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Accurate urban load demand forecasting is critical for the economic dispatch and reliable operation of power
systems. However, urban load forecasting remains challenging because forecasting models must extract re-
liable representations from entangled multi-scale dynamics, temporal semantic dependencies, and complex
spatiotemporal correlations. To address these issues, this paper proposes a mode-decomposition-based se-
mantic fusion network with graph-guided spatial attention (MDSFGA) for urban load demand forecasting.
Specifically, a multi-scale spatiotemporal encoder is developed to decompose historical observations into
globally frequency-consistent mode components across spatial nodes and to construct corresponding spa-
tiotemporal representations through branch-wise feature extraction and an adaptive mode feature fusion
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module. Within this encoder, a semantic-aware temporal extractor incorporates temporal semantic context
into recurrent dependency modeling. At the same time, a graph-guided spatial attention module combines
mode-specific graph priors with spatial self-attention to jointly model local structural constraints and glob-
al spatial dependencies. Experiments on four public load datasets demonstrate that MDSFGA outperforms
representative baselines. Notably, MDSFGA achieves a MAPE of 15.65% on the CELP-VA dataset, with a
7.83% improvement compared with the second-best baseline.

KEYWORDS: Urban load demand forecasting; Spatiotemporal representation learning; Multivariate varia-
tional mode decomposition; Graph-guided spatial attention

Introduction

With the advancement of smart grids, load demand
forecasting has garnered significant attention in
recent years [45]. Load demand forecasting re-
flects variations in power supply and demand and
facilitates the formulation of rational generation
and transmission plans, enabling more efficient re-
al-time power dispatch [43]. Accurate load demand
forecasting helps ensure the stability and reliability
of power systems while reducing generation costs.

Early studies mainly relied on traditional statistical
and machine learning approaches [7, 14, 18]. However,
these methods are typically based on linear assump-
tions or require handcrafted features, which may con-
strain their forecasting accuracy. In contrast, deep
learning models can automatically extract salient fea-
tures from raw data, avoiding potential biases intro-
duced by manual feature engineering [1, 33]. In prac-
tice, electricity consumption nodes within the same
community often exhibit similar load patterns due
to shared weather conditions, geographical proximi-
ty, holiday schedules, and electricity pricing policies
[45]. Motivated by this observation, some studies have
combined convolutional neural networks (CNNs)
and recurrent neural networks (RNNs) to capture
spatiotemporal dependency patterns in the data [15,
21, 36]. However, electricity consumption nodes in
urban systems are typically distributed across irreg-
ular spatial layouts rather than regular grids, making
CNN-based approaches less effective for modeling
such spatial relationships. Consequently, subsequent
studies have integrated temporal modeling methods
with graph neural networks (GNNs), leading to the
emergence of spatiotemporal graph neural networks
(STGNNSs) [2, 20, 39]. These models capture spatio-
temporal dynamics through message-passing mecha-
nisms. Inaddition, some studies have employed atten-

tion mechanisms to model spatial relationships [22,
23]. Collectively, these approaches can better exploit
spatiotemporal dependencies, enabling more precise
forecasting. Despite the notable progress of recent
methods, the following three challenges remain:

First, urban load series usually exhibit long-term
trends, periodic variations, and high-frequency fluc-
tuations simultaneously. Since these patterns are en-
tangled across different temporal scales, direct encod-
ing of raw sequences often makes it difficult for deep
models to identify the dominant dynamics [47]. Ex-
isting studies have attempted to alleviate this issue by
constructing multi-scale representations in the time
domain [25, 27, 35, 40] or by introducing time-fre-
quency analysis techniques [11, 38, 46]. However,
these methods are primarily designed for individual
spatial nodes and are less suitable for urban systems
characterized by coupled multi-node dynamics.

Second, urban load demand is not determined solely
by historical observations. Temporal semantic fac-
tors, such as time of day and day of the week, play an
important role in reflecting load dynamics. Relying
only on historical observations makes it difficult to
adequately characterize regular patterns such as in-
traday peaks and weekday-weekend differences [31].
Although many temporal modeling methods learn
sequential dependencies effectively, the explicit in-
tegration of temporal semantic context into depen-
dency modeling remains insufficiently explored.

Third, spatial correlations among nodes are highly
complex [32]. For instance, the temporary closure
of acommercial complex may lead to increased elec-
tricity demand in proximal and functionally related
stores. Recent studies have adopted dynamic graph-
based GNN approaches [17, 19] or spatial attention
mechanisms [22, 23]. However, GNN-based meth-
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ods tend to rely heavily on local graph structures
and may overlook global correlations, whereas at-
tention-based methods may aggregate information
from irrelevant nodes. Balancing local structural
constraints with global dependency aggregation re-
mains a challenging problem.

To address the above issues, this paper proposes a
mode-decomposition-based semantic fusion net-
work with graph-guided spatial attention (MDSF-
GA) for urban load demand forecasting. The pro-
posed model is built upon an encoder-decoder
architecture and is designed to learn robust spa-
tiotemporal representations for direct multi-step
forecasting. Specifically, MDSFGA incorporates a
multi-scale spatiotemporal encoder (MSTE), which
employs multivariate variational mode decomposi-
tion (MVMD) to decouple historical observations
into multi-scale spatiotemporal mode components
with globally consistent frequencies across spatial
nodes. By combining a multi-branch network with
an adaptive mode feature fusion module, MSTE mit-
igates representation ambiguity caused by entan-
gled multi-scale patterns and provides multi-scale
features for prediction. Within this encoder, each
branch consists of a cascaded semantic-aware tem-
poral extractor (SATE) and a graph-guided spatial
attention (GSA) module. SATE incorporates tempo-
ral semantic information into temporal dependen-
cy modeling through a fusion-gated recurrent unit,
enhancing the representation of intraday and in-
traweek load regularities. GSA combines correlation
graph priors derived from mode components with
spatial self-attention to jointly model local structur-
al constraints and global dependency aggregation.
The main contributions are summarized as follows:

- We address the limitations of node-wise multi-
scale modeling by developing a globally consistent
spatiotemporal encoding scheme that decouples
entangled dynamics across spatial nodes.

- We design a semantic-aware temporal extractor
with fusion-gated recurrent units that explicitly
incorporates time-of-day and day-of-week cues
into temporal dependency learning.

- We propose a graph-guided spatial attention
module that integrates mode-specific correlation
priors with spatial self-attention to jointly model
local structural constraints and global spatial
dependencies.
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2. Related Work

Load demand forecasting has been a subject of ex-
tensive research over the past decades. Early studies
typically relied on traditional statistical or machine
learning methods, such as the Auto-Regressive Inte-
grated Moving Average (ARIMA) model [18], Vector
Auto-Regression (VAR) [14], or Support Vector Re-
gression (SVR) [7]. These approaches generally de-
pend on linear assumptions or handcrafted feature
engineering, which limit their ability to capture the
intrinsic nonlinear characteristics of the data [28]. In
contrast to conventional machine learning methods,
deep learning models can automatically extract com-
plex features from large-scale datasets, demonstrat-
ing superior representation and modeling capabilities
[1]. For temporal dependency modeling, deep learning
hasprimarily evolved along three representative tech-
nical paradigms. The first is based on Temporal Con-
volutional Networks (TCNSs) [3], which utilize dilated
causal convolutions to expand the receptive field and
efficiently capture local temporal patterns. The sec-
ond paradigm consists of Recurrent Neural Networks
(RNNs) [21], which model sequential dependencies
through recurrent mechanisms. The third paradigm
is built upon self-attention architectures, typified by
the Transformer [33], which explores global temporal
dependencies and demonstrates pronounced advan-
tages in modeling long-range interactions.

As urban load infrastructures represent complex
spatiotemporal systems composed of multiple func-
tional regions with strong inter-regional interac-
tions, conventional models often struggle to char-
acterize their underlying patterns. Consequently,
recent research on urban load forecasting has grad-
ually shifted from purely temporal modeling toward
the joint exploration of multi-scale temporal dynam-
ics and spatiotemporal dependencies.

2.1. Temporal Multi-scale Modeling

The evolution patterns of spatiotemporal data are
inherently multi-scale. While fine-grained scales
capture transient fluctuations within the system,
coarse-grained scales are more effective in uncover-
ing macroscopic periodicities or long-term trends.
Consequently, an in-depth exploration of these
multi-scale dynamic characteristics is widely re-
garded as a critical avenue for enhancing forecast-
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ing performance [12]. Current methods typically
process raw sequences directly in the time domain
to construct multi-scale representations. Specif-
ically, MICN [35] employs a multi-scale average
pooling module to separate trend and seasonal com-
ponents. Building upon similar decomposition prin-
ciples, LSTNN [34] introduces down-sampling and
patched sampling strategies to fit these components
separately, enhancing accuracy by modeling them
independently before aggregation in the output lay-
er. To further leverage multi-resolution information,
TimeMixer [37] utilizes bottom-up and top-down
mixing strategies on subseries. Other approaches,
such as PatchTST [25], segment time series into
local patches and leverage temporal attention to
explore inter-patch correlations. Furthermore, ST-
Norm [8] facilitates feature extraction by integrat-
ing temporal and spatial normalization into deep
residual architectures, explicitly isolating high-fre-
quency signals and local spatial variations.

Beyond time-domain processing, other approach-
es project time series into the frequency domain to
reveal their inherent multi-scale structures. For in-
stance, TimesNet [38] reconfigures one-dimension-
al sequences into two-dimensional tensors via the
Discrete Fourier Transform (DFT), capturing vari-
ations both within and across periods. StemGNN
[4] combines the Graph Fourier Transform with the
DFT to capture spatial correlations and periodic
features simultaneously. To better handle non-sta-
tionary signals, STWave [11] utilizes the multi-lev-
el Discrete Wavelet Transform (DWT) to decou-
ple series into trend and event components, while
WPMixer [24] assigns these wavelet components
to resolution-specific branches. Moving beyond
fixed-basis transforms, Variational Mode Decompo-
sition (VMD) [10] offers an adaptive mechanism to
decompose series into multiple mode components
across different frequency bands. Recent works like
TF-VMD [6] and VMD-ConvTSMixer [46] have suc-
cessfully combined VMD with self-attention and
multi-scale convolutions to achieve fine-grained
spatiotemporal feature extraction.

Despite these advancements, two limitations per-
sist in the context of urban load forecasting. First,
most decomposition-based methods decouple each
node independently, which may lead to inconsistent
frequency representations across the urban system,
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weakening system-level spatiotemporal modeling.
Second, existing methods primarily focus on pattern
decomposition or frequency transformation, while
the explicit integration of temporal semantic context
into dependency modeling remains relatively under-
explored. Given that urban load dynamics are heavily
influenced by semantic cues, there is a clear need to
jointly consider globally consistent multi-scale ex-
traction and semantic-aware temporal modeling.

2.2. Spatiotemporal Dependency Modeling

Spatial dependency refers to the intricate interde-
pendencies among disparate spatial nodes. Tradi-
tional studies characterize these relationships using
predefined graph structures, typically constructed
based on geographical distance [42] or Dynamic
Time Warping (DTW) similarity [13] to capture stat-
ic spatial correlations. To move beyond fixed topol-
ogies, data-driven approaches have been developed
to infer latent spatial dependencies during training.
For instance, AGCRN [2] generates node-adaptive
parameters to construct customized graphs, while
GWNet [39] integrates alearnable adaptive adjacen-
cy matrix with bidirectional diffusion graph convo-
lutions and stacked dilated causal convolutions to
jointly model spatial and temporal dynamics.

However, urban systems are inherently dynamic,
where transient events can sharply escalate local
loads and alter the underlying patterns of the elec-
tricity supply network. Static graphs often lack the
flexibility to capture such evolving spatiotemporal
relationships. To circumvent the rigidity of static
representations, recent research has transitioned
toward dynamic graph modeling. DGCRN [19] incor-
porates a hypernetwork into a Gated Recurrent Unit
(GRU) to generate time-varying adjacency matrices,
which are fused with static graphs for fine-grained
modeling. Similarly, Auto-DSTSGN [17] utilizes an
automated search mechanism to identify optimal
combinations of spatial graphs, while GDGCN [41]
employs a tensor-based constructor to learn inter-
val-specific dependencies. Furthermore, ASTGCN
[16] leverages a dot-product attention mechanism
to compute spatial correlation matrices from input
features, dynamically adjusting the adjacency ma-
trix within the graph convolution framework.

Despite these advancements, significant challenges
persist. Message-passing-based GNNs typically rely
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on local graph structures and often require multiple
stacked layers to expand the receptive field, which
increases computational overhead and may lead to
over-smoothing issues [9]. In contrast, attention
mechanisms provide a natural global receptive field,
enabling the effective capture of long-range depen-
dencies. Consequently, these mechanisms have been
widely adopted to learn complex spatial correla-
tions, as seen in architectures like STAEformer [22]
and iTransformer [23], which apply Transformer
layers across the spatial dimension. However, purely
attention-based methods may inadvertently aggre-
gate information from irrelevant nodes. This under-
scores the need for a mechanism capable of jointly
exploiting local constraints and global dependency
aggregation for accurate urban load forecasting.

3. Problem Definition

An urban load system comprising multiple ener-
gy-consuming nodes can be characterized as a spatio-
temporal system. Given a historical input window, we
denote the multi-node load observation sequence as
XeR™N where T, is the look-back horizon and N rep-
resents the number of spatial nodes. In addition to the
historical load values, we introduce the correspond-
ing temporal semantic information S€R""% to de-
scribe the semantic context associated with the input

Figure 1
The overall framework of the proposed MDSFGA.

MSTE: Multi-scale Spatiotemporal Encoder
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window. In this work, S is derived from timestamps
which include hour-of-day and day-of-week informa-
tion to represent intraday and intraweek regularities.

The urban load demand forecasting task is formulat-
ed as learning a mapping function f;:(X,S)— Y, where
YER”*N denotes the predicted future load demand
over the forecasting horizon 7.

4. Methodology

As illustrated in Figure 1, MDSFGA employs an
encoder-decoder architecture comprising a multi-
scale spatiotemporal encoder (MSTE) and a light-
weight MLP-based decoder that maps integrated
representations to multi-step outputs. The MSTE
serves as the core representation learning module
and is structured into three sequential procedures.
First, it applies mode decomposition with globally
consistent frequencies across spatial nodes to de-
couple the historical observations Xinto multi-scale
spatiotemporal mode components{U}¥, mitigat-
ing the representation ambiguity arising from en-
tangled multi-scale dynamics. Second, these mode
components are processed by a multi-branch spa-
tiotemporal feature extraction architecture. Within
each branch, a cascaded semantic-aware temporal
extractor (SATE) and a graph-guided spatial at-
tention (GSA) module function as the core feature

Multi-branch Network
)/\

Spatiotemporal Feature
Extractor

—>| Semantic Embedding |
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SATE: Semantic-Aware Temporal Extractor

GSA: Graph-guided Spatial Attention module
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extractors, facilitating the integration of temporal
semantic context into dependency modeling while
jointly capturing local structural constraints and
global spatial dependencies. Third, the branch-
wise features {Z}KX 6 are adaptively aggregated by
the adaptive mode feature fusion (AMFF) module,
which prevents the dominance of any single mode
and generates a robust spatiotemporal representa-
tion. Ultimately, the spatiotemporal features Z, are
decoded into the final prediction results through a
lightweight MLP decoder.

4.1. Multi-scale Spatiotemporal Encoder

Urban load dynamics are shaped by regular patterns
across multiple temporal scales. The effective sep-
aration of these dominant patterns is essential for
accurate forecasting [12]. Unlike existing multi-
scale methods that typically decompose or process
each node sequence independently [11, 24, 37],
the proposed multi-scale spatiotemporal encoder
(MSTE) emphasizes globally consistent decomposi-
tion across spatial nodes. This approach enables the
construction of multi-scale representations at the
system level rather than merely at the node level. To
this end, MSTE is structured into three sequential
stages: (1) globally consistent mode decomposition,
(2) multi-branch spatiotemporal feature extraction,
and (3) adaptive mode feature fusion.

Firstly, if mode decomposition is performed inde-
pendently for each spatial node, the same mode may
correspond to disparate central frequencies across
nodes due to local distribution variations. Such in-
consistency weakens the alignment of multi-scale
representations at the system level and constrains
the efficacy of spatiotemporal modeling. To address
this issue, MSTE incorporates multivariate varia-
tional mode decomposition (MVMD) [29] to enforce
frequency alignment across spatial nodes during the
decomposition process.

Specifically, after obtaining the node-wise center
frequencies and amplitude spectra at the (m+1)-th
ADMM iteration, MVMD performs a cross-node fre-
quency alignment step:

N () ~(i)
2ici D mt1 ‘uk,m+1
O 1 = ’ @
, 2
g\i ﬁ(t)
i=1"k,m+1
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: 2
where ‘ﬁfiﬂ +1‘ denotes the amplitude spectrum of

the k-th mode at node i. This operation aligns the
center frequency of corresponding modes across dif-
ferent spatial nodes based on their spectral energy
distribution, enhancing the global consistency of the
decomposed mode components.

The globally consistent decomposition process can
be concisely expressed as:

(U]7U29"'9UK)=MVMDspa(Xa K)) (2)

where K denotes the predefined number of decompo-
sition modes. Each mode component U,€R""¥ char-
acterizes system dynamics at a specific frequency o,.

In implementation, MVMD is applied at the in-
put-window level rather than being precomputed
over the whole time series. Each forecasting sample
with the historical window W, =[t—-T,+1,...,t—1,{] is
independently decomposed into mode components.
This decomposition process only uses the obser-
vations within the look-back horizon 7). The same
window-level decomposition protocol is consistent-
ly adopted during training, validation, and testing,
ensuring that the mode components are generated
without using future information.

Secondly, MSTE adopts a multi-branch spatiotem-
poral feature extraction strategy. This architecture
allows the model to encode heterogeneous dynamics
at different temporal scales in separate representa-
tion subspaces, precluding premature feature mix-
ing. The process is formulated as:

Z, =FE(U.:6,). @)

where FE,(-) denotes the spatiotemporal feature
extractor of the k-th branch, comprising a cascaded
SATE and a GSA module. 0, are parameters in this
extractor. Z, € RV“is the latent representation.

Finally, given that mode features contribute unequal-
ly to the forecasting task, MSTE employs an adaptive
mode feature fusion (AMFF) module to consolidate
branch-wise representations. A simplistic averaging
strategy implicitly assumes equal importance for all
mode components, which may attenuate discrimina-
tive information from more informative frequency
branches. Conversely, direct concatenation increases
the computational load on the decoder and may intro-
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Figure 2

Tllustration of the Adaptive Mode Feature Fusion (AMFF)
module.
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duce redundant mode information. To mitigate these
issues, AMFF determines a feature-dependent im-
portance score for each mode-specific branch repre-
sentation via alearnable nonlinear mapping function,
as demonstrated in Figure 2.

Specifically, for each node n, the fusion weight of the
i-th mode is adaptively generated from the current
branch feature. Let z{” be the feature vector, the fu-
sion process is defined as:

wgn) = b} tanh <FC<z§n)>> @

exp ( w(.”)>
(n) !
7

s —_— (5)
! K (n)
=1 €Xp ( w; )

K

zi:l) = Z yi(n) zgn) , (6)
i=1

where beRd is a learnable parameter vector. The
fused representation Z,ERNM is then fed into the
MLP decoder for direct multi-step forecasting.

4.2. Semantic-aware Temporal Extractor

Urban load dynamics are shaped not only by his-
torical observations but also by temporal semantic
context, such as intraday and intraweek regularities.
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Consequently, effective temporal dependency mod-
eling should account for semantic cues, rather than
relying exclusively on numerical historical values.

Specifically, the semantic input used in SATE is de-
rived from the timestamp of each historical time
step. For a given time step 7, we first extract its hour-
of-day index and day-of-week index. SATE intro-
duces learnable hourly embedding vectors T7eR**
and daily embedding vectors T°€R7*%. The semantic
embedding s, is constructed by concatenating the
hourly embedding 77, the daily embedding 7°, and a
learnable node identifier E:

5, = Concat(E,TH,TD) . @)

These embeddings are jointly optimized during train-
ing to capture latent intraday and intraweek regulari-
ties. Therefore, the semantic input construction only
involves timestamp parsing and embedding lookup.
The resulting semantic representation encodes intra-
day and intraweek temporal regularities while retain-
ing node-level contextual heterogeneity.

Conventional GRU-based sequence modeling propa-
gates temporal dependencies through hidden states.
However, GRU lacks the mechanism for explicitly
differentiating how temporal semantic contexts in-
fluence the current update. To address this limita-
tion, SATE introduces a fusion-gated recurrent unit
(FGRU), as illustrated in Figure 3, where the seman-
tic embedding is transformed into a gating signal
and subsequently used to modulate historical mem-
ory before recurrent update decisions are finalized.
Specifically, given the semantic embedding, a gate
signal is first derived as:

Figure 3
Structure of the Fusion-Gated Recurrent Unit (FGRU).
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s=oc(W,s,.+b,) (8)

G(hk’f_l;s) = hk,T—l [0 (9)

where Odenotes the Hadamard product, o(-) rep-
resents the sigmoid activation function. The semantic
context is utilized to selectively emphasize the histor-
ical information most relevant to the current temporal
condition. The semantically filtered historical state is
then employed to compute the reset and update gates:

r=o([u G (hyror3s)|W, +b,) (10)

2= 0([ue NG (hyemris) W2 +b2), (1)

where || denotes concatenation, u, , is the current input
of'the k-th mode. Consequently, the gate computation is
no longer contingent solely on the raw historical state,
but rather on semantically filtered memory that is cog-
nizant of the current temporal context. Moreover, the
FGRU defines a reset-modulated historical state as:

H(hy, p3s.r)=[1-s)0h | Or, (12)

where (1-5)O#, ., represents the information not di-
rectly emphasized by the semantic gate but remains
potentially relevant for capturing transient temporal
variations. Based on this state, the candidate hidden
state and the updated hidden state are computed as:

n' = tanh([uy || H (hy,_y;5.7)|W +b) (13)

hk,T = (1 - Z) © hk,‘r—l +z0 h’ . (14)

As aresult, temporal dependencies are encoded in a
context-aware manner rather than through conven-
tional hidden-state recursion alone. The recursive
temporal encoding process of SATE can be summa-
rized as:

Hk,‘r = FGRU(Uk,'WHk,‘r—l’S‘r;ka)’ @15)

where H, is the updated hidden state. The initial
state H,, is defined as a zero tensor. To enhance
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generalization and computational efficiency, SATE
shares the parameters H,d across all spatial nodes.

4 3. Graph-guided Spatial Attention Module

While spatial self-attention inherently provides a
global receptive field for modeling long-range in-
teractions, it may inadvertently aggregate spurious
information from irrelevant nodes in the absence of
structural constraints. To mitigate this limitation,
we propose a graph-guided spatial attention (GSA)
module, as illustrated in Figure 4. The central prem-
ise is to construct a dynamic mode-specific correla-
tion graph before each mode component and subse-
quently utilize this to guide the spatial self-attention
mechanism. This design facilitates the joint model-
ing of local structural constraints and global depen-
dency aggregation. The GSA module involves two
synergistic stages: correlation graph construction
and graph-guided attention aggregation.

To characterize local structural correlations among
spatialnodes, we employ the Pearson correlation coeffi-
cient (PCC) [30] to quantify pairwise similarity within
each mode. Notably, the graph prior is constructed not
from the raw mixed sequences but from the mode com-
ponent U, of the current historical input window W,
Since the mode component represents a band-limited
signal centered around a specific frequency, computing
the PCC on this component reflects mode-specific syn-
chronous fluctuations while mitigating the sensitivity
of correlation estimation to transient outliers. As such,
for each forecasting sample and each mode, GSA gen-
erates a corresponding dynamic mode-specific graph
prior 4,. The PCC graph is defined as:

Figure 4
Illustration of the Graph-guided Spatial Attention (GSA)
module.
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where (" and 1) denote the mean values of the mode
component. In urban load forecasting, positive
correlations usually indicate synchronous fluctu-
ations, shared demand patterns, or similar tempo-
ral consumption regularities among nodes. In con-
trast, negative correlations may reflect opposite
variation trends; directly using them as attention
priors may guide the model to aggregate inconsis-
tent information. Therefore, we retain positive and
sufficiently strong correlations to provide reliable
structural constraints for spatial information ag-
gregation. A threshold €, is applied to sparsify the
graph topology:

> (16

k.o ok
af‘(j —Jrip if rij >‘ec an
0, otherwise
k k
0 aj . AN
k k
A =| % 0 I 18)
Kk T
ant 9z 0

where 4,€RY" serves as the mode-specific graph
prior. The graph is recomputed for each input win-
dow and each mode during both training and infer-
ence. Subsequently, GSA combines the correlation
graph with spatial self-attention.

Formally, node features are linearly projected to
obtain the query (Q), key (K), and value (V) repre-
sentations:

KT
M, = Softmax (Q\/_ o Ak> (20)
d

Z,=LN(MV +H,), @1

where M,eR™" denotes the graph-guided atten-
tion matrix, Layer normalization (LN) and residual
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connections are employed to stabilize training. The
self-attention mechanism captures deep semantic
dependencies among node features. By modulating
spatial self-attention with 4,, the model preserves
the global receptive field of self-attention while in-
troducing local structural constraints derived from
mode-specific synchronous load variations.

4.4, Prediction Decoder

Rather than utilizing recursive decoding, the pro-
posed framework adopts a direct multi-step fore-
casting strategy to mitigate error accumulation as
the forecasting horizon extends. To derive future
load demand predictions from the fused spatiotem-
poral representation Z, we employ a lightweight
MLP-based decoder as the prediction head. The de-
coding process is formulated as:

Z,=GELU(FC(Z,_)) + Z;_, 22)

Y = Linear(Z,), (23)

where L denotes the number of decoder layers and
GELU() represents the Gaussian Error Linear Unit
activation function.

5. Experiments and Analysis
5.1. Datasets and Metrics

We evaluate the proposed model on four public Com-
mercial Electric Load Profiles (CELP) datasets [26],
specifically covering Virginia (VA), Vermont (VT),
Washington (WA), and West Virginia (WV). The key
characteristics are summarized in Table 1.

Table 1
Summary statistics of the datasets.
Datasets VA vT WA wv
Nodes 182 52 377 143
Time Range 2012/1/1-2012/12/31
Sampling Rate 1hour
Time Steps 8760
Unit kWh
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According to the metadata provided with the CELP
datasets, each node corresponds to a load profile as-
sociated with a specific electricity-consuming en-
tity. Therefore, the spatial correlations considered
in this work refer to interdependencies among load
nodes with different consumption patterns, building
functions, human activity rhythms, and regional us-
age characteristics.

Forecasting performance is assessed using three
widely adopted metrics: Mean Absolute Error
(MAE), Root Mean Square Error (RMSE), and Mean
Absolute Percentage Error (MAPE). Lower values
signify superior forecasting performance. They are
defined as follows:

1 A
MAE = — A A (24)
1 N
RMSE = \/ﬁ > (-, (@5)
Ym - Ym

1 M on
MAPE = — Zm=1 % 100% , (26)

Ym

where M denotes the total number of evaluation
samples, while ¥, and Y, represent the model pre-
diction and ground-truth, respectively.

Each dataset is partitioned into training, validation,
and test sets at a ratio of 7:1:2. All input sequenc-
es are standardized via Z-score normalization. To
avoid information leakage, the mean and standard
deviation are calculated only from the training set
and then applied to the validation and test sets. After
forecasting, the predicted values are inverse-trans-
formed to the original scale before computing MAE,
RMSE, and MAPE.

5.2.Baselines

To comprehensively evaluate the effectiveness of
MDSFGA, we compare it against 16 representative
forecasting methods across five categories: Tra-
ditional methods (SARIMA and LSTM), GNN-
based methods (StemGNN[4], STGCN[42], AG-
CRN[2] and GWNet[39]), Transformer-based
methods (PatchTST[25], iTransformer[23] and
STAEformer[22]), MLP-based methods (STID[31]
and BLSTF[5]), Decomposition-based methods

2026/3/55

(DLinear[44], STNorm[8], TimeMixer[37], ST-
Wave[1l] and WPMixer[24]). All baseline models
are implemented using the hyperparameter settings
recommended in their original papers to ensure a
fair comparison.

5.3. Implementation Details

The primary hyperparameters for the proposed
MDSFGA are summarized in Table 2. MDSFGA is
implemented in PyTorch 2.0.0. The L1 loss is em-
ployed as the training objective. All computations
are conducted on an NVIDIA GeForce RTX 3080
GPU with CUDA 12.2.

Table 2
Main hyperparameter settings of MDSFGA.
Hyperparameter Value
Number of decomposition modes K 4
Encoder hidden dimension d 96
Semantic embedding dimension d, 4
Threshold of the PCC graph O, 0.6
Decoder MLP layers L 5
Dropout rate 0.1
Learning rate 0.001
Batch size 64
Epoch number 100
Optimizer Adam

All preprocessing and auxiliary computations are per-
formed consistently across the training, validation,
and test stages. For each forecasting sample, MVMD
is applied only to the current historical input window
to generate the mode components, without accessing
the future forecasting horizon. Based on these win-
dow-level mode components, the PCC graph in GSA
is recomputed for each sample and each mode.

5.4. Performance Comparison Analysis

Multi-step load forecasting was first conducted with
the horizon T, set to 24 for all compared methods.
To account for stochasticity, each experiment was
repeated five times, and the average values of each
evaluation metric are reported in Table 3.
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Table 3
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Performance comparison of various models on the CELP datasets, where the best and second-best results are highlighted

in bold and underlined, respectively.

Dataset CELP-VA CELP-VT CELP-WA CELP-WV
Metrics MAE RMSE MAPE MAE @ RMSE MAPE | MAE RMSE MAPE | MAE RMSE MAPE
SARIMA 108.54 | 301.61 @ 30.13 | 14968 | 380.08 @ 3865 | 94.51 | 31964 3105 | 124.35 34368 | 3248
LSTM 92.31 | 23968 | 26.99 | 121.64 H 330.53 @ 3155 | 82.96 25394 | 2672 | 102.69 | 29513 | 2846
DLinear 9347 | 24385 | 23.66 | 120.86 | 31873 | 26.03 | 80.99 ' 230.54 1935 | 99.67 | 28766 | 23.95
StemGNN 91.56 | 25819 @ 2941 | 12209 35616 @ 3594 | 8181 26548 2783 | 106.36  300.17 | 32.70
STGCN 83.82 | 242.65 2462 | 10678 | 305.56 | 2891 | 72.89 | 23747 2350 @ 96.68 | 28166 | 2575
AGCRN 83.58 | 260.98 | 2444 | 110.88 | 330.92 | 29.52 | 6327 | 23199 1985 | 92,59 | 290.39 | 2141
PatchTST 7948 | 21250 2074 | 103.86 | 27535 @ 2389 | 6745 |200.03 1746 | 92.53 | 24703 | 21.24
WPMixer 78.87 | 21041 | 20.37 | 101.83 H 27551 | 2316 | 6921 ' 202.16 | 1751 | 9825 | 256.89 @ 22.51
TimeMixer 7641 | 20973 | 19.35 | 9801 | 274.81 | 22.50 | 61.61 | 19726 | 14.94 | 9014 | 249.09 | 1977
iTransformer | 73.93 | 212.81 1923 | 9375 | 26524 | 21.32 | 65.34 23217 1556 & 94.98 | 25897 2154
STNorm 7547 | 22441 2142 | 9883 | 29441 2538 | 6325 22472 1940 | 9153 | 282.05 2378
GWNet 6949 | 21616 | 20.36 | 91.93 | 291.89 | 24.36 | 61.28 ' 228.56 1848 | 8569 | 27278 | 22.65
STID 68.94 | 18870 | 18.28 | 8517 | 22791 | 1936 | 5795 ' 181.94 1458 | 79.82 | 222.50 | 1869
STWave 7075 | 18614 @ 1918 | 9788 | 24431 2306 | 5563 | 170.28 | 1629 | 7949 | 21883 | 19.27
STAEformer 65.95 | 190.85 1703 | 80.39 | 22493 1790 | 4757 |162.37 1290 & 7396 | 22446 | 16.97
BLSTF 6447 | 18476 | 1698 | 7949 & 21876 | 1755 | 4702 | 16177 | 12.59 | 7342 | 220.31 @ 16.54
MDSFGA(ours) | 59.80 173.94 15.65 74.48 206.92 16.72 | 46.52 157.48| 12.28 @ 71.97 212.58 16.36

The experimental results show that MDSFGA
achieves the best overall performance across the
evaluated CELP datasets. Specifically, compared
with the second-best results on each dataset,
MDSFGA reduces MAPE by 7.83%, 4.73%, 2.46%,
and 1.09% on CELP-VA, CELP-VT, CELP-WA, and
CELP-WYV, respectively. These results indicate that
MDSFGA can more effectively characterize com-
plex spatiotemporal evolution patterns involved in
urban load demand forecasting under the 24-step
forecasting horizon setting. A closer examination
of the comparative results yields the following ob-
servations:

1 Comparison with decomposition-based methods:
MDSFGA achieves better performance than rep-
resentative decomposition-based forecasting
methods, such as STWave and TimeMixer. This

suggests that, compared with conventional node-
wise decomposition strategies, the proposed
globally consistent multi-scale representation
mechanism helps construct more coherent and
discriminative spatiotemporal features.

2 Comparison with GNNs and Transformer-based
methods: MDSFGA achieves better forecasting
performance than GNN-based methods (e.g., ST-
GCN and GWNet) as well as Transformer-based
architectures (e.g., iTransformer and STAEform-
er). These results suggest that relying solely on
local graph propagation or global attention may be
insufficient for modeling complex urban spatial de-
pendencies. In contrast, combining local structur-
al constraints with global dependency aggregation
appears to be more effective for spatial modeling in
this forecasting setting.
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Figure 5

Performance comparison under different prediction horizons. Subplots (a)-(d) illustrate the performance of the models
across four datasets.
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3 Comparison with MLP-based methods: This per-
formance gain may be attributed to the decou-
pling of multi-frequency dynamic patterns before
prediction. The learned spatiotemporal represen-
tations provide a more informative feature ba-
sis for the lightweight MLP decoder, supporting
more accurate forecasting outputs.

To further evaluate the performance of the proposed
framework across different forecasting horizons, we
conduct comparative experiments with lengths of 6,
12, and 24. The performance comparisons against
representative baseline models are reported in Fig-
ure 5(a)-(d).

The results across varying forecasting horizons sug-
gest that MDSFGA maintains relatively stable per-
formance as the forecasting horizon extends. While
forecasting complexity increases for all compared
methods as the horizon expands from 6 to 24, the pro-
posed framework exhibits a comparatively stable error
growth trajectory across different datasets. This indi-
cates that the learned spatiotemporal representations
provide a robust foundation for multi-step forecasting.

Specifically, under the 6-step forecasting horizon
setting, MDSFGA achieves the lowest MAE on the
CELP-VA, CELP-VT, and CELP-WV datasets. On
CELP-WA, it attains the lowest RMSE and remains
highly competitive in terms of MAE and MAPE. As
the horizon extends to 12 and 24, MDSFGA outper-
forms representative baselines in most scenarios.
For instance, on the CELP-VT dataset at a 24-step
forecasting horizon setting, the MAE of MDSFGA
is lower than that of GWNet, STWave, and BLSTF.
These results suggest that the proposed method can
maintain relatively stable spatiotemporal represen-
tations across extended forecasting spans.

To further evaluate the computational efficiency of
MDSFGA, we select CELP-VT and CELP-WA for
comparison, as they feature the smallest (52) and
largest (877) node counts among the four datasets,
respectively. For several representative baseline
models, we report both the floating-point operations
(FLOPs) and parameter counts. As illustrated in Fig-
ure 6(a)-(b), the vertical axis represents the MAE
under the 24-step forecasting horizon setting, the
horizontal axis shows FLOPs on alogarithmic scale,
and the bubble size represents the parameter count.

Interms of neural network inference cost, the FLOPs
of MDSFGA are 6.6x10”on CELP-VT, which is lower
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Figure 6

Comparison of model efficiency on (a) CELP-VT and (b)
CELP-WA. The bubble size qualitatively indicates the
parameter scale.
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than those of computationally intensive baselines
such as PatchTST and STAEformer. When evalu-
ated on CELP-WA, the FLOPs increase to 5.1x108
while remaining within a moderate range. Compared
with STID, which exhibits low model complexity but
considerably weaker forecasting accuracy, MDSF-
GA provides stronger predictive performance. Fur-
thermore, in contrast to STAEformer, MDSFGA
maintains competitive accuracy with a lower com-
putational burden. Compared with the strongest
competing baseline, BLSTF, MDSFGA achieves a
lower MAE on CELP-VT while maintaining lower
FLOPs, indicating a favorable efficiency-perfor-
mance balance. Overall, these results suggest that
MDSFGA delivers improved forecasting accuracy
without requiring a large number of parameters or
high computational overhead.
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5.5. Visualization Analysis

Figure 7

Visualization of prediction results and ground truth from
CELP-VT. Subplot (a) and (b) illustrate model prediction
on two random select nodes, respectively.
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(a) Visualization of prediction results
and ground truth at Node 21.
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(b) Visualization of prediction results
and ground truth at Node 43.

Figure 8

To provide a qualitative assessment of how the pro-
posed framework captures temporal semantic con-
text, we select two nodes (21 and 43) from the CELP-
VT dataset. The displayed time steps are selected
from a prediction segment in the test set, and the
predicted trajectories are compared with the corre-
sponding ground truth, as shown in Figure 7(a)-(b).
The predicted curves generally follow the daily load
fluctuations of both nodes, capturing typical peak
and trough patterns. Together with the weekday and
weekend annotations in the figure, the visualization
suggests that MDSFGA captures some differences
in temporal consumption patterns across weekdays
and weekends, in addition to short-term numerical
variations. This provides qualitative support for the
role of timestamp-derived semantic cues in helping
SATE capture intraday and intraweek regularities.

To further examine the internal spatial modeling dy-
namics of MDSFGA, we visualize the attention maps
generated by the GSA module at arandomly selected
time step on the CELP-VT dataset, as shown in Fig-
ure 8(a)-(d).

The four subplots are arranged in ascending order
of frequency. In each attention map, both the hor-
izontal and vertical axes represent spatial nodes,
and the node order follows the metadata-based
ordering used in the dataset. Each row indicates
the attention distribution from one source node to
other target nodes, and darker colors correspond to
larger attention weights.

At the low-frequency scale, the attention pattern is
relatively homogeneous, suggesting that spatial nodes

Visualization of the attention maps M, generated by the GSA modules on CELP-VT with K=4. Subplots (a) to (d) are

arranged in ascending order of frequency.
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may share broader long-term variations. At medi-
um-frequency scales, more concentrated patterns can
be observed, indicating stronger dependencies among
certain groups of nodes. At the high-frequency scale,
the attention map becomes more localized, which
may correspond to short-term fluctuations affecting
a smaller subset of nodes. Overall, this visualization
provides qualitative support for the ability of the pro-
posed multi-scale decomposition and graph-guided
spatial attention mechanism to characterize spatial
dependency patterns with different granularities
across frequency branches.

5.6. Ablation Study

To quantitatively evaluate the contribution of each
core component, we design several ablation variants
and evaluate them on the CELP-VT and CELP-WA
datasets. The ablation variants are defined as follows:

2026/3/55

1 w/ VMD: Replaces the globally consistent MVMD
with independent node-wise VMD.

2 w/o MD: Removes the mode decomposition strat-
egy and extracts features directly from the raw
sequences.

3 w/o AMFF: Replaces the adaptive mode fea-
ture fusion module with simple averaging across
mode-specific branch features.

4 w/o SATE: Removes external temporal semantic
information, degenerating the temporal extractor
into a standard GRU.

5 w/o GSA: Replaces the graph-guided spatial atten-
tion module with standard spatial self-attention.

Figure 9(a)-(b) shows that removing multi-scale
decomposition (w/o MD) or replacing MVMD with
independent node-wise decomposition (w/ VMD)
leads to a decline in forecasting accuracy. As sug-

Figure ©
Performance comparison of ablation variants. Subplot (a) and (b) illustrate ablation results on CELP-VT and CELP-WA,
respectively.
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gested by the attention-map visualization in Figure
8(a)-(d), different frequency bands exhibit distinct
spatial patterns. Without global consistency, the fre-
quency-specific components may not be effectively
aligned across spatial nodes, which can weaken sys-
tem-level spatiotemporal representation learning.
These results support the effectiveness of globally
consistent multi-scale decomposition in MDSFGA.

The comparison with the w/o AMFF variant further
shows the contribution of adaptive mode feature fu-
sion. When AMFTF is replaced with simple averaging,
the model treats all mode-specific branch features
as equally important. This fixed averaging strategy
cannot adjust the contribution of different frequency
branches according to node-level and input-depen-
dent feature variations. In contrast, AMFF assigns
feature-dependent fusion weights to different modes,
enabling the model to emphasize more discrimina-
tive mode representations for each input. The perfor-
mance gap between MDSFGA and w/o AMFF variant
suggests that adaptive mode fusion contributes to
more effective multi-scale representation aggregation.

Moreover, when the model lacks temporal semantic
context (w/o SATE), the forecasting performance
deteriorates. Without semantic-aware temporal
encoding, the model is less capable of distinguish-
ing intraday dynamics and weekday-weekend vari-
ations than the complete MDSFGA. These results
support the effectiveness of explicitly incorporating
timestamp-derived semantic context into temporal
dependency modeling. Finally, when the graph pri-
or constraint is removed (w/o GSA), the forecast-
ing performance also declines. This suggests that,
without the PCC-based dynamic correlation graph
derived from mode components, pure spatial self-at-
tention may be more prone to aggregating redundant
or irrelevant node information, weakening the repre-
sentation of intrinsic spatiotemporal dependencies.

To further examine the influence of different simi-
larity measures on graph-guided spatial attention,
we conduct an additional comparison on CELP-VT
and CELP-WA. The model variants are as follows:

1 The self-attention variant is identical to the w/o
GSA setting in the ablation study.

2 The soft-DTW-based variant transforms the pair-
wise soft-DTW distance into a similarity score with-
in [0,1] using an RBF kernel, and the same threshold-
ing method is applied to sparsify the graph prior.
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3 The MI-based variant uses mutual information
scores to generate graph-prior weights, and only
scores larger than the threshold are retained.

4 The PCC-based variant corresponds to the com-
plete MDSFGA, where positive Pearson correla-
tions larger than the threshold are used to con-
struct the dynamic mode-specific graph prior.

The results are summarized in Table 4. Compared
with the w/o GSA variant, all similarity-guided vari-
ants achieve lower forecasting errors on both data-
sets, suggesting that introducing a graph prior can
provide useful structural constraints for spatial at-
tention. Among the alternative similarity measures,
the soft-DTW-based variant performs competitive-
ly, especially on CELP-VT, where it obtains a slight-
ly lower MAPE than MDSFGA. This suggests that
shape-based similarity can capture the node-pair
relationships. However, soft-DTW requires a rela-
tively large amount of computation. The MI-based
variant also improves over the w/o GSA variant, sug-
gesting that nonlinear dependency information can
be useful, although its estimation may be less stable
under limited input-window samples.

Table 4

Impact of different similarity measurement methods on
forecasting performance.

Dataset CELP-VT

Metrics MAE RMSE MAPE
Self-attention (w/o GSA) 78.62 21342 | 1798
soft-DTW + Attention 7479 | 206.93 | 16.52
MI + Attention 7549 | 20821 | 17.36
PCC + Attention (MDSFGA) | 74.48 | 206.92 | 16.72

Dataset CELP-WA
Self-attention (w/o GSA) 4773 159.71 1273
soft-DTW + Attention 46.64 158.01 | 12.35
MI + Attention 4701 | 15829 @ 1243
PCC + Attention (MDSFGA) = 46.52 | 157.48 | 12.28

Overall, MDSFGA achieves the lowest MAE and
RMSE on CELP-VT and the best results across all
three metrics on CELP-WA. These results suggest
that PCC is a simple and effective choice for measur-
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ing synchronous fluctuations within the same mod-
al frequency band. By combining PCC-based graph
priors with spatial self-attention, MDSFGA can help
preserve local structural constraints while allowing
global dependency aggregation, achieving a favor-
able balance between graph-guided regularization
and flexible spatial modeling.

5.7. Hyperparameter Sensitivity

To assess the sensitivity of MDSFGA to key hyper-
parameters, we investigate the influence of the num-
ber of decomposition modes and the threshold for
PCC-based graph construction on forecasting per-
formance.

As illustrated in Figure 10, the forecasting perfor-
mance follows a trajectory of rapid gains followed
by gradual saturation as K increases. Specifical-
ly, as it increases from 1 to 4, all three metrics de-
cline substantially and consistently. This suggests
that multi-scale mode decomposition can help
separate mode patterns distributed across differ-
ent frequency bands, reducing feature extraction

Figure 10
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complexity and improving spatiotemporal repre-
sentation quality. When K greater than 4, the per-
formance gains become marginal, whereas the pa-
rameter count scales linearly with the number of
mode branches.

The threshold 0‘0 governs the sparsity of the PCC-
based correlation graph in the GSA module, deter-
mining which node pairs are retained as structural
priors based on their fluctuation similarities. As
shown in Figure 11, the model attains peak per-
formance on both datasets when c lies within the
range of 0.6 to 0.7. If €_is set too low, the construct-
ed graph may introduce excessive redundant con-
nections among less relevant nodes, potentially
incorporating spurious noise during feature ag-
gregation. Conversely, if €, is set too high, the PCC
graph becomes overly sparse, which may lead to the
loss of essential spatial dependencies.

5.8. Generalization Validation

To further evaluate the general spatiotemporal
forecasting ability of MDSFGA beyond urban load

Impact of the number of decomposition modes on forecasting performance.
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Table 5

Statistics of the generalization validation dataset and 12-

step forecasting performance.
Dataset PEMS-BAY

Time Range 2017.01-2017.05

Sampling Rate 5 min
Nodes 325
Unit km/h
Metrics MAE RMSE MAPE
StemGNN 2.57 5.88 6.55
STGCN 2.01 4.56 474
AGCRN 1.99 4.64 472
PatchTST 2.01 4.65 4.81
STNorm 1.96 470 470
GWNet 2.02 470 4.85
STWave 191 4.36 448
STID 1.89 440 447
STAEformer 1.90 431 444
TimeMixer 191 4.36 446
iTransformer 1.90 4.33 443
WPMixer 191 4.35 448
BLSTF 1.88 4.30 442
MDSFGA(ours) 1.83 4.25 4.32

datasets, we conduct an additional cross-domain
validation on PEMS-BAY, which is used here to ex-
amine whether the proposed spatiotemporal mod-
eling mechanism remains effective. The statistics
of PEMS-BAY and the one-hour forecasting results
are reported in Table 5. MDSFGA achieves the low-
est MAE, RMSE, and MAPE among the compared
methods. Compared with the strongest compet-
ing baseline, BLSTF, MDSFGA reduces MAE from
1.88 to 1.83, RMSE from 4.30 to 4.25, and MAPE
from 4.42 to 4.32. It also outperforms other recent
spatiotemporal forecasting models such as STAE-
former, STID, STWave, iTransformer, and WPMix-
er. These results suggest that the combination of
mode decomposition, semantic temporal modeling,
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and graph-guided spatial attention may also provide
useful spatiotemporal representations in a cross-do-
main multi-node forecasting task.

6. Conclusion

We propose MDSFGA, an encoder-decoder net-
work for urban load demand forecasting. The pro-
posed multi-scale spatiotemporal encoder (MSTE)
decouples historical observations into globally
frequency-consistent mode components across
spatial nodes, facilitating the construction of spa-
tiotemporal representations through branch-wise
feature extraction and adaptive fusion. Within this
framework, the semantic-aware temporal encoder
(SATE) incorporates temporal semantic context
into recurrent dependency modeling to strengthen
the representation of intraday and intraweek load
regularities. Simultaneously, the graph-guided spa-
tial attention (GSA) module combines mode-spe-
cific graph priors with spatial self-attention to
jointly model local structural constraints and glob-
al spatial dependencies. Experiments suggest the
effectiveness and efficiency of MDSFGA.

Despite these encouraging results, several limita-
tions and practical applicability conditions should be
noted. The current MDSFGA mainly relies on multi-
node historical load observations and timestamp-de-
rived semantic information, such as hour-of-day and
day-of-week cues. It does not explicitly incorporate
richer exogenous variables, such as meteorological
variables, electricity pricing, social events, or holiday
indicators. Therefore, the proposed model is most
suitable for scenarios where multi-node historical
load data are sufficiently available, timestamps are
reliable, and the forecasting task mainly depends on
historical consumption regularities and spatiotem-
poral correlations among nodes. In more complex ur-
ban energy systems where abrupt external events or
weather-sensitive demand changes play a major role,
incorporating additional exogenous variables may
further improve forecasting robustness.

Several avenues remain for future research. First, as
the performance of the multi-scale encoder depends
partly on the predefined number of decomposition
modes, developing more adaptive or automated de-
composition strategies could further enhance the
flexibility across different scenarios. Second, the



Information Technology and Control

design of semantic embeddings can be extended be-
yond timestamp cues by integrating meteorological
conditions, electricity pricing, social events, and oth-
er context-aware variables. Such extensions may fur-
ther improve the practical applicability of MDSFGA
in complex power-system forecasting environments.
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