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ARTICLE INFO ABSTRACT

Electricity load, heat load and cold load in integrated energy systems are related to each other. Inspired by
Graph Neural Networks (GNN), which can capture the topological structure of graph data, this paper proposes
a novel multi-energy forecasting framework with multi-level task-sharing matrices (MTMs), which connects
multiple tasks to capture the coupling characteristics between multiple loads. The proposed framework
overwhelms most traditional multi-task approaches because traditional models usually have shared parameters
in only one stage, which reserves representation space for temporal features of individual loads but limits
their ability to capture multi-task correlations across multiple stages. Specifically, the proposed framework
can capture coupling features across various stages of the entire model by MTMs, significantly enhancing
the connections among multiple tasks while preserving adequate representation space for temporal features.
The combination of graph attention and graph convolution can further expand the representational space of
coupling features, so that multi-head attention can focus on capturing the temporal characteristics of individual
loads. In addition, a gradient-based multi-task balance method is proposed to adapt to the above framework,
which can balance different tasks by normalizing the weights by MTMs. Case studies demonstrate that the
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proposed framework has superior forecasting performance for multi-energy loads.

1. Introduction

Integrated energy systems can make use of the complementary ad-
vantages of different energy sources to achieve the efficient utilization
of multiple energies and stable supply for energy consumption [1].
In integrated energy systems, the relation between multiple energy
carriers can be strong [2]. Therefore, for multi-energy load forecasting,
it is necessary to consider the interaction and coupling information
between the multiple energy sources [3].

For traditional single energy systems, energy forecasting often only
focuses on one type of energy [4]. Regarding the power load forecasting
problem, Li et al. [5] proposed a mid-term forecasting method based on
manifold learning and Long Short Term Memory (LSTM) networks to
reduce the calculation burden. Regarding the forecasting of wind power
with high volatility, Khodayar et al. [6] proposed a deep architecture
with Stacked Auto Encoder (SAE) and Stacked Denoising Auto Encoder
(SDAE). This deep network architecture is used to capture intense tem-
poral fluctuations. Considering the information of neighboring houses,
Lin et al. [7] used Graph Neural Network (GNN) to build a short-term
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residential load forecasting model. For the same multivariate residen-
tial load forecasting problem, Zhao et al. [8] used the Spatio-Temporal
Graph Attention Transformer (STGAT) model to capture the correlation
patterns among multiple loads. Jiang et al. [9] proposed a multi-
task forecasting method with two levels of information extraction for
multiple individual household based on Convolutional Neural Network
(CNN) and LSTM. Considering the correlation between the reactive and
active loads, Qin et al. [10] proposed a multi-task forecasting method
based on LSTM. The multi-task frameworks in [9,10] are both hard
parameter sharing. Therefore, the multi-task model, which can capture
the correlation between multiple factors, can be an effective method to
solve the problem of multi-energy load forecasting.

Recently, multi-energy load forecasting techniques have been stud-
ied. Basically, most of them use the hard parameter sharing method
to capture the coupling relationship among multi-energy loads. Con-
sidering the multi-energy coupling relation, Niu et al. [13] proposed a
multi-task model with hard weight sharing based on one-dimensional
CNN and Bidirectional Gated Recurrent Unit (BiGRU). Guo et al. [12]
analyzed the correlation of multi-energy loads in different seasons
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Table 1
Typical references for load forecasting.
Paper Multi-task Load Model Coupling method Task balance
[4] X Electrical LSTM+Attention - -
[5] X Electrical LSTM - -
[7] X Electrical TCN+GNN Top Sharing Adjacency Matrix -
[9] v Multi-household Electrical CNN+LSTM Middle Sharing X
[10] v Reactive and Active Electrical LSTM Bottom Sharing X
[11] v Multi-energy CNN+LSTM Middle Sharing v
[12] v Multi-energy BiLSTM Middle Sharing X
[13] 4 Multi-energy CNN+BiGRU Bottom Sharing v
[14] v Multi-energy CNN+BiLSTM Bottom Sharing X
[15] v Multi-energy Multi-model Fusion Separate models v
[16] v Multi-energy STA+GTCN Bottom Sharing X
[17] v Multi-energy LSTM+TCN Middle Sharing X
[18] v Multi-energy DBN Middle Sharing X
[19] v Multi-energy CNN+GRU+GBDT Bottom Sharing X
[20] v Multi-energy CNN+GRU Top Sharing v
[21] v Multi-energy Transformer Separate encoder X
[22] v Multi-energy Bayesian Transformer Separate encoder v
[23] 4 Multi-energy TCN+GNN Top Sharing Adjacency Matrix X
Proposed v Multi-energy Attention+GNN Multi-level Task-sharing Matrices v

by Maximum Information Coefficient (MIC) and proposed a multi-
task model with hard weight sharing based on Bi-directional LSTM
(BiLSTM). The decomposition-reconstruction framework performs well
in the problem of multi-energy load forecasting. Li et al. [14] used
the feature separation-fusion method to differentially process distinct
features and proposed a short-term load forecasting method based on
CNN and LSTM. After that, Lin et al. [24] used the Two-Layer Joint
Modal Decomposition (TLJMD) method to decompose the loads into
several Intrinsic Mode Functions (IMFs) and adopted the Dynamic
Optimal Ensemble (DOE) learning method to provide the forecasting
results. Differently, Hu et al. [25] used Empirical Mode Decomposition
(EMD) for data filtering and reconstruction as feature engineering.
Then, a forecasting model based on BiLSTM and Transformer is con-
structed. For the ultra-short-term forecasting problem, Qu et al. [26]
combined the decomposition-reconstruction architecture with progres-
sive layered extraction multi-task learning to achieve good results.
Considering the attention to features in multiple dimensions, Song
et al. [16] proposed a multi-task forecasting method based on the
Spatio-Temporal Attention (STA) and Gated Temporal Convolutional
Networks (GTCN). To handle the non-stationary sequence of multi-
energy loads, Shi et al. [15] proposed a multi-model fusion forecasting
method based on complex machine learning methods and heuristic
algorithms. Considering the privacy reasons, Zhang et al. [11] proposed
a privacy-preserving multi-energy load forecasting model based on
federated learning. Taking into account the component of multi-energy
load in the total energy demand, Wang et al. [17] used LSTM and Time
Convolutional Networks (TCN) for temporal modeling. Considering the
temporal dynamic features of multi-energy loads, Wang et al. [27]
proposed an encoder—-decoder model based on LSTM and Gradient
Boosting Decision Tree (GBDT), which could effectively reflect the
dynamic characteristics of historical loads. Considering the generation
features of multi-energy prosumers, Zhou et al. [18] classified these
prosumers into various aggregations, and proposed a multi-energy net
load forecasting method based on deep belief network. Considering the
multi-task modeling approach, Zhuang et al. [23] proposed a multi-
energy load forecasting model based on TCN and GNN, which captures
the correlation between multi-energy loads by one adjacency matrix
and do not consider the balance between multiple tasks. Considering
the high-dimensional temporal and spatial features, Xuan et al. [19]
proposed a multi-task ensemble approach based on CNN, Gated Recur-
rent Unit (GRU) and GBDT, which could effectively extract features,
model time series dynamically and achieve the sharing of prediction at
different levels. Above methods may not fall under the typical multi-
task learning networks, but they still consist of the bottom shared
modules and specific task modules. Considering the issue of insufficient
sample size, Li et al. [20] proposed a transfer learning-based prediction

framework, which requires multiple time-consuming steps including
model training, transfer learning and parameter fine tuning. In our pre-
vious research [21,22], the one-encoder multiple-decoder architecture
was designed, attempting to decouple multiple tasks and separate the
shared feature extraction process from each task. The attempt yielded
good results but required much training time. The typical references for
load forecasting are shown in Table 1.

To sum up, for enough representation space for temporal features
of individual loads, multi-task models usually utilize only one stage
of the model, such as the bottom layer [19], middle layer [18], top
layer [20] or separate encoder [22], to capture the coupling features
of multi-energy loads and use the rest parts of the model to capture the
temporal features of individual loads.

However, there remains a research gap that traditional multi-task
models usually have shared parameters in only one stage, which limits
their ability to capture multi-task correlations across multiple stages. If
the task-shared layers are too numerous or too large, the representation
space for the temporal features of individual loads would become insuf-
ficient, thereby hindering their forecasting performance. If the coupling
relationship can be established more efficiently across various stages
of the entire model, it would enable a deeper capture of the coupling
features across multiple dimensions, thereby significantly enhancing
the connections among multiple load forecasting tasks while preserving
adequate representation space for temporal features of individual loads.

To address this issue, a multi-energy load joint forecasting frame-
work based on Multi-level Task-sharing Matrices (MTMs) is proposed.
The proposed framework firstly introduces MTMs, equipping GNN
with multi-level coupling components to capture deep relation features
between different types of loads at different levels of abstraction.
The combination of graph attention and graph convolution can fur-
ther expand the representational space of coupling features, so that
Multi-Head Attention (MHA) can focus on capturing the temporal char-
acteristics of individual loads. In addition, to ensure that all subtasks
benefit from the joint forecasting, a gradient-based balance method for
multi-task weights is proposed to adapt to the above framework. The
MTMs can capture the coupling information of multi-energy loads, so
the gradient of the task weights can be normalized by the average of
MTMs to balance the training of tasks in real-time, thereby achieving
better performance and faster speed of joint forecasting.

As stated above, the contributions of this paper can be summarized
as:

(1) A novel joint forecasting framework inspired by GNN is pro-
posed for multi-energy load forecasting. This framework firstly
introduces the multi-level task-sharing matrices, which equips the
typical GNN with multi-level coupling components to capture
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Fig. 1. Differences between the traditional multi-task model, the traditional GNN and the proposed framework.

deep coupling features between different loads at different levels
of abstraction and maintains sufficient representation space for
the temporal characteristics of loads.

(2) A gradient-based balance method for multi-task weights is pro-
posed to adapt to the above framework. The gradients of task
weights can be normalized by the average of task-sharing matrices
to balance the training speed of multiple tasks in real-time and
ensure that all subtasks benefit from the joint forecasting.

(3) Based on real-world data, the case study shows that the proposed
framework has superior forecasting performance for multi-energy
loads in terms of RMSE, MAPE and R? metrics.

The remainder of this paper is organized as follows. In Section 2, the
novelty of the proposed framework and the motivation for improve-
ment are introduced. In Section 3, the novel multi-energy load joint
forecasting model and the gradient-based balance method for multi-
task weights is presented. In Section 4, the preliminary settings for the
case studies, including dataset segmentation, benchmark information
and evaluation criteria, are provided. In Section 5, the case studies are
shown, and the effectiveness of the proposed model are demonstrated.
Finally, the conclusion of this paper is given in Section 6.

2. Motivation

This section introduces the proposed GNN framework and com-
pares it with the traditional multi-task model and the traditional GNN.
Regarding the key issue of how to capture coupling features of multi-
energy loads, the proposed framework is clearly different from the
traditional multi-task model and the traditional GNN as shown in Fig.
1.

For traditional multi-task models, a shared layer is generally re-
quired to capture the coupling features of multiple tasks. Then, each
task has its own task module to capture temporal features. But this
multi-task structure has a drawback. All parameters in the shared layer
are affected by the goals of all sub-tasks, which may lead to insufficient
representation space of temporal features of sub-tasks, and the accuracy
of some tasks may decrease.

In traditional GNN, the adjacency matrix that provides the structural
information between nodes is fixed as model input [28]. All structural
information is stored in only one matrix, which is available to all
layers [29]. Specifically, the Graph topological data can be represented
as a set of nodes {v;lv; € V'} and edges {e; le;; € E}, in which v,
denotes a node and e, ; denotes the relation between v; and v;. Define
the adjacency matrix A = {q;;|a;; = ¢;; € R™"}, and v; € R>" then,
the GNN can be represented as

Y = G(Ammean ank) (l)

where 4,,,, denotes the adjacency matrix, W,,, is the matrix of
weight and X5, = [V}, 05, ...,0,]" . The values of the adjacency matrix
are typically either O or 1, representing the absence or presence of

connections between nodes. It should be noted that the correlations
among multi-energy loads are complex and time-varying. This suggests
that one fixed adjacency matrix may be insufficient to represent the
complex and time-varying coupling characteristics. For this problem,
the decomposition-reconstruction framework [24] is a feasible solution,
which addresses the issue of insufficient representation space through
multi-stage modeling. However, the multi-stage approaches are often
overly complex.

Therefore, the MTMs are introduced to construct GNN with multi-
level coupling components, which is more concise than the
decomposition-reconstruction methods. The proposed model can cap-
ture the deep coupling features of multi-energy loads at different
levels of abstraction and enable the task modules to focus on the
temporal features of loads. Specifically, all values in MTMs are trainable
parameters in the range O to 1. Each layer has its task-sharing matrix
at its own level of abstraction as shown in Fig. 1. The parameters in
MTMs are trained along with the other parameters of the model.

For the issue of multi-task balance, the key lies in designing a
balancing algorithm that is tailored to the multi-task model itself. For
the design of the bottom shared layer and the specific task layer, Liu
et al. [30] proposed a simple Dynamic Weight Average (DWA) method
only considering the loss for each task to obtain less training time but
lose important gradient information. Then, Chen et al. [31] proposed
a multi-task gradient balance method to realize the simultaneous op-
timization of multiple tasks. However, our framework consists of the
backbone and MTMs, which differs from the design of the bottom
shared layer and specific task layer. This multi-task balance method
cannot be directly applied.

Therefore, a Gradient-based Balance Method based on MTMs
(GBMM) is proposed to adapt to the above framework. The MTMs
can capture the coupling information among multi-energy loads, so the
gradient of the task weights can be normalized by the average of MTMs
to balance the training of tasks in real-time, thereby achieving better
performance and faster speed of joint forecasting.

3. Proposed framework

This section introduces the proposed framework for multi-energy
load forecasting. Firstly, the model architecture is presented and ex-
plained. Then, the gradient-based balance method for multi-task
weights is proposed for the better training performance.

The joint forecasting model for multi-energy loads is presented in
Fig. 2. The input; consists of the historical /oad; and other auxiliary
data, both of which are normalized. The forecast goal is the load values
for the next one hour. Each module can achieve rapid dissemination
of information by short connections and Layer Normalization (LN) to
promote the training of the network [32]. Multiple forecasting modules
are connected by MTMs to explore the coupling features between multi-
energy loads. Specifically, the backbone of the proposed framework
consists of graph attention, MHA and graph convolution network,
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which can effectively extract the high-dimensional complex features
of multi-energy loads to perform forecasting tasks. Firstly, considering
that attention networks have stronger global feature extraction capa-
bilities [33], the model preliminarily extracts data features through
a two-layer graph attention with short connections. Then, MHA and
graph convolution network with short connections are adopted to cap-
ture abstract features of multi-energy loads. Finally, the Feed Forward
Network (FFN) with short connections is used to enhance the capacity
of nonlinear features and meet the output requirements.

3.1. Graph modules with MTMs

Considering the complex coupling features of multi-energy loads, it
is necessary to expand the coupling feature capacity of the model [23].
Therefore, the multi-level task-sharing matrices are proposed to realize
the joint forecasting of multiple loads. Firstly, the correlation between
multi-energy loads may have different characteristics at different levels
of abstraction, so the model should have sufficient depth and informa-
tion capabilities. Then, the coupling features can be captured separately
at different levels of abstraction. Specifically, the graph attention net-
works and graph convolution network have their own shared matrix
(MTM,, MTM,, MTM ) to fit the coupling features in different
abstract dimensions. Specifically, the Xavier initialization is adopted for
the parameters of MTMs.

3.1.1. Graph attention

This framework has two graph attention modules, which respec-
tively have the adjacency matrices, MTM, and MTM,, as shown
in Fig. 2. The first graph attention is closest to the input data and
thus can capture low-dimensional data features by MT M ,. The sec-
ond graph attention, as an intermediate graph module, can capture
the higher-dimension coupling features by MT M ,. Specifically, when
graph attention aggregates nodes, the importance of different nodes
varies, as shown in Fig. 3. When calculating the representation of each

International Journal of Electrical Power and Energy Systems 172 (2025) 111195
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node in the graph, different weights are assigned based on the features
of nodes as

m

v =0 ,;0,0,xn) ®)
j=0

where v} denotes the updated nodes, «; ; denotes the attention weights,

Q,x, denotes the matrix of weights and «; ; can be calculated by

exP(LeakyRELU([UiQan ” UanXn]))
o=
Y Y exp(LeakyRe LU ([0;Q 1 || 0 Q)

where || denotes the concatenation operation, then, the rest of the
calculations are the same as in Eq. (1). As stated above, graph attention
can measure the importance of different nodes to further enhance the
feature extraction ability of GNN.

3)

3.1.2. Graph convolution

This framework has a graph convolution module with adjacency
matrix MTM_, as shown in Fig. 2. This graph convolution module
is closest to the model output, so the balance of multiple tasks can
calculate the weights based on MT M . The calculation of multi-task
balance is introduced in the next subsection. Specifically, graph con-
volution [34] extends convolution operations from traditional data to
graph data, as shown in Fig. 4. Each layer of a graph convolution
network can be represented as

Y = f(Xoxn> Amxm) C)

where A,,,,, denotes the adjacency matrix in this layer, X,,, denotes
the input, Y denotes the output and f can be calculated by

1 1
f(X,A)=0c(D"2(A+I)D 2 XW) 5)

where W denotes the matrix of weights, I denotes the 1dent1ty matrlx

D denotes the degree matrix of (A + I). In summary, D~ 3 (A+I1)D™ 3
denotes the symmetric normalization matrix of A.

As stated above, by introducing convolution operations, graph con-
volution network can enhance the ability to extract local features and
obtain more complete interactive short-term coupling features. In the
proposed framework, the graph convolution network is placed between
the MHA and FFN to further maintain the connections among multiple
tasks and to provide gradient information for the multi-task balance
algorithm.
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3.2. Gradient-based balance method for multi-task weights

Each forecasting task has different optimization difficulty, so the
typical fixed weight method [17] is not sufficient to balance multiple
tasks. To make each forecasting task benefit from other tasks, it is
necessary to explore the quantitative methods for task difficulties to
balance multiple tasks in real-time during the training process. For
traditional multi-task models, which have the shared layer and specific
task layer, a multi-task balance method is proposed in [31], but it
cannot be simply applied to the proposed GNN framework. Therefore, a
modified gradient-based balance method based on MTMs named GBMM
is proposed to adapt to the proposed GNN framework with MTMs.

Define the loss for task i in rth epoch as L,(¢), then the overall loss
of multiple tasks can be defined as

N
L) = Y, o, ()L;(1) 6

where N denotes the number of tasks and w;(r) denotes the weight of
task i in rth epoch. Our goal is to find the appropriate w;(r) to balance
each task in real-time during the training process.

Different from [31], the shared matrix MT M, are used to provide
gradient information for the multi-task balance. Then, the L, normal-
ization of the gradient of w;(t)L,(t) with respect to MT M is used as an
indicator of task training status, which can be calculated by

Gﬁ;(f) = Vi [wi(I)Li(t)] Il2 7

Then, the gradient loss can be calculated by

Lyrad = \/ PEGHOE % > GO xr )2 ©)
i J
L.
rit) = # 9)
~ 2k L@

where « is an hyperparameter used to set the strength of the multi-
task balance. A larger value for « increases the strength of multi-task
balancing but may lead to convergence issues. Conversely, a smaller «
value results in insufficient multi-task balancing.

In practice, the value of a« was set to 0.25, which achieves the
optimal balance of our multiple tasks. Firstly, the L,,,, is calculate and
the w; is updated. Then, we keep the w; constant and update all the
network parameters. The MT M, is the task-sharing matrix closest to
the model output, containing the coupling information closest to the
task losses, so the gradient of the task weights can be normalized by
MT M, to balance the training of tasks in real-time, thereby improving
the performance and speed of joint forecasting.

International Journal of Electrical Power and Energy Systems 172 (2025) 111195

Table 2
Weather dataset.
Symbol Description
Temperature Air temperature at 2 m height above the earth’s surface

Station pressure
Relative pressure

Atmospheric pressure at weather station level
Atmospheric pressure reduced to mean sea level

Humidity Relative humidity at a height of 2 m above
the earth’s surface
Wind speed Wind speed at a height of 10-12 m above

the earth’s surface

Total cloud cover

Minimum air temperature during the past period (in 12 h)
Maximum air temperature during the past period (in 12 h)
Height of the base of the lowest clouds

Cloud cover
Min temperature
Max temperature
Cloud height

Visibility Horizontal visibility

Dewpoint Dewpoint temperature at a height of 2 m
above the earth’s surface

Precipitation Amount of precipitation

3.3. Multi-head attention

The MHA is the dot-product attention as shown in Fig. 5. Firstly,
apply three row transformations with the same scale to the input data
X separately to obtain Q, K, and V as intermediate variables for the
next step, which can be calculated by

0=W,X
K=wX (10)
V=Ww,X

where W,, Wy and W, are the row transformation matrices for O, K
and V, respectively.
Then, the output of Head; can be calculated as

Head; = Attention (Q, K, V)
<(QW,.Q><KW,.’<>T
=softmax| ——m8 ——

> vw)
o

where W,.Q, WiK and WiV are the column transformation matrices of
0O, K and V in Head;, respectively. Finally, the MultiHead can be
calculated by

1)

MultiHead = Concat (Headl,Headz, ,Headh) wM 12)

where WM is the output matrix. Multi-head attention can combine
information from different representation subspaces, enabling the ex-
traction of more comprehensive features and alleviating the issue of
insufficient attention capacity in one single head.

4. Experiment setup

In this section, the preliminary settings for the case studies, includ-
ing dataset, benchmark models and evaluation criteria, are provided.

4.1. Datasets

4.1.1. Data collection and analysis

The collected dataset includes load and weather data from 2016 to
2020, with an interval of 1 h. The multi-energy load data is collected
from the Tempe campus of Arizona State University, which includes
residential, academic and administration buildings. Electrical load, cold
load and heat load in one week coexist in the campus as shown in Fig.
6, with cold energy carriers and heat energy carriers being cold water
and hot water, respectively. In addition, the cold energy transmission
system has some ice energy storage capacity. The weather data is from
the nearest weather station and includes the elements shown in Table
2.

Then, the correlation of the data is analyzed based on Maximal
Information Coefficient (MIC), which can be used to measure the degree
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of linear or nonlinear correlation between two time series. The MICs
between multi-energy loads and weather information is shown in Fig.
7. Elements with MIC values less than 0.05 are considered irrelevant,
so wind speed, cloud cover, cloud height, visibility and precipitation
are removed. In addition, after adding the timestamp, the feature
dimension of the dataset is 15.

4.1.2. Data preprocessing

The dataset preprocessing consists of four parts: outlier detection,
mean replacement, normalization and segmentation. Firstly, after ob-
taining the data, outliers and missing values are detected and marked.
Then, the mean of the 4-point or 6-point data near the outlier is used to
replace the outlier data. Next, the data of each dimension is normalized
to the range of 0 to 1 respectively. Finally, the dataset is divided into
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a train-validation set and a test set as shown in Fig.8. To avoid the
information leakage of time series data, the 5-fold time series cross-
validation method is adopted to select the hyperparameters of the
models.

4.2. Benchmarks and criteria

Table 3 shows the hyperparameters of the proposed and benchmark
models. In this paper, Regression Forests, BiLSTM [12], RSAE [6], Mul-
tiDeT [21], CNN-LSTM [14] and TLJMD-DOE [24] are considered as
the benchmark models. In addition, the single-task form of BiLSTM [12]
(ST-BiLSTM) and the proposed framework are also considered as the
benchmark models. Regression Forests, as a traditional ensemble fore-
casting method, is a commonly used benchmark model. RSAE [6] is
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Type Model

Parameters

Random Forests

N-estimators: 100

Single-Task ST-BiLSTM

Input-FC: 64
BiLSTM-layers: [64, 64, 64, 64]
Output-FC: 128

ST-GNet

Model dimension: 32
Multi-head: 16
Hidden size: 128
Dropout: 0.1

RSAE [6]

Num of AutoEncoder: 4
Output-FC :128

MultiDeT [21]

Multi-Task

Encoder layer: 4
Decoder layer: 4
Decoder multi-head: 8
Model dimension: 64

MT-BIiLSTM [12]

Input-FCs:64
BiLSTM-layers: [64, 64, 64, 64]
Output-FCs :128

CNN-LSTM [14]

CNN-layers:[64, 64]
CNN-kernel-sizes:3, 5, 7
BiLSTM-layers: [64, 64, 64, 64]

TLJMD-DOE [24]

GRU-layers: [512, 512], [256, 256], [256, 512]
LSTM-layers: [256, 256], [256, 512], [512, 512]
BiLSTM-layers: [256, 256], [256, 256], [512, 512]
TCN-Filter number: 64

TCN-Filter size: 4

MT-GNet (Proposed)

Model dimension:32
Multi-head: 16
Hidden size:128

Dropout:0.1
Training Validation Set Test Set 440
r * ) I~ - 419.34
Bl [ = = 409.06
, 51 a478 20833 '
_ [m— 1 =
- ZZ E, = 400
T —: ‘&
380
qzﬂ § - % % B
9 : :
Training fold Validation fold Model dimension
440
Fig. 8. Datasets.
% o | 41935
e 409.32 409.21
used due to its strong uncertainty capture capability. The parameters cué 404.78 405.64
of MultiDeT, CNN-LSTM and TLJMD-DOE are the same as those in & 400
the original paper. Specifically, the hyperparameters for all models,
including the proposed method and benchmark models, are selected 380
through the same process. Firstly, the search scope of hyperparameters 2 4 8 16 32
: - - . Head number of MHA
is determined. Then, all models adopt the five folds time-series cross
validation method on the training-validation set of Fig. 8 to adjust 440
the hyperparameters and obtain the forecasting results on the test 426.65
set. The training folds consist only of observations that occurred prior S
to the observation that forms the validation folds. Thus, no future = 408.65
observations can be used in constructing the forecast, and information g
leakage of time series data will not happen. The validation loss is E 400

computed by averaging over the validation folds, and this indicator was
used to adjust the model hyper-parameters.

Next, take the model dimension, the head number of MHA and
the neuron number of FFN as examples to illustrate the process of
hyperparameter selection in Figs. 9. When the model dimension is set
to 32, the model exhibits the lowest prediction error. The head number

|

128

Neuron number of feed forward network

B 418.65
408.34 40478 406.65
380 I
16

Fig. 9. RMSE under the different hyperparameters.
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Table 4
RMSE, MAPE and R? of models.
Model Overall Electricity Cold Heat
RMSE MAPE R? RMSE MAPE R? RMSE MAPE R? RMSE MAPE R?
(kW) (%) 1073 kW) (%) (1072 kW) (%) (107 (kW) (%) 1072
Random Forests 668.08 4.18 94.35 652.07 2.37 87.60 1223.98  6.94 97.91 128.18 3.22 97.54
ST-BiLSTM 509.19 3.01 95.19 642.54 2.75 87.96 783.60 3.31 99.14 101.44 2.98 98.46
ST-GNet 453.58 2.74 96.48 531.92 2.03 91.75 726.02 3.09 99.27 102.81 3.11 98.42
RSAE [6] 593.60 3.54 95.05 628.59 2.57 88.48 1042.27 4.79 98.49 109.93 3.27 98.19
MT-BiLSTM [12] 484.29 2.97 96.06 566.63 2.25 90.64 782.21 3.68 99.15 104.04 2.99 98.38
MultiDeT [21] 463.88 2.84 95.68 603.97 2.27 89.36 682.27 3.04 99.35 105.41 3.20 98.34
CNN-BiLSTM [14] 487.05 3.11 96.05 567.32 2.26 90.61 790.99 3.95 99.13 102.85 3.12 98.42
TLJMD-DOE [24] 462.83 2.91 96.13 563.13 2.25 90.75 720.89 3.47 99.28 104.47 3.00 98.37
Proposed 404.78 2.48 96.88 503.15 1.87 92.62 612.23 2.69 99.48 98.95 2.86 98.54
Table 5
Training and testing time of the single-task models.
Model Overall Electricity Cold Heat
Training Testing Training Testing Training Testing Training Testing
Random Forests 1h54m 12s 39 m 4s 36 m 4s 39 m 4s
ST-BiLSTM 6h52m 36 s 2h18 m 12's 2h16 m 12's 2h18 m 12's
ST-GNet 6 h 16 m 36 s 2h 04 m 12 s 2 h 06 m 12 s 2 h 06 m 12's
RSAE [6] 7h 03 m 51s 2h22m 18 s 2h19m 17 s 2h22m 16 s
Table 6 Table 4 and Fig. 10 show the forecasting performance of the proposed
Training and testing time of the multi-task models. model and benchmark models on the test set. From the perspective of
Model Training Testing overall performance, the RMSE, MAPE and R? of the proposed model
MultiDeT [21] 6h35m 14 s are the best, with values of 404.78, 2.48% and 96.88%, respectively.
MT-BiLSTM [12] 7h2lm 14s Moreover, the performance of the multi-task models is generally better
,?II:IJI;I\;I];]“;;EM [[2144;] Z : ig 2 1; : than the single-task models. In the single-task models, the RMSE,
Proposed 3h 49 m 12°s MAPE and R? of ST-GNet are the best, with values of 453.58, 2.74%

of MHA has little impact on model prediction error when it is greater
than or equal to 8. The optimal head number of MHA is 16. The neuron
number of FFN has minimal impact on the model prediction error when
it is greater than or equal to 64. The optimal neuron number of FFN
is 128. Finally, the optimal parameters can be obtained by the grid
search method, as shown in Table 3. For fair comparison, the training
parameters of the benchmark models are consistent with those of the
proposed model in this paper. In addition, the learning rate is 0.001,
the batch size is 64 and the iteration number is 200. All models have
the same input and targets.

In this paper, Root Mean Square Error (RMSE), Mean Absolute
Percentage Error(MAPE) and Coefficient of Determination (R?) are used
to evaluate the model performance as follows.

N
RMSE = | < Y5, - »»? a3
i=1
N
1 YVi—Yi
MAPE = — ; y_,‘ a4
N o 2
i ( i~ ,')
R2=1- Z’}*V'# (15)
E,‘=|(5)_ yi)2

where j; denotes the estimated points, y; denotes the target points, y
denotes the mean of target points and N denotes the number of points.

5. Result analysis

This section introduces the forecasting results, the effect of the
proposed gradient-based balance method and the ablation study.

5.1. Forecasting results

To demonstrate the advantages of the proposed model, a compari-
son of its performance with that of benchmark models is carried out.

and 96.48%, respectively. Moreover, ST-GNet has better prediction
accuracy than MT-BiLSTM, MultiDeT, MT-CNN-BiLSTM and TLJMD-
DOE, which indicates that the proposed MTMs under the single-task
structure can also capture deeper multi-energy coupling characteristics.
In the multi-task models, the RMSE, MAPE and R? of MultiDeT are
better than MT-BIiLSTM and MT-CNN-BiLSTM, with values of 463.88,
2.84% and 95.68%, respectively. This indicates that the attention-based
models have advantages over LSTM-type models. And the RMSE and
R? of TLIMD-DOE are better than MultiDeT, with values of 462.83
and 96.13%, respectively. This indicates that the ensemble models can
take advantage of the strengths of various models. As stated above, the
proposed framework can capture the coupling characteristics of multi-
energy loads by MTMs, which better matches the inherent coupling
features, so that the forecasting of cold load can also benefit from
the forecasting of electricity and heat loads, and thus improve the
forecasting accuracy of all loads.

Table 5 and 6 shows the training and testing time for the proposed
and benchmark models. In the single-task models, Random Forests has
the shortest training time due to its distinctive machine learning archi-
tecture. Furthermore, the training time of most neural network models
is more than 6 h. However, the training time of the proposed model
is only 3 h and 49 min. This is because MTMs can capture coupling
features, enabling the main body of the model to focus on temporal
features. Therefore, the proposed GNN architecture with MTMs has
higher computational efficiency.

To better demonstrate the forecasting performance advantages of
the proposed model, the Diebold-Mariano (DM) test is carried out.
Table 7 shows the DM values and p value for the benchmark models
compared with the proposed model. The DM test can illustrate the
performance gap and the confidence p value of the two forecasting
sequences compared with the true sequences. A negative DM value
indicates that the forecasting of this model is worse than that of the
proposed model. If the p value is less than 0.05, it indicates that
the DM value is reliable. As shown in Table 7, all p values are less
than 0.05, which indicates that the DM values can reliably represent
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Table 7
Diebold-Mariano test compared with the proposed model.
Model Electricity Cold Heat
DM P DM P DM P
Random Forests -14.32 1.78e—-45 -9.57 1.80e-21 -5.14 2.82e-07
ST-BiLSTM -20.37 3.52e-88 -10.64 3.98e-26 -2.78 5.53e-03
ST-GNet -7.98 1.86e—-15 -9.87 9.58e-23 —6.29 3.56e-10
RSAE [6] -16.26 8.76e—58 —20.03 1.84e-85 -9.03 3.28e-19
MT-BiLSTM [12] -14.75 4.37e—48 -13.62 2.23e-41 -3.80 1.50e-04
MultiDeT [21] -13.02 6.43e—-38 -7.01 3.01e-12 -7.04 2.20e-12
CNN-BiLSTM [14] —-14.56 5.97e-47 -14.18 1.15e—-44 -5.20 2.07e-07
TLJMD-DOE [24] —14.46 2.52e—-46 -12.56 1.37e-35 -4.32 1.57e-05
Il [abel N ST-BiLSTM Il RSAE B MultiDeT I TLJMD-DOE
I Random Forests [ ST-GNet I MT-BiLSTM I CNN-BIiLSTM [ Proposed
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Fig. 10. Multi-energy load forecasting results.

the forecasting gaps. Then, all the DM values were negative, which
indicates that the proposed model has the best forecasting performance.

To verify the robustness of the model, the proposed model was
trained five times, and the results were summarized into a box plot
as shown in Fig. 11. The proposed model has good robustness against
the data uncertainty and model uncertainty. As a multi-task model, MT-
BiLSTM, has bigger fluctuations of the RMSE, MAPE and R? than the
proposed model, which indicates that not all multi-task structures can
benefit all tasks, but those that are suitable for the current data features
are.

5.2. Effect of the gradient-based balance method

To verify the effectiveness of the proposed gradient-based balance
method, a comparison is set up between the proposed GBMM method,
DWA method [30] and Fixed Weight (FW) method. Regarding the FW
method, the weights of electricity load, cold load and heat load are
fixed at 0.5, 0.3 and 0.2, respectively.

Table 8 shows the effect of the proposed GBMM method. The multi-
task balance method can enhance the forecasting accuracy of multi-task
models. Specifically, the proposed GBMM method has significant fore-
casting advantages. In terms of cold load forecasting, the performance
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Fig. 11. Distributions of RMSE, MAPE and R? of multi-energy loads.

Table 8
Performance of the FW method, the DWA method and the proposed GBMM method.
Method Overall Electricity Cold Heat
RMSE MAPE RrR? RMSE MAPE RrR? RMSE MAPE RrR? RMSE MAPE R?
(kw) (%) (107 (kW) (%) 10 (kW) (%) 10 (kW) (%) (107
FW 407.93 2.53 96.69 509.17 1.89 92.35 615.26 2.80 99.32 99.35 291 98.41
DWA 406.95 2.50 96.75 508.54 1.89 92.39 613.06 2.73 99.40 99.26 2.89 98.46
GBMM 404.78 2.48 96.88 503.15 1.87 92.62 612.23 2.69 99.48 98.95 2.86 98.54
Loss curves of the GBMM, DWA and FW method Weight curves of GBMM
Son —— Lossl_GBMM 512
—— Loss2_GBMM 2
0.10 y —— Loss3_GBMM
// —:— Lossl_DWA 10
0.08 374 —-— Loss2_DWA Weight!
,/' —:— Loss3_DWA i Weight2
0.06 |t / ---- Lossl_FW Weight3
—-==- Loss2_ FW
0.04 ---- Loss3 FW
0.02
0 20 40 60 80 100 0 20 40 60 80 100
Epoch Epoch
Fig. 12. Losses and weights of multi-task balance methods.
of the two balance methods is not significantly different. It is speculated epoch. As stated above, the proposed multi-task balance method can
that this is because the cold load has strong regularity and has a certain improve the forecasting performance.

ice storage capacity to smooth the load curve. Fig. 12 shows that the
proposed GBMM method can balance multiple forecasting tasks in real- 5.3. Ablation study

time and accelerate the training of models. The weights of the DWA . . . .
To verify the effectiveness of the graph attention, graph convolution

method have no practical significance and thus are not presented. The and MHA, five cases are set up in this subsection as follows.

weight of the electricity load rapidly increases and gradually stabilizes Case 1-NoGA1: Framework without the first graph attention.
at 1.2 over the training epoch. The weights of cold load and heat load Case 2-NoGA2: Framework without the second graph attention.
rapidly decrease and gradually stabilize at 0.6 and 0.4 over the training Case 3-NoGA: Framework without both graph attention.

10
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Fig. 13. RMSE, MAPE and R’ of five cases.

Case 4-NoGC: Framework without graph convolution.

Case 5-NoMHA: Framework without MHA.

In the different cases, all models have been trained for 200 epochs
with the train-validation set, and the forecasting results on the test set
are shown in Figs. 13. The comparison of the results of the five cases
demonstrates the effectiveness of graph attention, graph convolution
and MHA in the proposed framework.

The comparison between Case 1 and Case 2 shows that the low-
dimensional coupling features captured by the first graph attention are
more important than the high-dimensional features captured by the
second graph attention for forecasting performance. In Case 4, due
to the lack of graph convolution, the proposed GBMM algorithm uses
the adjacency matrix of the second graph attention as the base. The
accuracy of Case 4 is lower than that of Case 3, which indicates that
graph convolution has a more significant impact on model performance
than graph attention. The accuracy of Case 5 indicates that the impact
of MHA on the forecasting performance is slightly smaller than that of
the graph attention modules. The proposed model has higher accuracy
compared with other cases, which indicates that all load forecasting
benefit from the joint forecasting of multiple loads. Specifically, the
forecasting of the cold load and heat load of the proposed model is
improved the most compared with other cases. This suggests that the
cold load and heat load benefit the most from the joint forecasting of
multiple loads.

6. Conclusion

This paper proposes a novel multi-energy load forecasting frame-
work, which first introduces the multi-level task-sharing matrices,
equipping GNN with multi-level coupling components to capture deep
coupling features between different types of loads at different levels of
abstraction. The graph attention and graph convolution further expand
the representational space of coupling features, so that Multi-Head
Attention (MHA) can focus on capturing the temporal characteristics of
individual loads. Then, a gradient-based balance method for multiple
tasks is proposed for the above framework to achieve the best perfor-
mance of joint forecasting. Case studies run on a publicly available
dataset demonstrate that the proposed model has superior performance
than benchmark models for the forecasting of multi-energy loads.

Optimal multi-task structures and balance methods to best match
the inherent coupling regularities of multi-energy loads will be our next
topic of interest for our research.
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