
A Temporal-Spatial Graph Network with a
Learnable Adjacency Matrix for Appliance-level

Electricity Consumption Prediction
Abstract—Predicting the electricity consumption of individ-

ual appliances, known as appliance-level energy consumption
(ALEC) prediction, is essential for effective energy management
and conservation. Despite its importance, research in this area is
limited and faces several challenges: 1) The correlation between
the usage of different appliances has rarely been considered
for ALEC prediction. 2) A learnable strategy for obtaining
the optimal correlation between different appliance behaviors
is lacking. 3) It is difficult to accurately quantify the usage
relationship among different appliances. To address these is-
sues, we propose a graph-based temporal-spatial network that
employs a learnable adjacency matrix for appliance-level load
prediction in this work. The network comprises a temporal
graph convolutional network (TGCN) and a learnable adjacency
matrix that enables us to utilize correlations between appliances
and quantify their relationships. To validate our approach, we
compared our model with six others: a TGCN model with a
fixed adjacency matrix where all elements are set to 0; a TGCN
model with a fixed adjacency matrix where all elements are set
to 0.5, except for the diagonal; a TGCN model with a randomly
generated adjacency matrix, except for the diagonal; an Aug-
LSTM model; a model with ResNetPlus architecture; and a
feed-forward deep neural network. Five houses in four datasets:
AMPDs, REFIT, UK-DALE, and SC-EDNRR are utilized. The
metrics used in this study include Root Mean Square Error,
Explained Variance score, Mean Absolute Error, F-norm and
Coefficient of Determination. Our experiments have validated
the accuracy and practicality of our proposed approach across
different datasets.

Impact Statement—When utilizing graph neural networks, it
is often the case that the weight relationships between nodes
are not well understood. This is particularly true in the con-
text of using graph neural networks for appliance-level energy
consumption (ALEC) forecasting. If one aims to leverage the
relationships between appliances to improve prediction accuracy,
there is currently limited understanding of the usage relationships
between appliances, and few studies have addressed this issue.
Consequently, we propose a temporal-spatial graph network with
a learnable adjacency matrix to address this gap. It provides a
novel strategy to capture and quantify the correlations between
the usages of different appliances, i.e., the adjacency matrix. Then
we further apply the proposed model for ALEC. To verify the
effectiveness of our proposed model and the learned adjacency
matrix, we compared our model with three other TGCN models
with fixed adjacency matrix, as well as three other advanced
ALEC models. Our experiments have validated the accuracy and
practicality of the proposed approach across different datasets.
Further, we believe that this method is also suitable for general
time sequence prediction of multivariable output, and assessing
the impact of each variable’s weight on the forecast quantity in
multivariate prediction.

Index Terms—graph, electricity consumption prediction,
temporal-spatial, appliance-level electricity consumption.

I. INTRODUCTION

THE growing concern over energy consumption and its
environmental impact has prompted significant advance-

ments in Home Energy Management Systems (HEMS) [1],
[2]. These systems are designed to optimize energy use within
residential settings, facilitating the integration of renewable
energy sources and enhancing energy efficiency. A critical
component of HEMS is the ability to predict Appliance-
level Electricity Consumption (ALEC), which refers to the
forecasting of energy usage by individual appliances within a
household.

ALEC predictions offer several key benefits that enhance the
overall effectiveness of Home Energy Management Systems
(HEMS). Accurate ALEC predictions empower homeowners
to identify high-consumption appliances, enabling informed
decisions about their energy usage [3]. This awareness fosters
behavioral changes that can lead to reduced energy bills.
Research indicates that residents can save up to 12% on energy
costs when they receive appliance-level energy usage informa-
tion, compared to traditional monthly reports reflecting total
building consumption [4]. In addition to benefiting individual
consumers, ALEC predictions are valuable for optimizing
ancillary services. For instance, they facilitate load shedding
by allowing certain loads to be temporarily reduced based on
predictions, thereby preventing grid overload. They also assist
in managing fluctuations in energy prices during peak demand
periods. From a smart grid perspective, the ability to control a
larger number of loads enhances overall grid stability, leading
to increased flexibility and reliability [5]. This stability can be
achieved by reducing peak demand through the elimination
of electricity use or by shifting consumption to non-peak
periods. Moreover, different appliances have varying usage
characteristics; some can have their usage postponed, while
others cannot be altered. ALEC predictions can assess and
provide feedback to customers on the potential energy savings
resulting from unbalanced requests or fluctuations in energy
prices [6]. Ultimately, effectively managing ALEC predictions
not only enables users to lower their energy expenses but also
contributes to a more stable and efficient energy grid, thereby
enhancing the potential for demand response programs.

A. ALEC Prediction
Apart from the prediction of the aggregated electricity

consumption in a household, it is often important to predict
the electricity consumption of individual appliances [7]. At
present, there are only a few studies on ALEC [8]. Auto-
regressive and moving average predictor (ARMA(1, 1)), K-
Nearest Neighbor predictor, Naive Bayes Predictor, and Sup-
port Vector Machine models have been investigated in [9] for
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ALEC prediction. The work in [10] proposed an appliance
prediction model based on a conditional hidden semi-Markov
model (CHSMM). Compared to the hidden semi-Markov
model, CHSMM allows each state to have a variable duration,
which means it can capture better historical information. While
it is useful for time series modeling, it may not fully consider
the inter-dependencies between the consumption of different
appliances. The work in [11] proposed a prediction method
that consists of a prediction module and a recommendation
module. The prediction module was employed to forecast
the hourly electricity consumption of each appliance, utilizing
various time-series prediction models, such as SVR and Echo
State Networks. The recommendation module made a final
recommendation based on a multi-objective optimization algo-
rithm. Although this approach can determine the optimal result
of the prediction for each appliance, it has to be performed
individually for each appliance, which is a repetitive process
requiring high computational resources.

RNNs were used for ALEC prediction as well. The work
in [8] proposed a simplified RNN for ALEC prediction and
adopted an iterative strategy for multi-time step prediction. The
work in [12] utilized a Long Short-Term Memory (LSTM)-
based sequence-to-sequence method which can predict multi-
ple time steps simultaneously. The primary limitation of these
models is that they do not fully leverage the correlations
between different appliance behaviors in ALEC prediction.

B. Correlation between Different Appliance Behaviors

Currently, the research on the correlation between different
appliance behaviors is limited, especially for ALEC prediction.
The work in [13] utilized the spectral clustering method.
First, a non-intrusive load monitoring (NILM) method was
used to identify the On/Off states of each appliance. Then,
the electricity consumption of each appliance was predicted
separately by modeling the states of each appliance through a
graph. This method utilized the direct behavioral correlation of
electrical appliances, but it relied on more prior knowledge,
such as the expected durations of the usage states for each
appliance. Additionally, it computed a fixed adjacency matrix,
which cannot be optimized during training.

A few research on the correlation between different ap-
pliance behaviors focuses on the field of NILM. The work
in [14] introduced a super-state [15], which means a unique
combination of the use status of all electrical appliances. Then
the hidden Markov model is used to learn the relationships
between appliances. This method can capture the potential
correlation between appliance usage behaviors. This approach,
however, necessitates exhaustive enumeration of all combi-
nations of states for all appliances, which involves extensive
preprocessing. Additionally, it does not provide a quantitative
correlation coefficient between appliances. The work in [16]
utilized a graph to represent electricity consumption behavior.
Each node represents an appliance, while the edges denote
the relationships between the appliances, providing a more
intuitive description of the appliance interactions. However,
it relies on information such as appliance running time and
running order, capturing their correlation through multi-step

calculations, which may lead to error accumulation or the
omission of certain information.

C. Summary of Contributions

Based on the aforementioned introduction, it can be con-
cluded that several challenges persist in ALEC prediction.

1) Previous studies have demonstrated a clear qualitative
relationship between different appliances in terms of
their usages [13], [17] (e.g., it is common to use a dryer
after using a washing machine). However, the correlation
between the usage of different appliances has rarely been
considered in ALEC prediction.

2) The current models for learning the correlation between
different appliance behaviors have the following issues:
they utilize a fixed adjacency matrix that cannot be op-
timized during training, demand a significant amount of
prior knowledge, and involve multi-step calculations that
may lead to error accumulation, among other drawbacks.

3) While it is known that there is a relationship in how
appliances are used at home, the quantification of the
correlation between different appliances has not been
thoroughly explored.

To tackle the aforementioned challenges, we propose a
graph-based temporal-spatial network with a learnable ad-
jacency matrix for ALEC prediction. To address the first
challenge, we represent each appliance in a household as a
node in a graph, with edges indicating connections between
appliances. Next, we tackle the second challenge by introduc-
ing a learnable adjacency matrix by optimizing edge weights
between any two appliances based on the inter-dependency in
their usages. Finally, to address the third challenge, we design
a temporal graph convolutional network (TGCN) inspired
by [18] (with a learnable adjacency matrix) for the ALEC
prediction, while also conducting quantitative analysis of the
correlations between different appliance behaviors.

The key contributions are three-fold:
1) A graph is employed to map and visualize the rela-

tionships between the usages of different appliances in
a household, and additionally, a temporal-spatial graph
network is proposed for ALEC prediction.

2) A learnable strategy for obtaining the optimal adjacency
matrix is introduced, which effectively considers the
dynamic uncertainty of appliance usage.

3) The correlations between different appliance behaviors
have been quantitatively analyzed and explicitly de-
scribed in this work.

The rest of the paper is organized as follows. Section II
introduces the formulation of the ALEC prediction problem.
In Section III, we present the proposed graph-based temporal-
spatial network with a learnable adjacency matrix. Section IV
details the experimental design, dataset, metrics, and results.
Lastly, Section V presents the conclusions and future work.

II. PROBLEM FORMULATION

In the ALEC prediction task, a graph can be used to
represent the structure of the appliances, i.e., dependencies
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Fig. 1. An example for the ALEC prediction problem based on the proposed
graph structure. Each vertex in the graph represents an electrical appliance,
and we assume the graph is fully connected. Our goal is to predict future
consumption values based on the consumption values observed during a
previous period of time.

between the usages of different appliances in a household.
The prediction problem is then shown as Figure 1, where
xt ∈ Rn×1 expresses the total electricity consumption of each
of n appliances at time t, with xt

i denoting the electricity
consumption of appliance i.

To capture the inter-dependencies of how different ap-
pliances are used, we connect each pair of nodes in the
graph to represent their relationships. The resulting graph is
G = (V , E ,A), where V expresses the set of nodes, each
corresponding to one appliance, E the set of edges, and A
the adjacency matrix of the graph. To predict the electricity
consumption in the next p time steps, we use the graph G and
the electricity consumption data x(t−s):t from the previous s
time steps. Thus, the prediction task can be formulated as[

x(t−s):t,G
]

f→ x(t+1):(t+p) (1)

where x(t+1):(t+p) expresses the electricity consumption of
each node in the next p time steps.

III. PROPOSED METHODOLOGY

In this section, we propose an ALEC prediction method by
constructing a graph that includes all household appliances,
and learn the adjacency matrix that optimizes the relationship
between appliances. Based on the constructed graph, the graph
convolution operation is used to model the spatial relationship
(i.e., the inter-dependencies between usages of different appli-
ances), while the gated recurrent unit (GRU) is used to model
the time dependence.

A. Graph Construction

A fully connected undirected weighted graph is formed and
used to learn the diffusion process.

Node Attributes. Each node in the graph represents the
electricity consumption of one appliance. For example, a
4-node graph G is represented as {Refrigerator, Lighting,

Oven, Television}. The attribute of each node is the electricity
consumption of each appliance.

Edge Attributes. To quantify the relationship between
appliance usages, we first assume that each pair of appliances
is connected by an undirected edge, and make the weights
between the edges learnable, which allows for the possibility
that the weight of the edge between two appliances can
be zero. The set of edges in the toy example above is
{(Refrigerator, Lighting), (Refrigerator, Oven), (Refrigerator,
Television), (Lighting, Oven), (Lighting, Oven), (Oven, Televi-
sion)}.

Adjacency Matrix. Fig. 2 is an example of the adjacency
matrix for the appliance graph expressed in Figure 1. The
adjacency matrix, A, indicates the weights of the edges
connecting each pair of vertices [19] - the higher the weight,
the more correlated the two vertices are. It is of size n × n,
where n is the number of appliances. Let A[i, j] ∈ R represent
the entry in A, i.e., the weight of the edge between nodes i
and j.

Fig. 2. An example of the adjacency matrix for the appliance graph.

B. Adjacency Matrix Design with Learnable Parameters

In many scenarios, including ALEC prediction, it is chal-
lenging to measure the relationship between nodes. To address
this challenge, we design a learnable method to construct the
adjacency matrix.

As shown in Fig. 2, we model the relationship among
electrical appliances as an undirected graph, resulting in
a symmetric adjacency matrix. We construct the learnable
adjacency matrix using the following strategy. Let A =
min[max[ 12 (θ + θT ), 0]+In, 1]−In, where In ∈ Rn×n is an
identity matrix, θ ∈ Rn×n is a matrix variable, initialized using
a random distribution method with values ranging between 0
and 1, and it is optimized during training. 0 represents the
matrix filled with all zeros, while 1 represents the matrix
filled with all ones. Note that Q = 1

2 (θ + θT ) is a symmetric
matrix, and max[Q, 0] is used to ensure that all elements
are non-negative. As a result, min[max[Q, 0] + In, 1] is
a matrix that has all diagonal entries being 1, and then
min[max[Q, 0]+In, 1]−In contains entries ranging between
0 and 1, with all diagonal entries being 0.

Furthermore, adding self-loops to the adjacency matrix
ensures that each node has a direct link to itself. This allows
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Algorithm 1 Temporal graph convolutional-based model for
ALEC prediction.
1. Preprocessing
− Graph Construction:
(1) Nodes V . For n appliances in a household, represent each
appliance as a node.
(2) Edges E . Connect every two appliances by an edge.
(3) Randomly initialize the parameter θ and the adjacency
matrix:
A(0) = min[max[ 12 (θ

(0) + θ(0)T ), 0] + In, 1]− In.
(4) Generate the graph, denoted as G(0) = (V, E ,A(0)).
− Generate the input data:
Generate time-series graphs with shape batchsize ∗ s ∗ n

(s: the input sequence length)
2. Input: i-th sample: Xi = (xt−s,xt−s+1, ...,xt)
3: Output: i-th sample Xpre

i = (xt+1,xt+2, ...,xt+p)
(p: the output sequence length)

1: Initialize the adjacency matrix with self-loops:
Ã(0) = min[max[ 12 (θ

(0) + θ(0)T ), 0] + In, 1]

Â = D̃− 1
2 ÃD̃− 1

2

2: GCN layer: XGCN = σ
(
ÂXW0

)
3: GRU layer:

ut = σ (Wu [XGCN , ht−1] + bu)

rt = σ (Wr [XGCN , ht−1] + br)

ct = tanh (Wc [XGCN , (rt ∗ ht−1)] + bc)

ht = ut ∗ ht−1 + (1− ut) ∗ ct
4: Dense layer: Xpre

t = Wdht + bd

5: Loss function:J = 1
2 (X

true
t −Xpre

t )2

each node’s feature representation to be updated based not only
on the features of its neighbors but also on its own features. We
set Ã = min[max[ 12 (θ + θT ), 0] + In, 1], i.e., Ã = A+ In.
Thus Ã is a symmetric matrix with the elements on the main
diagonal equal to 1, and none of the elements exceeding 1 or
being negative.

During training, the parameter θ can be updated using

θ(m) = θ(m−1) − α∇J(θ(m−1)), (2)

where θ(m) is the updated parameter θ in mth round of
updates, and J represents the mean squared error loss function.
J = 1

2 (X
true
t −Xpre

t )2, where Xtrue
t and Xpre

t denote the
true and predicted electricity consumption at time step t re-
spectively. α denotes the learning rate, and ∇J(θ) signifies the
gradient of the loss function J with respect to the parameter
θ.

Considering that the parameter θ is open to optimization, it
follows that Ã is an optimizable adjacency matrix. Ã can be
represented as

Ã(m) = min[max[
1

2
(θ(m) + θ(m)T ), 0] + In, 1], (3)

where θ(m) has the same meaning as that of Eq. (2), and
Ã(m) is the adjacency matrix with self-loops in mth round
of updates. Please note that Eq. (3) simply describes the

relationship between Ã(m) and θ(m), and does not constitute
a parameter update formula.

In this way, the appliances can be modeled as nodes in a
graph, even if the relationships between them are unknown.
The edge weights are obtained iteratively from observed data,
which are adaptable to the changes of the energy consumption
data, thereby offering dynamic correlations.

Fig. 3. An example of the graph convolution (GC) process. X =
(x1, x2, x3, x4, x5, x6) denotes the node attribute value, involving in the
GC operation together with the adjacency matrix.

C. Temporal Graph Convolutional Network With Learnable
Adjacency Matrix

Next, we define ALEC forecasting as a spatial-temporal
sequence forecast problem. Inspired by [18], a temporal graph
convolutional network with a learnable adjacency matrix is
designed to deal with complex spatial and temporal depen-
dencies.

Graph Convolutional Network (GCN). In the graph G, the
convolution operation is used for feature extraction. During the
training of a GCN, the node updates its feature vector based on
the features of its neighboring nodes. Nodes connected with
higher-weight edges have a greater influence on the training
process.

The general graph convolution layer can be defined as:

Xl+1 = f
(
Xl, A

)
, l = 0, 1, ... (4)

where f is a nonlinear mapping, A is the adjacency matrix,
X0 = X ∈ Rn×d is the input of the first layer. Here n is
the number of nodes in the graph and d is the dimension of
the feature vector. In our case, we have only one dimension
(active power measurement), thus d = 1. The difference
between different GCN models lies in the implementation of
the function f .

To set f , in this paper, we follow the graph convolution
operation approach, proposed in [20], which is widely used
and empirically effective. It can be represented as,

Xl+1 = ϕ
(
D̃− 1

2 ÃD̃− 1
2XlWl

)
, (5)

where Ã is defined in Subsection III-B, Wl denotes the overall
learnable parameters of layer l, D̃ is the degree matrix, i.e.,
D̃ =

∑
j Ãij . ϕ is the ReLU() activation function.

Specifically, a 1-layer GCN is used in this paper, as shown
in Eq. (6),
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Fig. 4. On the left is the overview structure of the proposed graph-based temporal-spatial network with a learnable adjacency matrix for appliance-level
electricity consumption. Part (a) shows the main structure of the TGCN model, part (b) provides a detailed explanation of the model, and part (c) explains a
TGCN cell. xt is an n× d matrix of power consumption measurements of n household appliances at time step t. GC stands for graph convolution.

XGCN = ϕ
(
ÂXW0

)
, (6)

where we abbreviate D̃− 1
2 ÃD̃− 1

2 in Eq. (5) as Â, and W0

is the trainable weight of the layer. Note that, different from
[18], here Ã is allowed to be trainable as well with learnable
parameters θ specified in Subsection III-B. The process of the
graph convolution is shown in Fig. 3 as well.

Temporal Dependence. For a better prediction of electricity
consumption, not only the spatial relationships need to be
established, but also the temporal relationships between the
graphs at different time steps need to be captured [13]. GRU
is a type of neural network architecture used for processing
sequential data, which is a variant of LSTM, chosen for
handling the temporal dependence between different time steps
[21]. The process of GRU can be defined as,

ut = σ (Wu [XGCN , ht−1] + bu)

rt = σ (Wr [XGCN , ht−1] + br)

ct = tanh (Wc [XGCN , (rt ∗ ht−1)] + bc)

ht = ut ∗ ht−1 + (1− ut) ∗ ct

(7)

where XGCN is the output of the GCN layers in Eq. (6).
ht−1 and ht represent the hidden state at time step t− 1 and
t, respectively. ut and rt denote the update gate and reset gate
at time step t, respectively. ct is the candidate hidden state. bu,
br and bc are the bias parameters. σ is the sigmoid activation
function.

The TGCN Model for the ALEC Prediction. The struc-
ture of the proposed model for prediction is shown in Fig. 4.
Appliances in each house are represented as a graph G.
Using a sliding-window approach, data in each window can
be organized as s × n matrix (s is the window length and
n denotes the number of appliances), and then are fed into
the input layer of GCN. Spatial relationships are utilized in

GCN layers, and temporal correlations are then incorporated
using GRU layers. We summarize the TGCN-based model in
Algorithm 1. The parameters of this model are primarily found
in two components: the TGCN module and the dense layer.
The TGCN module is further divided into graph convolution
and GRU. In the graph convolution component, the param-
eters include the generation of a learnable adjacency matrix
A ∈ Rn×n, with the number of parameters being n × n. For
the GRU, the parameters are: Wu ∈ R(h+1)×h, bu ∈ Rh×1,
Wr ∈ R(h+1)×h, br ∈ Rh×1, Wc ∈ R(h+1)×h, bc ∈ Rh×1,
where h represents the hidden units of the GRU layer. The total
number of parameters for the GRU is 3(h+1)×h+3h×1. For
the dense layer, the parameters are:Wd ∈ Rh×p, bd ∈ Rp×1,
where p denotes the output sequence length. The number of
parameters for the dense layer is h× p+ p. In summary, the
total number of parameters for this model is the sum of all the
above parameters: n×n+3(h+1)×h+3h×1+h×p+p =
n2 + 3h2 + 6h+ h× p+ p.

IV. EXPERIMENTAL SETUP AND RESULTS

In this section, experimental results are reported to evaluate
the effectiveness of the proposed graph-based temporal-spatial
ALEC prediction model. Six baseline models are designed:
(1) a TGCN model with a fixed adjacency matrix where
all elements are set to 0, and this can be regarded as a
baseline model without considering the relationship between
appliances; (2) a TGCN model with a fixed adjacency matrix
where all elements are set to 0.5, except for the diagonal;
(3) a TGCN model with a randomly generated adjacency
matrix, excluding the diagonal; (4) the state-of-the-art model
for ALEC: the Aug-LSTM model [8]; (5) a model with
ResNetPlus architecture [22]; and (6) a feed-forward deep
neural network [7]. We perform the ALEC prediction across
five households within four datasets: the AMPDs dataset [23],
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House 2 and House 5 from the REFIT dataset [24], House
4 from the UK-DALE dataset [25], and our own collected
dataset: SC-EDNRR. The selection of these houses is based
on the fact that they contain relatively complete data for all
electrical appliances.

A. Experimental setup

AMPDs. The Almanac of Minutely Power dataset (AM-
PDs) contains readings of a main meter, i.e., the aggregated
consumption, and 19 sub-meters that monitor the consump-
tion of 19 submetered loads. We used data recorded from
01/April/2012 to 31/March/2013. We downsampled the data
to 5 minutes.

REFIT. The REFIT dataset encompasses electrical mea-
surements from 20 households in the Loughborough area of
the UK from 2013 to 2015. Each house is equipped with
nine monitored appliances, and all data is captured at 7-
second intervals. Specifically, we utilized data recorded from
17/Sep/2013 to 28/May/2015 for House 2, and data recorded
from 16/Sep/2013 to 06/July/2015 for House 5.

UK-DALE. The UK-DALE dataset includes data from 5
households in the UK, each outfitted with a main meter
and multiple individual appliance meters, capturing electrical
measurements at 6-second intervals. We utilized data recorded
from 09/March/2013 to 29/Sep/2013.

SC-EDNRR. The SC-EDNRR dataset includes 6 appli-
ances: freezer, fridge, washer, air conditioner central (CAC),
air conditioner, and a computer server. Each appliance is moni-
tored using a dedicated energy meter to establish ground truth.
The data set covers a four-month period from 22/Sep/2021 to
13/Jan/2022, with data sampled every second. We utilized data
recorded from 24/Dec/2021 to 30/Dec/2021.

In our experiment, the initial 80% of the data was designated
for training, while the remaining 20% was allocated for testing.

Baselines. We compare the proposed trainable model
against six baseline networks. The first baseline network em-
ploys an adjacency matrix where all entries are 0 (as Eq. (8)).
The second baseline network employs a fixed adjacency matrix
where all entries are 0.5 except for the diagonal entries (as
Eq. (9)). The third baseline network employs a fixed adjacency
matrix: a randomly generated adjacency matrix except for the
diagonal entries (as Eq. (10)), and rii denotes the randomly
generated elements. The diagonal entries in all these three
matrices are 0. The fourth baseline model is the Aug-LSTM
proposed in [8]. Unlike the conventional LSTM, the Aug-
LSTM model learns the relationship between forecast errors
and input features from historical data, in addition to the
standard LSTM computations. The fifth baseline network [22]
is the model that integrates a basic neural network with the
ResNetPlus architecture for ALEC. The sixth baseline network
is the model [7] which utilizes a Principal Component Analysis
(PCA)-based feature selection scheme followed by the Feed-
Forward Deep Neural Network (FFDNN) model architecture.

The adjacency matrix used in our proposed method is shown
in Eq. (11), where ϕ1n = min[max[ 12 (θ1n + θn1), 0], 1], and
ϕ1n = ϕn1.

Abaseline1 =

0 · · · 0
...

. . .
...

0 · · · 0

 ∈ Rn×n (8)

Abaseline2 =

 0 · · · 0.5
...

. . .
...

0.5 · · · 0

 ∈ Rn×n (9)

Abaseline3 =

 0 · · · r1n
...

. . .
...

rn1 · · · 0

 ∈ Rn×n (10)

Aproposed =

 0 · · · ϕ1n

...
. . .

...
ϕn1 · · · 0

 ∈ Rn×n (11)

Parameter Setup. The hyperparameters of the proposed
model are summarised in Table I. In order to determine the
optimal values for these parameters, we employed several
commonly used values empirically, and then further chose the
best set of parameters according to experimental results.

TABLE I
HYPER-PARAMETERS FOR TRAINING

Input window size (sequence length) s 12

Prediction time step p 3

Number of maximal epochs 5000

Batch size 32

Learning rate 1e-3

Number of hidden units 64

Metrics. Five metrics are used in our experiments for model
evaluation.
(1) Root mean square error (RMSE):

RMSE =

√√√√ 1

np

n∑
n=1

p∑
t=1

(ytn − ŷtn)
2 (12)

(2) Mean Absolute Error (MAE):

MAE =
1

np

n∑
n=1

p∑
t=1

∣∣ytn − ŷtn
∣∣ (13)

(3) Frobenius Norm of the Difference Matrix (F-norm):

F-norm =
∥Y − Ŷ ∥F

∥Y ∥F
(14)

(4) Explained Variance Score (var):

var = 1−
Var{Y − Ŷ }

Var{Y }
(15)

(5) Coefficient of Determination (R2):

R2 = 1−
∑n

n=1

∑p
t=1

(
ytn − ŷtn

)2∑n
n=1

∑p
t=1

(
ytn − Ȳ

)2 , (16)

where ytn and ŷtn denote the real and predicted electricity
consumption of the n-th appliance at tth time step, respec-
tively. Y and Ŷ are the set of ytn and ŷtn, respectively, i.e.,
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Y = {ytn | ∀n, t} and Ŷ  = {ŷtn | ∀n, t}. Ȳ  is the average of
Y . Var is the operation of variance.

The RMSE quantifies t he p rediction e rror i n r egression or 
time series forecasting models. Lower RMSE values signify 
a more accurate model fit, r eflecting sm aller discrepancies 
between predicted and observed values. MAE is calculated 
as the average of the absolute difference between predicted 
and actual values. In contrast to RMSE, MAE treats all errors 
equally without magnifying larger errors over smaller ones. 
The F-norm calculates the relative Frobenius norm of the 
difference between two matrices: the true consumption matrix 
and the predicted consumption matrix, normalized by the 
Frobenius norm of the true consumption matrix. It ranges 
from 0 to +∞. The metrics var and R2 indicate how well 
the regression model fits t he d ata. B oth o f t hem r ange from
−∞ to 1, with higher values indicating a better fit between 
the model and the data.

B. Results and discussion

The proposed method is applied for multi-timescale electric-
ity consumption prediction, encompassing predictions at both
the tens-of-seconds and tens-of-minutes levels. Specifically,
we predict 21-second and 18-second consumption in the
REFIT and UK-DALE datasets, respectively, and 15-minute
electricity consumption in the AMPDs dataset.

Table II compares the RMSE, R2, and var performance
metrics between the proposed model and six baseline models
for the four houses. Fig. S1 and S2 (in the Supplementary
file) show the RMSE and MAE curves of the predictions for
the four houses respectively. Overall, our proposed method
performs the best, followed by the TGCN (Edge Weight
= 0). Overall, the TGCN (Edge Weight random) method
performs the worst in most houses, while the other methods
are comparable.

From the perspective of RMSE, pairwise comparisons of
the methods were conducted as well. When comparing the
TGCN (Edge Weight random) and the TGCN (Edge Weight =
0.5), the former performs worse than the latter, indicating that
randomly assigning weights to unknown relational nodes leads
to unsatisfactory performance. In the comparison between
TGCN (Edge Weight = 0.5) and Aug-LSTM, it was found
that the two models are comparable. The former performs
better in the REFIT and UK-DALE datasets, while the latter
performs better in the AMPDs dataset. This demonstrates that
adjusting the weights between nodes can indeed improve the
performance of the TGCN model, allowing TGCN to match
the effectiveness of the Aug-LSTM model. Compared with the
ResNetPlus model and the FFDNN model, the proposed model
shows a significant performance improvement. This indicates
that the proposed model outperforms the state-of-the-art meth-
ods considering the correlation between appliances. When
comparing the proposed model and TGCN (Edge Weight =
0), the former performs slightly better than the latter. It can
be analyzed from two perspectives. Firstly, the difference in
performance between the two models is small because the
learned adjacency matrix contains numerous zero elements
(the learned adjacency matrix is shown in Eq. (17)), which

suggests that the usage of most appliances is relatively in-
dependent. Secondly, the proposed model outperforms TGCN
(Edge Weight = 0), and it indicates that the learned adjacency
matrix aligns more closely with the actual situation, thereby
enhancing the prediction performance. In addition, the TGCN
(Edge Weight = 0) can be seen as disregarding the relationship
between nodes. Comparing the performance of these two
models allows us to draw the conclusion that identifying the
optimal relationship between nodes leads to superior results,
as opposed to ignoring it.

In brief, the proposed model performs better than TGCN
(Edge Weight = 0), TGCN (Edge Weight = 0.5) and TGCN
(Edge Weight random), suggesting that optimizing the adja-
cency matrix is highly beneficial for improving the accuracy
of the prediction problem. Compared to Aug-LSTM, ResNet-
Plus and FFDNN, the proposed model also performs better,
indicating that our proposed model is superior to the state-of-
the-art models for ALEC.

Table II shows the performance comparison of R2 and
var as well. The R2 is a statistical measure that indicates
the proportion of the variance in the dependent variable that
can be explained by the independent variables in a regression
model. The var is a statistical measure used to evaluate the
performance of a regression model. It measures the proportion
of the variance in the dependent variable that can be explained
by the independent variables in the model. Both R2 and var
range from −∞ to 1, and a higher value indicates a better fit
of the regression model.

It can be observed that the ranking of the model’s per-
formance in terms of R2 and var is consistent with RMSE,
and the R2 and var of the proposed method are higher than
that for the other models. In terms of these two metrics,
the TGCN (Edge weight random) model exhibits the worst
performance among the compared models in most houses. The
explanation is that, if the relationship between the appliances
is assigned randomly, the results are worse than if the edge
weight is not considered. Of all the models that consider the
relationship between appliances, the proposed model performs
best, indicating that our model is able to learn a better
relationship between appliances, i.e., the adjacency matrix.
These results provide evidence that improving the adjacency
matrix with learnable strategies significantly contributes to
improving the accuracy of the prediction results.

Table III showcases a comparative analysis of MAE and F-
norm for all seven models. From the results, it is evident that
the proposed model exhibits superior performance with con-
sistently lower MAE and F-norm values across all datasets and
timesteps compared to the baseline models. The lower MAE
and F-norm values indicate that the proposed model has higher
predictive accuracy and better generalization capability in
capturing the underlying patterns within the data. The results
suggest that incorporating the correlation among appliances
into the model’s architecture leads to a marked improvement
in performance. The experimental findings underscore the
efficacy of the proposed model in energy disaggregation tasks,
affirming its potential as a robust and reliable method for
energy consumption analysis.

Fig. 5 shows the prediction errors of the electricity con-
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TABLE II
PERFORMANCE COMPARISON OF RMSE, R2 , AND var BETWEEN SIX BASELINE MODELS AND THE PROPOSED MODEL. (FOR RMSE, THE CLOSER THESE

VALUES ARE TO 0, THE BETTER THE MODEL’S PERFORMANCE. FOR R2 AND var, THE CLOSER THESE VALUES ARE TO 1, THE BETTER THE MODEL’S
PERFORMANCE.)

RMSE R2 var

Dataset Method/Timestep 1 2 3 1 2 3 1 2 3

Aug-LSTM 0.7734 1.002 1.1830 0.7831 0.6358 0.4923 0.7831 0.6358 0.4925
TGCN (Edge Weight = 0) 0.6378 0.9263 1.1300 0.8525 0.6889 0.5370 0.8525 0.6890 0.5375

AMPDs TGCN (Edge Weight = 0.5) 0.8571 1.1930 1.3890 0.7336 0.4838 0.3008 0.7337 0.4849 0.3010
TGCN (Edge Weight random) 1.1010 1.2710 1.3860 0.5607 0.4145 0.3032 0.5607 0.4153 0.3034
ResNetPlus 0.6686 0.9937 1.1864 0.8378 0.6418 0.4895 0.8378 0.6418 0.4896
FFNDD 0.6837 0.9922 1.1920 0.8304 0.6429 0.4846 0.8305 0.6431 0.4848
Proposed 0.6135 0.9192 1.1110 0.8635 0.6936 0.5520 0.8635 0.6938 0.5525

Aug-LSTM 0.0403 0.0517 0.0596 0.9325 0.8891 0.8527 0.9325 0.8891 0.8527
REFIT TGCN (Edge Weight = 0) 0.0380 0.0509 0.0595 0.9401 0.8923 0.8530 0.9405 0.8925 0.8530
House 2 TGCN (Edge Weight = 0.5) 0.0386 0.0512 0.0597 0.9381 0.8913 0.8520 0.9382 0.8914 0.8520

TGCN (Edge Weight random) 0.0471 0.0570 0.0643 0.9081 0.8651 0.8286 0.9093 0.8671 0.8308
ResNetPlus 0.0400 0.0516 0.0596 0.9334 0.8891 0.8522 0.9340 0.8896 0.8526
FFNDD 0.0406 0.0516 0.0593 0.9315 0.8894 0.8535 0.9315 0.8894 0.8535
Proposed 0.0376 0.0504 0.0589 0.9413 0.8947 0.8558 0.9413 0.8947 0.8559

Aug-LSTM 0.0614 0.0759 0.0857 0.8992 0.8462 0.8039 0.9029 0.8494 0.8067
REFIT TGCN (Edge Weight = 0) 0.0505 0.0690 0.0821 0.9320 0.8729 0.8202 0.9320 0.8729 0.8202
House 5 TGCN (Edge Weight = 0.5) 0.0520 0.0699 0.0827 0.9277 0.8696 0.8174 0.9278 0.8697 0.8176

TGCN (Edge Weight random) 0.0665 0.0796 0.0898 0.8820 0.8309 0.7846 0.8824 0.8314 0.7851
ResNetPlus 0.0520 0.0718 0.0868 0.9276 0.8619 0.7987 0.9279 0.8624 0.7994
FFNDD 0.0505 0.0669 0.0790 0.9318 0.8802 0.8333 0.9318 0.8802 0.8333
Proposed 0.0481 0.0636 0.0749 0.9382 0.8917 0.8499 0.9382 0.8917 0.8499

Aug-LSTM 0.0370 0.0423 0.0461 0.5515 0.4143 0.3041 0.5516 0.4144 0.3042
UK-DALE TGCN (Edge Weight = 0) 0.0342 0.0415 0.0459 0.6177 0.4349 0.3111 0.6179 0.4353 0.3111
House 4 TGCN (Edge Weight = 0.5) 0.0352 0.0413 0.0452 0.5952 0.4412 0.3313 0.5952 0.4412 0.3319

TGCN (Edge Weight random) 0.0389 0.0431 0.0458 0.5048 0.3919 0.3140 0.5073 0.3945 0.3161
ResNetPlus 0.0342 0.0411 0.0445 0.6163 0.4460 0.3501 0.6188 0.4479 0.3518
FFNDD 0.0334 0.0403 0.0438 0.6339 0.4662 0.3712 0.6339 0.4662 0.3713
Proposed 0.0324 0.0393 0.0430 0.6555 0.4936 0.3924 0.6555 0.4937 0.3924

Aug-LSTM 0.0415 0.0669 0.1144 0.8881 0.9239 0.9215 0.8905 0.9239 0.9215
TGCN (Edge Weight = 0) 0.0751 0.0837 0.1439 0.6334 0.8808 0.8757 0.6338 0.8807 0.8757

SC-EDNRR TGCN (Edge Weight = 0.5) 0.0784 0.0805 0.1382 0.5998 0.8897 0.8853 0.6000 0.8897 0.8853
TGCN (Edge Weight random) 0.0658 0.0846 0.1462 0.7179 0.8781 0.8717 0.7179 0.8788 0.8732
ResNetPlus 0.0521 0.0694 0.1201 0.8233 0.9180 0.9134 0.8242 0.9187 0.9135
FFNDD 0.0333 0.0750 0.1294 0.9274 0.9041 0.8994 0.9274 0.9041 0.8994
Proposed 0.0282 0.0646 0.1110 0.9483 0.9290 0.9261 0.9483 0.9290 0.9261

sumption of four houses. In this figure, the four black lines
arranged from top to bottom represent the upper error bound-
ary, the upper quartile, the lower quartile, and the lower error
boundary respectively. The median error is demonstrated by
the orange line, while the green triangle indicates the average
error. The results indicate that the TGCN (Edge weight = 0)
and our proposed method exhibit relatively small prediction er-
rors. In this study, we calculate prediction errors by subtracting
the predicted ALEC values from the observed ones. Based on
this calculation, it is evident that the six baseline models tend

to underestimate the load consumption. Overall, the proposed
model exhibits a more balanced distribution of errors and the
tightest prediction error distribution. We can see in the Fig. 5a,
the proposed method shows the most tightly distributed error
curve, suggesting superior performance relative to the com-
pared methods. In both Fig. 5b and Fig. 5c, the proposed
method significantly outperforms TGCN (Edge Weight = 0),
TGCN (Edge Weight = 0.5), TGCN (Edge Weight random),
ResNetPlus and FFDNN. Although the error distribution is
less compact than that of the Aug-LSTM method, a closer
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TABLE III
PERFORMANCE COMPARISON OF MAE AND F-NORM BETWEEN SIX BASELINE MODELS AND THE PROPOSED MODEL. (FOR MAE AND F-NORM, THE

CLOSER THESE VALUES ARE TO 0, THE BETTER THE MODEL’S PERFORMANCE.

MAE F-norm

Dataset Method/Timestep 1 2 3 1 2 3

Aug-LSTM 0.1687 0.2163 0.2662 0.4481 0.5807 0.6856
TGCN (Edge Weight = 0) 0.0995 0.1447 0.1868 0.3696 0.5367 0.6547

AMPDs TGCN (Edge Weight = 0.5) 0.1829 0.2623 0.2830 0.4967 0.6914 0.8046
TGCN (Edge Weight random) 0.2894 0.3382 0.3453 0.6377 0.7363 0.8032
ResNetPlus 0.1604 0.2184 0.2602 0.3874 0.5758 0.6874
FFNDD 0.1654 0.2164 0.2611 0.3961 0.5749 0.6907
Proposed 0.0921 0.1444 0.1838 0.3555 0.5327 0.6440

Aug-LSTM 0.0051 0.0061 0.0068 0.2584 0.3314 0.3818
REFIT TGCN (Edge Weight = 0) 0.0044 0.0045 0.0052 0.2436 0.3265 0.3814
House 2 TGCN (Edge Weight = 0.5) 0.0037 0.0044 0.0050 0.2475 0.3278 0.3827

TGCN (Edge Weight random) 0.0116 0.0135 0.0146 0.3016 0.3654 0.4119
ResNetPlus 0.0067 0.0073 0.0077 0.2557 0.3300 0.3814
FFNDD 0.0038 0.0050 0.0052 0.2603 0.3308 0.3808
Proposed 0.0024 0.0030 0.0040 0.2410 0.3228 0.3777

Aug-LSTM 0.0197 0.0209 0.0210 0.3133 0.3870 0.4371
REFIT TGCN (Edge Weight = 0) 0.0026 0.0050 0.0075 0.2574 0.3519 0.4186
House 5 TGCN (Edge Weight = 0.5) 0.0054 0.0070 0.0083 0.2653 0.3564 0.4217

TGCN (Edge Weight random) 0.0156 0.0171 0.0187 0.3390 0.4059 0.4581
ResNetPlus 0.0062 0.0092 0.0118 0.2565 0.3473 0.4126
FFNDD 0.0052 0.0074 0.0095 0.2580 0.3422 0.4038
Proposed 0.0023 0.0049 0.0062 0.2460 0.3258 0.3836

Aug-LSTM 0.0059 0.0062 0.0068 0.6402 0.7316 0.7975
UK-DALE TGCN (Edge Weight = 0) 0.0023 0.0045 0.0046 0.5911 0.7186 0.7935
House 4 TGCN (Edge Weight = 0.5) 0.0040 0.0047 0.0057 0.6082 0.7146 0.7817

TGCN (Edge Weight random) 0.0074 0.0079 0.0083 0.6727 0.7454 0.7918
ResNetPlus 0.0041 0.0046 0.0049 0.5919 0.7113 0.7704
FFNDD 0.0027 0.0034 0.0040 0.5782 0.6981 0.7577
Proposed 0.0020 0.0027 0.0036 0.5609 0.6800 0.7448

Aug-LSTM 0.0216 0.0260 0.0432 0.2303 0.2361 0.2360
TGCN (Edge Weight = 0) 0.0277 0.0383 0.0661 0.4169 0.2955 0.2968

SC-EDNRR TGCN (Edge Weight = 0.5) 0.0266 0.0353 0.0611 0.4356 0.2843 0.2852
TGCN (Edge Weight random) 0.0237 0.0373 0.0648 0.3657 0.2988 0.3017
ResNetPlus 0.0175 0.0273 0.0493 0.2894 0.2450 0.2477
FFNDD 0.0153 0.0251 0.0445 0.1854 0.2650 0.2670
Proposed 0.0092 0.0244 0.0423 0.1565 0.2281 0.2290

examination of the average error reveals that the Aug-LSTM’s
average error is significantly lower than 0, implying the
Aug-LSTM predicts some extreme outliers. In Fig. 5d, our
method outperforms the Aug-LSTM, TGCN (Edge Weight =
0.5), TGCN (Edge Weight random) methods, ResNetPlus and
FFDNN. Although the error distribution is not as favorable
as that of the TGCN (Edge Weight = 0), our method’s lower
RMSE indicates a better overall prediction accuracy. Given the
sensitivity of RMSE to outliers, this suggests that the TGCN
(Edge Weight = 0) model generally predicts well but may
struggle with some extreme values. The error distribution plots

from these experiments demonstrate that our method presents
the most stable performance, consistently delivering relatively
accurate predictive results across multiple datasets.

Fig. S3 to Fig. S7 (in the Supplementary file) display the
one-timestep-ahead prediction results for the ALEC using the
data from the five houses, comparing the performance of the
seven models. The observed ALEC is represented by a blue
line, and the predicted ALEC is depicted using a red line.
Generally, the predictions of the proposed model agree more
with the observed values than other models. This consistent
alignment between the predicted and observed values further
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Fig. 5. The boxplot of the prediction errors for all the datasets

reinforces the validity and reliability of our analysis.
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Fig. 6. The ratio of the number of parameters of the model with vs. without
adjacency matrix learning under different number of appliances.

Fig. 7. The ratio of training time of the model with vs. without adjacency
matrix learning under different numbers of appliances.

C. The learned adjacent matrix

Further, the adjacent matrix learned by the proposed method
from the electricity consumption data is shown in Eq. (17),
with the diagonal elements represented in bold. The following
appliances are represented by the numbers 1 through 19: 1:
North Bedroom; 2: Master and South Bedroom; 3: Basement

A1=
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Plugs and Lights; 4: Clothes Dryer; 5: Clothes Washer; 6: Din-
ing Room Plugs; 7: Dishwasher; 8: Electronics Workbench;
9: Security Equipment; 10: Kitchen Fridge; 11: A/C Fan and
Thermostat; 12: Garage; 13: Heat Pump; 14: Instant hot water;
15: Home office; 16: Outside Plug; 17: Entertainment(TV,
PVR, AMP); 18: Utility Room Plug; 19: Wall Oven. It can
be observed that a majority of the matrix elements are 0,
indicating that most of the appliance usages are independent
of each other. However, some associations are still present.
We categorize the correlation between appliances based on
their edge weight. A strong correlation exists if the weight
parameter exceeds 0.5 (indicated by the red numbers), while
a moderate correlation exists if it ranges between 0.1 and
0.5 (indicated by the blue numbers), and a weak correlation
exists if it ranges between 0 and 0.1. The adjacency matrix

A4=
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reveals that there are one pair of appliances with a strong
correlation: appliance 9 (Security Equipment) and appliance
16 (Outside Plug) have a coefficient weight of 0.7376. There
are three pairs of appliances with a weak correlation: appliance
1 (North Bedroom) and appliance 14 (Instant hot water) have a
coefficient weight of 0.4651, appliance 3 (Basement Plugs and
Lights) and appliance 14 (Instant hot water) have a coefficient
weight of 0.0056, appliance 3 (Basement Plugs and Lights)
and appliance 17 (Entertainment (TV, PVR, AMP)) have a
coefficient weight of 0.0800. The remaining appliances are
unrelated to each other.

Eq. (18), Eq. (19), Eq. (20), and Eq. (21) represent the
learned adjacent matrix of the REFIT House 2, REFIT House5,
UK-DALE House 4, and SC-EDNRR, respectively. It can be
observed that matrix A2 exhibits several moderately correlated
electrical relationships, while matrices A3 and A4 primarily
consist of weakly correlated or uncorrelated relationships. This
observation aligns with the information presented in Table
II and Table III, which shows that our proposed method
yields results most akin to those of TGCN (Edge Weight =
0) while also surpassing its performance. Matrix A5 contains
both strong and moderate relationships. The stronger the
correlation between appliances, the greater the improvement
of our proposed method compared to the TGCN (Edge Weight
= 0) model. From Tables II and Table III, it is evident that
our method shows significant improvement compared to the
TGCN (Edge Weight = 0) model and performs better than all
other comparison methods.

In addition to improving the accuracy of ALEC forecasting,
we believe that understanding the associations among appli-
ances can also help study the causality between their usage and
provide further insights into household energy consumption
patterns [26], [27].

D. Analysis for parameters

As discussed in subsection III-C, the total number of the
parameters can be represented as n2 + 3h2 + 6h+ h× p+ p,
where n denotes the number of the appliances, h is the
number of hidden units, and p is the number of time-steps
to be predicted. Since we choose h = 64 and p = 3 in our
experiments, the number of the parameters of the proposed
model with a learnable adjacency matrix is 12867 + n2,
and the number of the parameters of the model without a
learnable adjacency matrix is 12867. Therefore, the difference
in the number of parameters between the two types of models
depends on the number of appliances.

Fig.6 shows the ratio of number of the parameters of the
model with vs. without adjacency matrix training. It can be
seen that, the ratio 12867+n2

12867 is very closer to 1 since n2

is usually much smaller than 12867. Therefore, the proposed
adjacency matrix optimization strategy results in a very small
increase in the number of model parameters. Furthermore,
we measured the actual running time of the model for the
four houses in our experiments. Fig.7 shows the ratio of
training time of the model with vs. without adjacency matrix
training. The numbers of appliances in the four houses are
5, 9, 9, and 19, respectively. It can be observed that the

ratio is generally close to 1, indicating that the adjacency
matrix optimization strategy does not significantly increase the
model’s running time. Additionally, we notice that at the point
where the number of appliances is equal to 9 on the abscissa,
the ratio of training time differs between the two datasets.
This discrepancy is partly due to the fact that, the adjacency
matrix is a sparse matrix, and it is not necessary to store
all elements of the adjacency matrix although it is optimized
during training. Furthermore, the order in which the training
data are loaded can affect the training time, especially if
the training data are randomly shuffled. Random initialization
of model parameters may also lead to small differences in
training time.

E. Further analysis for energy management

For households, the ALEC prediction system significantly
enhances the management of electricity consumption, facili-
tating the adjustment of planned energy usage. For instance,
consider a scenario in which only cooling devices and lighting
are operational while all other appliances are planned to be
turned off; what would the expected load be? Moreover, the
ALEC prediction can be able to provide the best energy
assignment plan and a good compromise between energy price
fluctuations and energy consumption [6]. Additionally, ALEC
supports load management by providing estimates based on
appliance-level data, especially during peak electricity usage
times or when circuits are nearing overload. This feature
allows for the strategic deactivation of specific groups of
appliances, optimizing usage according to forecasted results
[28], [29].

Additionally, for households equipped with generation capa-
bilities, ALEC plays an essential role in integrating them into
Virtual Power Plants (VPPs) [26], [30]. A VPP connects indi-
vidual users to the broader power grid, showcasing smart grid
technology by aggregating numerous small, flexible resources
with low individual capacity across a wide area. Through
a distributed energy management system, these resources
can actively contribute to grid operations and scheduling.
ALEC’s prediction of electricity end-use enables appliances
to consume electricity as needed, while surplus electricity
can be sold through the VPP, thus facilitating participation in
electricity market transactions. These transactions are divided
into medium- to long-term markets and real-time balancing
markets, with our method currently tailored for real-time
balancing market transactions. This scheduling approach not
only improves the grid’s capacity for supply adjustment but
also ensures the secure and stable provision of electricity.

Furthermore, the role of ALEC predictions in carbon emis-
sion forecasting warrants further exploration in the future.

V. CONCLUSION

In this paper, we propose a graph-based temporal-spatial
network with a learnable adjacency matrix for appliance-level
electricity consumption. The proposed prediction strategy for
appliance-level electricity consumption can make full use of
the correlation between the behaviors of various appliances,
and quantify the relationship between each two appliances.
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Four sets of experiments are conducted, and the findings 
underscore the importance of carefully considering the assign-
ment of edge weights in relational node modeling to achieve 
optimal performance across different datasets.

The proposed method effectively leverages the usage re-
lationships among appliances and achieves highly accurate 
prediction performance, providing several opportunities for 
residents and energy managers to optimize energy usage. 
Firstly, the ALEC helps identify which appliances consume 
a significant amount of energy and when energy usage peaks. 
This insight can facilitate the development of more energy-
efficient plans, such as reducing electricity usage during peak 
hours or optimizing the order in which equipment is used, 
thereby reducing energy waste. Additionally, personalized 
energy management recommendations can be provided for 
each household based on the ALEC. For example, tailored 
energy conservation programs can be designed to align with 
the electricity habits and needs of specific household members. 
Furthermore, in smart home applications, combined with the 
ALEC, the smart home system can achieve intelligent control 
of appliances, including automatic adjustment of electricity 
consumption time and implementation of an intelligent energy 
management system, all contributing to improving energy 
efficiency.

We believe that this method is also suitable for general time 
sequence prediction of multivariable output, and assessing the 
impact of each variable’s weight on the forecast quantity in 
multivariate prediction. In future research, more attempts will 
be made for medium and long-term load forecasting.
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