynathan, D., Maack, J., Reynolds, M.J., Hoke,

A., Sun, K., and Tan, J. (2024). Paraemt: An open source, parallelizable,

and hpc-compatible emt simulator for large-scale ibr-rich power grids.

IEEE Trans. Power Deliv. 39, 911–921. https://doi.org/10.1109/TPWRD.

2023.3342715.

24. Xiong, M., Wang, B., Vaidhynathan, D., Maack, J., Reynolds, M.J., Hoke,

A., Sun, K., Ramasubramanian, D., Verma, V., and Tan, J. (2024). An
Joule 8, December 18, 2024 3255

http://refhub.elsevier.com/S2542-4351(24)00470-7/sref1
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref1
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref1
https://doi.org/10.1016/j.joule.2022.12.008
https://doi.org/10.1016/j.joule.2022.12.008
https://doi.org/10.1016/j.joule.2023.05.014
https://doi.org/10.1038/s41467-023-41971-7
https://doi.org/10.1038/s41467-023-41971-7
https://doi.org/10.1016/j.joule.2023.09.005
https://doi.org/10.1016/j.joule.2023.09.005
https://doi.org/10.1016/j.joule.2021.12.015
https://doi.org/10.1016/j.joule.2021.12.015
https://doi.org/10.1016/j.joule.2021.07.006
https://doi.org/10.1162/neco.1989.1.4.541
https://doi.org/10.1162/neco.1989.1.4.541
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref9
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref9
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref9
https://doi.org/10.1038/nature16961
https://doi.org/10.1038/nature16961
https://doi.org/10.1016/j.joule.2023.03.008
https://doi.org/10.1016/j.ress.2022.108989
https://doi.org/10.1016/j.ress.2022.108989
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref13
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref13
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref13
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref14
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref14
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref14
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref14
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref15
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref15
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref15
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref16
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref16
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref16
https://doi.org/10.1109/TEC.2014.2357997
https://www.ercot.com/files/pobs/2015/11/19/power_operations_bulletin_662.doc
https://www.ercot.com/files/pobs/2015/11/19/power_operations_bulletin_662.doc
https://www.nrel.gov/docs/fy23osti/84981.pdf
https://www.energy.gov/sites/default/files/2023-09/Specs%20for%20GFM%20IBRs%20Version%201.pdf
https://www.energy.gov/sites/default/files/2023-09/Specs%20for%20GFM%20IBRs%20Version%201.pdf
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref21
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref21
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref21
https://doi.org/10.1109/TIE.2020.3005059
https://doi.org/10.1109/TIE.2020.3005059
https://doi.org/10.1109/TPWRD.2023.3342715
https://doi.org/10.1109/TPWRD.2023.3342715


Perspective
ll
open-source parallel emt simulation framework. Electr. Power Syst. Res.

235, 110734. https://doi.org/10.1016/j.epsr.2024.110734.

25. Zhou, X. (2024). System oscillation assessment of inverter based re-

sources (IBRs). https://www.nationalgrideso.com/document/301686/

download.

26. Cad, P. (2024). Power systems EMT simulations. https://www.pscad.

com/software/pscad/overview.

27. Nellikkath, R., Murzakhanov, I., Chatzivasileiadis, S., Venzke, A., and

Bakhshizadeh, M.K. (2024). Physics–informed neural networks for phase

locked loop transient stability assessment. In Electric Power Systems

Research Power Systems Computation Conference, 236, pp. 1–7.

28. Hong, T., and Fan, S. (2016). Probabilistic electric load forecasting: A

tutorial review. Int. J. Forecasting 32, 914–938.

29. Australian Energy Market Operator, Forecasting approach – electricity

demand forecasting methodology. (2023). https://aemo.com.au/-/media/

files/electricity/nem/planning_and_forecasting/nem_esoo/2023/forecasting-

approach_electricity-demand-forecasting-methodology_final.pdf.

30. Kampezidou, S.I., and Grijalva, S. (2016). Distribution transformers short-

term load forecasting models. In IEEE Power Energy Soc. Gen. Meet.

(PESGM) 2016, pp. 1–5.

31. Campillo, J., Wallin, F., Torstensson, D., and Vassileva, I. (2012). Energy

demand model design for forecasting electricity consumption and simu-

lating demand response scenarios in Sweden. In 4th International Con-

ference in Applied Energy. https://api.semanticscholar.org/CorpusID:

150572057.

32. Lazzari, F., Mor, G., Cipriano, J., Gabaldon, E., Grillone, B., Chemisana,

D., and Solsona, F. (2022). User behaviour models to forecast electricity

consumption of residential customers based on smart metering data. En-

ergy Rep. 8, 3680–3691. https://doi.org/10.1016/j.egyr.2022.02.260.

33. Sheshadri, A., Borrus, M.Y.M., Yoder, M., and Robinson, T. (2021). Mid-

latitude error growth in atmospheric GCMs: the role of eddy growth rate.

Geophys. Res. Lett. 48, e2021GL096126. https://doi.org/10.1029/

2021GL096126.

34. NREL (2024). ReEDS: Regional Energy Deployment System. https://

www.nrel.gov/analysis/reeds/.

35. U.S. Federal Energy Regulatory Commission (2024). Building for the

Future through Electric Regional Transmission Planning and Cost Alloca-

tion. https://ferc.gov/media/e1-rm21-17-000.

36. Xcel Energy (2021). Overhead vs. Underground. https://www.

transmission.xcelenergy.com/staticfiles/microsites/Transmission/Files/

PDF/Projects/CO/Avery/Transmission-CO-Avery-Substation-Overhead-

Vs-Underground-Info-Sheet.pdf.

37. US EIA (2024). Planned U.S. Electric Generating Unit Retirements.

https://www.eia.gov/electricity/monthly/epm_table_grapher.php?

t=table_6_06.

38. Adekunle, A.A., Fofana, I., Picher, P., Rodriguez-Celis, E.M., and Arroyo-

Fernandez, O.H. (2024). Analyzing transformer insulation paper

prognostics and health management: A modeling framework perspec-

tive. IEEE Access 12, 58349–58377. https://doi.org/10.1109/ACCESS.

2024.3391823.

39. Kaplunovich, P., and Turitsyn, K. (2016). Fast and reliable screening of

N-2 contingencies. IEEE Trans. Power Syst. 31, 4243–4252. https://doi.

org/10.1109/TPWRS.2015.2510586.

40. Alkhazim, H.A., Bajunaid, S.I., Alsulami, W.A., and Alghamdi, M.S. (2022).

Impact of inverter based resources on power system protective relaying,

fault calculation and protection setting: A systematic literature review. In

Saudi Arabia Smart Grid (SASG) 2022, pp. 1–11. https://doi.org/10.1109/

SASG57022.2022.10200811.

41. Carter, C., Lai, C., Jacobs, N., Hossain-McKenzie, S., Cordeiro, P.,

Onunkwo, I., and Johnson, J.T. (2017). Cyber Security Primer for DER

Vendors Aggregators and Grid Operators. In Tech. Rep. SAND-2017-

13113, 11 (Sandia National Laboratories).
3256 Joule 8, December 18, 2024
42. Sarieddine, K., Sayed, M.A., Assi, C., Atallah, R., Torabi, S., Khoury, J.,

Pour, M.S., and Bou-Harb, E. (2024). EV charging infrastructure discov-

ery to contextualize its deployment security. IEEE Trans. Netw. Serv.

Manag. 21, 1287–1301. https://doi.org/10.1109/TNSM.2023.3318406.

43. Carter, C., Onunkwo, I., Cordeiro, P., and Johnson, J. (2017). Cyber se-

curity assessment of distributed energy resources. In 44th Photovoltaic

Specialist Conference (PVSC), 2017 (IEEE Publications), pp. 2135–2140.

44. Xenofontos, C., Zografopoulos, I., Konstantinou, C., Jolfaei, A., Khan,

M.K., and Choo, K.-K.R. (2022). Consumer, commercial, and industrial

IoT (in)security: attack taxonomy and case studies. IEEE Internet Things

J. 9, 199–221. https://doi.org/10.1109/JIOT.2021.3079916.

45. Krizhevsky, A., Sutskever, I., and Hinton, G.E. (2017). ImageNet classifi-

cation with deep convolutional neural networks. Commun. ACM 60,

84–90. https://doi.org/10.1145/3065386.

46. Bommasani, R., Hudson, D.A., Adeli, E., Altman, R., Arora, S., von Arx, S.,

Bernstein, M.S., Bohg, J., Bosselut, A., Brunskill, E., et al. (2021). On the

opportunities and risks of foundation models. Preprint at arXiv. 2108.

07258.

47. Zhao, W.X., Zhou, K., Li, J., Tang, T., Wang, X., Hou, Y., Min, Y., Zhang,

B., Zhang, J., Dong, Z., et al. (2023). A survey of large language models.

Preprint at arXiv. 2303.18223.

48. Lam, R., Sanchez-Gonzalez, A., Willson, M., Wirnsberger, P., Fortunato,

M., Alet, F., Ravuri, S., Ewalds, T., Eaton-Rosen, Z., Hu, W., et al. (2023).

Graphcast: Learning skillful medium-range global weather forecasting.

Preprint at arXiv. 2212.12794.

49. Mardani, M., Brenowitz, N., Cohen, Y., Pathak, J., Chen, C.-Y., Liu, C.-C.,

Vahdat, A., Kashinath, K., Kautz, J., and Pritchard, M. (2023). Generative

residual diffusion modeling for km-scale atmospheric downscaling. Pre-

print at arXiv. 2309.15214.

50. Schmude, J., Roy, S., Trojak, W., Jakubik, J., Civitarese, D.S., Singh, S.,

Kuehnert, J., Ankur, K., Gupta, A., Phillips, C.E., et al. (2024). Prithvi wxc:

Foundationmodel for weather and climate. Preprint at arXiv. 2409.13598.

51. Mishra, M., Stallone, M., Zhang, G., Shen, Y., Prasad, A., Soria, A.M.,

Merler, M., Selvam, P., Surendran, S., Singh, S., et al. (2024). Granite

code models: A family of open foundation models for code intelligence.

Preprint at arXiv. 2405.04324.

52. Zeng, A., Chen, M., Zhang, L., and Xu, Q. (2023). Are transformers effec-

tive for time series forecasting? In AAAI Conference on Artificial Intelli-

gence, 37, pp. 11121–11128.

53. Jakubik, J., Roy, S., Phillips, C.E., Fraccaro, P., Godwin, D., Zadrozny,

B., Szwarcman, D., Gomes, C., Nyirjesy, G., Edwards, B., et al. (2023).

Foundation models for generalist geospatial artificial intelligence. Pre-

print at arXiv. 2310.18660.

54. Pathak, J., Subramanian, S., Harrington, P., Raja, S., Chattopadhyay, A.,

Mardani, M., Kurth, T., Hall, D., Li, Z., Azizzadenesheli, K., et al. (2022).

FourCastNet: A global data-driven high-resolution weather model using

adaptive Fourier neural operators. Preprint at arXiv. 2202.11214.

55. ECMWF (2024). Newsletter no. 178 - winter 2023/24. https://www.

ecmwf.int/en/elibrary/81535-newsletter-no-178-winter-2023-24.

56. Bi, K., Xie, L., Zhang, H., Chen, X., Gu, X., and Tian, Q. (2023). Accurate

medium-range global weather forecasting with 3d neural networks. Na-

ture 619, 533–538. https://doi.org/10.1038/s41586-023-06185-3.

57. Price, I., Sanchez-Gonzalez, A., Alet, F., Andersson, T.R., El-Kadi, A.,

Masters, D., Ewalds, T., Stott, J., Mohamed, S., Battaglia, P., et al.

(2024). Gencast: Diffusion-based ensemble forecasting for medium-

range weather. Preprint at arXiv. 2312.15796.

58. Introducing Meta Llama 3: the most capable openly available LLM to

date. (2024). https://ai.meta.com/blog/meta-llama-3/.

59. Sagiroglu, S., Terzi, R., Canbay, Y., andColak, I. (2016). Big data issues in

smart grid systems. In IEEE International Conference on Renewable En-

ergy Research and Applications, pp. 1007–1012.

https://doi.org/10.1016/j.epsr.2024.110734
https://www.nationalgrideso.com/document/301686/download
https://www.nationalgrideso.com/document/301686/download
https://www.pscad.com/software/pscad/overview
https://www.pscad.com/software/pscad/overview
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref27
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref27
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref27
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref27
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref28
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref28
https://aemo.com.au/-/media/files/electricity/nem/planning_and_forecasting/nem_esoo/2023/forecasting-approach_electricity-demand-forecasting-methodology_final.pdf
https://aemo.com.au/-/media/files/electricity/nem/planning_and_forecasting/nem_esoo/2023/forecasting-approach_electricity-demand-forecasting-methodology_final.pdf
https://aemo.com.au/-/media/files/electricity/nem/planning_and_forecasting/nem_esoo/2023/forecasting-approach_electricity-demand-forecasting-methodology_final.pdf
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref30
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref30
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref30
https://api.semanticscholar.org/CorpusID:150572057
https://api.semanticscholar.org/CorpusID:150572057
https://doi.org/10.1016/j.egyr.2022.02.260
https://doi.org/10.1029/2021GL096126
https://doi.org/10.1029/2021GL096126
https://www.nrel.gov/analysis/reeds/
https://www.nrel.gov/analysis/reeds/
https://ferc.gov/media/e1-rm21-17-000
https://www.transmission.xcelenergy.com/staticfiles/microsites/Transmission/Files/PDF/Projects/CO/Avery/Transmission-CO-Avery-Substation-Overhead-Vs-Underground-Info-Sheet.pdf
https://www.transmission.xcelenergy.com/staticfiles/microsites/Transmission/Files/PDF/Projects/CO/Avery/Transmission-CO-Avery-Substation-Overhead-Vs-Underground-Info-Sheet.pdf
https://www.transmission.xcelenergy.com/staticfiles/microsites/Transmission/Files/PDF/Projects/CO/Avery/Transmission-CO-Avery-Substation-Overhead-Vs-Underground-Info-Sheet.pdf
https://www.transmission.xcelenergy.com/staticfiles/microsites/Transmission/Files/PDF/Projects/CO/Avery/Transmission-CO-Avery-Substation-Overhead-Vs-Underground-Info-Sheet.pdf
https://www.eia.gov/electricity/monthly/epm_table_grapher.php?t=table_6_06
https://www.eia.gov/electricity/monthly/epm_table_grapher.php?t=table_6_06
https://doi.org/10.1109/ACCESS.2024.3391823
https://doi.org/10.1109/ACCESS.2024.3391823
https://doi.org/10.1109/TPWRS.2015.2510586
https://doi.org/10.1109/TPWRS.2015.2510586
https://doi.org/10.1109/SASG57022.2022.10200811
https://doi.org/10.1109/SASG57022.2022.10200811
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref41
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref41
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref41
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref41
https://doi.org/10.1109/TNSM.2023.3318406
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref43
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref43
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref43
https://doi.org/10.1109/JIOT.2021.3079916
https://doi.org/10.1145/3065386
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref46
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref46
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref46
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref46
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref47
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref47
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref47
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref48
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref48
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref48
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref48
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref49
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref49
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref49
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref49
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref50
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref50
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref50
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref51
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref51
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref51
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref51
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref52
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref52
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref52
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref53
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref53
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref53
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref53
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref54
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref54
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref54
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref54
https://www.ecmwf.int/en/elibrary/81535-newsletter-no-178-winter-2023-24
https://www.ecmwf.int/en/elibrary/81535-newsletter-no-178-winter-2023-24
https://doi.org/10.1038/s41586-023-06185-3
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref57
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref57
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref57
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref57
https://ai.meta.com/blog/meta-llama-3/
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref59
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref59
http://refhub.elsevier.com/S2542-4351(24)00470-7/sref59


Perspective
ll
60. Zhou, Y., Essayeh, C., and Morstyn, T. (2024). Datasets of Great Britain

primary substations integrated with household heating information.

Data Brief 54, 110483. https://doi.org/10.1016/j.dib.2024.110483.

61. Kairouz, P., McMahan, H.B., Avent, B., Bellet, A., Bennis, M., Nitin Bha-

goji, A.N., Bonawitz, K., Charles, Z., Cormode, G., Cummings, R., et al.

(2021). Advances and open problems in federated learning. FNT in Ma-

chine Learning 14, 1–210.

62. Hunt, T., Song, C., Shokri, R., Shmatikov, V., and Witchel, E. (2018). Chi-

ron: Privacy-Preserving Machine Learning as a Service. Preprint at arXiv.

1803.05961.

63. Ryu,M., Kim, Y., Kim, K., andMadduri, R.K. (2022). APPFL: Open-source

software framework for privacy-preserving federated learning. In 2022

IEEE International Parallel and Distributed Processing SymposiumWork-

shops (IPDPSW) (APPFL), pp. 1074–1083.

64. Nguyen, T., Brandstetter, J., Kapoor, A., Gupta, J.K., and Grover, A.

(2023). ClimaX: A foundation model for weather and climate. Preprint at

arXiv. 2301.10343.

65. Tostado-Véliz, M., Hasanien, H.M., Turky, R.A., Kamel, S., and Jurado, F.

(2021). Solving realistic large-scale ill-conditioned power flow cases

based on combination of numerical solvers. Int. Trans. Electr. Energy

Syst. 31, e13194. https://doi.org/10.1002/2050-7038.13194.

66. Hakim, G.J., andMasanam, S. (2024). Dynamical tests of a deep-learning

weather prediction model. Artificial Intelligence for the Earth Systems 3,

e230090. https://doi.org/10.1175/AIES-D-23-0090.1.

67. Artificial Intelligence (AI) — Assessment of the Robustness of Neural Net-

works (2023). Part 2: Methodology for the Use of Formal Methods. Inter-

national Standard 24029-2:2023 (ISO/IEC). https://www.iso.org/

standard/79804.html.

68. European Parliament (2024). Artificial Intelligence Act. https://www.

europarl.europa.eu/doceo/document/TA-9-2024-0138_EN.pdf.

69. Youssef, E.-N.S., Labeau, F., and Kassouf, M. (2024). Adversarial dy-

namic load-altering cyberattacks against peak shaving using residential

electric water heaters. IEEE Trans. Smart Grid 15, 2073–2088.

70. U.S. Department of Energy (2024). AI for energy: Opportunities for amod-

ern grid and clean energy economy. https://www.energy.gov/cet/

articles/ai-energy.

71. Office of Electricity Delivery and Energy Reliability; U.S. Department of En-

ergy (2015). United States Electricity Industry Primer, Tech. Rep. DOE/OE-

0017 (UnitedStatesDepartment of Energy). https://www.energy.gov/sites/

prod/files/2015/12/f28/united-states-electricity-industry-primer.pdf.

72. Keisler, R. (2022). Forecasting global weather with graph neural net-

works. Preprint at arXiv. 2202.07575.

73. Mukkavilli, S.K., Civitarese, D.S., Schmude, J., Jakubik, J., Jones, A.,

Nguyen, N., Phillips, C., Roy, S., Singh, S., Watson, C., et al. (2023). Ai

foundationmodels for weather and climate: Applications, design, and im-

plementation. Preprint at arXiv. 2309.10808.

74. Han, X., Zhang, Z., Ding, N., Gu, Y., Liu, X., Huo, Y., Qiu, J., Yao, Y.,

Zhang, A., Zhang, L., et al. (2021). Pre-trained models: past, present

and future. AI Open 2, 225–250. https://doi.org/10.1016/j.aiopen.2021.

08.002.

75. Farivar, M., and Low, S.H. (2013). Branch flow model: relaxations and

convexification—part i. IEEE Trans. Power Syst. 28, 2554–2564.

76. Benes, K.J., Porterfield, J.E., and Yang, C. (2024). AI for Energy: Oppor-

tunities for a Modern Grid and Clean Energy Economy. https://www.

energy.gov/cet/articles/ai-energy.

77. Donon, B., Clément, R., Donnot, B., Marot, A., Guyon, I., and Schoena-

uer, M. (2020). Neural networks for power flow: Graph neural solver.

Electr. Power Syst. Res. 189, 106547. https://doi.org/10.1016/j.epsr.

2020.106547.

78. Wu, Z., Pan, S., Chen, F., Long, G., Zhang, C., and Yu, P.S. (2021). A

comprehensive survey on graph neural networks. IEEE Trans. Neural

Netw. Learn. Syst. 32, 4–24. https://doi.org/10.1109/tnnls.2020.

2978386.
79. Lagace, P.J., Vuong, M.H., and Kamwa, I. (2008). Improving power flow

convergence by newton Raphson with a levenberg-marquardt method.

In IEEE Power and Energy Society General Meeting – Conversion and

Delivery of Electrical Energy in the 21st Century, pp. 1–6.

80. Duan, K., Liu, Z., Wang, P., Zheng, W., Zhou, K., Chen, T., Hu, X., and

Wang, Z. (2022). A comprehensive study on large-scale graph training:

benchmarking and rethinking. In Advances in Neural Information Process-

ing Systems, 35, S. Koyejo, S. Mohamed, A. Agarwal, D. Belgrave, K. Cho,

and A. Oh, eds. (Curran Associates, Inc.), pp. 5376–5389. https://

proceedings.neurips.cc/paper_files/paper/2022/file/23ee05bf1f4ade71c0f

8f5ca722df601-Paper-Datasets_and_Benchmarks.pdf.

81. Mao, H., Chen, Z., Tang, W., Zhao, J., Ma, Y., Zhao, T., Shah, N., Galkin,

M., and Tang, J. (2024). Position: Graph foundation models are already

here. Preprint at arXiv. 2401.01234.
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