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Household consumption accounts for about one-third of global electricity. Accurate results of household load
prediction would help in energy management at both the building and the grid levels. Data-driven household
load prediction methods have shown great advantages and potential in terms of accuracy. However, these
methods still face challenges such as limited data for individual households, diversified electricity consumption
behaviors, and data privacy concerns. To solve these problems, this paper proposes a personalized federated
learning household load prediction framework (PF-HoLo), which allows personal models to learn collectively,
leverages multisource data to capture diverse consumption behaviors, and ensures data privacy. In addition,
the global encoder model and mutual learning are proposed to enhance the performance of the PF-HoLo
framework considering imbalanced residential historical data. Ablation experiments results prove that the PF-
HoLo framework could achieve significant improvements, with 13.41% Mean Square Error and 11.33% Mean
Absolute Error, compared to traditional federated learning methods.

1. Introduction load prediction [19,23,24] . In a typical FL framework, the electricity

consumption data of each household is saved locally, which only partic-

On the consumer side of electricity, household electricity [1,2]
accounts for 30%—-40% of global electricity consumption [3,4], and
accurate prediction results of residential electricity load brings huge
benefits to household energy management [5] and grid stability [6,7].
Traditional methods use statistical and time series approaches [8-10]
for the household load prediction. With the development of smart
meters [11,12] in recent years, high-fidelity electricity data has become
easier to achieve [13] and different deep learning (DL) models are
used to predict electricity load, such as CNN [14], LSTM [15], and
hybrid deep learning approach [16,17]. However, DL models require
a large amount of training data and serious privacy and security issues
come with it, especially at the household level. The data on electricity
consumption are extremely sensitive, as they enable reconstruction of
the daily behavior of users [18-20], making it difficult to share with
other users to support load forecasting.

Recently, federated learning (FL) [21,22] is introduced to address
data privacy problem and provide a powerful solution for electricity
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ipates in the training of the local model, and the global model achieves
better performance by integrating all local models [21].

1.1. Motivations and challenges

Although FL approaches effectively isolate user data with global
models and solve privacy issues, we still face the following challenges
(Fig. 1) in predicting the household electricity load.

Challenge 1: Improper User Behavior Assumption. Unlike elec-
tricity load prediction at the grid level, prediction at the household
level is significantly more susceptible to individual behavior varia-
tions. In other words, the assumption for independent and identically
distributed (IID) data may not hold for household load prediction.
Therefore, the traditional FL. methods need to be optimized for house-
hold load prediction compared to simply federating the energy usage
data from different households.
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Fig. 1. Four challenges for federated learning-based household load prediction.

Challenge 2: Imbalanced Residential Data. Researchers often
encounter more complex data imbalanced issues in real-world appli-
cations of federated learning for household load prediction. This is
because users possess varying numbers and types of electrical ap-
pliances, even for the same kind of appliance, differences in model
specifications can lead to varied electricity consumption behaviors.
Furthermore, since users may start collecting data at different times, the
data collected from diverse households can exhibit significant volume
disparities. These resulting data imbalance phenomena place more
stringent requirements on the model’s recognition and generalization
capabilities.

Challenge 3: Randomness and Sparseness of Appliances Data.
Contrary to aggregated load data, household appliances exhibit a high
degree of randomness and are typically used for short durations (Fig. 1).
Consequently, the household historical load data may harder to find
similar patterns and contain a higher proportion of zero values [25].
This necessitates the model to investigate deeper correlations derived
from the usage patterns of various appliances, thereby imposing more
stringent requirements on the model’s design.

Challenge 4: Effective Local-Global Interaction Strategy. Per-
sonalized federated learning [26] presents a potential privacy-protected
solution for residential load forecasting, however, it necessitates the de-
velopment of an effective interaction strategy between the local house-
hold/appliance model and the overarching global model. This strategy
should facilitate each household’s model to leverage data from other
households securely while maintaining individual household/appliance
patterns, thereby enhancing its predictive accuracy.

1.2. Our contributions

To address the above-mentioned challenges, we propose a Per-
sonalized Federated Learning Household Load Prediction (PF-HoLo)
framework. The framework devises FL-based strategy to empower the
global model to discern and capture common patterns in electricity con-
sumption across households, and to enable the local model to strike a
balance between the idiosyncrasies of local data and the advantageous
experiences gleaned from other households. The key contributions of
this paper are listed as follows:

(a) The PF-HoLo framework is proposed for household load predic-
tion with imbalanced residential data, which retains residential indi-
vidualized features for each household’s power consumption prediction
considering the unique small data context of each household.

(b) An end-to-end federated household load prediction model is
proposed with the Encoder-Decoder structure. The LSTM-based En-
coder is designed to adapt to various appliance combinations and the
parameters of only Encoder are shared during the learning process to
maximize the shared knowledge while preserving behavior privacy.

(c) To deliver personalized load predictions for various households,
the personalized loss is proposed, which utilizes the hidden state output
from Encoder as the soft target for mutual learning and the model final
output loss for true label learning.

(d) Experiments on appliance energy usage data from real-world
households demonstrate the effectiveness of the proposed PF-HoLo
framework under imbalanced data conditions. A substantial number
of ablation experiments have also been conducted to validate the
effectiveness of the proposed model and methods.

1.3. Organization of the paper

The remainder of the paper is organized as follows. Section 2
reviews relevant works on household electricity load prediction and
federated learning. Section 3 describes our problem, framework, and
methods in detail. In Section 4, we show the load prediction results and
evaluate performance from quantitative and qualitative levels. Ablation
experiments on crucial components are also conducted. Finally, we
summarize the achievements and discuss the future work in Section 5.

2. Related work
2.1. Household electricity load prediction

The target of load prediction is to accurately forecast the electricity
demand of different objects and levels, helping to continuously balance
electricity supply and load demands and achieve economic, safety,
and low-carbon goals [27]. According to the predicted time length,
electricity load prediction can be divided into four types: very short-
term load forecasting (VSTLF), short-term load forecasting (STLF),
medium-term load forecasting (MTLF), and long-term load forecast-
ing (LTLF) [28], with corresponding usage scenarios at different time
granularities. In the work of this article, we mainly focus on STLF,
whose prediction results can play a key guiding role in the Smart Home
Energy Management System (SHMES) [27,29,30], which can be used
for energy balance control and planning to improve convenience while
also achieving lower electricity costs [31]. In addition, load prediction
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also assists SHEMS in cost-effectively scheduling household appliances
to operate on renewable energy during periods of high electricity
demand [32].

While household-level consumption prediction has been extensively
studied, appliance-level prediction offers more granular and actionable
insights. Fine-grained data, obtained from advanced smart meters [11]
or through load disaggregation techniques such as non-intrusive load
monitoring (NILM) [33], can support appliance-level load forecast-
ing and further enhance the capabilities of SHMES [27,29,30]. This
approach enables precise control and optimization of individual appli-
ances, such as scheduling dishwashers or refrigerators during off-peak
hours to improve energy efficiency and maximize the use of renew-
able energy. Moreover, appliance-level forecasting provides valuable
insights into user behavior [34], facilitating demand response programs
and the development of personalized energy-saving strategies.

However, appliance-level electricity consumption prediction intro-
duces additional challenges due to the non-stationary and stochastic
nature of individual consumer behavior [25]. Compared to aggregated
loads, individual household loads exhibit greater variability, making
accurate prediction more complex. To address these challenges, various
artificial intelligence models have been utilized, including convolu-
tional neural networks (CNNs) [14], long short-term memory networks
(LSTMs) [15], and hybrid deep learning approaches [16,17]. These
methods are often enhanced through strategies such as combining
models [35] or refining loss functions [25] to improve their ability to
fit and predict electricity consumption data.

Despite these advancements, two critical issues remain for data-
driven methods: the need for large amounts of historical data and the
stringent privacy requirements of residential power consumption data.
Federated learning provides a promising solution to these issues by
enabling collaborative model training across distributed datasets while
preserving privacy.

2.2. Federated learning

Household electricity data always faces privacy issues. Power com-
panies generally do not disclose their customers’ electricity usage in-
formation, and customers are unwilling to share their electricity usage
data because it would largely reveal their behavioral information. Fed-
erated learning [21] is one way to solve this problem. In 2020, feder-
ated learning was first applied to household electricity load prediction
to solve data privacy problems [36]. Fekri et al. compared two different
Federated learning strategies, FedAvg and fed-sgd, and pointed out
that FedAvg method has better accuracy and precision [23]. In recent
years, personalized federated learning (PFL) [37] has emerged as a
critical approach to addressing the challenges posed by non-IID data
in FL. PFL allows for the development of models that balance shared
global knowledge with local adaptability, making it particularly well-
suited for household electricity consumption prediction, where data
distributions vary significantly across households. Wang et al. [38] and
Qu et al. [39] have proposed a personalized load prediction method for
whole households by adding a local data training step after the feder-
ated learning process. However, this approach is not directly applicable
to appliance-level load prediction due to the significant variability
in the types and numbers of appliances across different households.
Other studies have applied PFL to building-level [40] energy load
forecasting through model fine-tuning [41], yet such approaches are
not designed to account for the appliance-level granularity and the
associated challenges of data imbalance and sparsity. Furthermore,
frameworks such as Federated Mutual Learning [26], while effective
in image classification tasks, have not been extensively evaluated in
time-series prediction scenarios like electricity load forecasting, where
temporal dependencies and irregular usage patterns present unique
difficulties.
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Despite these advancements, current PFL methods face limitations
in handling highly imbalanced and sparse datasets, as well as in achiev-
ing a balance between global and local learning for fine-grained predic-
tions. The PF-HoLo framework proposed in this study addresses these
challenges by employing an Encoder-Decoder structure that shares
only the encoder during federated learning. This design enables the
global model to extract robust features from diverse households while
allowing the decoder to adapt to household-specific appliance usage
patterns. To further enhance personalization, a novel loss function
combining soft targets (encoder-hidden states) and hard targets (model
outputs) is introduced, facilitating effective mutual learning and miti-
gating the adverse effects of data imbalance. Unlike most existing PFL
methods that focus on household-level predictions, PF-HoLo explicitly
targets appliance-level load forecasting, offering fine-grained insights
into energy usage and enabling more effective energy management
strategies. By addressing these critical gaps, PF-HoLo provides a robust
and scalable solution for personalized appliance-level load forecasting,
as demonstrated in the experimental results.

3. Personalized federated learning for household load prediction
3.1. Problem definition

Different households often have different types of electrical appli-
ances and different electricity consumption behaviors. In this problem,
we will perform electricity load prediction for various electrical appli-
ances from different households. The load prediction of household elec-
trical appliances can be abstracted as a typical time series forecasting
problem. For a specific household, the historical power consumption
data of its electrical appliances are observed and used to predict the
future power consumption of electrical appliances. Specifically, the
historical power consumption of electrical appliances in a household
can be expressed as X = { ’l,p’z,...,pfﬂ)lt € [1,2,...,T,,l}, where p!,
represents the power consumption of appliance m in the household at
time t, T, is the length of time observed. Similarly, we define the load
to be predicted as Y = {(p}, 05, ..., i)l € [Tops + 1, Ty +2,..., Ty +
Tyreal}s Tops is the predicted time step size. The goal is to use the
historical electricity load data of each household to predict their future
electricity load trends.

3.2. Classical federated learning

Federated learning methods are designed to protect users’ data
privacy by avoiding the need to save all user data in a central database.
In traditional federated learning methods, such as FedAvg, the goal is
to average a global function that can achieve overall accurate perfor-
mance over the distributed local data.

In the federated learning process of household load prediction, the
data is distributed among various households, and each household has
its own independent model with parameters w,, to fit a local function
fn(Ap), where h indicates different households. The assumption is that
the electricity consumption data of each household is IID. The objective
is to leverage the data from each household and obtain a model with
improved performance.

To achieve this, each household in the federation agrees to update
the global model using all the current models ®,, where 2 € [1, H]
and H indicates the number of houses in the federation. After training
its own model with its own data for a specified number of epochs, the
household combines its model with the models from other households
to obtain a new global model G. This process allows the global model
to benefit from the knowledge and insights learned from the diverse
data across households, while still preserving the privacy of individual
data.

1
% = T2 €))

:M:



S. Zhu et al.

In the described federated learning approach, the parameters w® of
the global model G are updated by taking the average of the parameters
wy, from the sub-models in the federation. The updated global model
is then distributed back to each household for the next iteration. This
process is repeated for a specified number of rounds R.

During each round, the households train their local models us-
ing their own data and update their parameters based on their local
optimization process. Afterward, the local models exchange their pa-
rameter updates, and the global model is updated by averaging these
parameters.

By repeated iterations and parameter exchanges between the global
model and the local models, the global model G gradually incorporates
insights and knowledge from the diverse datasets across households.
After completing all training with the specified number of rounds, the
final global model G is obtained, which represents a collaborative learn-
ing result that leverages the collective intelligence of all participating
households while maintaining data privacy.

3.3. PF-HolLo

3.3.1. Framework

Although the classical FL can guarantee data privacy by only shar-
ing model parameters, it assumes that data from different families
are subject to IID random variables and have a similar load pattern.
However, in the real world, due to the different human behaviors and
appliance types of each house, the data collected by the smart meters
of each house are often not IID random variables and have different
data sizes (Fig. 2). In order to solve these problems in residential
load prediction, we propose a Personalized Federated Household Load
Prediction Framework, PF-HoLo.

The overview of PF-HoLo Framework is given by (Fig. 2). Overall,
it consists of two parts: local model and global model. The local
model is placed in each house and consists of two models with the
same network structure: the Meme model and the Personal model.
Among them, the Personal model utilizes local observation data and
the information transmitted by the Meme model through knowledge
distillation methods [42] for training, and is responsible for outputting
prediction sequences for future electricity consumption. At the same
time, the Meme model conducts mutual learning based on both his-
torical data and output from the corresponding Personal model. The
difference is that the Meme model is not directly involved in forecasting
future power consumption. Instead, it shares parameters with other
Meme models in other families through communication to update the
global model. That is to say, the Meme models in each family will
have the same parameters after a certain number of training rounds
due to the FedAvg operation as the training progresses. And during the
training process, the parameters of the Personal models will be only
updated with the mutual learning processing.

Our model draws on a work of image classification [26], which
is designed to enable mutual learning between different classification
tasks through the joint loss function of soft target and hard target. How-
ever, our task is a time series sequential prediction problem without
corresponding probability distribution of different classes to calculate
the similarity for the soft target. To address it, we further propose
a simple yet useful loss function in Section 3.3.3. This improvement
will help the model to better fit the distribution characteristics of
local data while obtaining universal prediction features from other
houses through federated learning methods, thus achieving higher
prediction performance for imbalanced data conditions. We have also
demonstrated this in subsequent experiments.

The overall training process of the PF-HoLo model is similar to that
of the FedAvg. Specifically, during the local training process, we train
both the Meme model and the Personal model mutually and enable
the two models to benefit from each other’s training while staying true
to themselves. The specific implementation details of this part will be
explained in 3.3.3. On the other hand, during the process of updating
the global model, we only shared a portion of the Meme model, which
will be explained in 3.3.2.
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3.3.2. Meme/personal model

The Meme model and the Personal model share the same structure,
which could be designed with any sequential prediction model. To
enhance the model’s feature extraction ability in federated learning
structures with imbalanced and non-IID data conditions, the model
is designed using the idea of Encoder—-Decoder structure. Encoder—
Decoder [43] is a type of model structure that uses a designed model to
encode a sequence into a fixed-length vector representation and then
uses another inverse model to decode this fixed-length vector into the
target sequence. We want to integrate this technology into the PF-
HoLo model to obtain a better encoder for feature extraction, while
also enabling decoders in various households to better adapt to the
distribution characteristics of local data.

The improved model, as shown in Fig. 3, consists of two parts: an
Encoder for feature extraction and a Decoder for prediction. In the
Encoder part, we choose LSTM because of its ability to capture temporal
features in time series data. The Decoder consists of an LSTM model and
fully connected layers.

The training process of the PF-HoLo with Encoder-Decoder struc-
ture is following. Firstly, regarding the model input, the LSTM model
serving as the Encoder only processes the observed data. After the input
of the observation sequence is completed, it outputs two fixed-length
vectors, hE’” and cE"C which capture the information of 7,,; and the
preceding tlfne series, as indicated by Eq. (2). Additionally, we consider
the last observed value of each appliance in the original input data to
be a crucial feature, as it provides a numerical anchor for the Decoder’s
predictions. We concatenate these three sets of features and use them
as the initial input for the Decoder, as shown in Eq. (3).

Enc Enc — frEnc
hylsep = LXK ey, s ery, 1) (2)
Dec Dec _ rDec Tobs  Tobs Tops Enc _Enc
Y’hrm T = )0 o) Ay e ) ®

For predicting future time steps, the Decoder takes the previous
predicted value, as well as the newly generated hDe‘ and c?i‘ from the
LSTM model in the Decoder, as inputs. This process repeats 1terat1ve1y
to generate the desired length of the predicted sequence Y.

Besides improving the model, we have also made adjustments to the
parameter-sharing strategy in federated learning for different house-
hold models. In contrast to the original model, where the entire Meme
model is shared, the improved structure involves sharing only the
Encoder part of the Meme model. This modification aims to enhance
the encoding ability for feature extraction of federated learning, which
helps to solve the imbalanced data problem by providing the fea-
ture characteristic for the few sample residences. As for the Decoder
part, our goal is for it to better adapt to the power consumption
characteristics of local data, so we have chosen not to allow it to
directly participate in parameter sharing during federated learning.
While the Encoder-Decoder structure is commonly used for time-series
feature extraction, in the PF-HoLo framework, it plays a key role in
addressing non-IID data. Specifically, the encoder learns shared repre-
sentations across households by sharing parameters, while the decoder
adapts to household-specific data distributions. This design mitigates
performance degradation caused by non-IID data in federated learning.

3.3.3. Personalized loss function

To achieve personalized prediction of local electrical power con-
sumption for each household, a configuration has been implemented
wherein each household is equipped with its own Meme model and
Personal model. The Meme model plays a crucial role in facilitating
communication with models from other households, thereby enabling
the utilization of a broader range of data. On the local front, the
Personal model utilizes local data for training and achieves enhanced
performance through mutual learning with the corresponding Meme
models. The detailed steps involved in this process, as well as the
calculation of the Loss function, are illustrated in Fig. 4.
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During the local training process, both the Meme model and the
Personal model generate predicted electricity consumption sequences,
denoted as ¥j;, and Y¥p, respectively, after undergoing the process
described in Eq. (3). In the process of mutual learning, the choice of
knowledge distillation strategy plays a crucial role. Typically, there are
two commonly used methods: hard target and soft target [44]. For the
hard target, we simply need to calculate the loss using the outputs of
both the Meme model and the Personal model in mutual learning, and
then provide feedback to each respective model for implementation.
This is relatively easy to implement and apply in temporal prediction
problems. In comparison, the soft target approach in time series pre-
diction is more challenging to implement but with better performance.
For the FL image classification task [26], before the final output of the
Meme and Personal models, it will generate a probability distribution
through a softmax layer, which represents the probabilities of the given
input belonging to different image categories. For the same input, the
different probability distributions output by the previous two models
can be treated as soft targets. The Kullback-Leibler (KL) divergence
is then used to calculate the loss, measuring the similarity between
the two models. However, in the context of time series prediction, KL
divergence may not adequately capture the differences between the
Meme model and the Personal model, due to the absence of probability
distribution outputs in this case.

Algorithm 1: Training Process of PF-HoLo

Input : Local training round E; Max Federated training round
R; Number of houses H; Number of train data N;
Learning rate a; Batch size .S; Observation-True Power
Sequence (A", B"), where h € [1,H],n € [1,N],

and X, Y with the same description in Section 3.1.

Output: Global model »“; Meme model ¢ and Personal

model wf ¢ for each house h;

Initialization:

r= l;w}/:’“’ =w0,w;:5 = o, where (h=12,..,

-

H);0% = o'

2 for r < R do
3 h« 1
4 for h < H do
5 Update Meme model from Global model: »)¢ « «°;
6 e« 1;
7 for e < E do
8 Process of Mutual Train:
9 n<1;
10 for n < N do
oMeh ,Meh
1 nniS’h N (_f Me(Xn n+S)’
Peh , Pen
12 Yn f1+S’h - (_f Pf(Xn n+S)’
13 L5« MSE(hM”‘ hP”’),
P Me
14 Ltargetm « MSE(Yn ne+S’ Ynhrl+S) ’
Pe,h
15 Ligrgerp < MSE(YH S G
16 update )’ —aVv, Me(L + Ligrgetm)s
17 update a)Pe —awl—aV Pe(L + Lygrger p)s
18 ne—n+sS;
19 end
20 e—e+1;
21 end
22 h«—h+1;
23 end
24 Communicate and update Global model:
| wH .
0% < ﬁ2i=lthe’
25 rer+1;
26 end

To address this issue, we have proposed both hard and soft target
algorithms for regression problems. Firstly, for the basic hard target
approach, we can directly utilize the outputs of the Meme model
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Y. and Personal model Yp, to calculate L" = Criterion(¥y,. ¥p,).
However, in our PF-Holo framework, we ultimately choose to use
the Soft Targets for mutual learning. In the context of electrical load
prediction, this approach can provide improved predictive accuracy for
the models. Specifically, with the improvement of Encoder-Decoder
structure (Fig. 3), we only shared the Encoder part of the Meme
model when conducting federated learning on predictive models from
different households. This allows the Encoder to better leverage data
from different households and obtain stronger feature extraction capa-
bilities for the imbalanced and non-IID data conditions. To transfer this
capability to the Personal model, which is trained solely on local data,
we chose to use the hidden state output from the LSTM in the Encoder
as the new soft target in mutual learning. We utilize this feature to
compute the mutual learning loss function using Eq. (4). Two different
loss calculation methods (Egs. (5) and (6)) are used to calculate the
difference between the Meme and Personal models that learn from each
other from the perspective of soft targets. The final PF-HoLo model
selects Mean Squared Error (MSE) as the mutual loss, and the specific
comparative process is presented in the ablation experiments section.

_ o M P
L., = Crlterlon(thred, hde) 4)
n
MSE=1YF -y ®)
n iﬁ]
1 N
MAE =~ 3 IV, -] 6

i=1

Apart from the mutual learning, both Meme and Personal models
also calculate the loss between their predicted values, ¥,,, and Yp,,
and the actual label values. This is done as part of their respective
loss functions, specified in Formulas (7) and (8). For both models, the
final loss function is determined by Formulas (9) and (10), which take
into account the respective true label loss and the L} from the mutual
learning.

Ligrgetm = MSE(¥y,, Y) )
Ligrgetp = MSE(Yp,,Y) ®)
L, = Lfnu + Lrarget,m ()]
Ly =L, + Liggerp 10)

Here, L, and L, represent the loss functions of the Meme and
Personal models, respectively. Y,,, and Yp, denote the output se-
quences generated by the Meme and Personal models during the train-
ing process. Y represents the target sequences or ground truth values.
Algorithm 1 provides the overall training process for the PF-HoLo
framework. Firstly, we assign separate Meme models and Personal
models to each household and train them only on the historical elec-
tricity load dataset of their respective households. For each household’s
models, a total of E*R training epochs are performed, where R rep-
resents the number of communication rounds and E represents the
number of local learning epochs between two communication rounds.
During the local learning phase, we calculate the individual losses and
mutual loss for both the Meme model and the Personal model, and use
them to update the respective models. During communication rounds,
Meme models from different households share parameters with the
global model, and the global model is updated. The updated global
model is then transferred to each household’s Meme model, replacing
the previous parameters.

4. Experiments
4.1. Experimental settings
Dataset and Pre-processing Similar to some previous works [45]

using federated learning, we chose the publicly available REFIT [46]
dataset to test the effectiveness of our proposed model. This dataset
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Table 1
Data description.
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#Household Appliances

Fridge Washing machine Dishwasher

Microwave Kettle

Television site Computer site Dryer

0N UBA WN =

O

10
11
12 X X
13
14
15
16 X
17
18 X
19
20

KoM MM

x represents the absence of records for that specific appliance in the household.

contains electrical power consumption records from 20 households in
the UK over two years. Most of the data in REFIT [46] were sampled at
6-8 s intervals. In order to obtain data that can be used for model train-
ing, we first eliminated the obviously unreasonable data (the power
of the distributor is greater than the total power), filled in the latest
effective power with a time interval of 1 s as the minimum interval,
and then resampled the data to obtain data with a time interval of
1 min. Before inputting the data into the model for training, we also
performed a min-max normalization process on the data. The final
predicted value of the model was inversely normalized accordingly to
obtain the predicted power of the consumer in watts.

In the experiment, we selected electricity consumption data from
20 households over 13 months, from April 1, 2014, to April 30, 2015,
because there were not many instances of blank data due to power
outages or equipment failures during this period. In the REFIT dataset,
the electricity consumption of nine types of appliances was recorded
for each household, but the types of appliances recorded varied among
households. We compiled and selected eight types of appliances that
appeared more frequently as inputs for the model, with specific infor-
mation provided in Table 1. For appliances missing in any household,
we treated them as zero during model input. During the experiments,
appliance-level electricity consumption predictions are obtained by
modeling each appliance’s power consumption as a time series. The
input features include historical power consumption readings for each
appliance, and the PF-HoLo framework utilizes the Encoder-Decoder
structure to predict each appliance’s future consumption. The predic-
tion results for individual appliances were then aggregated to evaluate
household-level performance.

To illustrate the variability in data distribution among different
households, we present single-sided violin plots of the daily average
power consumption for eight types of appliances across 20 households
(Fig. 5). The columns represent different appliances, while the rows
show the different households. For each subgraph, the violin plot
display the distribution of daily average power usage, with the median
(50th percentile) indicated by a solid line, and the interquartile range
(25th and 75th percentiles) visualized within the plot.

The visualizations reveal significant differences in power consump-
tion patterns across households and appliances. For instance, the daily

power consumption of refrigerators (Fridge) exhibits relatively consis-
tent distributions across households, reflecting their continuous opera-
tion and stable consumption patterns. In contrast, appliances like dish-
washers, microwaves, and kettles show highly skewed and sparse dis-
tributions, as these appliances are used intermittently and for short du-
rations. Additionally, some households lack certain appliances entirely,
as indicated by missing or flat plots.

These plots highlight the challenges posed by imbalanced and non-
IID data in our study. By providing a clear visual representation of
the data variability, these distributions contextualize the experimental
results and demonstrate the importance of designing a federated learn-
ing framework, such as PF-HoLo, that can handle such heterogeneity
effectively.

Testing strategy and Baseline In our experiments, the hardware
device used is a server with Nvidia GeForce RTX 3090 GPU. All
programs are written based on Python 3.8 and PyTorch 11.2.

For all experiments conducting federated learning, we set the local
training round E = 5, the federated training round R = 10 (i.e., for a
single model in a single family, the total number of training rounds is
E * R = 50). The learning rate is 0.003. Batch size is 4096. Given that
in real-world scenarios, the electricity consumption behavior and data
collection duration often vary among different households. To simulate
this situation, we adopted various data segmentation methods and
divided these houses into three categories: Enough, Cascade, and Very
Little (Table 2). ® Enough: Firstly, we selected six households as cases
with relatively abundant data, with the proportions of data allocated
to the training, validation, and test sets being 0.6, 0.2, and 0.2 of
their own household data, respectively. @ Cascade: For another eleven
households, we set the proportion of their training sets to range from
0.05 to 0.55, to mimic the diversity of real-world scenarios. ® Very
Little: we also explored more extreme scenarios of missing training
data using the remaining three households, setting their training data
proportions to 0.00625, 0.0125, and 0.025 of the total data, with the
least amount of training data being approximately 2.5 days of electric-
ity consumption records. For the latter two categories of households,
we kept the proportion of validation sets at 0.2 and used all data not
assigned to training or validation sets for testing to fully utilize the data.
The different ratios of training to testing datasets in Table 2 were de-
signed to simulate real-world scenarios where households have varying
amounts of historical data due to differences in smart meter installation
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Fig. 5. Daily average power distribution of household appliances across families.

Table 2

Categories and partitioning of dataset.
Categories Cascade Very little Enough
#Household 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Ratio of train 005 01 015 02 025 03 035 04 045 05 055 0.025 0.0125 0.00625 0.6 06 06 0.6 0.6 0.6
Ratio of validation 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2
Ratio of test 075 07 065 06 055 05 045 04 035 03 025 0775 07875 0.79375 0.2 02 02 02 02 02

periods. This setup allows us to evaluate the model’s robustness under
imbalanced data conditions.

In the experiment, we set the observation sequence length to 120 min
and made predictions for the electrical appliance’s power consumption
over the next 30 min. Moreover, in subsequent experiments, we also
tested its performance in predicting power consumption over 60 min,
120 min, and 180 min.

The experiments compare the performance of PF-HoLo with tradi-
tional federated learning methods such as FedAvg and FedSGD. Ad-
ditionally, a centralized training model (trained without federated
learning using combined data from all households) is included for
comparison.

FedAvg We compared the FedAvg method to combine data from
different households to test the usefulness of federated learning meth-
ods in predicting household electrical energy consumption. Specifically,
in each house, there is a basic LSTM network consisting of an LSTM
cell and two fully connected layers (in order to maintain consistency
with the model we used in PF-HoLo). The hidden layer dimension is
128, and the dimensions of the two linear layers are (128, 32) and
(32,5), respectively. The training process for FedAvg is as follows: Each
family (client) is now training a certain number of rounds E on the
local dataset. After the training for each family (client) is completed,
the obtained model parameters will be shared with the global model,
averaged, and distributed to the models in each family. This iteration
involves a total of R rounds.

FedSGD FedSGD is another classical federated learning algorithm
that reduces the computational overhead by transmitting gradients

during training. FedSGD has an additional parameter C to control the
proportion of client devices that participate in computation during each
local training stage [21]. In our experiment, we set C = 1, which means
that all 20 households participated in each round of federated learning.
In contrast to FedAvg, the FedSGD method updates the global model
with the local model gradients after each local training round, with
E = 1. To ensure consistency in the number of training iterations, we
increased the federated training rounds R in FedSGD to 50.

Central To evaluate the performance of centralized training, we
implemented a model called Central, in which data from all households
is aggregated into a single dataset for unified training. The model
structure is the same as that used in FedAvg, with a basic LSTM
network consisting of an LSTM cell and two fully connected layers.
Unlike federated methods, Central trains directly on the combined
dataset without any distributed learning process, providing a point of
comparison for prediction accuracy.

4.2. Experiments result and analyze

4.2.1. Quantitative analysis

We conducted experiments using eight different electrical appli-
ances from twenty households (Table 1). In the experiment, our model
observed the electricity consumption over the past 120 min and pre-
dicted the consumption for the next 30 min. To assess the prediction
accuracy, we calculated the average performance (MSE/ MAE) and
used the FedAvg method as a benchmark. We then computed the
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Table 3
Experimental results in MSE/MAE?® (W?2/W) for “Cascade” data size households.
#Household Proposed Baseline Ablation
PH-HoLo FedSGD FedAvg Central EnDe FedMu EnDe FedMu EnDe FedAvg FedMu FedMu FedMu
(Soft MAE) (Hard) (Soft MSE) (Soft MAE) (Hard)
1 4049.20/8.71 4620.46/8.70 4656.41/8.97 4915.35/10.17 4330.59/8.62 4352.85/8.04 4377.39/8.05 4562.65/8.68 4571.02/10.18 4678.14/7.94
2 14498.87/21.64 15364.92/22.32 14962.57/22.22 15209.13/20.54 14865.89/21.75 15068.94/21.92 14408.22/20.23 15580.24/23.50 15043.50/22.43 16 298.46/23.73
3 14172.31/24.68 20168.45/30.75 19640.60/31.95 20188.70/28.85 15628.21/24.79 15014.12/25.55 17 665.36,/28.30 17 635.45/27.49 17767.30/28.49 19922.85/31.90
4 4811.38/9.86 4984.01/11.15 5018.88/11.35 5068.98/12.05 4798.60/9.99 4773.39/9.51 4867.52/9.95 4754.62/10.32 4919.73/10.79 4947.56/10.50
5 15510.91/25.88 21831.14/32.86 21086.58/31.19 21065.55/32.29 16145.33/26.67 15805.56/25.49 18240.77/28.38 16700.64/28.13 17 435.70/30.33 17 864.79/28.10
Cascade 6 8899.69/16.03 9029.00/17.43 9123.20/17.11 9198.61/16.91 8867.23/15.89 8811.27/15.95 8794.62/15.53 8973.52/17.15 9182.13/16.88 9296.20/18.45
7 21602.01/26.42  26367.54/29.19  25702.21/30.28 25647.79/27.07 21 440.61/25.39 21617.84/26.96 23241.11/28.05 22049.12/29.52 22162.27/26.97 23985.81/27.35
8 12282.34/16.02 13418.69/17.72  13255.46/18.19 13404.67/16.01  12267.04/15.65 12417.92/16.95 12809.78/16.47 12587.16/17.03 12803.31/17.33 13606.73/18.88
9 16906.18/23.09 18307.03/25.49  18258.12/25.05 18957.60/24.28 16782.69/23.27 17271.66/23.15 17 602.55/23.75 17 487.32/25.06 17 469.25/24.87 18464.12/26.54
10 6223.97/17.80 7916.32/19.40 7629.49/18.91 7306.25/17.22 5901.80/16.65 6297.94/18.87 6141.25/16.93 7170.76/20.61 5971.50/18.84 8430.12/20.68
11 5328.42/7.84 5885.91/9.65 5854.62/8.95 6137.99/10.86 5465.44/8.39 5396.85/7.95 5610.83/7.94 5645.80/8.96 5553.44/9.12 5678.83/8.27

AVG 11298.66/18.00 13444.86/20.42 13198.92/20.38 13372.78/19.66  11499.40/17.92

11529.85/18.21 12159.95/18.51 12104.30/19.68 12079.92/19.66 13015.78/20.21

Compare to FedAvg 14.40%/11.69% -1.86%/-0.22% /// -1.32%/3.54%

12.88%/12.09%

12.65%/10.64% 7.87%/9.20% 8.29%/3.45% 8.48%/3.55% 1.39%/0.82%

2 A lower MSE and MAE indicate superior model performance.
b The term bold denotes the superior performance among comparable entities.

Table 4
Experimental results in MSE/MAE? (W?2/W) for “Very Little” data size households.
#Household Proposed Baseline Ablation
PH-HoLo FedSGD FedAvg Central EnDe FedMu EnDe FedMu En-De FedAvg FedMu FedMu FedMu
(Soft MAE) (Hard) (Soft MSE) (Soft MAE) (Hard)
12 11020.23/14.58 11231.10/14.48 11212.31/15.22 11469.42/14.19 11121.89/14.52 10758.43/14.29 11152.22/14.50 11145.25/15.27 11136.31/14.44 11191.46/14.46

Very little 13

14 2628.17/7.24 3612.97/9.09 3505.80/9.82 3653.90/9.45

10438.21/15.01  13417.53/19.39  13083.98/17.54 14005.00/18.57 11602.83/16.63
2700.57/7.89

10940.33/14.87
2720.28/7.51

12376.13/15.85
3081.63/8.00

12824.25/16.19
3330.23/8.79

12263.11/16.60
3146.48/8.49

12418.08/16.89
3141.37/8.78

AVG 8028.87/12.28 9420.53/14.32 9267.36/14.19 9709.44/14.07

8475.10/13.01

8139.68/12.22 8869.99/12.79 9099.91/13.42 8848.63/13.18 8916.97/13.38

Compare to FedAvg 13.36%/13.50% -1.65%/-0.89% /// —4.77%/0.90%

8.55%/8.30%

12.17%/13.89% 4.29%/9.91% 1.81%/5.47% 4.52%/7.15% 3.78%/5.74%

2 A lower MSE and MAE indicate superior model performance.
b The term bold denotes the superior performance among comparable entities.

percentage difference in performance between the models. Table 3,
4 and 5 respectively present the results of predicted electricity con-
sumption for three types of households: Enough, Cascade, and Very
Little. These tables also show the results of our ablation experiments,
which will be discussed in detail in Section 4.3. From these tables,
it is evident that our proposed method consistently achieved better
prediction performance across most cases. In the comparison of base-
lines, we observed that the overall prediction performance of FedAvg,
FedSGD, and the Central model does not differ significantly, indicating
that federated learning can serve as a viable alternative to centralized
learning in this scenario. However, the centralized model generally
achieves better performance in terms of MAE for most households,
while federated learning models tend to perform better on the MSE
metric. This discrepancy may be attributed to the centralized model’s
reliance on global data distributions, which can result in the neglect
of important local information specific to individual households. In
contrast, our proposed model effectively balances global information
and local features, achieving significant improvements on both metrics.

Compared to centralized model and traditional federated learning
approaches, our proposed PF-HoLo model can more effectively utilize
data from different households, which have varying electrical appli-
ances. This allows the model to make personalized predictions about
local electricity consumption and achieve better prediction accuracy
when faced with households having different electrical devices and
data sizes. On average, our model improved prediction accuracy by
approximately 13.41% and 11.33% in MSE and MAE, respectively,
compared to the FedAvg method (Fig. 10).

In addition, through cross-comparison of the model performance
in three different categories of households with varying training data
sizes, we observed that the proposed PF-HoLo model exhibited a greater
relative improvement in prediction accuracy for the Cascade and Very
Little categories. This suggests that our model provides a better en-
hancement in user experience for federated learning scenarios where
households have imbalanced historical data. The personalized feder-
ated mutual learning approach can leverage the characteristics of local
data to achieve better prediction results even with limited user data.
We also presented the performance of other model combinations in
household load forecasting, which will be discussed in detail in the
ablation experiments section.

To further evaluate the performance of our proposed PF-HoLo
model, we analyzed the R? scores, which measure the proportion of
variance in the target variable that is explained by the model. Fig. 6(a)
presents the R? scores achieved by PF-HoLo across different appliances
and households, while Fig. 6(b) illustrates the improvement in R>
scores compared to the FedAvg method.

As shown in Fig. 6(a), the PF-HoLo model achieves consistently high
R? scores for certain appliances, such as dishwashers and televisions.
Dishwashers typically exhibit regular and periodic usage patterns, mak-
ing their consumption easier to predict. Similarly, televisions often
follow predictable patterns based on user habits, contributing to higher
R? scores. In contrast, for appliances with more irregular usage, such as
microwaves and kettles, the R? scores are relatively lower. This reflects
the inherent challenge of predicting the consumption of appliances with
highly stochastic and short-duration usage. Additionally, refrigerators
and washing machines also show relatively low R? scores despite their
regular usage patterns. The low R? scores for refrigerators can be
attributed to their stable and nearly constant power consumption with
minimal variation, which inherently reduces the total variance in the
data, thereby limiting the achievable R? score. For washing machines,
the intermittency and multiple operational phases (e.g., washing, rins-
ing, spinning) introduce complexity in power consumption patterns,
making accurate predictions more difficult.

Fig. 6(b) highlights the improvement of PF-HoLo over FedAvg in
terms of R? scores. On average, PF-HoLo demonstrates noticeable
improvements across most households and appliances, with particu-
larly significant gains for appliances like computer sites. These im-
provements underscore the ability of PF-HoLo to better capture local-
ized and appliance-specific consumption patterns, benefiting from its
personalized federated learning framework.

Overall, the R? analysis further validates the effectiveness of PF-
HoLo in balancing global and local information, enabling it to outper-
form traditional federated learning methods in capturing the variability
of household electricity consumption.

To more vividly illustrate the superiority of our proposed method
relative to the baseline model, we graphically represent our proposed
model to compare its relative accuracy with the FedAvg approach
in predicting performance in different households and appliances, as
depicted in Fig. 7. Here, due to the variations in appliance ownership
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Table 5
Experimental results in MSE/MAE® (W?2/W) for “Enough” data size households.
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#Household Proposed Baseline Ablation
PH-HoLo FedSGD FedAvg Central EnDe FedMu EnDe FedMu En-De FedAvg FedMu FedMu FedMu
(Soft MAE) (Hard) (Soft MSE) (Soft MAE) (Hard)
15 10703.02/21.34  11600.06/23.57  11559.34/22.32 11618.38/20.07 10671.77/21.33 10807.00/21.33 10958.53/20.88 11185.68/21.81 11345.56/22.67 11540.90/22.41
16 8572.08/13.53 9341.88/15.41 9193.96/14.13 9513.79/15.18 8669.10/13.23 8671.50/12.82 8956.89/13.64 8780.86/13.71 8804.56/13.06 9027.04/14.52
Enough 17 3334.68/9.72 4340.34/11.35 4445.19/10.84 4187.14/11.01 3421.47/9.99 3527.26/9.53 3639.50/9.57 4343.44/11.02 4111.14/11.23 5624.03/13.77
3 18 3548.36/9.22 3922.77/12.25 3838.20/11.03 4108.40/15.12 3675.16/10.37 3470.43/9.09 3734.17/10.05 3709.19/10.39 3693.64/10.29 3859.55/11.26
19 6881.53/12.07 7816.55/15.27 7749.53/15.24 8391.62/14.95 7100.80/12.96 6789.58/11.91 7208.26/12.10 7258.31/13.01 7297.48/15.27 7135.61/12.15
20 6569.91/14.75 7797.58/16.58 7311.28/15.41 8035.43/17.62 6345.65/15.11 6370.87/13.42 6822.33/14.95 6511.84/15.31 6857.78/16.76 7267.07/15.84
AVG 6601.60/13.44 7469.86/15.74 7349.58/14.83 7642.46/15.66 6647.32/13.83 6606.11/13.02 6886.61/13.53 6964.89/14.21 7018.36/14.88 7409.03/14.99
Compare to FedAvg 10.18%/9.37%  —1.64%/-6.13% /// ~3.98%/-5.60%  9.56%/6.72% 10.12%/12.22%  6.30%/8.74% 5.23%/4.17% 4.51%/-0.34%  —-0.81%/-1.11%
2 A lower MSE and MAE indicate superior model performance.
b The term bold denotes the superior performance among comparable entities.
. Washing Television Computer Washing Television Computer
Fiidge | hing Distwasher Micowave  Kettle - — Dryer Fridge o Dishwasher Microwave Ketlie = 50
House 1 34 281056 n/a n/a 6: 0.15 0. House 1 [ -0.13 +0.1 +0.09 /i na +0.03 +0.15
House 2 3. i na na House 2 [~ 0.0 0.0 +0.03 + 0 0,09 na
House 3 7 na 062 House 3 +0.1 +0.13 + 0 +0.04
House 4 v House 4 +0.1 + +0.01 +
House 5 741089075 House 5 %03 + 0 »
House 6 House 6 * + 0 *
House 7 House 7 r nia +0.01 +
House 8 | House 8 a +0.01 +0.01 +
House 9 House 9 +0.04 +0.02 0
House 10 [ House 10 +0.09 0 Va +0.04
House 11 House 11 [ +0.1 F0.22 {4002 i %002 n/a
House 12 House 12 n/a +0.01 +0.02
House 13 [ House 13 +0.07 +0.09 +001 +0.
House 14 House 14 +0.15 +0.02 [z} 0.
House 15 House 15 | +0.06. Va nfa +0.
House 16 House 16 n/a +0 +0.
House 17 House 17 [ + +0.14 +0.0
House 18 [ House 18 i na +0.
House 19 House 19 X +0.02 +0.
House 20 House 20 + +0.06 nia na

scores for PF-HoLo across households

(a) R?

(b) R? score improvements of PF-HoLo over FedAvg

Fig. 6. R? Scores and improvements for appliance-level prediction.
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Fig. 7. Performance of PF-HoLo in appliance level (Compare to FedAvg).

among different households (Table 1), we selected six households with
five identical types of appliances. Among these households, four are
from the Cascade category, while the remaining two are from the Very
Little and Enough categories, respectively.

From Fig. 7(a), when examining the consumer electricity consump-
tion prediction across different households, it can be observed that the
improvements of the proposed model mainly focus on these four types
of appliances: fridge, washing machine, dishwasher, and television site.
The accuracy improvement for these appliances is significant compared
to the FedAvg method. However, for the other two types of appliances,
microwave ovens and hot water kettles, the accuracy improvement is
relatively limited.

One possible reason for this discrepancy is the sampling frequency
used in the experiment. The data were resampled with a time interval
of 1 min. However, microwave ovens and hot water kettles often have
short durations of use, making it difficult for the model to capture their
electrical characteristics accurately within such a coarse-grained time
interval.

10

In contrast, the first four types of appliances typically have longer
operating periods. For example, a fridge may have a clear cycle of
cooling, reaching the target temperature, going into standby mode, and
then operating again to cool. Similarly, washing machines, dishwash-
ers, and televisions typically operate for more than 30 min, providing
the model with more opportunities to capture their electricity con-
sumption characteristics for better prediction. A similar trend can be
observed when analyzing the effectiveness based on the MAE evalu-
ation metric (Fig. 7(b)). However, the MAE metric specifically shows
better performance for the microwave oven in our method.

Overall, Fig. 7 highlights the effectiveness of the proposed model
in improving the prediction accuracy of consumer power consumption,
particularly for certain types of appliances. The results indicate that
the model performs better for appliances with longer operating du-
rations, while the accuracy improvement for appliances with shorter
durations is relatively smaller. Furthermore, for households with dif-
ferent electricity usage habits, the prediction accuracy of our proposed
method is overall superior to the FedAvg method in terms of electricity
consumption forecasting.



S. Zhu et al.

House 2: Dishwasher
3000

w
S

—— True Power
2500

N
a

2000
1500 |

1000 ] {

Appliance Power (W)
3!
—
—
BN
s &G o
Perdiction Length

(
N—

210 280

v

[ | i
0 A el e b

0 70 140

Time (Min)

(a) PF-HoLo prediction for dishwasher(House 2)

House 2: Dishwasher
3000 30
—— True Power
2500 25
2000

1500 |

W —

0 280

1000

Appliance Power (W)
G
Perdiction Length

l
gt T

[ 70 140
Time (Min)

(¢c) FedAvg prediction for dishwasher(House 2)

Applied Energy 384 (2025) 125419

House 5: Fridge

300 30
—— True Power
250 25
3 £
£ 200 208
§ 150 z
15
¢ 100 Be pe P r f h A '-" g
3 50 \ I\ J { \ g
g \ &
S UYAVIVAVAVAVIVAVI §
=0, 70 140 210 280 0
Time (Min)
(b) PF-HoLo prediction for fridge(House 5)
House 5: Fridge
300 30
—— True Power
250 55
% 200 zog
2
% 150 g
- 155
¢ 100 o N « R N A '\ A '\lk g
é s \ ‘ | /) wg
= Vigvig Vg Vigh
-0, 70 140 210 280 0

Time (Min)

(d) FedAvg prediction for fridge(House 5)

Fig. 8. Visualization of electrical load prediction.

4.2.2. Qualitative analysis

The partial results of our experiment are visualized in Fig. 8. Within
Fig. 8, we present the performance of the proposed model on two
distinct electrical appliances across two households, as depicted in
Figs. 8(a) and 8(b). These results are juxtaposed with the predictions
from the FedAvg method in Figs. 8(c) and 8(d). In each subplot,
the x-axis signifies relative time and the y-axis denotes the power
consumption of the electrical appliances.

In Fig. 8(a), a red dotted line represents the actual power utilization
of the dishwasher in Household 2. The 30 gradient curves, transitioning
from green to yellow, illustrate the model’s predictions for power con-
sumption for the upcoming t-th minute, where ¢ € [1,30]. For instance,
a yellow point on the x-axis marked at 140th minute corresponds to the
prediction for power consumption 30th minute into the future, which is
based on the genuine power consumption represented by the red dotted
line from —10 min to 110 min (the curve before the 0-min mark is not
shown in the figure). In this context, our observation period has been
set to 120 min.

Fig. 8(a) depicts a typical working scenario of a dishwasher in
Household 2. By observing the real load curve, we can see that the
dishwasher starts operating after 70-min mark, goes through a preheat-
ing phase, experiences three power peaks with a maximum power of
around 2200 W, and then the power consumption drops to O as the
operation concludes. Comparing the prediction results of the proposed
PF-HoLo (Fig. 8(a)) and FedAvg (Fig. 8(c)) models, we can observe
significant improvements in the prediction of the startup phase and
power peaks in this example. During the startup phase, FedAvg in-
correctly predicts a power consumption of approximately 400 W in
the short-term forecast, while PF-HoLo accurately predicts the power
consumption at the startup of the dishwasher. Furthermore, during the
third power peak, the power consumption prediction from FedAvg is
notably more unstable, forecasting a short-term power consumption
of around 2400 W. In contrast, PF-HoLo does not exhibit this issue.
In terms of long-term forecasting, we notice that the FedAvg method
incorrectly predicts a small peak of approximately 300 W around
240-min mark, whereas PF-HoLo does not exhibit this problem.

Additionally, we visualized the predictive performance of our pro-
posed model in comparison with the baseline for a refrigerator in
Household 5 (Figs. 8(b) and 8(d)). Compared to a dishwasher, the
power consumption of a fridge exhibits stronger periodicity and has
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a narrower power range. Our model shows significant improvement
in short-term power consumption prediction (represented in green),
accurately describing the power variations without erroneously predict-
ing the power at the peak of 150 W, as was the case with FedAvg.
Furthermore, for longer-range predictions (indicated in yellow), the
proposed model demonstrates better accuracy and consistency. We
observe that the yellow curve in Fig. 5(b) consistently depicts the
periodic trend of refrigerator power consumption, whereas, under the
FedAvg method, the yellow curve representing longer-range prediction
exhibits noticeable stratification and a less accurate depiction of the
periodic trend compared to PF-HoLo.

4.2.3. Prediction of different length

Fig. 9 presents a performance comparison between the proposed
model and the baseline model, considering an observation step of 120
and prediction steps of 30, 60, 120, and 180 minutes, respectively,
when the data is sampled at a 1-min interval. The evaluation is based
on two metrics: average squared error (Fig. 9(a)) and average abso-
lute error (Fig. 9(b)). Smaller values for both metrics indicate better
performance.

The results clearly demonstrate that the proposed method, specif-
ically the PF-HoLo model and its fine-tuning version, outperforms
the baseline method in terms of prediction accuracy under different
prediction step sizes. The improvement in accuracy is significant.

Moreover, it is observed that as the prediction step size increases,
the error between the predicted results of all methods (including the
proposed and baseline methods) and the true power gradually in-
creases. This is expected because with larger prediction steps, the
uncertainty related to the future condition of electrical appliances
increases, making accurate predictions more challenging.

However, even with the increasing difficulty in predicting larger
steps, the proposed method still demonstrates superior performance
compared to the baseline method. This indicates that the proposed
method maintains better prediction performance even within a 180-min
prediction window.

4.3. Ablation experiment
4.3.1. Ablation experiment setting

As stated in Section 3.3.3, in mutual learning, the choice of knowl-
edge distillation strategy is important to the model’s performance.
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Hence, we experimented with different combinations of knowledge
distillation targets and loss functions by ablation settings: @FedMu
(Soft MAE), it shares the same model architecture with PF-HoLo and
uses the soft target for mutual learning. And we change the criterion
in Eq. (4) from MSE to MAE, to verify the effect of different criteria
of soft targets; ®@EnDe FedMu (Hard), it also shares the same model
architecture with PF-HoLo, but only uses the hard target as mutual
loss. We directly use the outputs of its own Meme model Y,,, and
Personal model Y,, as the hard target to calculate mutual loss Lt =
MSE(Y)y,,Yp,); ®EnDe FedAvg. To further verify the effectiveness
of mutual learning, we remove the mutual learning component from
PF-HoLo and use the Fed Avg method as a replacement.

We further conducted similar ablation experiments, building on the
removal of the Encoder-Decoder structure, to verify the effectiveness
of this structure and the performance of different target selections in
this case: ®@FedMu (Soft MSE), it is similar to the PF-HoLo, but we
removed the Encoder-Decoder structure to verify its effectiveness. Due
to the absence of this structure, we made a slight adjustment to the
choice of the soft target. We selected the hidden state of the LSTM at the
last time step during prediction as the soft target, denoted as h/

» Tobs+Tprea
and hTm T respectively, since they capture all the information

up to and including that time point. Then, the mutual loss Lj"zu was
computed using Eq. (11) with MSE; ®FedMu (Soft MAE), shares the
same architecture with the setting @, but the criterion of soft target
was changed to MAE; ®FedMu (Hard), it only uses hard target as the
mutual loss, but compared to ablation setting @, we further removed
the Encoder-Decoder structure to verify the role of this structure.

(1)

L2 = Criterion(h%bS+pr , hﬁomw)

Overall, by comparing the ablation setting group @, @, ® and @,
8, O, we can verify the effectiveness of the Encoder-Decoder structure
in our proposed model. At the same time, by combining these ablation
experiments and the baseline experiments, we can also comparatively
verify the advantages brought by federated mutual learning and com-
pare the impact of different target selections in mutual learning on
model accuracy.

4.3.2. Ablation experiment result

Fig. 10 presents the performance results of models employing pre-
viously mentioned soft targets, hard targets, and various loss calcula-
tion methods in power consumption prediction relative to the FedAvg
method. First, by comparing the federated mutual learning model
with the original model, we observed that different mutual learning
targets led to improvements in prediction performance compared to the
FedAvg method. However, the improvements were more pronounced
when soft targets were used. This could be attributed to the fact that
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using hidden states as soft targets, instead of directly using the final
prediction output of the model as hard targets, introduced more infor-
mation and aided the Personal models in achieving better prediction
results. Second, we found that the introduction of the Encoder-Decoder
structure greatly enhanced prediction accuracy. Even without mutual
learning, simply adapting the FedAvg method to the Encoder-Decoder
structure achieved similar improvements as using soft targets in terms
of MSE metric, and even more significant improvements in terms of
MAE metric. Nevertheless, the additional benefits brought by mu-
tual learning were still evident. Under the Encoder-Decoder structure,
all federated learning methods achieved significant improvements in
prediction accuracy. Among them, our proposed PF-HoLo method per-
formed better in terms of the composite metrics of MSE and MAE,
exhibiting respective improvements of 13.41% and 11.33% compared
to the FedAvg method.

5. Conclusion

This paper studies the problem of personalized household load pre-
diction, revealing a series of challenges and providing a new solution.

First, the federated learning household load prediction framework,
PF-HolLo, is proposed to solve the short-term load forecasting problem,
which to a large extent ensures the privacy of users and increases the
forecasting accuracy. In the context of the popularity of smart meters, it
is possible to promote electricity load prediction technology on a large
scale.

Secondly, in response to the common problem of non-IID data in
federated learning, we introduce the Encoder-Decoder structure and
personalized loss function. These adaptations promote the PF-HoLo
framework suitable for predicting the power consumption of multiple
households and appliances with imbalanced data conditions.

Finally, we conducted extensive ablation experiments on the PF-
HoLo, demonstrating the effectiveness of the Encoder-Decoder struc-
ture and the soft target knowledge distillation method in this frame-
work. Our proposed PF-HoLo framework demonstrated an overall per-
formance improvement compared to the traditional FedAvg method
with various electrical appliances and household data size conditions.
Specifically, it achieved a 13.41% improvement in terms of the MSE
metric and an 11.33% improvement in terms of the MAE metric.

In future work, we plan to address the limitation posed by the ab-
sence of appliance-specific sensors in many households by integrating
non-intrusive load monitoring (NILM) techniques. These techniques can
disaggregate total household electricity consumption into appliance-
level usage, which can then serve as input to our model, enabling the
deployment of the framework in sensor-free environments.

Furthermore, appliance-level predictions offer notable advantages,
such as enabling integration with demand response programs and
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providing more granular insights into user behavior, which are particu-
larly valuable for utilities and policymakers. However, household-level
predictions, while reducing computational costs, lack the adaptability
and personalization benefits of appliance-level approaches. To better
understand this trade-off, we plan to include a systematic comparison
of household-level versus appliance-level predictions as a key focus of
our future work.
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