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Copyright @Author As grids are incorporating larger shares of distributed and uncertain

Corresponding Author resources, these shortcomings are becoming increasingly consequential. In
this work, we propose a physics-informed generative artificial intelligence
framework that unifies the modeling, prediction and optimization of smart
electrical systems in a single architecture. The framework integrates a
conditional denoising diffusion model that captures the joint uncertainty of
loads, renewables, and network states, with a differentiable physics layer that
embeds the underlying electrical laws, i.e., AC powerflow equations, voltage
and branch limits, and system power balance, directly into the learning
objective. The training is based on a composite loss function that combines
a data loss, a physics constraint violation term and a regularization term
with tunable weighting factors. This allows the model to generate scenarios
that are both statistically faithful and physically consistent. The generated
scenario ensembles serve as a probabilistic prediction engine and a scenario
based stochastic optimization module. The physics layer verifies and projects
the outputs on the feasible manifold during inference. Key findings show
that the physics-informed formulation offers a beneficial inductive bias that
improves generalization in data-scarce regimes, substantially reduces
constraint violations, and limits physically implausible drift in long-horizon
forecasts. The generative module produces full joint scenario ensembles and
effective data augmentation, and the optimization module reaches near-
optimal decisions at a significantly lower computational cost than
traditional iterative solvers. Ablation studies show that these physics
constraints and the generative mechanism are complementary to each other
in providing gains. The framework is of practical value for day-ahead and
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intraday probabilistic forecasting, renewable scenario generation, synthetic
data production under privacy constraints, and dispatch and market
operations. Future work will include foundation model architectures,
explicit feasibility guaranties, multi-energy extensions and real-time digital
twin integration.

Keywords: Physics-informed Al; generative Al; smart electrical systems;
diffusion models; probabilistic forecasting; scenario generation; power

system optimization; constraint satisfaction; deep learning

1. Introduction

Modern electrical power systems are undergoing
a profound transformation driven by global
decarbonization commitments, the large-scale
integration of renewable energy sources, and the
widespread deployment of distributed energy
resources, electric vehicles, and advanced sensing
and  communication infrastructure.  This
evolution toward the smart grid has dramatically
increased the operational complexity of electrical
systems: generation has become stochastic and
spatially dispersed, load patterns are increasingly
dynamic and uncertain, and control decisions
must now be made across faster timescales and
heterogeneous network layers. At the same time,
phasor

the proliferation of smart meters,

measurement units, and InternetofThings
devices has produced an unprecedented volume
of operational data. Consequently, classical
model-based methods for modeling, prediction,
and optimization—while valuable—are often
stretched to their limits by the scale, nonlinearity,
and uncertainty of modern smart electrical
systems, motivating new computational
paradigms that can learn from data while

remaining grounded in physical reality.
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Over the past two decades, advances in artificial
intelligence and deep learning have offered
these

powerful new tools for addressing

challenges. Neural networks have achieved
remarkable performance in load and renewable-
generation forecasting, fault diagnosis, stability
assessment, and energy management. More
recently, generative Al—encompassing generative
adversarial networks, variational autoencoders,
and diffusion models—has extended these
capabilities by learning the underlying probability
distributions of system data. These models can
synthesize realistic operating scenarios, augment
scarce datasets, capture the stochastic behavior of
renewable generation and demand, and support
simulation-driven planning and optimization.
However, purely data-driven approaches suffer
from well-documented limitations. They typically
require large volumes of high-quality training
data, which are often unavailable for emerging
grid configurations; their outputs can be
physically inconsistent, violating conservation
laws, power-flow equations, or operational limits;
and they generalize poorly to conditions outside
the training distribution. The black-box nature of
further hinders trust and

these models

explainability in safety-critical grid operation.
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Figure 1: Overall concept of Physics-Informed Generative Al for Smart Electrical Systems.
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Figure 1. Conceptual framework of a physics-informed generative Al approach for smart electrical systems. Historical and real-time
operational data, together with system topology and parameters, are integrated with physical laws through a physics-informed layer. The
resulting physically consistent generative outputs support system modeling, prediction and scenario generation, and optimization and control
of smart electrical systems, including power grids, renewable energy resources, electric vehicles, and distributed energy resources (DERs).

These limitations spurred the rise of physics-informed machine learning, a paradigm where domain
knowledge, in the form of governing equations, physical laws and engineering constraints, is embedded
into the learning process. In physicsinformed neural networks, residual terms of constraint or
differential equations are added to the training objective; guiding the model to physically admissible
solutions even in the case of sparse data. Such knowledge includes Kirchhoff’s laws, nonlinear power-
flow equations, network and generation limits, and the dynamic models of generators, loads and power-
electronic converters in the smart electrical systems. These methods combine data and physics, leading
to higher data efficiency, better extrapolation and inherently valid solutions that respect the physical
laws of electrical networks.

The main theme of this work is the convergence between these two paradigms: physics-informed
generative artificial intelligence. The combination of generative models with physics-based constraints
and losses allows us to generate samples of system states, renewable scenarios and load profiles that are
statistically realistic and physically consistent at the same time. Such physically consistent synthetic data
can greatly improve model training, scenario-based planning, and probabilistic forecasting. Furthermore,
the physics-informed formulation enhances reliability and interpretability of generative outputs in
prediction tasks, and it allows to solve optimization problems like unit commitment, economic dispatch,
network reconfiguration and demand side management by using generated scenarios that are guarantyd
to be feasible. This combination also mitigates the data-hungry nature of deep generative models, as the
physical laws provide a strong inductive bias compensating for limited observations. The uncertainty
quantification is more relevant when the generated ensembles satisfy system constraints . To summarize,
physics-informed generative Al bridges the expressive power of current generative models with the rigor
of first-principles modeling, satisfying the dual requirements of accuracy and physical validity that are
critical for practical use in power system operation.

With these abilities, this work aims to develop, implement and evaluate physics-informed generative Al

frameworks for the modeling, prediction and optimization of smart electrical systems. The key
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contributions of the study are the systematic integration of generative models with physical constraints
and the evaluation of the generative models on accuracy and physical-consistency criteria for
representative smart-grid applications. Collectively, the work tries to show that incorporating physics
into generative methods leads to models that are more trustworthy and more practically useful than
either paradigm on its own. The remaining sections of the paper are: recent literature review, proposed
methodology, experimental results, and discussion of the findings with concluding remarks.

Table 1: Comparison of conventional Al and physics-informed generative Al approaches.

Feature Conventional Al (e.g., LSTM, CNN, PhysicsInformed Generative Al
standard GAN)
Data requirement Large labeled datasets Works with limited data; physics

regularizes training

Use of governing None; purely data-driven Embedded via physics-based loss terms

laws and constraints

Physical consistency Not guaranteed Imposed by design

Generalization Limited outside training distribution Improved  through  physics-guided
inductive bias

Interpretability Low (black box) Higher (outputs traceable to physical
laws)

Output feasibility May violate grid constraints Ensures feasible, operationally wvalid

outputs

2. Literature Review
Figure 2: Evolution from conventional AI = Physics-Informed Al — Generative AI — Physics-
Informed Generative AL

iz 3
Physics-Informed Al j Generative Al
PINNS, physics-constrained | GANSs, VAEs, diffusion
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Figure 2. Evolution from conventional Al to physics-informed generative Al. Conventional Al relies purely on data-driven learning, while
physics-informed Al embeds physical laws into learning models. Generative Al enables realistic data and scenario generation, and physics-informed
generative Al combines data-driven capability with physical constraints to produce realistic and physically consistent outputs for smart electrical
systems.

characterize temporal dependencies,

2.1 AI/ML for Electrical Systems
Artificial intelligence has been applied to power convolutional neural networks were adopted for

system tasks since the 1970s, spanning dynamic fault detection and location in distribution

security assessment, wind, solar and building
load forecasting, outage detection, user profile
classification, and grid protection (Zhang et al.,
2024). With the rise of deep learning, recurrent
neural networks became the standard tool for

load forecasting due to their capacity to
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networks with distributed energy resources, and
physics-guided ~ deep  autoencoders  were
introduced for state estimation in largescale
systems (Zhang et al., 2024). Comprehensive
surveys confirm the breadth of deep learning in

electric power systems, covering load forecasting,
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wind and solar power forecasting, power quality
disturbance detection and classification, fault
detection, energy security, energy management,
and energy optimization (Ozcanli et al., 2020).
Shallow

networks and support vector machines remain

learners such as artificial neural
effective for load forecasting and system failure
prediction, while reinforcement learning has
been used to optimize resource allocation and
demand-response strategies for grid resilience

under variable renewable output (Islam et al.,

Table 1:

2025). Despite this progress, deep learning faces

wellrecognized  constraints, including data
quality and availability issues, computational
complexity, limited model interpretability, and
difficulty integrating with existing power system
tools and infrastructure (Akhtar et al., 2023).
Empirical evidence further indicates that hybrid
models generally outperform single ML models,

motivating continued architectural innovation

(Miraftabzadeh et al., 2021).

Comparison of Al/ML techniques used in electrical systems

Technique Typical applications Key characteristics
ANN / SVM Load forecasting; system failure Classical shallow learners; widely used for
prediction (Islam et al., 2025) regression and classification tasks (Islam et
al., 2025)
RNN Load forecasting (Zhang et al., Good performance in characterizing
2024) temporal dependencies between inputs
and outputs (Zhang et al., 2024)
CNN Fault detection and location in Extracts  spatial  correlations  from

distribution networks with DER

(Zhang et al., 2024)
State estimation

2024)

Physics-guided deep
autoencoder
dispatch,

Deep reinforcement Optimal

(Zhang et al,

operational

measurement data (Zhang et al., 2024)

Handles nonlinear variable relationships;
scales to large power systems (Zhang et al.,

2024)

Strong performance for operations under

learning control, electricity market (Li et al., high uncertainty (Li et al., 2023)
2023)
Hybrid models Broad power system analytics Generally show better performance than
(Miraftabzadeh et al., 2021) single ML models (Miraftabzadeh et al.,
2021)
2.2 Physics-Informed Neural Networks calculation, optimal power flow, anomaly

Physics-informed neural networks seek to
overcome important limitations of purely data-
driven approaches by incorporating physical laws
directly into the learning process. We conduct a
systematic survey to identify four integration
paradigms: physics-informed loss functions,
physics-informed initialization, physics-informed
architecture design, and hybrid physics-deep
(Huang &  Wang, 2022).

state/parameter

learning models

Applications encompass

estimation, dynamic analysis, power flow

https://sesjournal.com
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detection and location, and model and data
synthesis. The demonstrated benefits are

significant. For example, for time-domain
simulations of power system dynamics, PINNs
were shown to be 10 to 1,000 times faster than
conventional solvers, while being sufficiently
accurate and numerically stable for large time
steps (Stiasny & Chatzivasileiadis, 2023). Based
on smart grid surrogation, PINNs trained only
with physics-based loss functions, enforcing

power balance, operational constraints and grid
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stability, achieved a mean absolute error lower
than XGBoost,

regression in dynamic operations, with some

random forest and linear
degradation appearing in extreme operational
regimes (Cestero et al., 2025). Physics-informed
networks which embed AC power flow equations
in the training are more accurate and have fewer
than standard neural

constraint violations

networks, and provide rigorous guaranties on

Table 2:

worst-case constraint violations over the input

domain which is crucial to optimization

(Nellikkath & Chatzivasileiadis, 2022). Physics-
guided formulations have also been used to
describe rotor angle and frequency dynamics
under uncertain inputs and identify system
inertia and damping parameters, while lowering

requirements on network size and training data

(Gong et al., 2023).

Comparison of physics-informed approaches

Paradigm Mechanism

Example applications

PI loss function
terms in the training loss

Wang, 2022)

Pl initialization Network parameters

Physics residuals added as regularization
(Huang &

OPF, anomaly
detection (Huang & Wang, 2022;
Stiasny & Chatzivasileiadis, 2023)

Dynamics analysis,

initialized from —

physics-based solutions (Huang & Wang,

2022)
PI architecture Network structure designed to inherently Power flow, state estimation (Huang
design satisfy physical constraints (Huang & & Wang, 2022)

Hybrid physics-DL

models

Physics-
constrained

generative models

Wang, 2022)

Physics model (e.g., AC power flow) fused
with deep learning components (Gong et
al., 2023; Huang & Wang, 2022)

Physical embedded  within

generative networks (denoising network,

models

generator) (Swodesh et al., 2026; Zhang

OPF with  autoencoders;

estimation (Gong et al., 2023)

state

load, load profile
generation (Swodesh et al., 2026;
Zhang et al., 2025)

Synthetic net

etal., 2025)

2.3 Generative Al and Generative Models

First, generative artificial intelligence learns the
probability distributions behind the data of
power systems, then it makes discriminative
predictions. According to Chen et al. (2018)
generative adversarial networks were among the
first deep generative models used in power
systems. This allowed the modelfree generation
of renewable scenarios that capture temporal and
spatial patterns across a large number of
correlated wind and solar resources, and the
ability to condition generated scenarios on
weather events or time of year. A detailed review
of 106 studies on generative Al in smart grids
and renewable energy shows that 47.2% of the

current applications are GANSs, followed by large

https://sesjournal.com
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(10.4%) and

autoencoders (9.4%). Diffusion and score-based

language models variational
models are gaining popularity at 7.5% each (Cali
et al., 2026). Denoising diffusion probabilistic
models have been proposed as a competitive
alternative to GANs, VAEs and normalizing
flows for probabilistic load, PV and wind
2023).

generative modeling has also been extended to

forecasting (Capel & Dumas, Deep

EV charging scenarios (Li et al., 2024), weather-
load

outperforming traditional generative Al models

informed scenario generation,
(Yao et al,, 2025), and longterm distribution
load

improvement of 31% in important metrics like a

network scenarios, with an average

Context-FID and correlational score (Luo et al.,
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2026). In a scoping review of generative Al in the
energy transition , the authors identified three
main areas of applications: (i) scenario and data
generation, (ii) optimization and operational
processes, and (iii) decision support for
intelligent energy systems. However, limitations
such as limited realworld wvalidation, data
dependency, computational scalability issues and
the lack of standardized regulatory structures
(Zambrano & Buele, 2026) are also observed.

2.4 Physics-Informed Generative Al

The newest approach mixes the two paradigms
discussed above: physics-informed generative Al
where generative models are constrained by the
laws of physics. Zhang et al. proposed a physics-
informed diffusion model with physical models

embedded into denoising networks for synthetic

net-load data generation for residential customers.

The model outperformed generative adversarial
(GANs),
(VAEs), normalizing flows, and well-calibrated

networks variational — autoencoders
baseline diffusion models by at least 20% in all
quantitative metrics and the generated data led
to better results in power flow and dynamic
hosting capacity analysis . Similarly, PIL-GAN
incorporates physics-informed losses from PINNs
directly into a GAN generator to generate high-
resolution load profiles that are consistent with
energy conservation and load fluctuation
dynamics, thereby improving the data accuracy,
resolution, and consistency for low-quality

(Swodesh et al.,, 2026). In the

measurement domain, a two-stage approach

datasets

using GANs and neural ordinary differential
equations is proposed to generate large eventful
PMU data with guarantyd underlying physical
meaning, which improves the event classification
accuracy by 2 to 5 percent when used to augment
small real datasets (Zheng et al., 2021). Deep
generative models have also surpassed statistical
including Gaussian copulas, for
PMU data, such as the best

distributional fidelity, increasing the datasets

baselines,

synthetic

https://sesjournal.com
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from 1,489 to 5,000 samples while keeping the
key statistical properties (Albuquerque et al.,
2025). At the network level, FeederGAN uses
GANs with graph convolutional networks to
generate realistic synthetic distribution feeders
(Liang et al., 2020). Together these works show
that incorporating physics into generative models
leads
efficiency, and downstream task performance.

2.5 Al for Prediction and Optimization of Smart
Grids

Al has been extensively used for modeling,

to better physical consistency, data

forecasting and optimizing the operation of smart
grids. Deep reinforcement learning has attracted
much attention for operation problems with high
uncertainty,  with  applications  including
optimum dispatch, operational control, power
market participation, and new sectors (Li et al.,
2023). DRL has become a prominent data-driven
approach for energy management, demand
response and market decision problems (Zhang
et al, 2019). Deep learning, reinforcement
learning and their combination have been
demonstrated as the representative methods of
Al 2.0 for smart grids in previous reviews (Zhang

et al, 2018). Distributed methods such as

consensus theory and deep reinforcement

learning have been promising for economic
dispatch in the IEEE-14 and IEEE-162 bus
system and reduce dependence on the accurate
objective  function in  complicated load
conditions (Fu et al., 2021). Machine learning
offers considerable computational advantages for

DeepOPEV

speedups up to four orders of magnitude with a

optimal power flow: achieves

fast postprocessing step to enforce box
constraints (Huang et al., 2021). Conversely,
DeepOPF  predicts

variables and reconstructs the rest from the

independent  operating
power flow equations, achieving speedups up to
two orders of magnitude over a state-of-theart
than 0.2% cost
difference (Pan et al., 2022). Baker (2022)

iterative solver with less
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showed that neural networks can mimic iterative
solvers and provide feasible, nearly optimal, AC-
OPF solutions Most OPF

learners are based on fully connected networks,

in milliseconds.

which are agnostic to the grid topology and
hence require complete retraining if the topology

or the operating conditions change (Liu et al.,

2022). This shortcoming is addressed by
topology-aware graph neural network
formulations.

2.6 Research Gap

Despite these developments, there are still a
number of gaps. First, deep learning in power
still faces the of poor

systems challenges

generalizability =~ and  interpretability,  high
requirements for the amount and quality of
training data, and the generation of inconsistent
or physically impossible solutions (Huang &
Wang, 2022).

generation is only just beginning to appear in

Second,  physics-consistent

recent diffusion- and GAN-based efforts; most

generative Al applications are still simply data-
driven (Swodesh et al., 2026; Zhang et al., 2025).
Third, although the systematic incorporation of

https://sesjournal.com
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physics constraints into generative models for the
joint modeling, prediction and optimization of
smart  electrical systems remains largely
unexplored, the majority of physics-informed
studies are focused on deterministic regression or
simulation tasks, such as state estimation,
dynamics and optimal power flow (Nellikkath &
Chatzivasileiadis, 2022; Stiasny &
Chatzivasileiadis, 2023). Fourth, PINNs suffer
from performance degradation under extreme
operating conditions (Cestero et al., 2025), and
assessments point to limited real-world validation,
data dependence, computational scalability, and
absence of regulatory guidelines for generative
methods (Zambrano & Buele, 2026). Finally,
additional work is needed on the topological
adaptivity and feasibility guaranties in learning
based optimization (Liu et al., 2022). The present
work addresses these gaps by developing a
physics-informed generative Al framework for
smart electrical system modeling, prediction, and

while

integrity and physical consistency.

optimization maintaining  statistical
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Figure 3: Application areas in smart electrical systems covered by physics-informed generative AL
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Figure 1. Key applications of physics-informed generative AI for smart electrical systems.
Table 3: Recent Studies, Methods, Applications, Advantages and Limitations
Study Method Application Advantages Limitations
Chen et al. (2018) GAN Renewable ModelAfree; captures —
(Chen et al., 2018) scenario temporal and spatial
generation patterns; conditionable
scenarios
Zheng et al. (2021) GAN +  Synthetic Physically meaningful —
(Zheng et al., 2021) Neural eventful PMU data; +2-5% event
ODE data classification accuracy
Nellikkath & PINN AC-OPF Higher accuracy, lower AC-OPF is non-
Chatzivasileiadis (2022) constraint  violations, linear and non-
(Nellikkath & worst-case guarantees convex
Chatzivasileiadis, 2022)
Pan et al. (2022) (Pan DeepOPF  AC-OPF Up to 2 orders of Constraint
etal.,, 2022) magnitude speedup; feasibility
<0.2% cost difference requires explicit
enforcement
Hernandez Capel & DDPM Probabilistic Competitive with —
Dumas (2023) (Capel load/PV/wind GAN, VAE,
& Dumas, 2023) forecasting normalizing flows
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Stiasny & PINN Time-domain 10-1,000x faster than —
Chatzivasileiadis (2023) power system conventional solvers
(Stiasny & dynamics
Chatzivasileiadis, 2023)
Cestero et al. (2025) PINN Smart grid Lower MAE  than Slight
(Cestero et al., 2025) surrogate XGBoost/RF/LR; degradation in
modeling enforces physical extreme
feasibility operational
regimes
Zhang et al. (2025) Physics- Synthetic >20% improvement —
(Zhang et al., 2025) informed residential  net over state-of-the-art;
diffusion load handles scarcity and
privacy
Swodesh et al. (2026) PIL-GAN Load profile Physics-adherent -
(Swodesh et al.,, 2026) (GAN + generation and profiles (energy
PINN inpainting conservation) with high
losses) resolution
3. Methodology management and pre-processing; (ii) a physics

In this section, the proposed physics-informed

generative Al  framework for modeling,
prediction, and optimization of smart electrical
systems are described. The framework combines
a conditional deep generative model with a
differentiable physics layer that enforces electrical
laws. This enables the synthesis of statistically
realistic and physically consistent scenarios to
drive both probabilistic forecasting and stochastic
optimization. The design rationale is motivated
by recent evidence that physics informed
generative models can outperform purely data-
of fidelity and

driven baselines in terms

downstream task performance (Swodesh et al.,
2026; Zhang et al., 2025).

3.1 System Architecture

The proposed architecture is modular and

consists of six interacting modules: (i) data

https://sesjournal.com
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constraint layer encoding electrical laws; (iii) a
conditional generative model; (iv) a prediction
engine; (v) an optimization module; and (vi) an
evaluation module . The input to the
preprocessing module is raw measurements and
exogenous covariates, and the generative model
generates candidate scenarios conditioned on
weather, calendar and topology information. The
physics layer evaluates each candidate using
governing laws and residual terms are fed back
into training. The physics layer also acts as a
repair/projection mechanism during inference
time to ensure operational feasibility. The

complete framework is shown in Figure 4.
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Figure 4: Proposed overall
framework.
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Figure 1. Framework of a physics-informed generative Al pipeline for

probabilistic forecasting and optimization in smart electrical systems.
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3.2 Data Collection and Preprocessing

It relies on heterogeneous operational data,
phasor

SCADA

measurements, distribution feeder topology, and

including smart meter readings,

measurement unit streams,

exogenous weather and calendar wvariables.

Preprocessing includes outlier removal by

interquartile-range filtering, missing-value
imputation by temporal interpolation, and min-
max normalization of all input channels for
stabilization of training. Time series are
resampled to common resolution (e.g. 15 minute
intervals) and split into training, validation and
test sets without leakage over contiguous periods.

lack of real

particularly for emerging resources such as

Given the general datasets,
electric vehicles and rooftop PV, the generative
component also acts as a data-augmentation
engine, which has been shown to be effective for
residential net-load synthesis under data scarcity
(Zhang et al., 2025).

3.3 Physical Constraints and Electrical Laws
Physical consistency is imposed through the
governing laws of electrical networks. For each

bus , the AC power-flow equations define active

and reactive power injections:

= ( + ).

- )

where is voltage magnitude, the angle

difference, and , the conductance and

susceptance of the branch between buses and .
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Additional constraints include voltage limits
= = , branchAlow limits | | <

, generator output bounds, ramp-rate limits,

and the system-wide power balance. For storage
and electric vehicle resources, state-of-charge
dynamics are appended. All constraints are
encoded as differentiable residual functions of
model outputs, following the physics-informed
loss paradigm established in the literature
(Huang & Wang, 2022), which permits gradient-
based training while guaranteeing that generated
scenarios respect network physics.

3.4 Generative Al Model

The core is a conditional denoising diffusion
probabilistic model. In the forward process, the
data is gradually noised in T steps: q(x_t |x_(t
D)=N_t;V(I-B_t ) x (¢1),B_t I). The inverse
process learns a denoising network € 8 (x t ,t ,c)
that predicts the added noise at each step
conditioned on covariates ¢, including weather
forecast, calendar features, historical load context,
and’ network topology descriptors. The input
time-series with multiple channels is processed by
a UNet backbone with

embeddings. Diffusion models were chosen

sinusoidal  time

because they have shown to compete with or
outperform GANs, VAEs, and normalizing flows
for probabilistic load, PV, and wind forecasting
(Capel & Dumas, 2023),

successful in generating longterm distribution

and have been

network load scenarios and weather-informed
scenarios in recent studies (Luo et al., 2026; Yao
et al., 2025). The architecture is represented in
figure 5.
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Figure 5: Physics-informed generative Al architecture.
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) 2. Denoising U-Net )
1. Noise x7 5. Generated 6. Physics Layer
(x4, t, €) 4 _
Scenarios x; Power-flow residual,
RESSESRe e i bounds, balance 7. Physics Loss
» (s dabctoanta 2} » »
i ! P » P:alc . F;“m £phys.ics
D 5. ﬂ A
Gaussian noise e
N(O,1) (Conditional Denoising) Cleanisenplas mﬁms"a'”“'m Penalizes violation of
N ) L 3 (scenarios) ymnsy <V physical laws and
T A E——— bl S L operational limits
— = e )
3. Time Embedding ¢ 4. Conditions ¢ 8. Data Loss
@ ®  Measures fidelity to
Sinusoidal / learnable "r'j. Soserves dva
s L Weather, calendar, distribution
time embedding topology, system state, etc.
J
Figure 1. Conditional diffusion framework with physics-informed constraints, Noise @ is denoised by a conditional U-Net
eg(xy, t,e) guided by time embedding ¢ and conditions ¢. Generated scenarios xg are enforced by a physics layer, and
optimized with data fidelity loss Lgaia and physics consistency loss Lpnysics.
3.5 Physics-Informed Loss Function hinge penalties ( - )+
The central component of the methodology is ( — ) on violated bounds; and

the composite training objective . del larizati h
regu|arization 1S modae regu arization suc as

= + I _—
total data physics regularization weight decay. The weighting factors and
where gata Is the prediction/data loss, ie., the , , ,
balance the three terms; in practice is
mean squared error between the denoising ‘ ‘ o
) ] scheduled to increase during training once the
network'’s output and the true noise (or between

dicted and. ob 7 val , : model has learned a valid data manifold. This
redicted and observed values in regression

P ] & = mirrors the mechanism of physics-informed
heads); physics  {\text{physics}} quantifies
losses embedded in generative objectives reported
violation of the electrical and physical constraints

for load profiles and net-load synthesis (Swodesh
et al., 2026; Zhang et al., 2025). A representative

PyTorch implementation is given in Code 1.

of Section 3.3, such as the mean squared power-

flow residual, power-balance mismatch, and

Code 1: Physics-informed loss function.

python
def physics_informed_loss(eps_pred, eps_true, V, Ybus, lambda_p=0.1, lambda_r=1e-4):

# L_data: denoising (prediction) loss
L_data = F.mse_loss(eps_pred, eps_true)

# L_physics: differentiable AC power-flow residual + bound violations
P_res = power_flow_residual(V, Ybus) # | P - P(V,theta) |2
bounds = torch.relu(V - V_max) + torch.relu(V_min - V)

L_physics = P_res.mean + bounds.mean

# L_reg: parameter regularization

L_reg = sum(p.pow(2).sum for p in model.parameters)

return L_data + lambda_p * L_physics + lambda_r * L_reg
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3.6 Model Training
Training proceeds by stochastic gradient descent
over the composite objective. At each iteration, a
batch of measurements and covariates is sampled,
random diffusion timesteps are drawn, and the
denoising network is optimized with the Adam
A two-stage warm-up

optimizer. strategy is

adopted: the model is first trained with =0 to

learn the data distribution, after which the

Code 2: Training loop and scenario-based prediction.

python

physics term is activated and its weight is

gradually increased, preventing premature

constraint satisfaction from distorting the
learned manifold. Early stopping is applied on
the validation set using the combined loss to
avoid overfitting. Full training and evaluation
code is provided as supplementary material;
Code 2 shows the essential training loop and

probabilistic prediction procedure.

optimizer = torch.optim.Adam(model.parameters, lr=1e-4)

for epoch in range(epochs):
for x, ¢ in dataloader:

t = torch.randint(0, T, (x.shape[0],))

# X: measurements, c: covariates

x_noisy, eps = forward_diffusion(x, t) # add noise

eps_hat = model(x_noisy, t, c)

# denoising network

loss = physics_informed_loss(eps_hat, eps, V, Ybus)

optimizer.zero_grad; loss.backward; optimizer.step

# Prediction: sample N day-ahead scenarios from the trained model

scenarios = torch.stack({model.sample(c, steps=T) for _ in range(N)])

mean_forecast = scenarios.mean(dim=0)

quantiles = torch.quantile(scenarios, torch.tensor([0.05, 0.50, 0.95]), dim=0)

https://sesjournal.com
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Figure 6: Training process and loss-function
architecture.
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Figure 1. Training pipeline of the physics-informed conditional diffusion model.
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3.7 Prediction Framework
The prediction engine generates point and
probabilistic forecasts. The model is trained on
covariates ¢ for a target horizon (e.g. day-ahead at
15 minutes resolution) and generates N Monte
Carlo scenarios by ancestral sampling from the
reverse process. The point forecast is the scenario
mean, prediction intervals are given by empirical
quantiles, and distributional performance is
evaluated with proper scoring rules. The same
engine supports scenario generation for load,
wind and solar resources, correlated across
geographical sites, providing consistent multi-
node inputs for downstream studies.

3.8 Optimization Framework

The generated scenarios are used as input to a
scenario-based stochastic optimization module to
solve the economic dispatch and the AC optimal
power flow problems. By sample average
approximation, the expectation over uncertain
net load is substituted by the average over the
generated scenarios, yielding a deterministic
equivalent that is solved using conventional
solvers. Deep networks have been shown to
replicate OPF solutions with large computational
speedups and small cost deviations (Baker, 2022;
Pan et al, 2023). To reduce computational
a neural

burden at deployment, surrogate

emulates the solver, while the physics layer

feasibility. The

solutions onto the constraint set described in

enforces projection of the
Section 3.3 guaranties the feasibility of the
optimization outputs.

3.9 Performance Evaluation Metrics

using  four

The framework is evaluated

complementary dimensions. Point forecasts are
evaluated using metrics like MAE, RMSE and
MAPE. Distributional metrics,

continuous ranked probability score, Wasserstein

such as the

distance and energy score, measure the ability of
generated scenario ensembles to capture true
include

uncertainty. Physical metrics mean

power-flow residuals, power-balance mismatch,

https://sesjournal.com
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and  constraintviolation

verify

consistency with the laws of Section 3.3 . Finally,

rates, to

the operational performance is quantified in
terms of cost deviation in relation to a solver
benchmark, feasibility rate, and wall-clock speed-
up. The GAN, VAE,

normalizing flow, standard diffusion without

baselines include

physics and classical statistical models such as
SARIMA.

Discussion

The results of this study need to be understood
not as isolated improvements over individual
baselines, but as the cumulative outcome of a
design principle: the deliberate fusion of data-
driven learning and first-principles electrical
knowledge. The observed pattern of performance
across the experiments is consistent with that
principle, and this section discusses what the
findings mean for modeling, prediction, and
optimization of smart electrical systems.

Why Physics-Informed Al Performs Better. The
central explanation lies in inductive bias. Purely
data-driven models must rediscover the structure
of electrical systems — conservation of power,
voltage-angle coupling, network connectivity —
from finite samples. The proposed framework
instead embeds this structure directly into the
learning objective, so the model does not need to
infer what it can be told. As a result, the learning
problem becomes substantially easier: the model
uses its capacity to capture residual statistical
variation  rather than devoting it to
reconstructing governing laws from data. This
matters most when data are scarce, which is
precisely the operating regime of emerging grid
resources such as electric vehicles, rooftop
photovoltaics, and flexible demand.

Effect of Physical Constraints. The physics-
informed loss performed a dual function in this
study. During training, the constraint residuals
acted as a regularizer that steered the generative
process onto the feasible manifold, preventing

the model from generating states that satisfy
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statistical similarity but violate network physics.
At inference, the physics layer served as a
verification and projection mechanism, ensuring
that every scenario submitted to downstream
tasks was operationally valid. The practical
consequence was a marked reduction in
constraint violations, particularly for voltage
limits and branch flows, which is the difference
between data that look like load patterns and
data that a system operator can actually act upon.
Advantages of Generative Al. The generative
formulation  contributed  capabilities  that
discriminative models cannot offer. Instead of a
single point forecast, the framework produces full
scenario ensembles that represent the joint
uncertainty across buses, time steps, and
correlated renewable resources. These ensembles
are not merely descriptive — they directly feed the
optimization module, enabling decisions that are
robust to the range of plausible futures rather
than tuned to one expected trajectory. The same
capacity
through

generative solves the datascarcity

problem augmentation: synthesized
scenarios expand small real datasets, which
improves the training of downstream predictors
and enables testing under conditions rarely
observed historically.

Prediction Accuracy. The prediction results
demonstrate that physics and generativity
reinforce one another rather than compete. The
physics constraints prevented the physically
implausible drift that typically degrades long-
horizon forecasts, while the generative sampling
produced high-quality distributional estimates, as
reflected in proper scoring rules and the tightness
of prediction intervals. Notably, the accuracy
gains were smallest at short horizons, where pure
data-driven models already perform adequately,
and largest where physics correction has room to
act — a pattern confirming that the framework's
value grows with horizon and with system

complexity.
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Optimization Capability. On the optimization
side, the scenario-based formulation converted a
stochastic problem into a tractable deterministic
equivalent, while the physics layer guaranteed
that optimization outcomes remained feasible.
The key finding is not only near-optimality of
solutions but the substantial reduction in

computation time relative to conventional
iterative solvers. This efficiency gain is what
makes the framework practically deployable in
operational settings, where repeated dispatch and
re-dispatch decisions must be made under strict
time limits. The trade-off, however, is that the
quality of optimization outputs is bounded by
the quality of the generated scenarios —
optimization cannot repair a scenario set that
misrepresents the underlying uncertainty.

Generalization. Generalization was observed
across two dimensions: extrapolation to unseen
operating conditions, improved by physics
guidance, and transfer across seasons and system
states, supported by the conditioning variables.
Nevertheless, generalization has clear limits. The
physics layer depends on accurate network
parameters; an outdated topology or erroneous
admittance data would propagate model error
into every generated sample, and learning-based
solutions may require adaptation when the
network topology changes. Extrapolation beyond
the range of training data remains inherently
risky, and the framework should be treated as a
tool for interpolation within plausible operating
regions rather than for predicting radically new
system regimes.
Computational  Complexity. = The  main
computational burden lies in training, where the
physics residual evaluation adds per-iteration cost

and the

multiple

diffusion reverse process requires

denoising steps during sampling.
Training times are therefore longer than for
conventional neural predictors, though inference
remains fast. This asymmetry is acceptable in

practice: training is an offline investment, while
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the operational value is realized during fast
online inference.

Limitations. Several limitations temper the
findings. The accuracy of the physics layer
depends on the fidelity of the network model;
simplified assumptions such as balanced, quasi-
steady-state formulations may miss dynamics
relevant in transient conditions. The frameworks'
performance in extreme operating regimes was
weaker than in normal conditions, consistent
with fundamental limits of data-driven surrogates.
Finally, the experimental validation was limited

to specific test cases and data periods, and real-

world deployment would require extensive
validation across diverse networks.
Practical Applications. The demonstrated

capabilities map directly onto practical uses: day-
ahead and intraday probabilistic forecasting for
grid operators, renewable scenario generation for
planning studies, synthetic data production for
privacy-preserving  research,  hosting-capacity
analysis, and scenario-based dispatch and market
operations for distribution system operators and
aggregators.

Future Research Directions. Future work should
pursue  foundation-model-style  architectures
pretrained across multiple networks, explicit
feasibility guarantees for optimization outputs,
extension to multi-energy systems, and federated
learning frameworks that generate synthetic data
without centralizing sensitive meter data. Real-
time digital twin integration, where the model
continuously assimilates streaming measurements,
represents a particularly promising direction for
closing the loop between generation, prediction,
and control.

6. Conclusion

This study tackled a persistent limitation of data-
driven artificial intelligence in smart electrical
systems: pure learned models are data hungry,
opaque and often produce outputs violating the
physical laws governing power networks. These

shortcomings diminish their utility for prediction,
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scenario development and operational decision
making, especially as grids add rapidly increasing
shares of distributed and uncertain resources.

To overcome the above limitations, a physics-
informed  generative artificial intelligence
framework was proposed to unify modeling,
prediction and optimization of smart electrical
systems into a single architecture. The framework
proposed herein merges a conditional denoising

which

uncertainty of loads, renewables and network

diffusion model, learns the joint
states, with a differentiable physics layer that
introduces the underlying electrical laws, e.g., AC
power-flow equations, voltage and branch limits
and power balance, directly into the learning
objective. The model is trained with a composite
loss function $L_f{total} = L_{data} + \lambda_p
\cdot L_{physics} + \lambda_r \cdot L_{reg}$ to
generate statistically faithful and physically
consistent scenarios. The scenario ensembles
obtained this way are exploited for probabilistic
forecasting and  scenario-based  stochastic
optimization. At inference, the physics layer
validates the outputs and projects them onto the
feasible manifold.

The main findings lend support to the value of
this combination. Physics informed learning
provided a useful inductive bias that improved
generalization under data scarcity and reduced
physically implausible drift in long horizon
constraints  greatly

predictions. The physics

reduced the violations of the constraints,
especially for the voltage and branch-flow limits,
statistically  plausible

making the outputs

operationally  actionable.  The  generative

formulation offered complete joint scenario
ensembles and effective data augmentation, while
the optimization module offered near-optimal
decisions at a fraction of the computational cost
of conventional iterative solvers. Ablation studies
showed that every component - the physics

constraints and the generative mechanism -
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yields complementary gains, and the complete
framework achieves the best overall performance.
This work contributes in three ways: (i) a unified
physicsinformed generative architecture that
encompasses  modeling,  prediction  and
optimization; (ii) a composite loss formulation
that reconciles statistical fidelity with physical
consistency; and  (iii) a  scenario-based
optimization pipeline that is feasible and
computationally efficient. The practical relevance
is clear. The framework can be used for day-
ahead and intraday probabilistic forecasting,
renewable scenario generation, synthetic data
generation under privacy constraints, hosting-
capacity analysis, and dispatch and market
operations for distribution system operators and
aggregators.

There are still some limitations. The physics
layer’s accuracy is determined by the fidelity of
the network parameters, and the performance
degrades in extreme operating regimes and
outside the range of the training data. The
training is computationally more demanding
than for conventional predictors and so far
validation was limited to particular test cases.
Future work includes exploring foundation-
model architectures pretrained on other
networks, providing explicit feasibility guaranties
for optimization outputs, extending the approach
to multi-energy systems, and developing federated
learning schemes that synthesize data without
centralizing  sensitive = measurements. One
particularly promising way to close the loop
between generation, prediction and control is
offered by realtime digital twin integration,
where the model continuously assimilates
streaming data.
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