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Abstract

Accurate short-term load forecasting (STLF) is a critical
application for modern energy systems, enabling efficient
scheduling, demand response, and grid reliability. Tradi-
tional centralized approaches raise privacy concerns and of-
ten degrade under heterogeneous building-level data. To ad-
dress these challenges, this study explores federated learning
(FL) with a novel DualEncDecoder architecture, a Difficulty-
Aware Sampling (DAS) strategy, and an autoencoder-based
clustering method for client grouping. Experimental results
show that DualEncDecoder consistently outperforms baseline
models, achieving the lowest SMAPE, while the clustering
improves performance for simpler models such as LSTM and
GRU. DualEncDecoder, also surpass centralized models un-
der highly varying client data. Overall, the integration of ad-
vanced architectures, adaptive sampling, and representation-
driven clustering establishes a robust framework for federated
energy forecasting in privacy-sensitive, heterogeneous envi-
ronments.

Introduction

The growing demand for electricity, driven by population
growth, urbanization, and economic development, has ele-
vated the accurate prediction of building energy consump-
tion to the level of a critical application. Reliable energy
forecasting directly impacts the stability of modern power
systems, where supply-demand imbalances can lead not
only to economic inefficiencies but also to risks of grid in-
stability and power outages. In this context, energy fore-
casting is essential for maintaining resilience in critical in-
frastructures, supporting grid reliability, and ensuring sus-
tainable energy distribution. Accurate forecasts enable ef-
fective resource utilization, informed operational planning,
and proactive demand-side management (Mathumitha, Ku-
mar, and Rajesh 2024).

Energy forecasting is typically categorized by prediction
horizons, aligning with operational requirements of energy
systems. Short-term load forecasting (STLF), which spans
from one hour to one day, plays a particularly critical role. It
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supports daily scheduling, real-time demand response, and
the integration of renewable energy, while also helping re-
duce costs and maintain occupant comfort in smart build-
ings (Abdulla, Almazrouei, and Alnuaimi 2024).

To achieve these goals, a variety of prediction models
have been developed. Traditional approaches rely on statis-
tical techniques, while recent advances leverage deep learn-
ing methods. Recurrent Neural Networks (RNNs), particu-
larly Long Short-Term Memory (LSTM) and Gated Recur-
rent Units (GRU), are widely adopted due to their ability
to capture temporal dependencies in energy consumption.
More recently, foundation models have emerged as promis-
ing candidates for time series forecasting, owing to their ro-
bustness and generalizability across diverse domains (Sara-
vanan, Kumar, and Lee 2024).

However, traditional centralized machine learning frame-
works depend on aggregating data from multiple sources
into a central server for global model training. While effec-
tive, this approach introduces significant privacy risks and
often conflicts with data protection regulations. These lim-
itations motivate the adoption of Federated Learning (FL),
a decentralized paradigm that enables collaborative model
training without exposing raw data. In FL, each client (e.g.,
a building or smart meter) trains locally on its private data
and transmits only model updates to a central server, as il-
lustrated in Figure 1. This architecture is particularly rele-
vant for energy forecasting, where consumption patterns of-
ten contain sensitive information about occupant behavior.

Despite its promise, baseline FL algorithms such as Fe-
dAvg (McMahan et al. 2017) struggle in heterogeneous
(non-IID) environments, which are common in real-world
energy systems (Li et al. 2020b). Client drift,where local up-
dates diverge from the global optimum-slows convergence
and reduces prediction accuracy, undermining the reliability
of forecasts in critical settings. To address this, methods like
FedProx (Li et al. 2020a) and SCAFFOLD (Karimireddy
et al. 2021) introduce mechanisms to mitigate divergence,
while more recent work explores adaptive client selection
strategies (Vardhan, Gupta, and Kumar 2025; Zhu, Zhang,
and Bai 2024; Nishio and Yonetani 2019). For example, Ac-
tive Federated Learning (AFL) (Goetz et al. 2019) prioritizes
clients based on informativeness, and other studies (Jee Cho,



Wang, and Joshi 2022) suggest selecting clients with higher
local loss, as their updates can disproportionately improve
global accuracy.

In this setting, energy forecasting for smart buildings rep-
resents not just an optimization challenge but a critical ap-
plication domain where data privacy, system robustness, and
prediction accuracy intersect. Developing federated methods
that can operate effectively under heterogeneity while safe-
guarding sensitive data is therefore central to ensuring reli-
able and secure energy management in modern infrastruc-
ture.

The main contributions of this work are as follows:

1. We propose a novel difficulty-aware client sampling
(DAS) strategy for federated learning, which dynami-
cally adapts the client selection process based on the
learnability of each client’s time series data, thereby im-
proving convergence and fairness under non-IID settings.

2. We develop an autoencoder-based clustering framework
to group clients with similar data representations, en-
abling a more balanced and effective aggregation process
in federated environments.

3. We conduct a comprehensive empirical evaluation on a
large-scale dataset comprising 1,410 real-world build-
ing energy meters for short-term energy load forecast-
ing, benchmarking DAS against the Power of Choice
(POC) strategy under multiple deep learning architec-
tures.

4. We demonstrate that our proposed Dual-Encoder-
Decoder (DualEncDecoder) model consistently outper-
forms baseline approaches, leveraging covariate informa-
tion and robust temporal modeling to achieve state-of-
the-art forecasting performance in federated settings.

Background and Related Works

In federated learning (FL), the common assumption that
all clients participate in every round rarely holds in prac-
tice due to device constraints, connectivity, or energy limi-
tations. More realistic FL frameworks adopt partial partici-
pation, where only a subset of clients is selected per round
(Fig. 1). Traditional approaches rely on random selection,
implicitly assuming IID data across clients. However, real-
world data are non-IID with varying dataset sizes, leading to
degraded performance such as slower convergence, reduced
accuracy, and fairness issues. Prior work has shown that in-
telligent client selection improves convergence and global
performance (Lu et al. 2023; Goetz et al. 2019). For instance,
Cho et al. (Jee Cho, Wang, and Joshi 2022) prioritized high-
loss clients, while FedCor (Tang et al. 2022) introduced
correlation-aware sampling via Gaussian Processes.

Load Forecasting Models

Load forecasting has progressed from classical statistical
approaches to increasingly expressive deep learning mod-
els. Early methods such as ARIMA (Box and Jenkins 1976)
offered interpretability but were limited in their ability to
model nonlinear and long-range temporal dependencies. Re-
current neural architectures, including RNNs (Hewamalage,
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Figure 1: Federated Learning Architecture

Bergmeir, and Bandara 2021), LSTMs (Alharthi and Hochre-
iter 2024), and GRUs (Choi and Kim 2020), addressed
these limitations by explicitly modeling sequential dynam-
ics. Convolutional neural networks and hybrid CNN-LSTM
architectures further improved performance by capturing lo-
cal temporal patterns and spatial correlations across fea-
tures (Zhang, Zhu, and Bai 2022). Ensemble-based ap-
proaches, such as Mixture of Experts, have also been ex-
plored to enhance robustness and adaptability in heteroge-
neous forecasting scenarios (Reisser, Louizos, and Gavves
2021).

Beyond purely historical load signals, recent studies have
emphasized the importance of incorporating exogenous co-
variates such as temperature, weather conditions, and build-
ing usage characteristics to improve forecasting accuracy
and generalization. These auxiliary inputs provide contex-
tual information that helps disambiguate load variations
driven by external factors rather than intrinsic temporal
dynamics alone. More recently, transfer learning and pre-
trained foundation models, including large language model
(LLM)-based and time-series-specific architectures, have
been applied to load forecasting tasks, demonstrating im-
proved performance across diverse datasets and deployment
settings (Kumar, Singh, and Gupta 2025; Liu, Zhang, and
Chen 2024; Saravanan, Kumar, and Lee 2024). Together,
these developments highlight a shift toward context-aware
and transferable forecasting models capable of leveraging
both historical load patterns and rich covariate information.

Federated Learning Foundations

FL (Kairouz et al. 2021) enables decentralized training by
aggregating client updates while keeping data local, ensur-
ing privacy and reducing communication. FedAvg (McMa-
han et al. 2017) remains the foundational algorithm, though
it struggles in heterogeneous data settings (Li et al. 2022).
Extensions include FedProx (Li et al. 2020a), which stabi-
lizes updates with a proximal term, SCAFFOLD (Karim-
ireddy et al. 2021), which uses control variates to reduce
client drift, and FedNova (Wang et al. 2020), which normal-
izes updates for varying local steps. FL has also seen grow-
ing adoption in energy applications (Zhang, Li, and Chen
2023).



Client Selection Strategies in FL

Client selection plays a key role in improving convergence
and fairness in FL. Early methods such as FedCS (Tang
et al. 2022) focused on availability and computational ca-
pacity but overlooked data heterogeneity. More recent strate-
gies prioritize high-loss clients (Zhu, Zhang, and Bai 2024;
Vardhan, Gupta, and Kumar 2025), though this may amplify
noise or outliers. Adaptive approaches address this by jointly
considering data diversity and system constraints (e.g., la-
tency, communication cost). Vardhan et al. (Vardhan, Gupta,
and Kumar 2025), for example, frame client selection as an
optimization problem balancing round latency with pairwise
data dissimilarity, achieving faster convergence and better
generalization in realistic settings.

Clustering strategies in FL

In federated learning (FL) with heterogeneous clients aris-
ing from non-IID local data, a widely adopted strategy is
to partition clients into clusters with similar data distribu-
tions or tasks, followed by training cluster-specific mod-
els rather than a single global model. For example, (Ghosh
et al. 2020) introduce the Iterative Federated Clustering Al-
gorithm (IFCA), which alternates between cluster assign-
ment and optimization of cluster-specific models, and es-
tablish improved convergence guarantees under data hetero-
geneity. Likewise, (Long et al. 2023) present a multi-center
FL framework that jointly learns multiple global models and
assigns clients through an Expectation—-Maximization pro-
cedure, demonstrating gains in both personalization and pre-
dictive accuracy.

Within energy and smart-metering applications, clus-
tering has been leveraged for load-forecasting tasks.
Gholizadeh and Musilek (Gholizadeh and Musilek 2021)
propose a federated learning framework that clusters clients
based on hyper-parameter dynamics (e.g., learning rate,
batch size, and epoch behavior) rather than raw consumption
profiles, thereby mitigating the impact of heterogeneous data
distributions on convergence. Their results show accelerated
convergence and enhanced model accuracy.

In addition, embedding time-series data into latent rep-
resentations has been shown to improve clustering quality.
For instance, (Cortés et al. 2024) combine autoencoders with
clustering to capture temporal and structural dependencies in
financial time series, yielding more coherent groupings. Mo-
tivated by these findings, our proposed framework employs
autoencoder-derived embeddings, together with synthetic
augmentation, to cluster clients in a privacy-preserving FL
setting. This design aims to reduce client drift induced by
distributional heterogeneity and to improve the efficiency of
federated training for energy consumption forecasting.

Federated Learning for Time Series Forecasting

Applying FL to time-series forecasting introduces addi-
tional complexities due to temporal dependencies, variable
data quality, and inconsistent patterns across clients. Stan-
dard FL models often underperform in this context because
of the high degree of non-stationarity and client-specific
seasonality. To address these challenges, several studies

have extended FL to handle such settings by incorporating
time-aware architectures such as LSTM and hybrid CNN-
LSTM models (Zhang, Zhu, and Bai 2022). Moreover, the
use of personalized models (Wang and Kantarci 2024) and
dynamic aggregation strategies, and client clustering (Li,
Zhang, and Smith 2025) has shown promise in adapting
client-level variability.

Despite these advancements, the interplay between tem-
poral modeling, client selection, and heterogeneous data dis-
tributions remains insufficiently explored. This motivates
the need for adaptive strategies that not only respect the se-
quential nature of time series data but also account for client
reliability and informativeness during training.

Challenges in Federated Learning

Federated learning (FL) introduces several challenges that
hinder robust deployment in real-world settings. A primary
difficulty arises from the presence of non-IID data across
clients, where heterogeneous local data distributions can
bias model updates and adversely affect convergence and
generalization (Li et al. 2022). In addition, system het-
erogeneity, including variations in computational resources,
communication latency, and device availability, further com-
plicates synchronized training and scalable participation. As
a result, the selection of participating clients in each com-
munication round plays a critical role in balancing statistical
representativeness, training efficiency, and system scalabil-
ity. Despite extensive research, learning a global model that
performs consistently well across diverse client distributions
remains an open problem.

To address these challenges, prior work has explored
adaptive client selection strategies that account for data het-
erogeneity and temporal dynamics. In particular, difficulty-
aware and curriculum-inspired approaches aim to order
client participation based on learnability, allowing mod-
els to stabilize on simpler or more informative clients be-
fore incorporating more complex or noisy ones. Related ef-
forts have also considered concept drift through probabilis-
tic client sampling mechanisms. For instance, (Zhu, Zhang,
and Bai 2024) dynamically adjusts client selection proba-
bilities based on observed local training loss, enabling re-
sponsiveness to evolving data distributions over time. These
approaches highlight the utility of client-side loss as an in-
formative and low-overhead signal for guiding client selec-
tion in federated optimization, motivating its use in feder-
ated time series forecasting settings.

Dataset and Preprocessing

This study employs the ASHRAE Great Energy Predictor I1I
dataset (Miller et al. 2020), which contains hourly energy
consumption records from over 1,400 commercial buildings
across multiple sites in the United States. Each record in-
cludes a timestamp, building identifier, meter type and en-
ergy usage. We focus solely on electricity consumption,
yielding 1,410 buildings after filtering. In line with estab-
lished benchmarking protocols, we discard electricity read-
ings recorded before May 21, 2016, for certain buildings due
to known anomalies. For site_id = 0, meter readings



originally reported in kBTU are converted to kilowatt-hours
using a standard factor of 0.2931.

To ensure consistency across buildings, identifiers are
reindexed to a continuous range from O to 1,409. Any miss-
ing values introduced during this alignment are imputed us-
ing linear interpolation with both forward and backward fill-
ing.

Methodology

This study proposes a novel Short-Term Load Forecasting
(STLF) system for building energy time series data, lever-
aging federated learning (FL) with three key innovations:
(1) Difficulty-Aware Sampling for client selection, (2) Client
Clustering using Autoencoder-based embeddings, and (3) a
novel DualEncDecoder model architecture for forecast-
ing. The methodology integrates synthetic time series gen-
eration, autoencoder-based feature extraction, client cluster-
ing, and federated training to achieve robust and adaptive
load forecasting.

Overview of the Pipeline

The Short-Term Load Forecasting (STLF) pipeline inte-
grates synthetic data generation, client clustering, and fed-
erated learning to achieve robust and privacy-preserving
energy forecasting. The pipeline comprises the following
stages:

1. Clustering: Synthetic time series are generated to mimic
real energy load patterns while preserving privacy. These
series are decomposed using Seasonal-Trend Decompo-
sition (STL) into trend, seasonal, residual, and covariate
components. Autoencoders are trained on these compo-
nents to extract latent representations, which are used to
cluster clients based on load pattern similarity, as detailed
in Algorithm 1.

2. Federated Learning with Client Sampling: After clus-
tering, federated learning begins by selecting a subset
of clients from each cluster using the Difficulty-Aware
Sampling (DAS) strategy. Selected clients train local
models on their private data and send model updates to
a central server for aggregation using the FedAvg algo-
rithm.

3. Forecasting and Evaluation: After training, the global
model generates 24-step-ahead forecasts. Performance is
evaluated using the Symmetric Mean Absolute Percent-
age Error (SMAPE) and Normalized Root Mean Square
Error (NRMSE).

Client Sampling: Difficulty-Aware Sampling

In traditional federated learning, client selection is often ran-
dom or uniform, which can lead to inefficient training when
clients exhibit heterogeneous data distributions and learn-
ing dynamics. To address this issue, we propose a Difficulty-
Aware Sampling (DAS) strategy that adaptively prioritizes
clients based on their observed training difficulty.

Our approach is inspired by the general notion of training
difficulty introduced in (Wang and Li 2023), but does not di-
rectly adopt their formulation. Instead, we redefine difficulty

at the client level using local loss dynamics and integrate it
into a probabilistic sampling mechanism tailored to partial
client participation in federated learning.

Let N denote the total number of clients, and let S; C
{1,..., N} denote the set of m clients selected for local
training in communication round ¢.

Loss definition. For a client i € S;, let éﬁl) denote the lo-
cal training loss observed after completing its local update
in round ¢. If client ¢ was not selected in the immediately
preceding round ¢t — 1, we define

ggi—)l = fii)(t)’
where
7i(t) =max{r <t|ieS;}
denotes the most recent round prior to ¢ in which client ¢ par-
ticipated. Thus, fgi_)l always refers to the last observed loss

of client . Importantly, Eiz_)l does not correspond to the loss
at the immediately preceding global round ¢ — 1, but rather
to the most recent loss observed for client ¢ when it last par-
ticipated in training. For clients that have never participated,

égi) is initialized to a constant.

Loss dynamics. The change in loss for client ¢ at round ¢ is
defined as ) _ ]
ALY = — gD

For numerical stability, we further compute the logarithmic

loss ratio 0
i 23
ri = log (Z)Jrg ,
62 +e

where € > 0 is a small constant preventing division by zero.

Learnability and unlearnability. Based on the sign of the
loss change, we define two complementary scores:

learn|") = —Ag? it Al <o,
0, otherwise,

9 {Mg“ O i Al > o,
unlearn,’ = .
0, otherwise.

The learnability score captures effective training progress,
while the unlearnability score reflects stagnation or degra-
dation in local optimization.

Temporal smoothing. To reduce noise caused by round-to-
round fluctuations, both scores are smoothed using exponen-
tial moving averages (EMAs):

Ly) =a- learnii) +(1- a)Lgi_)l,
Ut(i) =o- unlearngi) +(1- a)Ut(i)l,
where e € (0, 1) controls the smoothing factor.

Difficulty estimation. The instantaneous difficulty of client
1 is defined as _
) Ut(z) +e
‘Dt - T .
Ly’ +¢€



To obtain a stable difficulty estimate over time, an additional
EMA is applied:

[)S') =a- Dt(i) +(1- a)ﬁ,@l.

Sampling probabilities. Clients are sampled according to
the inverse of their estimated difficulty:

1 Di
YO
t

Pi=N o
Zj:l bj

To prevent starvation of difficult clients, a minimum proba-
bility threshold § is enforced:
/ . 5 A~ p;
b = max(pl, )7 pi = N

2 =17

The final probabilities p; are used to sample the client set
841 for the next communication round.

This difficulty-aware sampling strategy prioritizes clients
that are easier to optimize while ensuring that all clients re-
main eligible for participation, thereby balancing training ef-
ficiency and fairness.

Client Clustering Using Autoencoders

To account for heterogeneity in client data (e.g., different
building types or usage patterns) while preserving the pri-
vacy of sensitive load data, we propose a novel clustering ap-
proach using autoencoder-based embeddings derived from
synthetic data, as detailed in Algorithm 1. This approach en-
sures that actual client load data remains local and private,
while still enabling effective clustering based on representa-
tive embeddings.

Synthetic Data Generation To protect the privacy of
building energy load data, synthetic time series are gener-
ated to mimic the statistical properties of real data without
exposing sensitive information. Each series is then decom-
posed using STL (Seasonal-Trend Decomposition) using
LOESS - Locally Estimated Scatterplot Smoothing (Cleve-
land et al. 1990)).

Autoencoder Training Four autoencoders (Trend AE,
Seasonal AE, Residual AE, Covariate AE) are trained on
synthetic data (for time series components) and real covari-
ate data, with early stopping based on validation loss. Co-
variates (air temperature and primary use) are OneHot en-
coded and normalized before training. All use ReLLU activa-
tions and fully connected layers.

Client Embedding and Clustering This enables group-
ing of clients by load pattern similarity, improving down-
stream federated learning strategies.

Dual Encoder-Decoder (DualEncDecoder) Model

We introduce a  novel forecasting model,
DualEncDecoder, designed to handle time series
data with covariates and categorical features. The model
combines 2 convolutional neural networks (CNNs), gated
recurrent unit (GRU), and a fully connected decoder, with

Algorithm 1: Privacy-Preserving Client Clustering via Syn-
thetic Data and Autoencoders
Input: Number of synthetic series ngynhetic, series length
L = 168, period P = 24, client data
Parameter: Noise levels oy, 05, 0, autoencoder architec-
ture, number of clusters K
Output: Clustered client groups {C,Cs,...,Ck}

1: // Step 1: Synthetic Time Series Generation

2: for i = 1 t0 Ngynthetic dO
t; < 0.05 - arange(L) + ¢,
4: s, < 0.5-s8in(27k/P) + €5,
5 ri< €, € ~N(0,02)
6: T; < t; +8;+7;
7
8

e ~ N(0,03)
€s N(Oaaz)

w

: end for
: // Step 2: STL Decomposition
9: for each x; do
10:  (trend,;, season;, resid;) <— STL(z;)
11:  resid; <+ z; — trend; — season;
12: end for
13: // Step 3: Autoencoder Training
14: for each component € {trend, season, resid, cov} do
15:  Train AE with encoder fy, decoder g4 to minimize:

1 N
Lap = Dl — go(falwa))ll3
1=1

16: end for

17: // Step 4: Client Embedding (Local)

18: for each client c do

19:  Apply STL on z.: (trend., season,, resid.)
20:  Encode components using trained AEs:

ze = [fi(trend,.), fs(season,), f,(resid.), feov(cOV,)]

21:  Send normalized z. to server

22: end for

23: // Step 5: Server-Side Clustering

24: Apply KMeans on {z.} to form K clusters:

K
: 2

min Ze —

min > 3 flze —

k=12z.€C}

25: return {C1,C5,...,Ck}

an embedding layer for categorical variables as shown in
Figure 2. Time-series load data includes meter readings and
STL-decomposed components (trend, seasonal, residual).
The model produces a 24-step-ahead forecast for each input
sequence, suitable for short-term load forecasting.

Experiments

We conducted extensive experiments to evaluate the pro-
posed Short-Term Load Forecasting (STLF) system using
the ASHRAE Great Energy Predictor III dataset. The exper-
iments assess the performance of the DualEncDecoder
model with Difficulty-Aware Sampling (DAS) against base-
line models and sampling strategies, focusing on Symmetric
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Figure 2: Proposed Dual Encoder Decoder Model Architec-
ture

Mean Absolute Percentage Error (SMAPE) and Normalized
Root Mean Square Error (NRMSE). The best results in each
table are bolded for clarity.

Experimental Setup

The experimental evaluation is conducted on a dataset com-
prising 1,410 buildings, each treated as an individual client
within the federated learning framework. To emulate real-
istic participation constraints, only 15% of clients are sam-
pled in each communication round. Training proceeds for
40 rounds, with each selected client performing five local
epochs of optimization using a learning rate of 0.001. For
comparisons, centralised models are trained on all client
data. To ensure fair comparison, the centralized baseline
uses 30 epochs, approximating the effective local training
iterations (0.15 x 40 x 5) in FL. We compare the proposed
Difficulty-Aware Sampling (DAS) strategy against the es-
tablished Power of Choice (POC) method (Jee Cho, Wang,
and Joshi 2022), both implemented under the standard Fe-
dAvg aggregation algorithm. A diverse set of deep learning
models is evaluated, ranging from simpler feedforward ar-
chitectures to recurrent and hybrid designs, including a shal-
low fully connected feedforward neural network (FCNN),
LSTM, GRU, CNN-GRU (without covariates), a Mixture-
of-Experts LSTM (MoE-LSTM) model, and the proposed
DualEncDecoder. Model configuration details are pro-
vided in the Appendix. To account for the heterogeneity in-
herent in non-IID client data, we report results using the me-
dian error across clients, which better reflects robustness and
fairness compared to mean-based evaluation.

Convergence of SMAPE (%) for Client 101 (DualEncDecoder)

—— POC_with_clustering

60 POC_without_clustering
—— DAS_with_clustering
<50 —— DAS_without_clustering
2
w
[
<40
=
0

0 5 10 15 20 25 30 35 40
Round

Figure 3: Convergence plot for proposed model and Sam-
pling Strategy for select client

Results

Tables 1 and 2 report the forecasting performance of all
models under different client sampling strategies, evaluated
using SMAPE (%) and NRMSE (%), respectively (metric
definitions are provided in the appendix). Across both er-
ror metrics and all federated configurations, the proposed
DualEncDecoder consistently outperforms all baseline
models, demonstrating strong robustness to client hetero-
geneity and sampling variability.

Under SMAPE, DualEncDecoder achieves its best
federated performance with DAS (No Clustering) at
22.9394%, closely followed by POC (No Clustering) at
22.7855%. A similar trend is observed under NRMSE,
where DualEncDecoder attains the lowest error of
26.62% under both DAS (Clustering) and POC (Cluster-
ing), indicating stable performance across sampling strate-
gies. In contrast, recurrent and convolutional baselines ex-
hibit substantially higher errors under both metrics. Notably,
DualEncDecoder also significantly outperforms all cen-
tralized baselines, highlighting its strong generalization ca-
pability.

For covariate-aware architectures such as CNN-GRU,
clustering yields marginal or inconsistent improvements
across both metrics, suggesting limited benefit when co-
variate information is already explicitly modeled. In con-
trast, simpler or less expressive architectures benefit more
consistently from clustering. Models such as MOE-LSTM,
LSTM, and GRU generally achieve lower or more stable er-
rors under clustering-based DAS or POC, particularly under
NRMSE, indicating reduced sensitivity to client heterogene-
1ty.

Architectures with dual-branch designs exhibit mixed be-
havior. While Dual CNN ANN benefits from POC-based
sampling in both metrics, its performance remains infe-
rior to DualEncDecoder, underscoring the importance of
encoder—decoder structure for capturing complex temporal
dependencies in federated environments. Figure 3 depict the
convergence across aggregation rounds for a select client.

Figures 4 and 5 illustrate the mean annual and aver-



Table 1: Comparison of Sampling Strategies Across Models using SMAPE (%)

Model DAS POC Centralised
Clustering No Clustering Clustering No Clustering Model
AutoARIMA NA NA NA NA 33.55
FCNN 28.44 28.54 28.43 28.42 27.68
CNN 28.44 28.43 28.59 28.75 29.67
GRU 30.79 30.75 30.69 31.07 26.57
LSTM 31.80 33.28 31.70 32.30 26.43
CNN-GRU 30.94 31.10 30.87 31.47 27.18
MOE-LSTM 32.24 32.50 32.92 32.64 26.82
Dual FCNN 24.12 23.79 24.57 26.82 21.27
Dual CNN ANN 29.92 27.33 24.65 24.86 14.96
DualEncDecoder (Proposed) 23.33 22.94 23.81 22.79 8.44

Table 2: Comparison of Sampling Strategies Across Models using NRMSE (%)

Model DAS POC Centralised

Clustering No Clustering Clustering No Clustering Model
AutoARIMA NA NA NA NA 41.34
FCNN 32.59 32.50 32.43 32.35 31.69
CNN 3245 32.46 3245 32.52 33.15
GRU 34.05 35.07 34.05 34.21 31.19
LSTM 34.77 35.64 34.64 34.97 31.24
CNN-GRU 33.92 34.01 33.92 34.32 31.48
MOE-LSTM 34.94 35.10 35.31 35.56 31.39
Dual FCNN 29.01 28.61 29.31 33.04 25.31
Dual CNN ANN 35.76 31.93 28.86 28.82 17.29
DualEncDecoder (Proposed) 26.62 27.65 26.62 26.65 10.04

age daily load patterns for representative client clusters. Discussion

The plots reveal pronounced heterogeneity across clusters,
with distinct seasonal trends over the year and characteristic
intra-day consumption profiles. Some clusters exhibit strong
seasonal variability, while others maintain relatively stable
demand, reflecting diverse consumption behaviors across
clients.

Figure 6 presents a t-SNE projection of client embed-
dings learned during federated training. Each point corre-
sponds to a client, colored by cluster assignment. The visu-
alization shows the groups in the embedding space, indicat-
ing that clients with similar temporal load characteristics are
mapped to nearby representations. Partial overlap between
some clusters suggests gradual transitions in client behavior
rather than rigid boundaries, further highlighting the struc-
tured yet heterogeneous nature of the client population.

At a finer temporal scale, Figure 5 demonstrates substan-
tial variation in diurnal load shapes across clusters, includ-
ing differences in peak timing, magnitude, and dispersion
throughout the day. Together, these observations confirm
that the clustering captures meaningful structural differences
in both long-term and short-term load dynamics, providing
a strong empirical basis for clustering-aware analysis in fed-
erated energy forecasting.

The experimental results demonstrate that the proposed
DualEncDecoder consistently outperforms all baseline
models across both SMAPE and NRMSE, highlighting its
ability to model complex temporal patterns under non-I1ID
federated settings. Its best performance is achieved with
DAS without clustering, indicating that for expressive en-
coder—decoder architectures, explicit client clustering offers
limited additional benefit. In contrast, clustering improves or
stabilizes performance for models such as MOE-LSTM and
GRU, which benefit from reduced inter-client variability.

The cluster-level visualizations in Figures 4 and 5 pro-
vide important insight into these trends. The figures reveal
substantial heterogeneity across client clusters, with distinct
seasonal behaviors over the year and markedly different di-
urnal load patterns. This structural diversity explains why
clustering can be beneficial for less expressive models, while
more powerful architectures such as DualEncDecoder
can implicitly adapt to heterogeneous client distributions
without explicit grouping.

Across sampling strategies, DAS performs on par with or
better than PoC while being significantly more efficient. As
shown in Appendix , PoC introduces an additional per-round
computation cost of O(d - F') due to extra inference-only
evaluations of the global model on candidate clients. In con-
trast, DAS incurs only O(N) scalar operations per round and
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Figure 4: Visualization of mean annual load profiles for se-
lect client clusters
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Figure 5: Visualization of average daily load profiles for se-
lect client clusters

requires no additional model forward passes, as it reuses loss
values obtained during standard local training. The compa-
rable or superior accuracy of DAS observed in our experi-
ments therefore comes without the computational overhead
inherent to PoC.

Taken together, these results suggest that difficulty-aware
sampling provides a more scalable and practical alternative
to power-of-choice sampling for large, heterogeneous client
populations. When combined with an expressive model
such as DualEncDecoder, DAS offers a robust federated
learning framework that balances forecasting accuracy, com-
putational efficiency, and adaptability to diverse load pat-
terns.

Conclusion

This work presented a comprehensive study on federated
time series forecasting under heterogeneous client distribu-
tions, introducing contributions at the levels of model de-
sign, sampling strategy, and clustering. First, we proposed
the DualEncDecoder architecture, which demonstrated
superior performance compared to baseline models, effec-
tively capturing complex temporal dynamics and covari-
ate interactions in non-IID data. Second, we introduced the
Difficulty-Aware Sampling (DAS) strategy, which proved
competitive with and often superior to the Power of Choice
(POC) approach, offering improvements in forecasting ac-
curacy by prioritizing clients with stable learning progress.
Finally, we examined the role of clustering in federated
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Figure 6: t-SNE projection of learned client embeddings

learning, showing that while clustering enhances perfor-
mance for models such as MOE-LSTM and GRU, it does
not necessarily benefit more expressive architectures like
DualEncDecoder.

Taken together, these contributions highlight that the com-
bination of advanced model design and informed client sam-
pling can significantly improve federated forecasting. More-
over, the findings suggest that clustering remains a promis-
ing direction for enhancing convergence and fairness in cer-
tain scenarios, though its effectiveness depends on the un-
derlying model capacity. Future work will explore adap-
tive strategies that integrate clustering with model-informed
sampling to further advance federated learning for real-
world time series applications.
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Appendix
This appendix provides detailed descriptions of the model
architectures, additional experimental results, and supple-
mentary materials to support the main text. All models are
designed for Short-Term Load Forecasting (STLF) with an
input sequence length of 168 hours and a forecast horizon of
24 hours, unless otherwise specified.

Model Architectures

Below, we detail the architectures of the models evaluated
in the experiments: DualEncDecoder, CNN-GRU,
MOE-LSTM, LSTM, GRU, FCNN, AE, DualGRUGRU,
DualGRUFCNN, CNN, DualFCNN, DualCNNANN,
Aut oARIMA. Each model is described with its input/output
shapes, layer configurations, and key hyperparameters.

DualEncDecoder The DualEncDecoder model inte-
grates time-series and covariate data with positional encod-
ing for robust forecasting. Its architecture is as follows:

e Primary Use Embedding: Maps 16 primary use cate-
gories to a 16-dimensional vector using an embedding
layer ([batch, 161]).

* Time-Series CNN: Two 1D convolutional layers process
the time-series input ([batch, 168, 4]):

— Layer 1: 4 — 64 channels, kernel size 5, padding 2,
ReLU, max-pooling (kernel size 2).

— Layer 2: 64 — 128 channels, kernel size 5, padding 2,
ReLU, max-pooling (kernel size 2).

— QOutput: [batch, 84, 128].

e Covariate CNN: Two 1D convolutional layers pro-
cess the concatenated covariate and embedding input
([batch, 168, 17]):

— Layer 1: 17 — 32 channels, kernel size 5, padding 2,
ReLU, max-pooling (kernel size 2).

— Layer 2: 32 — 64 channels, kernel size 5, padding 2,
ReLU, max-pooling (kernel size 2).

— Output: [batch, 84, 64].

* GRU: A single-layer GRU (input size 192, hidden
size 128) processes the concatenated CNN outputs
([batch, 84, 192]).

* Output Layers: Two linear layers (128 — 256, 256 —
24) with ReLU activation produce the 24-step forecast
([batch, 241).

CNN-GRU The CNN-GRU model processes only time-
series features (meter readings and STL components; 4 fea-
tures) without covariates:

* CNN: A 1D convolutional layer (input channels 4 — 32,
kernel size 3, padding 1, ReLU, max-pooling with ker-
nel size 2) processes the input ([batch, 168, 4]).
Output: [batch, 84, 32].

* GRU: A single-layer GRU (input size 32, hidden size 64)
processes the CNN output.

e Output Layer: A linear layer (64 — 24) maps the last
GRU hidden state to the 24-step forecast ([batch,
247).

MOE-LSTM The Mixture of Experts LSTM
(MOE-LSTM) combines LSTM layers with a mixture
of experts framework:

* Lower LSTM: A single-layer LSTM (input size 4, hid-
den size 64) processes the time-series input ([batch,
168, 4]).

* Experts: Six linear layers (64 — 32, ReLU) act as ex-
perts.

* Gate: A linear layer (64 — 6, softmax) generates weights
for combining expert outputs.

* Upper LSTM: A single-layer LSTM (input size 32, hid-
den size 64) processes the weighted expert outputs.

* QOutput Layers: A linear layer (64 — 32, ReLU) fol-
lowed by a linear layer (32 — 24) produces the forecast
([batch, 241]).

LSTM The LSTM model is a standard recurrent architec-
ture:

* LSTM: A 2-layer LSTM (input size 4, hidden size 82,
dropout 0.2) processes the time-series input ([batch,
168, 41).

* Output Layer: A linear layer (82 — 24) maps the last
hidden state to the 24-step forecast ([batch, 2417).

GRU The GRU model uses Gated Recurrent Units:

* GRU: A 2-layer GRU (input size 4, hidden size 82,
dropout 0.2) processes the time-series input ([batch,
168, 41).

* QOutput Layer: A linear layer (82 — 24) maps the last
hidden state to the 24-step forecast ([batch, 241).

FCNN The FCNN is a feedforward neural network:

 Flatten: Flattens the input ([batch, 24, 4])to a
96-dimensional vector.

* Hidden Layers: Two linear layers (96 — 64, 64 — 64)
with ReLU activations.

* Output Layer: A linear layer (64 — 8) produces an 8-
step forecast ([batch, 81).

Autoencoder (AE) The Autoencoder generates em-
beddings for client clustering:

* Encoder: Two linear layers (input dim — mid dim, mid
dim — latent dim) with ReLU activations, where mid
dim is max (64, input dim/2).

* Decoder: Two linear layers (latent dim — mid dim, mid
dim — input dim) with ReLU activations reconstruct the
input.

CNN The CNN model uses a convolutional neural network
for time-series forecasting:

* CNN: Two 1D convolutional layers process the time-
series input ([batch, 168, 41]):
— Layer 1: 4 — 32 channels, kernel size 5, padding 2,
ReLU, max-pooling (kernel size 2).

— Layer 2: 32 — 32 channels, kernel size 5, padding 2,
ReLU, max-pooling (kernel size 2).



— Output: [batch, 42, 32] (sequence length re- — Layer 2: 64 — 128 channels, kernel size 5, padding 2,

duced to 168/4 = 42 after two pooling layers). ReLU, max-pooling (kernel size 2).

« Flatten: Flattens the CNN output to a vector of size 32 — Output: [batch, 42, 128] (sequence length re-
x 42 = 1344 ([batch, 1344]). duced to 168/4 = 42).

* Output Layers: Two linear layers (1344 — 128, 128 — * Covariate CNN: Two 1D convolutional layers pro-
24) with ReLU activation produce the 24-step forecast cess the concatenated covariate and embedding input
([batch, 241]). ([batch, 168, 171):

DualFCNN The DualFCNN model processes time-series — Layer 1: 17 — 32 channels, kernel size 5, padding 2,

and covariate data with positional encoding and a feedfor- ReLU, max-pooling (kernel size 2).

ward neural network decoder: — Layer 2: 32 — 64 channels, kernel size 5, padding 2,

e Primary Use Embedding: Maps 16 primary use ReLU, max-pooling (kernel size 2).
categories to a 16-dimensional vector ([batch, - Output: [batch, 42, 64].
seqg_len, 16]).

e Time-Series Projection: A linear layer (4 — 64)
projects the time-series input ([batch, 168, 4])to

* ANN: A feedforward neural network processes the con-
catenated CNN outputs ([batch, 42, 192]):

a higher-dimensional space ([batch, 168, 64]). — Flatten: Converts [batch, 42, 192] to
* Positional Encoding: Adds positional information (hid- [batch, 42 x 192].
den size 64, max length 168) to the time-series input — Hidden Layers: Two linear layers (8064 — 64, 64 —
([batch, 168, 641]). 64) with ReLU activations.
¢ Time-Series ANN: A feedforward neural network pro- — Output: [batch, 64].
cesses the time-series input: * Decoder: Three linear layers (64 — 64, 64 — 32, 32
— Flatten:  Converts [batch, 168, 64] to — 24) with ReLU and dropout (0.2) produce the 24-step
[batch, 168 X 64]. forecast ([batch, 24]).
— Hidden Layers: Two linear layers (10752 — 64, 64 —
64) with ReLLU activations. AutoARIMA

— Output: [batch, 64].

e Covariate ANN: A feedforward neural network pro-
cesses the concatenated covariate and embedding input
([batch, 168, 17]):

The ARIMA model is a traditional statistical model
for time-series forecasting, implemented using the
auto_arima function from the pmdarima library:

— Flatten: Converts [batch, 168, 17] to — Configuration: The model is fitted with
[batch, 168 x 17]. seasonal=False, m= 168, stepwise=True.
— Hidden Layers: Two linear layers (2856 — 64, 64 — . . .
64) with ReLU activations. Computation Overhead of Client Sampling
- Output: [batch, 64]. This appendix analyzes the additional computation over-
* Decoder: Three linear layers (128 — 64, 64 — 32, 32 head introduced by client sampling strategies in federated
— 24) with ReLU and dropout (0.2) produce the 24-step learning, beyond the standard local training and aggregation
forecast ([batch, 24]). costs of FedAvg. We focus exclusively on the computation

. required to select clients in each communication round.
DualCNNANN The DualCNNANN model combines con-

volutional and feedforward neural networks with positional Notation. Let N be the total number of clients, m the
encoding: number of selected clients per round, d the candidate pool
« Primary Use Embedding: Maps 16 primary use size in power-of-choice sampling, F' the cost of a single for-
categories to a 16-dimensional vector ([batch, ward pass of the global model on one mini-batch, and R the
seq.len, 16]). total number of communication rounds.
* Time-Series Projection: A linear layer (4 — 64) Assumptions. We assume:
projects the time-series input ([batch, 168, 4])to o . . .
a higher-dimensional space ([batch, 168, 64]). * Local training and server-side aggregation costs are iden-

¢ Positional Encoding: Adds positional information (hid- tical across sampling strategies and are excluded.

den size 64, max length 168) to the time-series input » Power-of-choice sampling requires evaluating the global

([batch, 168, 64]). model on one local mini-batch for each candidate client.

* Time-Series CNN: Two 1D convolutional layers process * Difficulty-aware sampling reuses loss values obtained

the projected time-series input: during standard local training and incurs no extra model
evaluations.

— Layer 1: 64 — 64 channels, kernel size 5, padding 2,
ReLU, max-pooling (kernel size 2). * Client statistics are stored as scalar values across rounds.



Power-of-Choice Sampling

In power-of-choice (PoC) sampling, each round proceeds
by: (i) sampling a candidate set of size d, (ii) evaluating the
global model on one mini-batch at each candidate client, and
(iii) selecting the top-m clients based on estimated loss.

Sampling candidates costs O(d). Loss evaluation incurs
O(d- F) due to d forward passes of the global model. Rank-
ing candidates requires O(d log d) time.

The total computation overhead per round is therefore

O(d - F + dlogd). (D

This overhead arises from additional inference-only eval-
uations on candidate clients that do not necessarily partici-
pate in local training.

Difficulty-Aware Sampling

In difficulty-aware sampling (DAS), each client maintains
a scalar difficulty score updated only when it participates
in local training. Client selection is performed by sampling
from a distribution defined by these stored scores.

Updating difficulty statistics for participating clients costs
O(m). Computing sampling probabilities over all clients
costs O(N). Sampling m clients adds an O(m) cost.

Hence, the total overhead per round is

O(N +m), @)

which simplifies to O(N) since typically N > m.

DAS requires no additional forward or backward passes
of the model, as all loss values are obtained during standard
local optimization.

Memory and Computation Summary

Power-of-choice sampling does not maintain persistent
client-level state, but it incurs repeated inference-time eval-
uations of the global model on candidate clients at every
round, resulting in an additional computation cost of O(d- F")
per round.

In contrast, difficulty-aware sampling maintains O(N)
client-level scalar statistics, which is negligible compared
to model parameters and client data. Its per-round overhead
consists only of O (V) scalar operations and requires no ad-
ditional forward or backward passes of the model.

Overall, difficulty-aware sampling is both memory-
efficient and computationally lightweight, and therefore
scales more favorably than power-of-choice sampling to
large client populations.

Evaluation Metrics

Normalized Root Mean Square Error (NRMSE) The
NRMSE is the primary metric used in this study as it pe-
nalizes large deviations more heavily than smaller errors,
making it suitable for variance-sensitive forecasting tasks.
For a building with M days of load time series and 24-hour
forecasts:

NRMSE := 100 x

1 M 24 ~
\/24M 2i=1 22— Wi — U54)°

Y

where y; ; is the actual load at hour ¢ on day j, §;; is the
predicted load, and §j = Z;‘il S22 ;. is the mean
of the observed loads.

Symmetric Mean Absolute Percentage Error (SMAPE)
SMAPE is a scale-independent metric that symmetrically
measures percentage errors, avoiding the asymmetry issues
of traditional MAPE. It is bounded between 0% and 200%:

1 M 24 |y ) @ ,
SMAPE := 100 x —— #
24M 22 (lyj.il +195.41)/2

j=1i=1




