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Abstract——Electrical load forecasting (ELF) plays a critical 
role in the planning and operation of modern power systems. 
As energy demand patterns grow more complex, deep learning 
(DL) techniques, and more recently, foundation models (FMs), 
have emerged as powerful tools for modeling temporal dynam‐
ics and integrating heterogeneous inputs. In practice, the effec‐
tiveness of these models depends not only on their architectures 
but also on the learning paradigms that determine how they 
are trained, adapted, and deployed. However, most existing sur‐
veys focus solely on network architectures, with limited atten‐
tion to the underlying paradigms. To this end, we survey the 
DL-based ELF from perspectives of learning paradigms and 
FMs. It organizes the literature into four orthogonal para‐
digms: task-tuned offline learning, adaptive DL, collaborative 
DL, and general-purpose DL. This paradigm-centric perspec‐
tive enables a unified understanding of how DL methods evolve 
to meet the challenges of ELF. It also provides a natural frame‐
work to incorporate FMs as the latest advancement in this tra‐
jectory. Finally, key challenges are provided, and research op‐
portunities are highlighted to inform future directions.

Index Terms——Electrical load forecasting, power system, deep 
learning, learning paradigm, foundation model.

I. INTRODUCTION

POWER systems are undergoing a profound transforma‐
tion in response to the global transition toward cleaner 

and more decentralized energy sources. On the supply side, 
the growing penetration of renewable energy sources intro‐
duces substantial variability and intermittency to the grid. It 
is reported that global renewable power capacity increased 
by about 585 GW in 2024, which lifted the total to 4448 
GW and marked an annual growth rate of 15.1% [1]. In par‐
allel, the proliferation of distributed energy resources such as 
rooftop solar and community microgrids alters power flow 
dynamics and complicates system-level coordination. On the 
demand side, the electrification of sectors such as transporta‐
tion, heating, and industrial processes reshapes consumption 
patterns, introducing new spatiotemporal variability. In 2024, 
the global electricity consumption grew by about 4.3%, near‐
ly doubling the decade-average rate [2]. Moreover, the in‐
creasing adoption of residential loads with stochastic behav‐
ior and the growing participation in demand response pro‐
grams further amplify the complexity and uncertainty of 
load profiles [3].

As a result, the grid becomes more dynamic, less predict‐
able, and increasingly reliant on timely, data-driven decision-
making. In this context, electrical load forecasting (ELF) has 
become more critical than ever. ELF refers to the process of 
predicting future electricity demand based on historical con‐
sumption patterns and relevant contextual information. It is a 
fundamental tool for ensuring the efficient, stable, and eco‐
nomic operation of modern power systems. Based on pub‐
lished analyses, for a power system with a peak load of 
5000 MW operating at approximately 5% mean absolute per‐
centage error (MAPE), each 1% improvement in forecasting 
accuracy delivers about 0.6-1.6 million US dollars per year, 
equivalent to a 0.12%-0.30% reduction in variable genera‐
tion cost [4]. Achieving high-precision forecasts, however, is 
far from straightforward. It requires the ability to model intri‐
cate temporal dependencies and contextual influences such 
as weather variability, calendar effects, and consumer behav‐
ior [5]. In addition, the increasing heterogeneity and decen‐
tralization of power systems necessitate forecasting methods 
that are scalable, adaptive, and capable of handling high-res‐
olution multi-source data.

Fortunately, recent advancements in data collection infra‐
structure such as smart meters and Internet of Things (IoT)-
enabled sensors have made large volumes of fine-grained 
consumption data readily available. At the same time, the 
rapid progress of machine learning (ML) and artificial intelli‐
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gence (AI), especially deep learning (DL), has empowered 
researchers to move beyond handcrafted models toward data-
driven methods that can automatically extract complex pat‐
terns and hidden representations [6]. In principle, the more 
effectively a model can learn such representations, the better 
its forecasting performance. Yet the difficulty in learning use‐
ful representations varies widely across ELF scenarios. 
Some applications must work with limited data, others con‐
tend with continuous distribution shifts, and many face priva‐
cy restrictions across regions and utilities. These differences 
mean that improving ELF is not simply a matter of design‐
ing better neural architectures, which also requires thought‐
ful choices about how forecasting models learn, adapt, and 
generalize from data in the presence of these challenges [7]. 
As a result, a diverse set of learning paradigms has emerged 
in ELF. However, existing surveys have paid little attention 
to the learning paradigms.

A diverse array of forecasting methods has been devel‐
oped over the past decades. These methods can be broadly 
classified into statistical methods, classical ML models, and 
DL methods. Early statistical methods, including autoregres‐
sive integrated moving average (ARIMA), exponential 
smoothing, and linear regression, are widely used due to 
their simplicity and interpretability [8] - [10]. These methods 
are effective in capturing seasonal trends and short-term fluc‐
tuations under stationary conditions, but they struggle with 
nonlinear interactions between input variables and output tar‐
gets. Classical ML methods such as support vector ma‐
chines, decision trees, and ensemble methods (e. g., random 
forests and gradient boosting) relax these assumptions and 
enable better modeling of nonlinear relationships [11], [12]. 
These demonstrate better performance across various fore‐
casting tasks, but the predictive accuracy often depends on 
carefully engineered features and domain expertise. More‐
over, most of these methods lack explicit mechanisms to cap‐
ture temporal dependencies, which makes them less suitable 
for long-sequence forecasting scenarios.

DL methods has emerged as a powerful paradigm for 
ELF. Unlike classical ML methods, DL methods can auto‐
matically learn meaningful representations from raw data 
and capture long-term dependencies through sequence model‐
ing. A wide range of DL methods have been explored in the 
literature, including long short-term memory (LSTM) net‐
works [13], gated recurrent units (GRUs) [14], convolutional 
neural networks (CNNs) [15], temporal convolutional net‐
works (TCNs) [16], Transformers [17], and graph neural net‐
works (GNNs) [18], [19]. These have shown strong perfor‐
mance across different forecasting horizons and input modali‐
ties. Most DL methods are tailored to specific ELF tasks, 
with architecture, input representation, and training strategy 
designed according to the characteristics of the target prob‐
lem. While this specialization allows for flexibility and task-
specific optimization, it may also limit the reusability and 
scalability of models across different contexts.

In recent years, inspired by the success of foundation mod‐
els (FMs) in fields such as natural language processing 
(NLP) and computer vision (CV), the idea of building gener‐
al-purpose models for ELF has started to gain attention. 

FMs such as large language models (LLMs) in NLP [20] are 
typically pre-trained on large-scale and diverse datasets to 
learn transferable representations that support a wide range 
of downstream tasks with minimal adaptation. Applied to the 
ELF domain, FMs in ELF (termed as ELFFMs) aim to de‐
velop unified forecasting frameworks that can effectively in‐
corporate heterogeneous data sources such as historical load 
profiles, numerical weather prediction (NWP) outputs, calen‐
dar information, and even satellite imagery. Early studies 
suggest that ELFFMs have the potential to enhance general‐
ization across geographic regions and temporal scales, re‐
duce dependence on manual feature engineering, and support 
multi-objective forecasting tasks [21]-[23].

Given the breadth and rapid development of ELF, a num‐
ber of surveys have aimed to synthesize the field by classify‐
ing modeling strategies, application domains, and evaluation 
protocols. Broadly, these existing surveys fall into three 
groups. The first group focuses on methodological taxono‐
mies. References [24] and [25] examine the progression 
from traditional statistical models to AI techniques. More 
comprehensive surveys [26]-[28] extend these discussions by 
comparing single and hybrid models across different dimen‐
sions. Specific attention is given to probabilistic forecasting 
in [29], which provides a tutorial-style synthesis of modeling 
principles and evaluation metrics. The second group organiz‐
es surveys around application-specific challenges. Reference 
[30] investigates ELF methods in integrated energy systems 
(IESs), where interactions between electricity, heating, and 
gas introduce new layers of complexity. References [31] and 
[32] focus on microgrid environments, highlighting the role 
of forecast resolution and decentralized data availability. Oth‐
ers such as [33] and [34] analyze forecasting in commercial 
buildings and smart cities. Meanwhile, [35] and [36] tackle 
emerging themes like interpretability, which are increasingly 
crucial for deploying AI models in mission-critical settings. 
References [37] and [38] contextualize ELF in low-voltage 
and smart grid environments, respectively. The third group 
centers on DL methods. References [5], [39], and [40] pro‐
vide detailed comparisons of RNN, LSTM, CNN, and atten‐
tion-based architectures, covering their design principles, da‐
ta preprocessing strategies, and limitations in generalization.

Despite these valuable contributions, existing surveys on 
DL-based ELF often focus narrowly on model architectures 
while overlooking key learning paradigms and training strate‐
gies. A paradigm-based perspective offers a deeper under‐
standing of how forecasting systems learn and adapt. In fact, 
model performance in ELF depends not only on architectural 
design but also on the way learning is conducted. It may be 
trained once on historical data, updated continuously with 
new observations, adapted collaboratively across regions, or 
pre-trained for generalization across multiple tasks. Viewing 
existing studies through this lens clarifies why certain meth‐
ods succeed under specific conditions but fail elsewhere, and 
reveals the trade-offs among accuracy, adaptability, scalabili‐
ty, and cost [41]. In addition, FMs have shown promise in 
improving generalization, reducing dependence on handcraft‐
ed features, and handling multiple forecasting objectives, but 
little effort has been made to systematically summarize the 
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FMs in ELF. This survey aims to bridge these gaps by map‐
ping the field from the lens of learning paradigms of DL. 
The FMs are naturally included as a general-purpose DL par‐
adigm. A detailed explanation of the paradigm-based taxono‐
my is provided in Supplementary Material A. We provide 
the comprehensive survey that organizes DL-based forecast‐
ing through the lens of learning paradigms, a perspective 
that has not been systematically explored in ELF or in other 
computer science domains. The main contributions are as fol‐
lows:

1) A comprehensive and up-to-date survey is provided that 
reviews DL-based ELF from lens of learning paradigms. This 
allows us to move beyond architecture-centric taxonomies and 
instead classify methods by how they are trained, adapted, and 
deployed in response to diverse forecasting challenges.

2) A first systematic synthesis of FMs in ELF is provided, 
detailing the architectures, pre-training strategies, and adapta‐
tion methods. This allows us to understand how FMs can re‐
shape ELF from task-specific solutions to general-purpose 
frameworks.

3) An analysis of challenges and future research opportuni‐
ties is provided, including issues related to human and envi‐
ronmental uncertainties, downstream task integration, and 
DL reliability. This provides a roadmap for developing more 
adaptive, robust, and trustworthy forecasting systems.

The remainder of this paper is organized as follows. Sec‐
tions II-V survey task-tuned offline learning, adaptive DL, 
collaborative DL, and general-purpose DL, respectively. Sec‐
tion VI discusses challenges and opportunities. Section VII 
concludes the paper.

II. TASK-TUNED OFFLINE LEARNING

Task-tuned offline learning is the basic learning paradigm 
where forecasting models are trained offline on historical da‐
ta for a single and fixed forecasting task without knowledge 
sharing across different tasks. This setting assumes that the 
underlying load data distribution remains stationary or chang‐
es slowly enough that a static model can generalize well dur‐
ing deployment. The forecasting models are trained end-to-
end using supervised learning, with the objective of minimiz‐
ing a predefined loss function [42], [43].

A. Learning Paradigm of Task-tuned Offline Learning

In the task-tuned offline learning, the forecasting model is 
trained using supervised learning on a fixed dataset for a spe‐
cific task. Given the k-step historical load sequence {yt - k 

}yt - k + 1yt  and auxiliary covariates { }vt - kvt - k + 1vt + h , 
the forecasting model fθ, parameterized by θ, learns to esti‐
mate the future h-step load values { }ŷt + 1ŷt + 2ŷt + h  as:

ŷt + 1:t + h = fθ( yt - k:tvt - k:t + h ) (1)

The forecasting model is optimized by minimizing a loss 
function between the predicted and true future loads over the 
training set as:

L (θ ) = 1
N∑i = 1

N

l ( fθ( y( )i
t - k:tv( )i

t - k:t + h ) y( )i
t + 1:t + h ) (2)

where L ( )×  is the empirical training loss of the forecasting 

model; l ( )×  is the point-wise loss function; N is the number 
of training samples; y( )i

t - k:t denotes the historical load se‐
quence for the ith sample; v( )i

t - k:t + h denotes the associated exog‐
enous variable for the ith sample; and y( )i

t + 1:t + h denotes the 
ground-truth future load trajectory for the ith sample.

In practice, the design of the loss function l ( )×  is not trivi‐
al, as it determines what aspect of forecasting accuracy the 
model prioritizes. In most forecasting studies, l is chosen as 
a standard regression loss such as mean squared error (MSE) 
or mean absolute error (MAE), which measures the average 
deviation between predicted and true loads. Variants such as 
weighted MSE or MAPE are also used to emphasize peak 
hours or critical periods where accurate prediction is particu‐
larly important. When uncertainty quantification is desired, 
probabilistic losses are adopted instead. Typical examples in‐
clude the pinball loss for quantile regression and the nega‐
tive log-likelihood (NLL) for parametric distribution model‐
ing [44]. Moreover, recent research has explored cost-aware 
or decision-focused loss functions, where the conventional 
statistical objective is replaced by an operational cost surro‐
gate so that model training directly optimizes downstream 
decision performance rather than mere prediction accura‐
cy [45].
θ is updated iteratively using gradient-based optimization. 

Specifically, backpropagation is used to compute the gradi‐
ent of the loss with respect to the model parameters, as 
shown in (3). ÑθL (θ ) is obtained via automatic differentia‐
tion through the model layers.

θ¬ θ - ηÑθL (θ ) (3)

where η is the learning rate; and Ñθ is the gradient operator. 
The training typically proceeds in mini-batches with stochas‐
tic gradient descent (SGD) or its variants (e.g., Adam) [46].

Since fθ is task-tuned, a critical step is to carefully design 
the neural network architecture in accordance with the specif‐
ic characteristics of the forecasting task. A critical factor that 
should be considered is the nature of the input data of the 
specific task. If the forecasting task involves time series data 
with temporal dependencies, architectures that can effective‐
ly capture sequential patterns are critical. LSTMs [47], [48], 
GRUs [49], TCN [50], [51], or attention networks [52]-[54] 
are well-suited for such tasks, as they are specifically de‐
signed to process and model sequences over time. If the data 
involve multiple related inputs across different regions or 
contexts, CNNs and GNNs can be helpful. CNNs are effec‐
tive at detecting spatial relationships and can process data 
with multiple spatial features such as time-series data from 
different locations [54]. On the other hand, GNNs excel in 
capturing the dependencies between nodes in a graph, mak‐
ing them ideal for tasks where data are inherently structured 
as a graph [55]. If the task involves high-dimensional input 
features or requires the integration of different data modali‐
ties, hybrid forecasting models may be more suitable. These 
hybrid forecasting models combine multiple architectural com‐
ponents to leverage the strengths of different methods. For ex‐
ample, combining CNNs or GNNs for spatial feature extrac‐
tion with RNNs, TCNs, or Transformers for capturing tempo‐
ral dependencies can be highly effective. By focusing on the 
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relationships between all features simultaneously, complex de‐
pendencies can be modeled across both space and time.

Once the task-tuned forecasting model is trained and vali‐
dated, its parameters are fixed, and it is then integrated into 
the production system. During deployment, the task-tuned 
forecasting model receives real-time input data, but its 
weights and architecture remain unchanged. The deployed 
model operates in inference mode, where it generates predic‐
tions based on the input data it receives, without further 
modification to the parameters unless retrained in the future.

B. Discussion on Task-tuned Offline Learning

1)　Reliability in Stable Environment
Task-tuned offline learning is one of the most widely used 

paradigms in DL-based ELF. Its appeal lies in the simplicity 
and effectiveness of training models offline on a fixed datas‐
et for a specific forecasting task. By directly optimizing the 
model for a well-defined objective, reliable performance is 
ensured, when the underlying data distribution is relatively 
stable [56]. In practical settings where historical patterns 
dominate and disruptions are infrequent, task-tuned forecast‐
ing models can achieve high accuracy with minimal com‐
plexity. The straightforward nature of the end-to-end super‐
vised learning process also allows for efficient integration in‐
to existing forecasting systems.
2)　Vulnerability to Concept Drift and Lack of Task Flexibility

The most notable challenge of task-tuned offline learning 
is its reliance on the assumption that the data distribution re‐
mains stationary. In practice, this is rarely the case, particu‐
larly in modern power systems, which are subject to rapid 
changes driven by various factors. Once trained, the task-
tuned forecasting model lacks the ability to adapt in real 
time, making it vulnerable to performance degradation under 
distribution shifts [57]. Online learning (OL) can address 
this challenge by continuously updating model parameters as 
new data arrive. In addition, task-tuned offline learning of‐
ten struggles to generalize when the forecasting task chang‐
es, e. g., being transferred to a different region, horizon, or 
energy type. Models trained under fixed statistical conditions 
cannot easily transfer learned dependencies to new environ‐
ments, especially when only limited samples are available in 
emerging tasks [58]. Transfer learning (TL) and FMs are 
therefore regarded as potential solutions to this generaliza‐
tion problem.
3)　Limited Cross-task Information Sharing

Because task-tuned offline learning optimizes each fore‐
casting task in isolation, it depends solely on its own task-
specific data and overlooks the correlations that often exist 
among related tasks. These shared patterns, however, carry 
important information that can improve both data efficiency 
and predictive accuracy. For example, in IES, electricity, 
heating, cooling, and gas are interconnected [59]. Capturing 
the coupling among multiple energy loads allows collabora‐
tive forecasting models to utilize shared information and 
thereby improve forecasting accuracy. Collaborative learning 
offers a natural framework for this purpose, as it facilitates 
knowledge sharing across related tasks while maintaining 
task-specific distinctions.

III. ADAPTIVE DL

Task-tuned forecasting models are typically trained offline 
on sufficient historical data and assume a stationary mapping 
between inputs and future demand. However, this assump‐
tion often breaks down in practice. On the one hand, electric‐
ity consumption patterns are inherently dynamic and shaped 
by evolving weather conditions, seasonal trends, user behav‐
iors, and disruptive events such as extreme weather or policy 
shifts. As a result, static models struggle to maintain accura‐
cy once deployed. This challenge becomes more acute in 
modern power systems characterized by high renewable pen‐
etration and low inertia, where accurate short-term forecast‐
ing is critical for grid stability [60]. On the other hand, 
many deployment scenarios such as newly built households 
suffer from sparse historical data. This makes it difficult to 
train specialized models from scratch. These two challenges 
necessitate learning paradigms that can adapt across time 
and tasks, rather than rely on one-shot training.

Adaptive DL addresses this need by equipping forecasting 
models with mechanisms to respond to changing environ‐
ments, encompassing two paradigms: ① TL focuses on 
cross-task generalization, which allows forecasting models to 
transfer knowledge from well-trained domains to novel do‐
mains; and ② OL emphasizes continual adaptation, enabling 
forecasting models to incrementally update their parameters 
as new data streams in [61]. This section, therefore, reviews 
these two adaptive DL paradigms. A literature summary of 
adaptive DL is shown in Table I.

TABLE I
LITERATURE SUMMARY OF ADAPTIVE DL

Ref.

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

[74]

[75]

Para‐
digm

TL

TL

TL

TL

TL

TL

TL

TL

TL

OL

OL

OL

OL

OL

Framework

Residual network (ResNet) 
+ biphase weight adjusting

DL + RL

LSTM + fine-tune

Sequence-to-Sequence (Seq2
Seq) + domain adaptation

Clustering + domain adapta‐
tion + fine-tune

Adversarial network

Model-agnostic meta-learn‐
ing (MAML)

ResNet + Gaussian process 
(GP)

Graph neural network
(GNN) + attention

Least absolute shrinkage 
and selection operator 

(LASSO)-LSTM + 
buffering-tuning

Echo state network

Multi-fidelity data fusion 
network

Offline soft spiking 
network + online GP

Ensemble of DL and ML 
models

Application

Residential ELF with limited 
data

ELF with insufficient data

ELF with limited data

Residential ELF with limited 
data

Residential ELF with limited 
data

Prediction of masked load

Residential ELF with limited 
data

Load pattern changes during 
abnormal events

Residential ELF with limited 
data

Concept drift during abnor‐
mal events

Online learning and forecast‐
ing of residential load for 

edge computing

Data gap

Load pattern fluctuations of 
residents

Incremental training with 
new samples
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A. TL

For newly-deployed smart meters or emerging microgrids, 
collecting sufficient labeled data is often a slow and costly 
process. This data scarcity becomes a major bottleneck for 
training DL models, which typically rely on large datasets to 
capture complex patterns [54]. A natural workaround is to 
ask: if similar forecasting tasks have already been solved in 
other domains, can we transfer some of that knowledge to 
the current scenario? This intuition underpins TL, a learning 
paradigm that allows a model to reuse knowledge from a 
source domain to adapt to a target domain [76]. In TL, the 
model is first trained on a source domain where data are 
plentiful, and then fine-tuned or adapted to a different but re‐
lated target domain with limited data. This part reviews how 
TL has been used in ELF to address generalization and data 
limitations.
1)　Learning Paradigm of TL

TL encompasses a broad range of strategies that reuse 
knowledge from a source domain to improve generalization 
in a target domain. Let the source domain be denoted as DS =

{ }( x iSyiS ) NS

i = 1
 and the target domain as DT = { }(x jTyjT ) NT

j = 1
, 

where x iS and yiS represent the input feature and forecasting 
target of the ith sample of the source domain, respectively;  
x jT and yjT represent the input feature and forecasting target 
of the j th sample of the target domain, respectively; and NS 
and NT are the numbers of samples in the source and target 
domains, respectively, with NTNS. TL begins by training a 
forecasting model fθS

 on the source domain. Then, part or all 

of the learned parameters θS are transferred to the target do‐
main, and a new model fθT

 is adapted by minimizing the fore‐

casting loss on DT. In ELF, the following strategies for TL 
are often used.

1) Fine-tuning: fine-tuning remains the most widely adopt‐
ed strategy in ELF due to its simplicity and effectiveness. 
The basic idea is to initialize the target model with parame‐
ters from a pre-trained source model, then continue training 
on limited target-domain data. This strategy is useful when 
the source and target share similar dynamics but differ in 
specific features such as consumption behavior. For exam‐
ple, [62] introduces a Bayesian fine-tuning that adaptively as‐
signs weights for forecasting models that are trained on dif‐
ferent source households. Reference [63] uses reinforcement 
learning to choose among multiple candidate models trained 
on different load data sources before fine-tuning the best 
one. Personalized ensemble methods also exist, where fore‐
casting models pre-trained on users with similar patterns are 
fine-tuned and aggregated for better robustness [64].

In fine-tuning, the loss function is usually kept consistent 
with the source task to preserve the learned feature represen‐
tations, but its role becomes more subtle. When the source 
and target domains are highly similar, the same statistical 
loss (e.g., MSE or MAE) is retained and only a small learn‐
ing rate is applied to avoid catastrophic forgetting. When do‐
main gaps exist, additional regularization terms are often in‐
troduced to stabilize transfer and prevent overfitting to the 
small target dataset. Typical examples include L2 weight pen‐

alties on deviations from the source parameters [77], feature-
level alignment losses that match hidden representations be‐
tween domains [78], [79], or task-weighted composite losses 
that balance old and new objectives.

2) Adversarial TL: in many real-world cases, the source 
and target domains differ not just in size but also in distribu‐
tional properties. Fine-tuning alone may fail to bridge such 
gaps. Adversarial TL tackles this by explicitly aligning the 
feature distributions of source and target through a game-the‐
oretic training setup [80]. Specifically, a shared encoder fθe

 

with parameter θe is trained to extract domain-invariant rep‐
resentations, a task predictor fθc

 with parameter θc performs 

forecasting, and a domain discriminator fθd
 with parameter θd 

attempts to distinguish between domains. The resulting min-
max optimization problem is formulated as:

min
θeθc

max
θd

(Ltask + λLadv ) (4)

L task =∑
i = 1

NS

L ( fθc( fθe( x iS ) ) yiS ) (5)

Ladv =∑
i

ln fθd( fθe( x iS ) ) +∑
j

ln (1 - fθd( fθe(x jT ) ) ) (6)

where L task is the source-domain forecasting loss; Ladv is the 
adversarial loss for domain discrimination; λ controls the 
trade-off between predictive accuracy and domain alignment; 
and i and j are the samples from DS and DT, respectively. In 
the context of short-term ELF, [65] applies this strategy by 
coupling an LSTM-based Seq2Seq model with adversarial 
learning, which effectively aligns load features across prov‐
inces with differing climate and consumption profiles. Recog‐
nizing that not all source regions are equally useful for trans‐
fer, [66] introduces a K-shape clustering technique to pre-se‐
lect those source domains whose load dynamics are most 
similar to the target domain. By narrowing the transfer scope 
to structurally compatible clusters, the technique avoids nega‐
tive transfer and improves warm-start training effectiveness. 
At a more granular level, [67] explores intra-user domain 
shift, where the unmasked and masked versions of a user’s 
residential load are treated as distinct domains. An adversari‐
al training scheme is used to bridge the internal shift, en‐
abling the forecasting model to remain accurate even when 
critical signals are unavailable or distorted.

3) Meta-learning: TL often involves transferring knowl‐
edge from many source domains to a target domain. This 
raises a key question: can we build a forecasting model capa‐
ble of quickly adapting to a new domain with very few la‐
beled samples? The solution is meta-learning, which goes be‐
yond simply applying knowledge from one task to another 
and enables models to “learn how to learn,” such that the 
forecasting model can adapt rapidly to new tasks with mini‐
mal data. MAML is one of the most widely used meta-learn‐
ing strategy [81]. It optimizes an initialization of parameters 
that can be rapidly fine-tuned across a distribution of tasks. 

In ELF, MAML has been applied to the scenarios such as 
newly-built households [68] and regional cold-start forecast‐
ing [14]. Other studies [82]-[84] combine meta-learning with 
ensemble or voting strategies to automate model selection 
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and adaptation based on evolving load patterns.
2)　Discussion　of TL

Some key issues of applying TL to ELF are discussed be‐
low.

1) Knowledge transfer and efficiency: when acquiring vast 
amounts of labeled data can be expensive and time-consum‐
ing, TL offers a pragmatic solution by enabling the use of 
models that have been pre-trained on similar datasets. This 
not only reduces the data requirements but also accelerates 
the model development process, making it more efficient 
and cost-effective [69]. This is beneficial for applications 
such as microgrid forecasting or newly-deployed smart me‐
ters, where historical data are often limited [70].

2) Data availability: by reusing representations learned 
from data-rich source domains, TL can help bootstrap accu‐
rate forecasting models even when the target domain lacks 
sufficient historical records. Namely, most existing methods 
still assume that at least a small amount of labeled data is 
available for fine-tuning. In more extreme cases, however, 
even a small number of labeled samples is unavailable [85]. 
This could cause the failure of the traditional strategies for 
TL. Recent advances in FMs offer a new way forward. In‐
stead of transferring from a specific source domain, FMs are 
trained on diverse data at scale and designed to generalize 
across tasks. With appropriate prompting or lightweight adap‐
tation, they could potentially forecast unseen targets without 
any additional labels [86].

3) Data privacy: another important consideration in real-
world deployment is data privacy. Many strategies for TL 
promise to improve forecasting accuracy without requiring 
centralized access to user data. Typically, the forecasting 
model is pre-trained on source domains and only its parame‐
ters are transferred. However, recent research highlights that 
even forecasting model parameters may leak private informa‐
tion [87]. This becomes a concern in ELF, where patterns in 
weights or gradients may indirectly reflect user behaviors. 
To mitigate such risks, privacy-preserving strategies for TL 
are gaining attention [88].

B. OL

OL is a dynamic training paradigm where the forecasting 
model is updated incrementally as new data arrive. This al‐
lows it to dynamically adjust to changes in the underlying 
data distribution.
1)　Learning Paradigm of OL

At each time t, the forecasting model receives the input 
x t, which represents the features or observations at time t, 
and generates a prediction ŷt = fθt( x t ). After observing the 

true output yt, the forecasting model incurs a prediction er‐
ror, quantified by the loss function L ( ŷtyt ). The parameters 
are then updated to minimize this forecasting error, using an 
update rule that can be derived from various optimization 
methods, including but not limited to gradient-based meth‐
ods. Specifically, the parameters are adjusted as [89]:

θt + 1 = θt - ηtÑθL ( fθt( x t ) yt ) (7)

where ηt is the learning rate at time t. The learning rate may 
be constant, decay over time, or be adaptively adjusted 

based on the model performance. This update rule allows the 
forecasting model to gradually learn and adapt as new data 
become available. The objective of OL is to minimize the cu‐
mulative loss over time.

In online learning, the instantaneous loss typically follows 
conventional regression forms such as MSE or MAE. What 
distinguishes OL from static training is how these losses are 
accumulated and weighted over time. A common strategy is 
to apply recency-weighted or exponentially decaying losses 
that assign greater importance to recent samples, thereby cap‐
turing concept drift and evolving load patterns in real time 
[90]. Some studies further reinterpret the online learning ob‐
jective through the lens of regret minimization, where the 
loss quantifies the deviation from an oracle predictor rather 
than merely measuring past prediction errors [91].

The challenge in OL lies in balancing two competing ob‐
jectives: ① plasticity, which is the forecasting ability of the 
model to quickly adapt to new information; and ② stability, 
which is the ability to maintain previously learned knowl‐
edge without overfitting to recent data [61]. To achieve such 
a trade-off, different methods are used. One is online-only 
learning, where the forecasting model is trained directly on 
real-time data without involving offline training [71], [72]. 
However, a forecasting model that is too shallow may fail to 
capture complex patterns, whereas an overly deep forecast‐
ing model can become prone to overfitting to recent data. To 
address these challenges, techniques like Hedge Backpropa‐
gation have been introduced, which adaptively adjust the 
model capacity and balance shallow and deep network repre‐
sentations as the learning process evolves [73]. A main limi‐
tation of online-only learning is that it fails to fully exploit 
the benefits of offline learning, which means that valuable in‐
sights from historical data are not fully utilized. To address 
this, offline-online methods have been introduced, which 
combine the advantages of both offline and online learning 
paradigms. In [74], the parameters of a spiking neural net‐
work trained offline are used as the initial parameters for 
kernel learning online. Reference [75] first trains various ba‐
sic models offline and then assigns adaptive weights online 
to the offline-trained models.
2)　Discussion on OL

Some key issues of OL are discussed below.
1) Adaptation to dynamic environments: OL is particularly 

useful for forecasting tasks where the consumption patterns 
are subject to frequent changes due to factors like unexpect‐
ed demand spikes, policy changes, or environmental events. 
OL allows for continuous adaptation to such changes and en‐
sures the forecasting model remains up-to-date with minimal 
retraining [72].

2) Risk of forgetting and overfitting: OL operates in dy‐
namic load patterns where both long-term trends and short-
term anomalies coexist. Historical data often encapsulate 
valuable structural patterns, and real-time data streams re‐
flect the most recent shifts. Ideally, the forecasting model 
should retain useful long-term knowledge while remaining 
responsive to meaningful short-term variations. However, 
achieving this balance is difficult [92]. The models that 
adapt too aggressively to incoming data may quickly forget 
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important historical patterns. Conversely, forecasting models 
that rely too heavily on past knowledge may fail to respond 
promptly to new trends. To address this issue, recent re‐
search works in other fields explore mechanisms that com‐
bine memory retention and adaptive plasticity [93], [94]. Ex‐
ponential decay weighting, dual-memory structures, or meta-
learning-based update strategies have shown promise in me‐
diating this trade-off [95].

IV. COLLABORATIVE DL

In the context of ELF, it is increasingly common to en‐
counter a collection of related tasks. While each task may 
differ in spatial coverage, temporal granularity, and data 
availability, they are often influenced by a similar set of ex‐
ternal drivers such as weather conditions, policy shifts, sea‐
sonal demand cycles, and collective human behavior [96]. 
For instance, a regional cold wave can lead to synchronized 
spikes in both residential and commercial electricity usage. 
Rather than developing separate models for each setting, a 
growing body of research has explored collaborative DL as a 
way to leverage shared patterns across tasks. In particular, 
multi-task learning (MTL) and FL have gained traction as 
practical frameworks for this purpose. Although these differ 
in their assumptions and implementation, they all aim to im‐
prove forecasting performance by allowing forecasting mod‐
els to exchange information. This section explores how col‐
laborative DL help make ELF models more data-efficient, 
generalizable, and robust to the deployment in heterogeneous 
environments.

A. MTL

In practice, tasks may differ in trends, physical mecha‐
nisms, and temporal scales, yet they often exhibit underlying 
couplings. Modeling these relationships can lead to better 
generalization and improved forecasting accuracy. This moti‐
vates the use of MTL, a general framework where a single 
model is trained to solve multiple related tasks simultaneous‐
ly by sharing certain components or representations across 
tasks. The underlying assumption is that learning multiple 
tasks together enables the forecasting model to extract com‐
monalities and transfer useful knowledge [97]. In practice, 
MTL is often used more narrowly to refer to joint learning 
over a set of heterogeneous forecasting objectives such as 
the joint learning of regression and classification tasks [98].

It is important to distinguish MTL from multi-output fore‐
casting. The latter focuses on predicting multiple outputs of 
a single task where all outputs share the same temporal con‐
text and physical meaning, e.g., forecasting the loads of dif‐
ferent substations or regions at the same future time step. Al‐
though some research works also refer to this as MTL, in 
this paper it is classified under task-tuned offline learning. In 
contrast, MTL deals with multiple forecasting tasks that may 
differ in data modality or physical meaning. MTL has been 
primarily adopted for multi-energy ELF in IES, where elec‐
tricity, heating, cooling, and gas loads are coupled but influ‐
enced by partially shared drivers [59], [99]. MTL enables 
the joint modeling of these interdependent yet distinct behav‐
iors and allows the forecasting model to learn shared latent 

factors while preserving task-specific nuances. A literature 
summary of MTL is shown in Table II.

1)　Learning Paradigm of MTL
Since MTL is primarily applied to multi-energy ELF in 

IES, we formulate the learning paradigm accordingly. Sup‐
pose there are K related forecasting tasks, each associated 
with a distinct energy type. For task kÎ 12K, we define 
the input sequence x ( )k

t  and the corresponding target se‐
quence y( )k

t . The goal of MTL is to jointly train a forecasting 
model that captures both the shared structure across tasks 
and the task-specific behaviors by minimizing the cumula‐
tive forecasting loss over all tasks:

min
θs{ }θk

K

k = 1

∑
k = 1

K

λk∑
t = 1

Tk

L( )k ( fθsθk( x ( )k
t ) y( )k

t ) (8)

where θs is the shared parameter across all tasks; θk is the 
task-specific parameter for task k; λk is a task-specific 
weighting factor that controls the contribution of each task 
to the overall loss; Tk is the data length or the number of 
samples for task k; and L( )k  is the task-specific loss function.

In most existing literature on ELF, MTL is implemented 
via hard parameter sharing, which enforces all tasks to share 
a common feature extraction backbone, while keeping sepa‐
rate task-specific heads for final predictions. 

In existing literature on multi-energy ELF, a wide range 
of deep architectures have been adopted under the hard pa‐
rameter sharing paradigm. These include CNNs [15], [59], 
[99] - [101], GRUs [102], [103], LSTMs [104] - [106], TCNs 

TABLE II
LITERATURE SUMMARY OF MTL

Ref.

[15]

[17]

[18]

[59]

[96]

[99]

[100]

[101]

[102]

[103]

[104]

[105]

[106]

[107]

[108]

[109]

[110]

[111]

Knowledge sharing module

CNN-BiGRU-attention

Transformer

Multi-scale spatiotemporal 
GNN

Complex neural network

Spatiotemporal-coupling 
informer

CNN-BiGRU-attention

BiLSTM

CNN

TCN-BiGRU-attention

TCN-GRU

BiMTL LSTM

BiLSTM

LSTM

Attention layer

Kolmogorov-Arnold network

Encoder in Transformer

Temporal top windowed 
attention

Task attention

Training balance

Homoscedastic uncertainty 
weighting

Homoscedastic uncertainty 
weighting

Arithmetic mean

Geometric loss function

Arithmetic mean

Arithmetic mean

Weighted sum

Arithmetic mean

Arithmetic mean

Homoscedastic uncertainty and 
dynamic weight averaging

Arithmetic mean in two shared 
layers

Arithmetic mean

Weighted sum

Arithmetic mean

Arithmetic mean

Weighted sum

Arithmetic mean

Weighted sum

797



JOURNAL OF MODERN POWER SYSTEMS AND CLEAN ENERGY, VOL. 14, NO. 3, May 2026

[107], Kolmogorov-Arnold networks [108], transformers 
[17], [109]-[111], and GNNs [18], [96].

During the training of MTL, determining how to balance 
the optimization of each task is also important since naive 
equal weighting of task losses often leads to biased learning. 
Specifically, tasks with larger loss magnitudes or noisier gra‐
dients may dominate the shared representation, causing the 
forecasting model to over-fit to certain modalities while un‐
derperforming on others [98]. To address this, various task-
balancing strategies have been explored. These include static 
manual tuning, uncertainty-based dynamic weighting [112], 
gradient-based normalization [113], and multi-objective opti‐
mization [114] strategies. These strategies have been exten‐
sively studied in other domains such as CV. In the context 
of multi-energy ELF, the adoption of these strategies re‐
mains limited. Most existing studies rely on static manual 
tuning, where task weights are set heuristically or via grid 
search and remain fixed throughout training. A small but 
growing body of work has begun to explore uncertainty-
based dynamic weighting [17], which adjusts task impor‐
tance based on predictive variance or model confidence. Ref‐
erence [59] also employs geometric loss to dynamically bal‐
ance the training of different forecasting tasks. In contrast, 
more advanced methods such as gradient-based normaliza‐
tion and multi-objective optimization have not yet been ap‐
plied to MTL.
2)　Discussion　on MTL

The application of MTL in multi-energy ELF presents sev‐
eral opportunities and challenges that need to be addressed 
to fully realize its potential in IES.

1) Enhanced generalization through shared learning: in 
IES, different energy modalities such as electricity, heating, 
cooling, and gas often exhibit complex interdependencies 
[105]. MTL leverages these shared drivers to extract com‐
monalities between these energy types while also accounting 
for their distinct characteristics. By simultaneously training 
on multiple related tasks, MTL allows the forecasting model 
to capture cross-modal correlations that might be overlooked 
in traditional single-task forecasting models [104], [106].

2) Hard versus soft parameter sharing: the majority of ex‐
isting frameworks of MTL rely on hard parameter sharing, 
which, while effective and easy to implement, may not be 
optimal in all settings. Hard parameter sharing assumes a 
fixed structure where all tasks use the same backbone encod‐
er, but this may struggle to capture the nuanced differences 
across heterogeneous energy types [115]. Soft parameter 
sharing, where each task maintains its own forecasting mod‐
el but shares information through regularization or structured 
interaction, can offer a more adaptive and task-aware solu‐
tion [116]. Incorporating mechanisms such as cross-task at‐
tention, task affinity modeling, or modular network design 
could strike a better balance between generalization and spe‐
cialization in MTL-based forecasting models [117].

3) Interpretability in task sharing: interpretability remains 
an open challenge in understanding the effectiveness of task 
sharing. While shared representations are assumed to capture 
common factors across tasks, there is limited evidence on 
what is actually being transferred and how this influences 

forecasting performance. In some cases, shared features may 
contribute positively to learning; in others, especially when 
tasks are only weakly correlated, they may introduce noise 
or conflict [118]. Advancing our understanding of task rela‐
tionships and shared knowledge could lead to more selective 
and theoretically grounded sharing strategies. Recent efforts 
such as task affinity measurement, representation similarity 
analysis, and visualization techniques can help reveal which 
features are beneficial to share and under what condi‐
tions [119].

4) Data privacy: data privacy is pronounced in IES set‐
tings, where different energy modalities are often managed 
by separate entities or subsystems. Although MTL offers a 
powerful mechanism to exploit inter-modal correlations for 
improved forecasting, its standard implementation assumes 
centralized access to multi-modal data, which may not be 
feasible in practice [120]. To address this, recent studies 
have begun exploring decentralized MTL that maintains task 
collaboration without raw data sharing [121], and federated 
MTL is one of the decentralized MTL.

B. Federated Learning (FL)

While MTL provides a way to improve forecasting accura‐
cy by sharing representations across related tasks, it typical‐
ly requires centralized access to all training data. This is of‐
ten unrealistic in practical ELF settings due to privacy is‐
sues. In practice, we face a double-challenge: we want to 
make use of shared patterns across different users to im‐
prove generalization, yet we also need to respect data owner‐
ship and preserve privacy [122]. This is where FL comes in. 
Rather than collecting data in one place, FL allows each da‐
ta owner to train a forecasting model locally. These local 
forecasting models then share only parameter updates with a 
central coordinator, which aggregates them into a global fore‐
casting model [123]. In this way, FL makes it possible to 
build collaborative forecasting systems that learn from dis‐
tributed experiences without exposing sensitive raw data. A 
literature summary of FL for ELF is shown in Supplementa‐
ry Material B Table SBI [124]-[131].
1)　Learning Paradigm of FL

FL encompasses a family of decentralized training para‐
digms that enable multiple data holders to collaboratively 
train ML models without sharing raw data. Depending on 
how the data are distributed across participants, FL can be 
broadly categorized into three types: horizontal FL, vertical 
FL, and hybrid FL [98]. Among these, horizontal FL is the 
most common paradigm in ELF, where each client typically 
has the same types of features but records data from differ‐
ent users. In this setting, each client trains a local forecast‐
ing model on its private dataset Dk [124].

After local updates, clients periodically send model param‐
eters (or gradients) to a central server, which aggregates them

(most commonly) via weighted averaging θ¬∑
m = 1

M nm

n
θm  

where nm is the number of samples on client m, and 
n =∑

m

nm is the total sample size. The updated θ is then 

broadcast back to all clients, and the process continues for 
multiple rounds. This iterative protocol is often referred to 
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as federated averaging (FedAvg) and remains the foundation 
of most FL implementations in ELF [98]. In most current 
FL-based ELF studies, the local objective L follows the 
same forms used in centralized training. In essence, FL does 
not redefine what is optimized, but rather changes how opti‐
mization is carried out. The standard FedAvg can therefore 
be viewed as minimizing a global surrogate loss, which ag‐
gregates the weighted local objectives from all clients.

Vanilla FedAvg assumes a homogeneous and balanced da‐
ta distribution across clients. In practice, however, consump‐
tion patterns can vary widely across user types, geographic 
regions, and load profiles, leading to non-independent and 
identically distributed (non-IID) data [88]. To overcome this 
limitation, various extensions of FL have been proposed and 
applied in the ELF. One major enhancement is to decouple 
the global forecasting model from client-specific adaptations, 
which allows the model to balance global knowledge sharing 
with local customization. Rather than enforcing a one-size-
fits-all solution, each client m maintains a hybrid model com‐
posed of a shared global encoder and a client-specific local 
module.

The global module typically captures generalized represen‐
tations or forecasting trends common across clients, whereas 
the local module adjusts the model to reflect the client’s 
own consumption patterns. Training can be done in two 
ways: either jointly, where both global and local modules are 
updated during local training and only global parameters are 
shared; or in a decoupled fashion, where the global model is 
trained via FedAvg and the local modules are fine-tuned sep‐
arately [132]. For example, [125] proposes an orthogonal de‐
composition framework that explicitly enforces a separation 
between the shared and private components in the representa‐
tion space of load features. A lightweight alternative to this 
structural decoupling is residual personalization, where each 
client learns a residual correction module on top of the re‐
ceived global model.

Instead of altering the global training process or splitting 
the architecture, this method allows each client to personal‐
ize the post-aggregation of global model by learning a small 
residual function using local data. The methods explored in 
[121] and [126] offer a clean trade-off between federated ef‐
ficiency and personalization capacity.

Another effective method for handling heterogeneity of 
load data is to form client groups based on task similarity 
and train separate models for each group. Rather than enforc‐
ing a single global model shared across all clients, this meth‐
od maintains multiple cluster-specific models, each tailored 
to a subset of clients with similar data characteristics. The 
training process typically involves two alternating steps: ① 
grouping clients into clusters based on similarity in their 
model updates, gradients, or metadata; and ② aggregating 
updates within each cluster to refine a cluster-specific mod‐
el. Only clients within the same cluster communicate with 
each other through the server, and each cluster evolves its 
own version of the model over time. This learning paradigm 
strikes a balance between full personalization and full gener‐
alization. The methods like clustered FL [133] and similarity-
aware aggregation [127] have shown that such grouping can 

significantly improve forecasting accuracy in heterogeneous 
ELF scenarios.

Although FL offers stronger privacy guarantees than cen‐
tralized training by keeping raw data local, it does not elimi‐
nate all risks of information leakage [134]. In particular, 
model updates may still expose sensitive information 
through indirect reconstruction attacks. To mitigate such 
risks, several privacy-preserving strategies have been pro‐
posed for ELF. One of the most widely adopted is secure ag‐
gregation, which ensures that the server receives only the ag‐
gregated result of multiple clients’  updates without access‐
ing any individual contribution [128]. Another strategy is 
gradient-level obfuscation, which reduces the information ex‐
posed by each client. For example, sign-based communica‐
tion, as explored in [129] and [135], transmits only the sign 
of each gradient dimension. In this way, the amount of re‐
coverable information can be drastically limited. More re‐
cently, researchers have begun exploring blockchain integra‐
tion as a complementary privacy and accountability mecha‐
nism [130]. By storing model update hashes or metadata on 
an immutable ledger, blockchain-based systems provide veri‐
fiable traceability of client contributions and training dynam‐
ics.
2)　Discussion on FL

The practical application of FL introduces several impor‐
tant considerations and opportunities for improvement.

1) Enhanced privacy and scalability: in a typical central‐
ized setup, raw data from different users must be collected, 
which can be problematic when dealing with sensitive infor‐
mation like energy consumption patterns. FL offers a solu‐
tion by keeping data local to individual devices or servers, 
sharing only model updates instead of raw data. This not on‐
ly keeps individual data private but also aligns with growing 
privacy regulations [131]. It is a major step forward for cre‐
ating systems that respect user autonomy and confidentiality 
without sacrificing the power of collaborative DL. Scalabili‐
ty is another major advantage of FL, especially for large-
scale ELF tasks [136]. In a centralized method, managing 
and processing data from millions of users can become a lo‐
gistical and computational nightmare. FL, on the other hand, 
allows each client to participate in the learning process with‐
out the need for overwhelming central infrastructure.

2) Client heterogeneity and forecasting consistency: one 
of the most pervasive issues is the non-uniformity of client 
data distributions. Different users exhibit vastly different con‐
sumption patterns [98]. This non-IID nature can result in un‐
stable or biased global models that favor dominant clients or 
overfit to shared patterns while neglecting minority behav‐
iors. While personalization techniques and client clustering 
help alleviate this, they raise a new question: how much 
sharing is optimal? Over-personalization risks isolate clients 
and lose generalizable knowledge, while insufficient person‐
alization may fail to capture local patterns. Developing adap‐
tive mechanisms to balance personalization and global con‐
sistency remains an ongoing research frontier [137].

3) Communication efficiency versus forecasting granulari‐
ty: ELF requires high-resolution temporal predictions. How‐
ever, FL setups suffer from bandwidth constraints and limit‐
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ed computation [138]. Striking a balance between communi‐
cation frequency and model accuracy is non-trivial. Frequent 
communication may yield better synchronization but increas‐
es latency and energy costs. Sparse updates reduce overhead 
but risk model drift or delayed adaptation. Emerging tech‐
niques such as update compression, asynchronous aggrega‐
tion, and event-triggered communication offer partial solu‐
tions [139], but their integration into forecasting pipelines re‐
mains underexplored.

V. GENERAL-PURPOSE DL

A. Motivation of General-purpose DL

In practice, ELF is rarely a single, well-defined task. Dif‐
ferent application roles place different demands on the fore‐
casting process [140]. For example, a utility may need 15-
min-ahead predictions to support real-time frequency control, 
whereas an energy market operator cares primarily about 
day-ahead accuracy for bidding. Forecasting requirements al‐
so vary across spatial and aggregation scales, since residen‐
tial, feeder-level, and system-level loads support different 
types of operation and planning decisions. Data conditions 
introduce another layer of complexity. Some regions have ac‐
cess to high-resolution AMI measurements and detailed 
weather observations, whereas others rely on coarse, infre‐
quent, or partially missing records collected by legacy meter‐
ing infrastructures. As a result, both the available features 
and their statistical properties can differ substantially across 
locations and customer categories. These differences raise a 
simple but fundamental question: how can we design fore‐
casting models that adapt across such heterogeneous down‐
stream tasks and data environments without being rebuilt 
from scratch each time?

Unfortunately, most DL models used today are still built 
in a highly task-specific fashion. A model trained for one 
forecasting horizon, one region, or one type of input often 
cannot be reused directly in another scenario. Whenever the 
forecasting horizon changes, new covariates become avail‐
able, or the data quality deteriorates, practitioners usually re‐
train or redesign the forecasting model. Adaptive and collab‐
orative paradigms such as TL, OL, MTL, and FL alleviate 
some of these issues, but they are fundamentally designed 
around a fixed task set and do not support open-ended reuse 
of knowledge [141]. Their performance also degrades when 
labeled data are scarce, or when the inputs come from multi‐
ple modalities at different temporal resolutions. In other 
words, the growing diversity of forecasting requirements is 
increasingly at odds with the narrow scope of traditional DL 
pipelines.

These limitations have motivated increasing interest in 
what the computer science community refers to as general-
purpose DL. In mainstream AI domains such as NLP and 
CV, this paradigm denotes a shift from building models for 
single, narrow tasks to training large networks on extensive, 
heterogeneous datasets so that they can learn task-agnostic 
and transferable representations [142]. The core idea is to let 
the model absorb broad structural patterns like linguistic, vi‐
sual, or temporal during pre-training, and then adapt these 

representations to diverse downstream tasks with only light‐
weight updates. When this paradigm is transferred to ELF, 
its meaning becomes more concrete. Instead of building 
many separate models, general-purpose DL for ELF aims to 
build a single pre-trained model that captures universal load-
weather-context relationships. Such a forecasting model 
learns common temporal structures, behavioral regularities, 
environmental drivers, and cross-modal correlations that con‐
sistently appear across modern power systems [143]. Once 
this backbone is obtained, downstream forecasting tasks can 
be supported through efficient adaptation mechanisms with‐
out rebuilding a new architecture. In this regard, FMs are 
the concrete realization of the general-purpose DL. ELFFM 
serves exactly this purpose by providing a unified backbone 
that can be efficiently adapted to diverse forecasting scenari‐
os. A literature summary of general-purpose DL is shown in 
Table III. In the remainder of this section, we review how re‐
cent advances in FMs reshape the learning paradigms in ELF.

B. Model Architecture

1)　Transformer-based Model
Transformer architectures have become the default back‐

bone for state-of-the-art ELFFMs because they can capture 
long-range temporal dependencies and fuse heterogeneous in‐
puts within a unified end-to-end framework [151]. At the 

TABLE III
SUMMARY OF GENERAL-PURPOSE DL

Ref.

[21]

[22]

[23]

[143]

[144]

[145]

[146]

[147]

[148]

[149]

[150]

Model

Energy 
GPT

MMGPT4
LF

ELFLLM

Trace

Time 
GPT

BlackInt‐
er

BuildProg

GPT-3.5

Chronos

DiffLoad

Energy 
forecast‐
ing-LLM

Architecture

Decoder-only + 
dynamic attention

Dual-stream 
Transformer

Transformer + 
LoRA

LLM with chain 
of thought (CoT) 

reasoning + 
multi-agent con‐

sistency

Decoder-only 
Transformer

Transformer + 
external adapters

LLM-based code 
generation

Decoder-only 
LLM

Bidirectional 
Transformer 

encoder

Diffusion-based 
Transformer

Multi-channel 
LLM

Pre-training

Multi-energy 
autoregressive

Multi-modal 
contrastive

Autoregressive

Pre-trained 
LLM + CoT 

reasoning

Autoregressive 
on diverse time 

series

Pretrained LLM

Language 
modeling

Instruction tun‐
ing + code 

corpora

Masked model‐
ing on multi-do‐

mains

Denoising diffu‐
sion modeling

Language 
modeling

Adaptation

Low-rank adapta‐
tion (LoRA) + 

fine-tuning on per 
energy type

Prompt alignment 
+ fine-tuning

LoRA + fine-tun‐
ing

Thought refine‐
ment + agent 
collaboration

Fine-tuning on lo‐
cal grids

Adapter tuning + 
external prompt

Prompt program‐
ming for code 

synthesis

Prompt engineer‐
ing for code 

synthesis
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heart of the Transformer is the self-attention mechanism, 
which enables each time step to aggregate information from 
all other positions in the sequence. In practice, the forecast‐
ing model first projects the input embeddings into three la‐
tent representations corresponding to queries, keys, and val‐
ues through learned linear mappings. It then computes simi‐
larity scores between queries and keys, applies a normaliza‐
tion operation to obtain attention weights, and uses these 
weights to form a weighted combination of the value vec‐
tors. Through this process, each output position can selective‐
ly focus on the most relevant temporal contexts regardless of 
their distance in the sequence. Compared with recurrent ar‐
chitectures that rely on step-by-step processing, self-attention 
performs these interactions in parallel, thereby improving 
computational efficiency and scalability for long sequences 
and large-scale forecasting tasks [152].

In ELFFMs, one prominent line of work follows the de‐
coder-only autoregressive Transformer design, as shown in  
TimeGPT [144]. The model is pre-trained on a massive cor‐
pus of diverse time series and generates future sequences 
one step at a time. A similar decoder structure underlies En‐
ergyGPT [21], which adapts GPT-2 for IES forecasting and 
introduces a dynamic self-attention module to adjust the tem‐
poral focus across different energy types. TRACE [143] also 
follows a similar autoregressive method, but it further incor‐
porates CoT reasoning with multi-agent consistency for refin‐
ing energy forecasts across distributed resources. Other mod‐
els, most notably Chronos, Lag-Llama, TimesFM, and Moi‐
rai [148], [153], adopt a bidirectional encoder-style Trans‐
former. These models are trained to embed entire time series 
windows using full self-attention, which makes them more 
suitable for downstream zero-shot or fine-tuned ELF.
2)　Non-Transformer-based Model

While Transformer architectures have become the de facto 
backbone for most recent ELFFMs, a number of alternative 
paradigms, particularly those based on feedforward, convolu‐
tional, and generative mechanisms, have gained traction in 
the broader time series community. These non-Transformer-
based models are typically designed to be lightweight, inter‐
pretable, and more inductively biased toward temporal struc‐
tures [154].

Recent examples include the time series mixer (TSMixer) 
[155] and temporal token MLPs (TTMs) [154], which adopt 
channel-mixing strategies to remove the need for attention al‐
together. These models enable fast, memory-efficient infer‐
ence without sacrificing performance. Similarly, TimesNet 
[156] introduces a temporal inception block that transforms 
time series into 2D feature maps to learn multi-periodic tem‐
poral patterns, achieving strong results across general fore‐
casting tasks. A parallel line of exploration centers around 
diffusion-based FMs, which are increasingly recognized for 
their capacity to model complex data distributions via pro‐
gressive denoising processes. Applied to time series, such 
models like DiffSTG [157] have demonstrated promising ca‐
pabilities in probabilistic forecasting.

However, it is important to note that most of these non-
Transformer-based models have not yet been systematically 
explored in the context of ELF. Their design intuitions ap‐

pear inherently compatible with load patterns, but their effec‐
tiveness under real-world energy scenarios remains an open 
question.

C. Learning Paradigm of General-purpose DL

1)　Pretraining
Pretraining serves as the foundation of general-purpose 

DL by decoupling knowledge acquisition from downstream 
forecasting tasks. Its core objective is to learn a task-agnos‐
tic representation function fθ that captures generic temporal 
dependencies, recurring seasonal patterns, and multi-modal 
interactions from a large and diverse corpus Dpretrain. Unlike 
traditional supervised learning, pre-training uses broader ob‐
jectives that reflect the statistical regularities of time series 
without requiring labeled outputs [158].

What distinguishes this paradigm is its emphasis on uni‐
versality and transferability. Instead of training separate mod‐
els for every target region or forecasting horizon, pre-train‐
ing builds a shared backbone that learns to encode the 
“grammar” of electricity consumption, which can be adapted 
with minimal supervision to downstream tasks [158]. Genera‐
tive pre-training, contrastive pre-training, and masked pre-
training are the three most popular pre-training strategies in 
ELFFMs.

1) Generative pre-training is designed to model the condi‐
tional distribution of a future sequence conditioned on its 
past observations.

pθ( x t + 1:t +H| x1:t ) =∏
h = 1

H

pθ( )x t + h| x1:t + h - 1 (9)

where pθ( )·  denotes the conditional probability distribution; 
x1:t denotes the historical context; and x t + 1:t +H denotes the fu‐
ture sequence over the forecasting horizon H.

This factorizes the joint distribution over future time steps 
into a product of one-step-ahead conditional distributions, 
where each prediction depends only on all previous values. 
In practice, the forecasting model is trained by minimizing 
the NLL of the next-step prediction, as shown in (10), which 
encourages the model to assign high probability to the ob‐
served trajectory given its historical context. When the condi‐
tional distribution pθ( x t + 1| x1:t ) is assumed to follow a Gauss‐

ian form, this loss becomes equivalent to a MSE objective. 
For Laplacian or quantile assumptions, it corresponds to 
MAE or pinball loss.

Lgen =-∑
t = 1

T - 1

ln pθ( x t + 1| x1:t ) (10)

where Lgen is the generative pre-training loss.
Such an autoregressive structure is suited to ELF as the 

model leverages historical load profiles to generate the next 
prediction, and then recursively uses its own outputs to in‐
form subsequent steps. In training, the model is typically op‐
timized to predict the next step given the past using teacher 
forcing. During inference, the model operates autoregressive‐
ly, using its own predictions to roll out future trajectories 
[159]. Architecturally, this is often implemented with decod‐
er-only Transformer backbones, which are pre-trained across 
large-scale multivariate time series from diverse domains. 
This generative perspective has recently gained traction in 
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ELF. The models such as TimeGPT [144], EnergyGPT [21], 
TSMixer [155], and TTMs [154] all adopt generative pre-
training.

2) Contrastive pre-training provides a fundamentally differ‐
ent inductive bias compared with generative pre-training. 
Rather than modeling temporal generation, it focuses on 
learning robust and discriminative representations by compar‐
ing different time series segments. The core idea is to pull 
together representations of similar inputs and push apart rep‐
resentations of dissimilar inputs [160]. This contrastive prin‐
ciple encourages the model to learn invariant features that 
capture underlying patterns while being insensitive to noise, 
temporal shifts, or missing values. In practice, constructing 
informative and consistent views is critical. Common strate‐
gies include applying temporal cropping, masking, jittering, 
or even modality-wise perturbations [161]. These augmenta‐
tions help the models focus on semantically meaningful 
structures rather than superficial noise. The models like 
MMGPT4LF [22] have begun exploring this direction by 
aligning electricity patterns with weather variables. In the 
broader time-series literature, TS2Vec [162] and SimMTM 
[163] show that contrastive representations can improve fore‐
casting performance.

3) Masked pre-training: inspired by the success of masked 
language models in NLP, masked modeling for time series 
randomly removes parts of the input and tasks the model 
with reconstructing them [164]. This encourages the model 
to reason over contextual dependencies and learn latent struc‐
tures across time.

PowerPM [165], for instance, combines masked time-step 
reconstruction with dual-view contrastive objectives to build 
robust representations that are aware of both short-term fluc‐
tuations and long-term trends. References [166] and [167] 
extend this idea to hierarchical masking or multi-resolution 
contexts, encouraging the model to infer both fine-grained 
and coarse-grained temporal relationships.
2)　Adaptation

Following pre-training, adaptation plays a pivotal role in 
aligning general-purpose FMs with the specific requirements 
of ELF. Unlike conventional DL methods that train models 
from scratch for each use case, ELFFMs adopt more effi‐
cient mechanisms to transfer pre-trained knowledge to down‐
stream tasks with minimal data or computation. Broadly, ad‐
aptation strategies can be categorized into four classes: full 
fine-tuning, parameter-efficient tuning, prompt-based adapta‐
tion, and black-box or adapter-based adaptation. A straight‐
forward adaptation strategy is to fine-tune the entire model 
on the target dataset D target.

While effective in tailoring the model to specific spatial 
or temporal regimes [168], [169], full fine-tuning can be 
computationally intensive and prone to overfitting. To ad‐
dress the limitation of full fine-tuning, many ELFFMs adopt 
parameter-efficient tuning strategies such as LoRA [170]. It 
injects low-rank trainable matrices into attention or feedfor‐
ward layers and keeps the original weights frozen. For exam‐
ple, LFLLM [23] and EnergyGPT [21] leverage LoRA to 
adapt large Transformer backbones with only a few thousand 
parameters per task.

A more lightweight and modular method is prompting, 
where the FM remains frozen, and the adaptation is achieved 
by injecting external conditioning signals.

Prompts may be handcrafted or learned from data. In the 
ELFFM, prompt-based design is often used for task routing, 
temporal context conditioning, or domain adaptation. For in‐
stance, BuildProg [146] uses prompts to guide the genera‐
tion of building-specific forecasting pipelines, while TEMPO 
[171] maintains a pool of continuous prompts and uses simi‐
larity-based retrieval to select the most relevant one for each 
forecast instance.

In scenarios where FMs are deployed as closed-source ap‐
plication programming interfaces or when internal parame‐
ters are inaccessible, black-box adaptation becomes critical. 
One effective solution is to train external adapter modules 
that steer the behavior of frozen model. For example, Black‐
Inter [145] introduces trainable adapters that modulate input 
embeddings or output logits, enabling transfer to unseen 
buildings or tasks with no direct parameter access.

D. Benefits of FMs

1)　Scalability
FMs bring a new level of scalability to ELF. Instead of 

training a new model for each task, ELFFMs learn once and 
adapt to different scenarios through lightweight fine-tuning 
or prompting. Recent empirical evidence illustrates this scal‐
ability. TimeGPT, for example, employs a large pre-trained 
backbone and applies minimal task-specific tuning to cam‐
pus-level loads at the University of Texas at Austin, USA. 
Even under scarce historical data, it delivers more than a 
10% improvement in RMSE compared with a range of wide‐
ly used ML and DL baselines [144]. EnergyGPT adopts the 
same philosophy but is specialized for multi-energy systems. 
By attaching lightweight adapters to a GPT-2 backbone, the 
model can be efficiently fine-tuned for electricity, cooling, 
heating, and combined load forecasting on the Tempe cam‐
pus of Arizona State University, USA. EnergyGPT achieves 
MAPE values of 1.85%, 3.21%, 2.60%, and 1.95%, respec‐
tively, outperforming all DL baselines across four seasons 
(spring, summer, autumn, and winter) [21]. At the building 
level, BlackInter further demonstrates that FM-based repre‐
sentations remain effective even when little or no target data 
are available. By injecting building-specific information 
through a compact adapter on top of a pre-trained language 
model, it reduces prediction errors to 42.88% under few-shot 
and 69.44% under zero-shot of the best alternative method 
[145]. These results show that once an FM has been pre-
trained, it can be rapidly adapted to heterogeneous assets, ho‐
rizons, and data regimes [172].
2)　Flexibility Under Data Scarcity

FMs offer strong flexibility when labeled data are scarce 
or partially missing, which is common in newly-built sta‐
tions or emerging regions. By learning generalizable tempo‐
ral patterns and contextual dependencies from large-scale het‐
erogeneous datasets, ELFFMs provide powerful inductive 
priors that can be quickly adapted to new forecasting tasks 
with limited samples [173].
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3)　Unified Multimodal Representation
FMs enable seamless integration of heterogeneous infor‐

mation sources that characterize modern power systems. 
ELF inherently involves diverse and asynchronous signals 
such as historical consumption, NWPs, calendar effects, and 
sensor telemetry. Traditional models often rely on ad hoc fea‐
ture engineering or independent preprocessing pipelines, 
which limits their scalability and forecasting accuracy. By 
contrast, FM provides a unified framework to fuse these 
multi-modal inputs in a single architecture. Through shared 
representation learning and cross-modal attention, it captures 
complex interactions across temporal and spatial dimensions, 
leading to more accurate and stable forecasts.

E. Challenges of FMs in ELF

1)　Computational Cost
The ambition of general-purpose models comes with sub‐

stantial computational demands, especially during pre-train‐
ing. Modern FM-style architectures for time-series forecast‐
ing often contain hundreds of millions to over one billion pa‐
rameters, and training them requires processing multi-year, 
multi-region load and weather data with long input sequenc‐
es [174]. This places heavy pressure not only on graphics 
processing unit (GPU) computation but also on memory 
bandwidth, data loading pipelines, and distributed training in‐
frastructure. Transformer-based models, in particular, face 
quadratic scaling with sequence length, which severely lim‐
its batch size and increases the need for expensive memory-
optimization techniques such as model parallelism, gradient 
checkpointing, or flash attention [152]. As a result, pre-train‐
ing typically requires access to high-end GPU clusters (e.g., 
8 to 32 NVIDIA A100 or H100 GPUs) running continuously 
for several days and in some cases several weeks [175]. 
Even once trained, large FMs impose nontrivial inference 
costs when deployed for rolling forecasting or across many 
spatial nodes. These computational requirements far exceed 
what most utilities, system operators, or academic research 
groups can sustain. The mismatch between the scale needed 
for pre-training and the resources available in typical power 
system environments remains a major barrier to the wide‐
spread adoption of FMs in ELF.
2)　Data Curation and Governance

Beyond computation, the more persistent challenge lies in 
data curation and governance. Pretraining an FM requires 
not only large volumes of data but also well-organized, high-
quality datasets. In practice, raw load data contain missing 
values, sensor noises, abrupt discontinuities from meter re‐
placements, and inconsistencies across AMI systems. Multi-
source inputs such as weather, market variables, and event 
records often follow different temporal resolutions and meta‐
data formats, making temporal alignment and schema harmo‐
nization a significant engineering burden [176].

Data governance further complicates the process. Utilities 
and regional operators typically store data under different 
standards for timestamping, aggregation, anomaly handling, 
and privacy protection. The access to granular load profiles 
may be restricted due to confidentiality concerns, while 
cross-utility data sharing is often limited by regulatory 

boundaries. Ensuring consistent preprocessing, feature defini‐
tions, metadata documentation, and auditability across such 
heterogeneous sources can require more effort than model 
training itself [177]. Large organizations may amortize these 
costs through centralized data platforms, but smaller utilities 
and research groups face an inherent imbalance: they bear 
the inference cost of FM-scale models without having the ca‐
pacity to construct or maintain the high-quality datasets re‐
quired for pre-training. Until standardized data pipelines and 
shared governance protocols mature within the power sector, 
data curation will remain a major barrier to the broader adop‐
tion of domain-specific FMs in ELF.

F. Trade-off Between Fine-tuning LLMs and Building Do‐
main-specific FMs

Given the ELF requirements and data conditions discussed 
above, practitioners face two broad pathways when adopting 
general-purpose DL: fine-tuning the existing LLM or devel‐
oping a domain-specific FM. 

Fine-tuning a pre-trained LLM is attractive for obvious 
reasons. It is fast, efficient, and remains effective even when 
data or computing resources are limited. With minimal ef‐
fort, one can obtain a reasonably good model that also han‐
dles mixed inputs such as weather descriptions, event notes, 
or other textual context. This makes fine-tuning useful when 
quick deployment matters more than squeezing out every bit 
of accuracy. Namely, the limitations become apparent once 
we look at the nature of load data. LLMs are built to under‐
stand language, not to model the temporal dynamics that 
drive electricity demand. The tokenization and training objec‐
tives of LLM are optimized for semantics, not for represent‐
ing continuous numerical signals. As a result, they struggle 
with long-horizon forecasting, periodic fluctuations, and un‐
certainty calibration. Reference [178] reports that removing 
the language component from LLM-based time series mod‐
els often has little impact on performance. This implies that 
the linguistic structure itself adds limited value to numerical 
prediction.

A domain-specific FM is developed using the opposite 
method. It requires more time, data, and computational cost 
upfront, but the payoff is a model that understands the be‐
havioral patterns underlying electricity use. By pre-training 
on large-scale load datasets, the model can internalize pat‐
terns that reflect how people actually consume energy. The 
main challenge, of course, is that pre-training such a model 
demands diverse, high-quality datasets and a nontrivial engi‐
neering investment, which may not always be available in 
every region or organization.

In practice, the choice between fine-tuning LLMs and 
building domain-specific FMs depends on operational priori‐
ties. LLMs provide flexibility and rapid adaptation, while do‐
main-specific FMs offer higher fidelity for numerical fore‐
casting [141], [172], [179]. System operators can select the 
method that best matches their data conditions, accuracy re‐
quirements, and resource constraints.

VI. CHALLENGES AND OPPORTUNITIES 

Although various learning paradigms have been studied to 
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tackle different challenges in load forecasting, several criti‐
cal challenges still remain. This section identifies key obsta‐
cles and outlines promising research opportunities.

A. Modeling Impact of Human Behavior

One of the most difficult aspects of ELF is capturing the 
nuances of human power consumption behavior, which is in‐
fluenced by a wide range of factors like technological ad‐
vancements, societal shifts, and even personal habits. Taking 
electric vehicles (EVs) as an example, as more people adopt 
EVs, EV charging occurs at diverse time and in patterns that 
were difficult to anticipate just a few years ago. The prob‐
lem here is not just about accounting for new variables, but 
about understanding how individuals and communities adapt 
to a changing world. People’s choices around energy con‐
sumption are often a reaction to broader societal forces, like 
rising electricity prices, environmental concerns, or govern‐
ment incentives to reduce energy consumption. But these re‐
actions are highly personal and can vary widely depending 
on the lifestyle, location, and even personal values. Predict‐
ing these shifts requires moving beyond historical consump‐
tion trends and actively incorporating behavioral insights in‐
to forecasting models.

Real-time data from smart meters, connected home devic‐
es, and even wearable technologies give us a chance to see 
how people’s behaviors are shifting. For instance, an individ‐
ual decision to turn down the thermostat in response to high‐
er energy prices can now be tracked and used to refine fore‐
casts. This is where models that can dynamically adjust to 
behavior come into play. At the heart of this is the idea that 
ELF does not just have to be about numbers, but about un‐
derstanding individual choices and how those choices inter‐
act with the grid. The more we can integrate human factors 
into forecasting, the better we can manage energy systems in 
ways that are both efficient and flexible.

B. Modeling Impact of Extreme Weather

The challenge of extreme weather events in ELF stems 
from both the unpredictability of these events and the lack 
of sufficient historical data to train forecasting models. 
While standard weather patterns can typically be predicted 
with reasonable accuracy, extreme events such as heatwaves, 
storms, or cold fronts often deviate significantly from these 
patterns, resulting in sudden surges or drops in demand that 
traditional forecasting models struggle to capture. The rarity 
of these extreme events means that historical data on their 
impact are limited, making it difficult for forecasting models 
to learn from past occurrences. Moreover, the impact of ex‐
treme weather on electricity consumption is not just driven 
by the environment but is also influenced by human behav‐
ior. These factors add a layer of complexity that makes fore‐
casting under such conditions particularly difficult.

To address this challenge, one promising method is to gen‐
erate synthetic scenarios of extreme weather events and the 
corresponding human responses using data augmentation and 
scenario generation techniques. For example, [180] uses clas‐
sifier-guided diffusion models combined with extreme value 
theory to generate realistic and varied extreme load scenari‐
os. Furthermore, integrating adaptive DL such as RL and OL 

offers a dynamic solution. These techniques allow the mod‐
els to continuously update their predictions based on real-
time data, reflecting actual behavioral changes in response to 
extreme weather.

C. ELF in Downstream Tasks

The ultimate goal of ELF is not merely to predict future 
energy demand, but to enable more effective decision-mak‐
ing in the energy systems. However, many current forecast‐
ing models focus solely on improving prediction accuracy 
without considering how these forecasts can be translated in‐
to actionable insights for decision-making. This disconnec‐
tion leads to a critical challenge: while these forecasting 
models perform well in terms of error metrics, they may not 
be good enough for operational decisions.

A promising solution is to develop task cost-based fore‐
casting models, where forecasts are optimized not only for 
accuracy but also for minimizing specific operational costs. 
The optimizer in such forecasting models may be differentia‐
ble, thus allowing for end-to-end training. Several studies 
such as [181] and [182] have explored this direction. Howev‐
er, the integration of task cost-based objectives with forecast‐
ing models requires careful consideration of the trade-offs 
between accuracy and operational goals. In many cases, opti‐
mizing for one objective may degrade performance on anoth‐
er. Moreover, the complexity of incorporating real-time oper‐
ational constraints and dynamic grid behaviors into the learn‐
ing process remains a challenge.

D. Is DL Truly Effective in Every Forecasting Scenario?

Researchers are actively exploring DL, practitioners are 
implementing it, and it is often seen as the go-to solution for 
forecasting problems. But here is a question that has not 
been asked enough: “is DL truly the right tool for every 
forecasting scenario?” It is easy to get caught up in the hype 
and assume that because DL has shown remarkable results 
in some areas, it should automatically work everywhere. 
However, this mindset can lead to blind application of a 
technology without truly assessing whether it aligns with the 
specific needs of the task at hand.

In the real world, the application of DL in ELF is far 
more nuanced than simply applying the most sophisticated 
model available. DL thrives in situations where there is abun‐
dant high-quality data and complex relationships to capture. 
But what happens when the data are sparse, noisy, or funda‐
mentally limited? What if the problem at hand involves rare 
events that are not well-represented in historical data? In 
these cases, the predictive power of DL is not guaranteed, 
and its data-hungry nature becomes a liability. Moreover, DL 
models can sometimes be overly complex for simpler fore‐
casting tasks where traditional models might do just as well. 
For example, in environments with well-established patterns 
or in tasks that do not require nuanced pattern recognition, 
simpler methods might be more efficient, interpretable, and 
computationally feasible. Why overcomplicate things with 
DL if the task does not demand it?

The key takeaway here is that DL should not be used 
blindly. It is not a one-size-fits-all solution. When deciding 
whether to apply DL to a forecasting task, we need to take a 
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step back and consider the specific nature of the task. Does 
the problem involve a complex, non-linear relationship that 
is difficult for traditional models to capture? Do we have 
enough data to support training a DL model? Is interpretabil‐
ity important for the stakeholders? These are the types of 
questions that need to be asked before automatically default‐
ing to DL.

VII. CONCLUSION

Accurate ELF has been a cornerstone of power system 
management. Over the last decade, DL has revolutionized 
this task, enabling forecasting models that can adapt to com‐
plex data patterns. In this survey, we examine the progres‐
sion of ELF through the lens of learning paradigms. Four 
representative learning paradigms are reviewed and dis‐
cussed, including task-tuned offline learning, adaptive DL, 
collaborative DL, and general-purpose DL. These learning 
paradigms reflect the increasing complexity and diversity of 
power systems, with each one offering improvements but al‐
so introducing new challenges. Looking ahead, the key chal‐
lenge for the field is clear: forecasting models must go be‐
yond simply improving accuracy. The real goal is to make 
forecasts more actionable and aligned with operational deci‐
sions.
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