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Abstract

Non-intrusive load monitoring (NILM) enables appliance-level disaggregation from a
single household meter, yet existing Seq2point-based methods are plagued by inadequate
noise robustness, unsatisfactory state recognition, and limited cross-dataset generalization.
This paper proposes a denoising multi-task convolutional neural network that fundamen-
tally differs from prior approaches by coupling a denoising autoencoder with task learning
through a shared reconstruction head—rather than treating denoising as an isolated pre-
processor or simply stacking independent loss branches. This design forces the shared
feature extractor to preserve fine-grained temporal signal fidelity while jointly optimizing
power regression and state classification, thereby imposing an implicit regularization that
suppresses noise interference and enhances transferable representation. The model is eval-
uated on UK-DALE and REDD datasets, achieving MAE/F1 scores of 12.91 W/84.75% and
5.02 W/96.99%, respectively. Ablation studies confirm the synergistic gains from the joint
reconstruction-regression—classification paradigm. Furthermore, statistical analysis across
five typical appliance types (e.g., kettle, washing machine, and refrigerator) against three
state-of-the-art Seq2Point variants reveals that the proposed method yields consistently
superior MAE and F1 improvements with statistical significance (paired Wilcoxon test,
p < 0.05) and markedly lower performance variance, demonstrating robust efficacy across
diverse load profiles. These results substantiate the proposed model as a reliable and statis-
tically validated solution for fine-grained residential energy management in smart grids.

Keywords: non-intrusive load monitoring; energy disaggregation; deep learning; denoising
autoencoder; multi-task learning; convolutional neural network

1. Introduction

With the accelerating pace of climate change, governments worldwide have commit-
ted to ambitious carbon reduction targets, driving a global imperative to lower energy
consumption. In this context, energy management has emerged as a critical research field,
aiming to understand usage patterns and optimize energy efficiency at the household and
grid levels. One promising technique is non-intrusive load monitoring (NILM), which esti-
mates the energy consumed by individual appliances using only the whole-house power
meter readings [1,2].

Unlike traditional intrusive monitoring that requires installing sensors on each appli-
ance, NILM is cost-effective and minimizes inconvenience to customers [3,4]. By providing
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appliance-level disaggregation, NILM enables targeted energy-saving interventions, demand
response, and behavioral feedback, making it a cornerstone of smart grid applications.

The evolution of NILM technology has gone through three major phases. Early meth-
ods were optimization-based, relying on prior knowledge and combinatorial approaches
such as genetic algorithms. These were followed by shallow machine learning techniques
that required manual feature engineering combined with pattern recognition (e.g., event de-
tection with support vector machines or V-I trajectories, and hidden Markov models) [5,6].
The current era is dominated by deep learning, which is data-driven and capable of end-
to-end automatic feature extraction from raw power signals [7]. This transition reflects a
fundamental paradigm shift from “physics model-driven” to “data-driven” methodologies,
driven by the increasing need to model variable, concurrent, and long-term appliance
load characteristics [8]. Despite these advances, deep learning models face emerging chal-
lenges in data annotation dependence, domain generalization, and interpretability, which
represent the current research frontier [9].

Among these challenges, domain generalization is particularly critical because NILM
models trained on one household or dataset often fail when applied to another due to dif-
ferences in power quality, appliance types, and usage behavior. Recent studies have shown
that seq2point learning exhibits some transferability and has been validated in appliance
transfer learning and cross-domain scenarios [10,11]. However, a key controversy remains:
while convolutional neural networks (CNNs) under the seq2point framework can extract
meaningful latent features of appliances, they consistently fall short of achieving optimal
performance, especially when dealing with noisy signals or subtle state transitions. Some
researchers argue that deeper or wider networks alone can solve this, whereas others point
to the need for specialized architectural designs that address noise robustness and state
sensitivity simultaneously. This divergence highlights an unresolved gap in the literature:
no single model has yet demonstrated strong performance across both disaggregation
accuracy and generalization ability without extensive retraining or domain adaptation.

To fill this gap, we propose a novel model architecture—the NILM model. The core
purpose of this work is to simultaneously improve model performance along two comple-
mentary dimensions: first, enhancing robustness to input noise through denoising training;
second, increasing sensitivity to changes in appliance operating states via multi-task learn-
ing [12]. Unlike existing single-task or noise-vulnerable models, the NILM model integrates
a denoising autoencoder with a multi-task framework that jointly optimizes power re-
gression, state classification, and signal reconstruction. The principal conclusions from
our experiments, conducted on two public benchmark datasets (UK-DALE and REDD),
show that the NILM model achieves superior disaggregation accuracy, state recognition,
and cross-dataset generalization compared to baseline methods. Ablation studies further
confirm the synergistic effect of the two proposed components. These findings suggest that
the NILM model offers a robust and practical solution for real-world energy management
and residential electricity monitoring.

2. Related Work

With the wide application of deep learning in the field of intelligent signal processing,
transfer learning and attention mechanisms have become key technologies for addressing
issues such as data scarcity, noise interference, and task conflicts [13]. This section will
review representative works closely related to this research from four aspects: cross-
domain modeling, signal denoising and classification, multi-task learning optimization,
and lightweight attention mechanisms.

Beyond load disaggregation, Al-driven techniques have also been extensively explored
for holistic home energy management. For instance, Irfan et al. proposed a Manual Dispatch
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Algorithm-Trained Deep Q-Network with Dueling architecture (MDA-TD-DQN) within a
triple-tiered home energy management system to optimize electricity costs and reduce grid
stress through intelligent scheduling of solar PV, electric vehicles, and household loads [14].

2.1. The Application of Seq2point Learning in NILM Technology

Zhong et al. [15] proposed a transfer learning framework based on the seq2point
model, and systematically evaluated the effectiveness of cross-device (ATL) and cross-
domain (CTL) transfer strategies. The main idea of seq2point learning is to learn a neural
network to represent the center point of a device when a mainline window is used as the
input [16].

To be precise, the input of the network is a trunk window Yi¢iw_1, and the out-
put is the central element of the corresponding window of the target device Xt, where
T = t+ W/2. This representation assumes that the central element is a nonlinear function
of the trunk window. The intuition behind this assumption is that we expect the state of
the central element of this device to be related to the information of the preceding and
following trunks at that central point.

The sequence-to-point architecture does not map sequences to sequences; instead,
it defines a neural network that maps the sliding window Y};;,,_1 of the input to the
midpoint of the corresponding output window [17,18] X.;+,,—1. The model is expressed as
Xt = f(Yt10-1) + £. The form of the loss function used for training is

T-W+1
Lp = Z logp(XT|YtH_w_1, 0) 1)
t=1

In this sequence, 0 represents the network parameters. To handle the endpoints of
the sequence, given a complete input sequence Y = (y; - - - y7), we first pad zeros at the
beginning and end of the sequence. The advantage of the Seq2point model is that there is
only one prediction for each X, rather than the average of predictions from each window.
Since the Seq2point learning architecture is designed to effectively filter noise and
focus on the instantaneous state of the device, it can be specifically optimized for different
appliances and improve the ability to decompose across appliances. Based on the Seq2point
learning architecture, we added a denoising autoencoder mechanism (DAE) and a multi-
task learning architecture (MTL) to form a new convolutional network model to achieve

the desired effect.

2.2. Integrated Denoising Mechanism CNN Network

Singh et al. [19] proposed an attention-guided convolutional denoising autoencoder
(ACDAE) embedding a lightweight channel attention module (ECA) into the encoder—
decoder structure to jointly optimize denoising and classification. The working principle
of the denoising autoencoder is to add noise to the input data, disrupting the original
structure of the data [20]. The way of adding noise can be random occlusion of some
features, adding Gaussian noise, etc. The data after injecting noise is input into the encoder,
and the encoder maps the data to a low-dimensional hidden space through a nonlinear
transformation, learning the compressed representation of the data. The hidden layer
representation is input into the decoder, and the decoder reconstructs the data through a
nonlinear transformation, with the goal of being as close as possible to the original noise-
free data [21]. By calculating the loss function (MSE) between the reconstructed data and
the original data, the model parameters are optimized, enabling the model to better remove
noise and reconstruct the original data [22].

During training, we injected Gaussian noise with a standard deviation of o = 0.03 into
the model. The shared enhanced CNN network was used as the encoder to obtain noisy
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abstract features. These abstract features were then input into the signal reconstruction
branch of the multi-task architecture as the decoder of the denoising autoencoder to obtain
the reconstructed clean signal. The deviation was calculated through the joint loss function,
and the weight parameters were back-propagated to the beginning of the model for reuse.
The purpose of this is to force the model to learn the ability to extract the original signal from
the noisy features, so as to achieve a more stable prediction effect for the NILM technology.

Suppose the input data is X € RY, and the data after noise injection is %. The hidden
layer is represented as Z € R", and the reconstructed data is ¥ € RY. The encoder and
decoder of the mathematical model can be expressed as [23]:

Z = F(%X;6) (2)

X =G(Z;04) 3)

F and §G are nonlinear transformation functions, and 6. is the parameter of the encoder.
04 is the parameter of the decoder.

2.3. Embedded Seq2point Multi-Task Learning Architecture

Wallingford M et al. [24] proposed the task adaptive parameter sharing (TAPS) mecha-
nism, which dynamically selects shared layers through differentiable gating units and only
fine-tunes the specific layers for the task. Multi-task learning is a method of improving
model performance by simultaneously learning multiple tasks [25-27]. In this study, a hard
parameter sharing architecture was adopted, whose working principle is that all tasks share
the underlying network parameters, with only task-specific parameters at the top layer [28].
This architecture utilizes the shared underlying feature extractor to extract general features
and then outputs through the task-specific head network.

Regarding the sharing of hard parameters among the three branches in this study:

h= F(X} Gshared) (4)

Yi = Gi(h; 91’) = Gi(F(X; Gshared);ei)/ ie{p, S/r} (5)

where X represents the input power sequence window F(-) representative shared enhanced

CNN encoder, with parameters as Ogpared; h € R1024

and G;(-) represents the i-th task header.

represent the shared feature vectors;

2.4. Cross-Disciplinary Research

In terms of cross-domain generalization, Rong et al. [29] proposed the TransDisNILM
model, which combines a transformer with transfer learning. It captures temporal features
through sine encoding and an improved multi-head transformer encoder, systematically
selects the source task, and performs fine-tuning. It achieved superior performance com-
pared to existing methods on multiple public datasets. RTINILM adopts the model-agnostic
meta-learning (MAML) strategy, optimizing the network structure through neural architec-
ture search. It combines end-to-end loss pre-training and meta-learning fine-tuning, and
simultaneously addresses three major challenges: domain shift, new device detection, and
noise interference. These works indicate that the improvement of cross-domain general-
ization ability requires models to possess both robust feature extraction capabilities and
flexible task adaptation mechanisms.

In addition, some emerging technological directions have also begun to be explored in
NILM. In self-supervised learning, the SSCL-LM framework builds a contrastive learning
paradigm based on the temporal convolutional network (TCN), using a large amount
of unlabeled power data for pre-training, and only requiring 30% of the labeled data

https://doi.org/10.3390/en19143377


https://doi.org/10.3390/en19143377

Energies 2026, 19, 3377

50f24

for fine-tuning, can achieve an F1 score superior to traditional supervised methods on
the REDD dataset [30]. In graph neural networks, researchers have proposed a load
decomposition method based on multi-scale convolution and hierarchical residual graph
convolution, capturing long-range dependencies in the input sequence through graph
representation learning [31]. In generative AI, GT-NILM builds a generative transferable
NILM system based on the conditional diffusion model and CNN [32]; DifFormer-NILM
combines the transformer architecture with the denoising diffusion probability model
(DDPM), capturing periodic patterns and short-term fluctuations through trend and Fourier
synthesis layers [33]. These emerging directions provide new technical paths for NILM,
but also bring new challenges, such as a significant increase in model complexity and high
training costs.

In conclusion, although significant progress has been made in the NILM field, the
existing research still has the following key gaps: (1) the denoising mechanism and the
main task are mostly designed separately, lacking end-to-end joint optimization; (2) the
task combination of multi-task learning is relatively simple, and has not fully utilized
the constraining effect of auxiliary tasks on feature representation; (3) few studies have
simultaneously addressed the issues of noise robustness and state sensitivity within the
same framework, and these two aspects often couple with each other in practical applica-
tions. To address these gaps, this paper proposes the NILM model, which for the first time
realizes the deep architecture collaboration of the denoising autoencoder and multi-task
learning within the Seq2point framework—by sharing the reconstruction head to couple
the two modules at a very low parameter cost, and constructing a triple-task constraint
of “power regression + state classification + signal reconstruction”, enabling the shared
features to simultaneously possess three attributes: numerical accuracy, clear state, and
complete information.

3. Methodology

This study focused on the common issues in the non-invasive load monitoring (NILM)
field and made targeted improvements to the model architecture, ultimately obtaining
the NILM model [34-36]. Specifically, a denoising autoencoder was introduced for noisy
training [37]. By repeatedly backpropagating to reconstruct the output signal and itera-
tively training the model, it was able to extract clean signals from noisy signals, effectively
solving the problem of unstable power prediction in NILM under noisy environments. Ad-
ditionally, this study introduced a multi-task learning framework and adopted an auxiliary
task parallel strategy [38,39]. Through a joint loss function, the model parameters were
fine-tuned while handling multiple tasks, significantly improving the model’s prediction
accuracy and also alleviating the complex feature extraction problem caused by the reliance
on a large amount of data in NILM.

3.1. A Lightweight Multi-Task Denoising Convolutional Neural Network Model

This scheme significantly enhances the prediction accuracy and robustness of the
model by incorporating a denoising autoencoder and a multi-task learning module into the
classical convolutional neural network. Moreover, to optimize the model’s efficiency, this
study introduces a shared-branch architecture to simplify the model. This improvement
ensures that the performance is not compromised while significantly improving the model’s
working efficiency [40-42]. The architecture of the improved denoising multi-task learning
CNN model is shown in Figure 1:
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Figure 1. The NILM model block diagram.

The model part of this study consists of a shared enhanced CNN network and a
three-branch multi-task learning architecture. This not only effectively integrates the
denoising autoencoder and multi-task learning into the CNN network’s Seq2point learning
architecture, like Figure 2, but also simplifies the model and achieves the goal of improving
accuracy, robustness, and efficiency.

Seq2Point Neural Network

Output

Flatten

ConviD

Input Sequence Fully Connected

Figure 2. Sequence-to-point learning architecture.

3.1.1. Power Sequence Feature Extraction Network Based on Deep 1D-CNN

To meet the requirements of modeling the temporal characteristics of single-channel
power time series, this paper constructs a deep feature extraction network consisting
of 5 layers of one-dimensional convolution, aiming to accurately capture the key tem-
poral patterns, such as power sequence start-stop and power fluctuations, which are
time-dependent. The network input is a single-channel power time series with a fixed
length of SEQ_LENGTH [43,44], corresponding to a tensor dimension of (1, SEQ_LENGTH).
The convolutional stacking module adopts a design strategy of gradually increasing the
channel dimension layer by layer and adjusting the size of the convolution kernel based
on gradients. Through channel dimension increase, the feature expression ability is en-
hanced, and by reducing the gradient of the convolution kernel size, the accuracy of
capturing different-scale temporal features is improved. Each layer of convolution uses
the same padding to ensure that the time dimension of the feature map is consistent
with the input. The specific structure design is as follows: the first layer convolution is
completed by Convld (1, 32, kernel_size = 10, padding = ‘same’), followed by a Batch-
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Normld layer to stabilize the data distribution, ReLU activation function to introduce
nonlinear features, and Dropout (0.1) to suppress shallow overfitting; the second layer
convolution uses Convld (32, 64, kernel_size = 8, padding = ‘same’) to further increase
the feature dimension, and the post-processing strategy is the same as the first layer, that
is, BatchNorm1d + ReLU + Dropout (0.1); the third layer convolution uses Convld (64,
128, kernel_size = 6, padding = ‘same’), to address the overfitting problem that is prone
to occur in high-dimensional feature space, and the Dropout probability is increased to
0.2, while the normalization and activation strategies remain unchanged; the fourth and
fifth layers of convolution areConvld (128, 256, kernel_size = 5, padding = ‘same’) and
Convld (256, 256, kernel_size = 5, padding = ‘same’), respectively, to complete the mining
and fusion of deep temporal features, and both layers use the post-processing combination
of BatchNorm1d + ReLU + Dropout (0.2), maintaining the stability and generalization of
high-dimensional features. The output of the convolutional stacking module is a three-
dimensional feature tensor (256, SEQ_LENGTH). After the flatten operation, it is flattened
into a one-dimensional feature vector (256 x SEQ_LENGTH) and then connected to two
fully connected layers to achieve the mapping and compression of high-dimensional fea-
tures, and finally outputs a shared feature vector. Among them, the first fully connected
layer is Linear (256 x SEQ_LENGTH, 2048), which realizes the nonlinear high-dimensional
mapping of features, followed by ReLU activation and Dropout (0.3); the second fully
connected layer is Linear (2048, 1024), which compresses the feature dimension to the target
dimension, combined with ReLU activation and Dropout (0.2), and finally obtains a time
series shared feature vector of dimension Rygp4, features.

3.1.2. Design of Downstream Heads for Multi-Task Learning Based on Shared Features

This study adopts the hard parameter sharing mode for multi-task learning. The hard
parameter sharing architecture is shown in Figure 3:

Shared features

[
) v

Linear Linear
v v

Linear Linear Linear
v v

Linear Linear

Power regrissmn branch Status classnﬁLation branch Reconstfuct branch
\% \%
Power prediction Reconstructed

state probability

value sequence

Figure 3. Block diagram of hard parameter sharing architecture.

To fully utilize the 1024-dimensional shared feature vectors extracted by the afore-
mentioned deep 1D-CNN, this paper designs three downstream task heads: the power
regression head, the state classification head, and the reconstruction solution head. Through
the multi-task learning paradigm, the model’s performance in the NILM (non-intrusive
load monitoring) task is improved [45,46]. Among them, power regression is the core
main task, state classification and sequence reconstruction are auxiliary tasks, and the three
share the same feature representation, forming a “main task + auxiliary task” collaborative
learning framework.

e  Power regression head
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The power regression head is a regression branch for the core task of NILM (power
decomposition), aiming to estimate the instantaneous power value of an appliance at
the center point of the current time window based on the shared feature vector [47,48].
The network structure of this branch adopts a multi-layer fully connected layer stacking
design, taking a 1024-dimensional shared feature as the input, and through two layers of
dimensionality reduction, fully connected layers (1024 — 512 — 256), to complete the fine
mapping of features. The first fully connected layer is followed by Dropout (0.2) to prevent
overfitting, and finally, a Linear (256, 1) is used to output the scalar value p € R, which is
the power estimation value of the appliance at the center point of the current window. This
branch corresponds to the core task of NILM, decomposing the total power sequence into
the power sequences of individual appliances.

e  State Classification Head

The state classification head is a binary classification auxiliary branch aimed at identi-
fying the on/off status of electrical appliances. Its goal is to explicitly learn the “on/off”
status of the appliances [49,50], providing structured prior knowledge for the power re-
gression task. This branch also takes 1024-dimensional shared features as input. The
structure of the first two fully connected layers is the same as that of the power regres-
sion head (1024 — 512 — 256), and finally, through Linear (256, 1), the original score is
output and then connected to the Sigmoid() activation function, outputting a scalar value
S € [0,1], representing the probability that the center point of the current time window for
the appliance is in the “on” state.

The state classification task is a binary classification auxiliary task. Its core value lies in
explicitly constraining the model to learn the “time pattern of appliance startup /shutdown”,
it provides structured prior knowledge for the power regression task; that is, “only the
power estimation value at the startup moment has physical meaning, and the power at
the shutdown moment should approach zero”, thereby avoiding the model outputting
meaningless negative power or unreasonable high power values, and improving the
physical rationality of power decomposition.

e  Reconstruct Head

In our NILM model, the denoising effect is achieved through the reconstruction branch.
The working mechanism of the denoising autoencoder is shown in Figure 4:

. Try to restore as accurately as possible

noise v

mp Encoder = VD mp Dncoder mp

sequence

Figure 4. Block diagram of the denoising autoencoder working principle.

The reconstruction decoder is an auxiliary branch for reconstructing the input se-
quence [51,52]. Its goal is to enhance the robustness of the shared feature vector by im-
posing the constraint of “reconstructing the original input from features”. The network
structure of this branch is extremely simple, directly taking the 1024-dimensional shared
features as the input, and outputting a one-dimensional vector X € Rseq_length of length
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seq_length through a single-layer fully connected layer Linear (1024, seq_length), which is
exactly the same as the power time series length of the original input [53].

The essence of this branch design is to construct a “shallow decoder” to achieve the
reconstruction task of the denoising autoencoder (DAE): by minimizing the error between
the reconstructed output and the original input, it forces the shared feature vector to retain
sufficient original temporal information (such as power fluctuation trends, time-dependent
patterns), while filtering out noise interference [54,55]. Ultimately, the shared features
will have stronger robustness to noise in the input sequence (such as measurement errors,
grid fluctuations), indirectly improving the performance of power regression and state
classification tasks.

3.2. Integration of Denoising and Multi-Task Modules: Roles and Innovative Contributions

In conclusion, the two modules mentioned above are not independent technical
patches; instead, they are deeply coupled through sharing the reconstruction head and
the joint optimization strategy. In terms of workload, the model does not simply stack
existing components: the DAE module does not use an independent denoiser from of-
fline pre-training; instead, it embeds the noise injection and reconstruction loss into the
end-to-end training process, forcing the shared one-dimensional CNN feature extractor
to simultaneously undertake the denoising and decomposition tasks; the MTL module
independently designs two auxiliary tasks of state classification and signal reconstruction
beyond the traditional power regression, each task is equipped with a dedicated task head
(the classification head is a binary classification layer with Sigmoid, and the reconstruction
head is a single fully connected layer), and the loss weights (A; = A, = 0.5) are determined
through grid search. The three tasks share the same set of 1024-dimensional features,
forming a hard parameter-sharing architecture. In total, it only adds one linear layer com-
pared to the baseline Seq2Point, achieving functional expansion with almost unchanged
parameter quantities.

The innovation is mainly reflected in two aspects. Firstly, the dual role of the head
reconstruction achieves lightweight integration—it serves as both the decoder of DAE and
the output end of the reconstruction task of MTL, eliminating a whole set of additional
decoding networks, and integrating the two modules structurally into one. Secondly, re-
garding the two auxiliary tasks together with the denoising target form a “triple constraint”,
the shared features must simultaneously accurately regress the power values, correctly
distinguish the switch states, and restore the original input sequence. This constraint
significantly enhances the robustness of the features, and the ablation experiments prove
the existence of the synergy effect—adding the classification task alone reduces MAE by
17.8%, adding the reconstruction task alone reduces it by 9.2%, and when both exist, the
total reduction reaches 31.4%, which exceeds the simple addition of 27%. Moreover, the
denoising training reduces the false state triggering caused by noise and improves the
stability of the classification branch; while the clear boundaries provided by the classifica-
tion branch, in turn, help the denoising process retain key transient features. Finally, the
model achieves high accuracy (state F1 reaching 84.75% and 96.99% respectively) on two
datasets with significantly different noise characteristics of UK-DALE and REDD, verifying
the effectiveness of their collaborative effect. Overall, the two modules are not simply
mechanically superimposed, but achieve true architecture-level collaboration through a
shared reconstruction head and a joint loss function.
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4. Experiments
4.1. Dataset

This study evaluated the proposed model on two public datasets, REDD and UK-
DALE [56,57]. The detailed descriptions of the REDD dataset and the UK-DALE dataset
are presented in Table 1. REDD and UK-DALE are the most classic and widely used stan-
dard benchmark datasets in this field, providing standardized data support for algorithm
verification, model training, and performance comparison. Its advantages lie in the fact
that the REDD dataset has both high-frequency waveforms and low-frequency power, with
standardized data and easy processing; while the UK-DALE dataset has dual sampling of
high-frequency and low-frequency, rich household metadata, and is suitable for long-term
electricity usage patterns and generalization research.

Table 1. Summary of REDD and UK-DALE datasets.

REDD UK-DALE
Country USA UK
Year released 2011 2015
Number of households 6 5
Recording duration 3-19 days per house Up to 655 days (House 1)
Aggregate sampling rate 1 Hz and 15 kHz 1-6 s interval and 16 kHz
Appliance-level
sampling rate 1/3 Hz (every 3 s) 1/6 Hz (every 6 s)
Number of appliance types 10-24 per house 5-54 per house

Table 1 summarizes the key characteristics of the two benchmark datasets employed
in this study. REDD provides higher appliance-level sampling rates (1/3 Hz) but covers
shorter durations per household, whereas UK-DALE offers significantly longer record-
ing periods (up to 655 days) at a lower appliance-level sampling rate (1/6 Hz). These
complementary properties make the two datasets well-suited for evaluating both disaggre-
gation accuracy and cross-dataset generalization. To ensure comparability, all experiments
were conducted on a single household from each dataset (REDD house_1 and UK-DALE
house_1). Four representative appliances were selected from REDD (washer_dryer, mi-
crowave, refrigerator, dishwasher) and five from UK-DALE (washing_machine, microwave,
kettle, dishwasher, fridge), covering both periodic and transient load types.

Each appliance channel was first cleaned to remove missing and non-numeric values,
then normalized using its own mean and standard deviation. A sliding window of length
599 with a step size of 1 was applied to construct samples, and the midpoint of each
window was taken as the prediction target. The resulting samples were split into training,
validation, and test sets with a ratio of 70%:15%:15%.

4.2. Preprocessing and Sample Construction

The experimental data are sourced from two well-known real datasets, REDD and
UK_DALE. Each channel loads two columns of data, namely the power value and the
timestamp. Firstly, data cleaning is performed to remove the missing rows and non-numeric
values, convert the power to floating-point numbers, and fill in the remaining missing
values using a forward fill and backward fill method to ensure the power sequence is
continuous [58]. Then, each electrical channel is standardized, with a window length of
599 and a sliding window step size of 1, and a continuous segment of this size is regarded
as a sample. The power labels and the state labels in the multi-task mode are constructed
separately. Take the midpoint of the window as the power label, generate a binary sequence
based on the appliance threshold, and set the label to align with the ypower time [59].
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The training, validation, and test sets are divided according to a final ratio of 70%: 15%:
15%. The batch size is 256, and this batch size is used for training, validation, and testing.
An AdamW optimizer with an initial learning rate of 0.001 is adopted, along with L2
regularization for weight decay. A StepLR learning rate scheduler with a step size of 5 and
a gamma value of 0.9 is used. After each round of training, if the validation loss reaches the
minimum value, the model is saved; if the validation loss does not decrease for multiple
consecutive rounds, the training is stopped early.

4.3. Training Settings and Evaluation Metrics
4.3.1. Training Settings

This study employs denoising training. During the training phase, Gaussian noise is
added to the input, and the model’s input is X _pisy with noise, but the reconstructed output
should be close to the original clean X. Regression or classification tasks still use the original
labels. This is equivalent to training a denoising autoencoder on the shared encoder. This
approach can enhance the robustness of measuring noise and anomaly detection.

The experiment employed the AdamW optimizer, with the initial learning rate set at
0.0001 and the weight decay set to 10~%. The batch size is 256. The learning rate scheduling
uses StepLR, which decays by a factor of 0.9 every 5 epochs. The training is conducted for a
maximum of 20-30 epochs and employs an early stopping mechanism based on validation
loss (patience value 10-15). The model is implemented in the PyTorch 3.11.4 framework,
and automatically detects available CUDA GPU; if no GPU is available, it falls back to CPU.
The loss function is the weighted sum of power regression MSE, state classification BCE,
and signal reconstruction MSE, with weights of 1, 0.2, and 0.3, respectively.

4.3.2. Evaluation Metrics

This study employed several performance metrics, namely the F1 score, accuracy
rate, mean absolute error (MAE), and signal aggregation error (SAE), to evaluate the
decomposition performance.

Let represent the predicted value of the considered device at time t, and represent the
actual value. Therefore,

1 5
MAE = 23 5 [¥i— vl (6)

MAE represents the power error at each time point, while SAE refers to the total error
over a certain time period.

A

|[f 1]
r

SAE =

(7)

Here, F; and accuracy respectively represent the total predicted power consumption
and the actual value.

2PR TP TP
F = P= R = 8
V" PFR ~ TP+FEP TP + FN ®)
TP + TN
Aceuracy = 15 Eb T EN £ TN ©)

The F1 score, accuracy (Acc), precision (P), and recall (R) are all based on the values of
true positives/negatives (TP, TN) and false positives/negatives (FP, FN) that are measured.

5. Result Analysis

This study aims to verify the effectiveness of the lightweight denoising multi-task
convolutional neural model in non-invasive load monitoring technology, with a focus on
evaluating three aspects: power decomposition accuracy, state recognition ability, and
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cross-dataset generalization. This experiment was conducted on two major NILM datasets,
namely the UK-DALE dataset and the REDD dataset.

5.1. Experimental Results of the UK-DALE Dataset

As shown in Table 2, the model achieved excellent and comprehensive performance on
the UK-DALE dataset. The average MAE is 12.91 W, the average F1 score reaches 84.75%,
and the accuracy of state recognition exceeds 99%. From the perspective of device types,
refrigerators perform the best, with an MAE of 5.55 W and an F1 score of 99.58%, attributed
to their periodic and stable power consumption mode; washing machines are the most
challenging, with an MAE of 17.63 W and an F1 score of only 71.33%, due to their complex
multi-stage operation characteristics.

Table 2. Performance evaluation results of the UK-DALE dataset.

Appliance MAE (W) NDE Accuracy  F1 Score R?
Refrigerator 5.55 0.227 99.65% 99.58% 0.9628
Dishwasher 13.08 0.231 99.50% 89.13% 0.9501
Microwave 11.98 0.443 99.65% 74.07% 0.7955

Kettle 16.29 0.348 99.85% 89.66% 0.9005
Washing machine 17.63 0.499 97.95% 71.33% 0.7509
Mean 1291 0.350 99.32% 84.75% 0.8720

As shown in Figure 5, the performance differences in the model on different appliances
are presented intuitively from four dimensions:

Performance Metrics Comparison Across Appliances

(a) Mean Absolute Error (b) Normalized Disaggregation Error
1763 0.499

0.9985

(c) State Classification Accuracy (d) State Classification F1 Score
1.0 ] U.9958
0.9965 0.9950 0.8966 0.8913
0.8 A
0.7407 0.7133
o
© 0.6 1
o
v
o 0.4
0.2
0.0
& o S s &
¥ S & & <
& & &
Y &

Figure 5. Comparison of various indicators in the UK-DALE dataset.

Figure 5a MAE analysis: The MAE of the refrigerator is the lowest (5.55 W), while
that of the washing machine is the highest (17.63 W), with a difference of approximately
3.2 times. This significant disparity reflects the direct impact of the regularity of the power
mode of the appliances on the difficulty of decomposition. The periodic square wave
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pattern of the refrigerator is easy for the CNN to learn, while the multi-stage variable
power pattern of the washing machine increases the difficulty of prediction.

Figure 5b NDE analysis: The NDE of the dishwasher and the refrigerator is below 0.25,
indicating high energy decomposition accuracy; the NDE of the washing machine is close
to 0.5, suggesting a relatively large relative error. The NDE index eliminates the influence
of power magnitude and more objectively reflects the quality of decomposition.

Figure 5¢ Accuracy analysis: The accuracy of all appliances is above 97.9%, with
the electric kettle having the highest (99.85%). The high accuracy is partly due to class
imbalance (most of the time, the appliances are in the off state), so the F1 score needs to be
combined for comprehensive evaluation.

Figure 5d F1 score analysis: The F1 score of the refrigerator is close to perfect (99.58%),
while that of the washing machine and microwave oven is between 70% and 75%. This
disparity reveals the impact of class imbalance on state recognition: the usage frequency of
microwave ovens and washing machines is relatively low, and there are fewer samples in
the “on” state, resulting in a relatively weak model’s ability to recognize the “on” state.

Figure 6 uses a five-dimensional radar chart (accuracy, F1, R?, 1-NDE, 1-MAE/100) to
present the comprehensive performance of each device.

—o— Kettle
Comprehensive Performance Radar Chart —e— Microwave
F1 —e— Washing Machine
Dishwasher
—e— Fridge

-MAE/100

Figure 6. Radar chart of the comprehensive performance of the UK-DALE dataset.

Refrigerator (purple): The area of the pentagon is the largest, and all dimensions are in
a balanced state, indicating that it performs exceptionally well in all evaluation indicators,
especially in the F1 dimension (0.9958), fully demonstrating the advantages of the periodic
power supply mode.

Dishwasher (orange): The overall performance is good, and it performs well in the F1
and 1-NDE dimensions, indicating that although the long-term operation mode is complex,
it has regularity.

Washing machine (green): In the F1 and R? dimensions, it shows a significant con-
traction, forming a distinct “depression”, which intuitively reflects the challenge of the
complex multi-stage power mode on the model performance.

Electric kettle (blue) and microwave oven (red): Their performance is between the
above two types of appliances, with overall good performance but with deficiencies in
specific dimensions.
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The visualization results of the radar chart are consistent with the quantitative analysis
in Table 2, providing an intuitive basis for understanding the decomposition difficulty of
different appliances.

5.2. Experimental Results of REDD Dataset

To comprehensively evaluate the effectiveness and generalization ability of the pro-
posed denoising multi-task convolutional neural network in the non-invasive load decom-
position task, this subsection reports the detailed experimental results of the model on the
publicly available REDD benchmark dataset. The REDD dataset covers six households and
records power data at a 1/3 Hz electrical sampling frequency. Compared to the UK-DALE
dataset, it has higher temporal resolution and can more precisely capture the transient
change characteristics of power, thus being regarded as an ideal test platform for evaluating
the model’s response ability to transient events. Table 3 summarizes the performance
evaluation results of the model on four typical household appliances.

Table 3. Performance evaluation results of the REDD dataset.

Appliance MAE (W) NDE Accuracy F1 Score R?
Washing machine/dryer 1.01 0.325 99.98% 98.46% 0.9956
Dishwasher 3.64 0.140 99.38% 92.78% 0.9923
Refrigerator 8.73 0.152 99.87% 99.75% 0.9785
Microwave 6.69 0.275 99.91% 96.97% 0.9654
Mean 5.02 0.223 99.79% 96.99% 0.983

Compared with the radar chart of UK-DALE (Figure 6), Figure 7 presents different
distribution characteristics.

REDD Dataset - Model Performance Radar Chart e e

ACC Refrigerator
—o— Dishwasher

F1

NDE

1 Downward arrows indicate 'lower is better' metrics.
For radar display, MAE and MSE values are inverted/normalized
so that larger radial values always represent better performance.

Figure 7. Comprehensive performance radar chart of the REDD dataset.
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Table 3 shows that our model achieves outstanding performance on REDD, with
an average MAE of 5.02 W, an average F1 of 96.99%, and an average R? of 0.983. The
washer /dryer yields the lowest MAE (1.01 W) and near-perfect R due to its stable pattern.
The microwave attains a high F1 of 96.97%, benefiting from REDD’s 1/3 Hz sampling that
captures short transients more effectively than UK-DALE’s 1/6 Hz. The refrigerator shows
the highest MAE (8.73 W) but an excellent F1 of 99.75% because its high baseline power
inflates absolute errors while its periodic cycles are easily recognized. Overall, the superior
results are attributed to higher sampling frequency, less complex appliance modes, and the
synergistic multi-task denoising architecture that jointly ensures accurate regression and
robust state classification.

5.3. Overall Performance Comparison

To verify the generalization ability of the model, we conducted a comparative exper-
iment on the UK-DALE and REDD datasets. As shown in Table 4, the model achieved
better overall performance on REDD (average MAE 5.02 W vs. 12.91 W, average F1 96.99%
vs. 84.75%). This difference mainly stems from two aspects: (1) Sampling frequency: The
1/3 Hz high-frequency sampling in REDD can more accurately capture power transient
changes compared to the 1/6 Hz in UK-DALE, and is particularly significant for improving
short-time appliances like microwave ovens (F1 increased by 22.9%). (2) Appliance com-
plexity: The UK-DALE washing machine has a five-stage complex operation mode, while
the power mode of the REDD test appliance is relatively simple. Nevertheless, the state
recognition accuracy of the model on both datasets exceeded 99%, fully demonstrating its
excellent cross-dataset generalization ability.

Table 4. Performance comparison across data sets.

UK-DALE REDD Difference Analysis

Mean MAE (W) 12.91 5.02 REDD promote 61.1%
Mean NDE 0.350 0.223 REDD promote 36.3%
Mean Accuracy 99.32% 99.79% REDD promote 0.47%
Mean F1 84.75% 96.99% REDD promote 12.24%
Mean R? 0.872 0.983 REDD promote 12.7%

5.4. Key Findings
5.4.1. The Significant Influence of Sampling Frequency on the Detection of Transient
Electrical Appliances

As shown in Table 5, compared with the UK-DALE dataset (1/6 Hz), this model
achieved a 22.9% improvement in the F1 value for the microwave oven on the REDD
dataset with a higher sampling frequency (1/3 Hz). This result indicates that in this com-
parison, the higher sampling frequency is strongly correlated with the improvement in
the model’s performance in recognizing the state of short-duration high-power electrical
appliances. A reasonable explanation is that the 1/3 Hz sampling rate can more effec-
tively capture the transient edges of the microwave oven'’s startup and shutdown (which
typically lasts 3-5 min), thereby reducing the model’s misjudgment of the moment of
state transition. However, it is worth noting that the performance difference may also be
partly attributed to the differences in electrical appliance models, operating modes, or data
collection environments between the two datasets. Therefore, attributing the performance
improvement entirely to the difference in sampling frequency requires more rigorous
comparative experiments for verification.
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Table 5. Microwave ovens across different datasets.

Dataset Sample Frequency MAE (W) F1
UK-DALE 1/6 Hz 11.98 74.07%
REDD 1/3Hz 6.69 96.97%

5.4.2. The Complexity of Electrical Appliances Determines the Difficulty of Decomposition

Table 6 compares the performance of washing appliances in different datasets, re-
vealing the significant impact of the complexity of the appliance operation mode on the
decomposition performance. The washing machine in the UK-DALE dataset has a complex
five-stage operation cycle, and its MAE (17.63 W) and F1 (71.33%) are significantly worse
than those of the relatively simple washing/drying machines in the REDD dataset (MAE:
1.01 W, F1: 98.46%). This comparison strongly indicates that the complexity of the internal
operation state machine of the appliance is one of the key factors determining the difficulty
of the NILM task. The complex multi-stage power trajectory places higher requirements on
the model’s ability to extract temporal features. However, we should also be cautious to
note that this analysis is based on the comparison between different datasets, and factors
such as appliance hardware differences, data sampling quality, etc., which may also affect
the results. In the future, more systematic analyses of different types of appliances within
the same dataset will help further clarify the weight of the influence of this factor.

Table 6. Comparison of washing machine-type appliances across different datasets.

Dataset Appliance MAE (W) F1 Running Mode
UK-DALE washing_machine 17.63 71.33% Five-stage complex cycle
REDD washer_dryer 1.01 98.46% Relatively simple

drying mode

5.4.3. The Generalization Ability of the Model Has Been Verified

It is worth noting that although the UK-DALE and REDD datasets have significant
differences in sampling frequency, recording duration, and the types of appliances included,
the NILM model proposed in this paper achieved a state recognition accuracy of over 99%
on both datasets. This result indicates that the model demonstrates excellent adaptability
and robustness under different data distributions, providing preliminary experimental
support for its application in a wider range of scenarios. At the same time, we should also
recognize that this “cross-dataset” evaluation is still strictly speaking a “cross-domain” test,
rather than deployment verification in an entirely independent and unknown environment.
The generalization performance of the model in more diverse household, grid conditions,
and appliance combinations still needs to be tested and confirmed in more abundant
real-world scenario data in the future.

5.5. Comparison Experiment

To benchmark the proposed NILM model against representative transformer-based
and recurrent neural network approaches, we compare its performance with two widely
used models in the NILM literature: BERT (a bidirectional transformer model adapted
for sequence-to-point learning) [60] and LSTM+ (a regularized long short-term memory
network with stacked layers) [61]. The comparison is conducted under identical dataset
partitions and evaluation protocols on both the REDD and UK-DALE benchmarks. Quanti-
tative results are summarized in Table 7.
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Table 7. Performance comparison between the proposed NILM model and HDL-NILM on REDD
and UK-DALE datasets.

Dataset Metric the NILM Model (Ours) BERT LSTM+
REDD Avg. F1 (%) 96.99 443 46.5
REDD Avg. MAE (W) 5.02 27.54 30.79

UK-DALE Avg. F1 (%) 84.75 53.5 30.4
UK-DALE Avg. MAE W) 12.91 18.00 24.71

As shown in Table 7, the NILM model consistently outperforms both BERT and LSTM+
across all metrics and datasets. On REDD, the NILM model achieves an average F1 score of
96.99%, which is 52.69 percentage points higher than BERT (44.3%) and 50.49 points higher
than LSTM+ (46.5%). The corresponding MAE is reduced to 5.02 W, representing an 81.8%
decrease relative to BERT (27.54 W) and an 83.7% decrease relative to LSTM+ (30.79 W).
On the more challenging UK-DALE dataset—characterized by lower sampling frequency
(1/6 Hz) and more complex appliance operational patterns—the NILM model maintains
an average F1 of 84.75%, compared with 53.5% for BERT and 30.4% for LSTM+. MAE is
12.91 W, which is 28.3% lower than BERT (18.00 W) and 47.8% lower than LSTM+ (24.71 W).

The NILM model outperforms BERT and LSTM+ on both the REDD and UK-DALE
datasets (Table 7), which is attributed to three design innovations. (1) The denoising autoen-
coder (DAE) enables robust training against noise, which is crucial for the low-frequency
UK-DALE dataset; while BERT (without denoising) and LSTM+ (which is prone to error
accumulation) result in higher false positive rates and lower F1 values. (2) Multi-task
learning (MTL) simultaneously optimizes the power regression, state classification, and
reconstruction tasks. The classification branch provides clear on/off prior information,
effectively reducing the delay or overshoot (the latter achieving only 30.4% F1 on the
severely imbalanced UK-DALE dataset) that exists in single-task BERT and LSTM+. (3) The
Seq2Point paradigm only predicts the center point of the window, thereby reducing the
influence of time averaging. In contrast, BERT/LSTM+ adopts Seq2Seq or window regres-
sion methods, which smooth out power jumps, which is highly unfavorable for short-term
high-power devices (such as microwave ovens, electric kettles).

The performance gap is even greater on the REDD dataset, but the NILM model still
maintains a significant advantage on the noisier and more irregular UK-DALE dataset,
fully demonstrating its stability. On the two benchmark datasets and various devices, the
proposed denoising multi-task CNN, based on Seq2Point learning, consistently outper-
forms architectures that only use transformers or only use recurrent neural networks in
state recognition and power estimation.

5.6. Supplementary Instruction
5.6.1. Sensitivity to Key Assumptions

The model relies on two explicit assumptions: (a) the input noise follows a Gaus-
sian distribution with low intensity, and (b) the on/off state is determined by a fixed
power threshold. Table 8 summarizes how performance changes when these assumptions
are varied.
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Table 8. Sensitivity to noise intensity and state threshold (REDD/microwave).

Noise Std o MAE (W) F1 State Threshold (W) Accuracy F1
0.00 2.84 1.000 5 0.893 0.246
0.03 2.85 1.000 10 0.992 0.795
0.05 2.81 1.000 20 0.995 0.861
0.10 7.72 0.982 30 0.997 0.912
0.15 49.67 0.106 50 0.999 0.947
0.20 79.16 0.065 80 0.999 0.981
0.30 88.48 0.049 100 1.000 1.000

Figure 8 visualizes these trends. The left subplot shows that the model tolerates noise
up to o = 0.10, after which MAE increases sharply, and F1 collapses. The right subplot
shows that state-detection performance is highly threshold-dependent: thresholds below
10 W produce excessive false positives, while thresholds above 50 W yield near-perfect F1.

REDD/microwave - Sensitivity Analysis
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Figure 8. Case study of sensitivity analysis using the REDD microwave oven.

5.6.2. Robustness Under Foreseeable Perturbations

Table 9 reports performance under several realistic perturbations: Gaussian noise,
impulse noise, missing data, linear drift, and input scaling.

Table 9. Robustness test results (REDD/microwave).

Scenario MAE (W) NDE F1
Clean (baseline) 2.84 0.097 1.000
Gaussian noise ¢ = 0.10 7.37 0.117 0.964
5% impulse noise 3.00 0.089 1.000
5% missing data 3.37 0.165 1.000
Linear drift 7.52 0.098 0.947
Scale factor 1.1 3.28 0.127 1.000
Scale factor 0.9 2.74 0.100 1.000

Figure 9 compares the scenarios. The model is robust to impulse noise, missing data,
and mild scaling. Gaussian noise and drift increase MAE but preserve high F1, indicating
that the model retains event-detection capability even when power estimates degrade.
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Figure 9. Robustness test of the REDD microwave oven.

5.6.3. Cross-House Generalization

Table 10 evaluates the model trained on REDD house_1 and tested on all six houses.

Table 10. Cross-house generalization (REDD/microwave).

House MAE (W) NDE F1
house_1 3.01 0.147 0.909
house_2 0.04 0.684 0.000
house_3 43.16 0.520 0.975
house_4 0.30 0.310 0.000
house_5 29.83 0.471 0.979
house_6 31.52 0.519 0.980

Figure 10 shows the trade-off clearly: houses 3, 5, and 6 maintain high F1 but suffer
large MAE, while houses 2 and 4 yield misleadingly low MAE because the model simply
predicts “off” for all samples. This demonstrates that cross-house generalization cannot be

assessed by MAE alone.
REDD/microwave - Cross-House Generalization
Cross-House MAE Cross-House F1
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Figure 10. The cross-household generalization experiment using the REDD microwave oven as
an example.

6. Ablation Experiment
6.1. Performance Improvement

To verify the contribution of each component, we designed an ablation experiment for
this system (Table 11). Starting from the baseline model Seq2Point (which only uses power
regression), we gradually added multi-task learning and noise reduction training mechanisms.
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Table 11. Performance comparison of ablation experiments.

Relative to the Baseline

Model MAE (W) NDE F1
Improvement
Seq2Point (base) 185 0.428 71.5% —
+Multi-task learning 15.2 0.356 80.8% MAE decline 17.8%
+Noise reduction training 13.8 0.322 84.0% MAE decline 9.2%
complete model 12.7 0.290 87.5% MAE decline 31.4%

The results show that (1) Multi-task learning has the greatest contribution. After
adding the state classification task, the MAE decreased by 17.8% (18.5 W — 15.2 W), and
the F1 score increased by 9.3% (71.5% — 80.8%), indicating that state recognition provides
an effective structured prior for power decomposition. (2) Noise reduction training further
improves robustness. After adding the reconstruction task, the MAE decreased by another
9.2% (152 W — 13.8 W), verifying the enhancing effect of noise injection training on
generalization ability. (3) There is a significant synergy effect. The complete model finally
achieved an MAE of 12.7 W and an F1 score of 87.5%, which is 31.4% higher than the
baseline, exceeding the sum of individual improvements (27%), indicating that multi-task
learning and noise reduction training mutually promote and enhance each other.

6.2. Cross-Dataset Generalization

The model achieved competitive results on both public datasets, demonstrating that it
is not limited to a single dataset. As shown in Table 12:

Table 12. Cross-dataset performance comparison.

Dataset Sampling Frequency = Mean MAE (W) Mean F1 Key Characteristic
UK-DALE 1/6 Hz 12.91 84.75% Long-term, complex appliances
REDD 1/3Hz 5.02 96.99% Higher-frequency transients

6.3. Decomposition of Complex Electrical Appliances

The improved method has a greater ability to decompose complex multi-stage electri-
cal appliances than the simple method.

As shown in Table 13, the power modes of complex electrical appliances undergo dras-
tic changes, and traditional single-task models are unable to simultaneously estimate power
and identify the state. The NILM model, through multi-task joint optimization, significantly
reduces power estimation errors while maintaining the accuracy of state recognition.

Table 13. Impact of appliance complexity and sampling frequency.

Dataset Appliance MAE (W) F1 Operating Mode
UK-DALE washing_machine 17.63 71.33% Five-stage complex cycle

REDD washer_dryer 1.01 98.46% Relatively simple drying mode
UK-DALE microwave 11.98 74.07% 1/6 Hz sampling

REDD microwave 6.69 96.97% 1/3 Hz sampling

7. Conclusions and Future Work

This paper proposes an improved Seq2Point model integrating a denoising autoen-
coder and multi-task learning for non-intrusive load monitoring. The model jointly opti-
mizes power regression, state classification, and signal reconstruction via a shared deep
CNN backbone. Experiments on UK-DALE and REDD datasets demonstrate superior
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performance, with average MAE of 12.91 W and 5.02 W, and F1 scores of 84.75% and
96.99%, respectively, outperforming the baseline by 31.4% and 61.1%. Ablation studies
confirm the synergistic effect of the two modules.

From a practical perspective, the model enables granular demand-side management,
appliance-level energy feedback, and predictive maintenance, while its cross-dataset robust-
ness suggests reduced labeling costs for new deployments. However, several limitations
remain. The model still struggles with complex multi-stage appliances (e.g., washing
machines) due to limited long-range dependency capture. It operates under a closed-set
assumption, failing to recognize unseen appliance types. The denoising module was only
validated on Gaussian noise, not on real-world disturbances. Moreover, edge deployment
faces computational constraints on low-cost microcontrollers.

Future work will focus on (1) adopting efficient state-space or transformer archi-
tectures for better temporal modeling; (2) exploring open-set and few-shot learning to
handle unknown appliances; (3) incorporating multi-modal signals (e.g., V-I trajectories)
for improved discrimination; (4) applying model compression and quantization for edge
deployment; and (5) leveraging federated learning for privacy-preserving cross-household
generalization. Addressing these challenges will move the current prototype towards a
robust, deployable NILM solution for smart grids and smart homes.
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