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Abstract—Accurate forecasting of electricity demand is a core
component of the modern electricity infrastructure. Several
approaches exist that tackle this problem by exploiting modern
deep learning tools. However, most previous works focus on
predicting the total load as a univariate time series forecasting
task, ignoring all fine-grained information captured by the
smart meters distributed across the power grid. We introduce
a methodology to account for this information in the graph
neural network framework. In particular, we consider spatio-
temporal graphs where each node is associated with the aggregate
load of a cluster of smart meters, and a global graph-level
attribute indicates the total load on the grid. We propose two
novel spatio-temporal graph neural network models to process
this representation and take advantage of both the finer-grained
information and the relationships existing between the different
clusters of meters. We compare these models on a widely used,
openly available, benchmark against a competitive baseline which
only accounts for the total load profile. Within these settings,
we show that the proposed methodology improves forecasting
accuracy.

Index Terms—Spatio-Temporal Graph Neural Network, Smart
Grid, Electric Load Forecasting

I. INTRODUCTION

Efficient production, distribution, and management of elec-
tricity play a vital role in our modern society, especially
considering the growing trend in global electricity demand and
the strong correlation between electricity usage and economic
growth [1], [2]. The ability to accurately forecast future elec-
tricity demand is a crucial component for many areas within
the electric power industry: it allows companies to guarantee a
more efficient distribution of electricity to end users, helps in
devising more effective pricing strategies, and provides support
for scheduling grid maintenance operations [3]–[5]. Most
research efforts aim at devising methods for accurately predict-
ing the total electric power consumption over a time horizon
ranging from a few hours to a few days, a problem typically
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referred to as Short-Term (total) Load Forecasting (STLF). In
recent years, in particular, there has been considerable interest
in using Deep Learning (DL) methods to tackle this task [6]–
[8]. Modern smart grids have brought several innovations to
traditional power grids, including the deployment of extensive
smart metering infrastructures that gather fine-grained infor-
mation about power grid usage [5]. Despite the availability of
this large amount of high-resolution data, most DL methods
for total load forecasting make predictions based only on
the historical values of the total load, modeling the problem
as a univariate time series forecasting task and ignoring all
additional information coming from meters. Approaches that
leverage this information do exist, but they mostly focus
on making predictions at the level of individual meters or
households [9]. Fig. 1 summarizes the different approaches
that one might consider: while the aforementioned methods
fall within the class of models shown in the first and second
column, respectively, there is a third option. In fact, the class
of models shown in the third column (f3) exploits both global
and fine-grained information to make predictions. We focus
on architectures within this class.

In this paper, we exploit graph processing tools and modern
Graph Neural Networks (GNNs) to take advantage of data
captured by smart meters in combination with previous values
of the total load to achieve accurate load forecasts. In fact, it is
worth mentioning that in realistic settings the total aggregate
load differs from the simple sum of loads relative to the single
smart meters due to partial grid coverage and transportation
losses. The aim of this work is, then, to propose novel GNN
architectures tailored to aggregate load forecasting, as well
as to investigate a methodology to learn from high-resolution
data to assess if any improvements in total load forecasting
are attainable. To this end, we propose to model input data
as a Graph Time Series, where nodes are associated with
time series coming from smart meters and a global graph-level
attribute accounts for the total load time series. In this setting,
the total load forecasting problem is formulated as the task
of making predictions for future values of this global graph-
level attribute. Within this framework, we propose two novel
spatio-temporal graph neural networks (STGNNs), namely
Global Graph WaveNet and Global Temporal Graph Attention
Network, based on state-of-the-art methods and techniques that
emerged in the STGNNs literature [10], [11]. In particular,
both models account for global graph-level attributes – a



Fig. 1. Three load forecasting archetypes. Model f1 predicts the total load as
a single time series problem. Model f2 uses the multiple time series from the
smart meters to make predictions at the individual level. Model f3 instead
uses the loads of individual meters as additional input data to forecast the
aggregate load.

novel contribution in these settings – and their architecture is
formalized within the flexible Graph Network framework [12].
As a further novel investigation, we propose, instead of relying
on the erratic load associated with every single meter, to adopt
a cluster-based approach [13] where each node corresponds
to a cluster-level aggregate. Besides the advantage of dealing
with smoother signals instead of raw data, clustering allows
scaling the method to settings characterized by a huge number
of smart meters, which is the typical condition in modern smart
grids. Finally, we evaluate the proposed solution on an openly
available benchmark, where our approach is compared against
a sensible baseline that models the problem of aggregate
load forecasting within a univariate time series forecasting
framework.

The paper is organized as follows. Section 2 covers related
works, while Section 3 provides the necessary preliminaries
and a formalization of the problem. Then, in Section 4, we
present the proposed approach and discuss the design princi-
ples underlying the overall architecture. We show experimental
results in Section 5, and, finally, draw our conclusions in
Section 6.

II. RELATED WORKS

There is a large literature studying the application of
modern DL methods for time series forecasting (TSF) [14]
in the context of STLF. These include Long Short-Term
Memory networks (LSTM) [6], [15]–[17], Convolutional
Neural Networks (CNNs) [7], [8], [18], [19], Sequence-to-
Sequence (Seq2Seq) architectures and even attention-based
neural networks [20]. Notably, Gasparin at al. [21] carry out a
comprehensive study comparing several of these architectures
on electric load datasets. Empirical results show that for the
total load forecasting task, LSTMs achieve the best results,
closely followed by Seq2Seq models and Temporal Convolu-
tional Networks (TCNs). The study concludes that, given their
effectiveness and the little attention that TCNs have received in
STLF [7], [22], [23], they constitute a very promising research
direction.

Concerning STLF at the smart meter level, most approaches
have focused on forecasting the load profile of each meter

independently of the others, i.e., by modeling only temporal
relationships within each time series and failing to consider
relationships among them [24], [25], even if there is plenty
of evidence that these relationships do matter [13], [26], [27].
Recently, however, STGNNs have been exploited to model
spatio-temporal relationships within multivariate time series
by looking at these data from the graph-processing perspective
[10], [11], [28]–[30]. In particular, STGNNs have been used
to forecast electric load of residential houses [9], [31] and
to impute missing data in energy consumption patterns [30],
[32].

Among methods related to our work, Cini et al. [13] propose
a novel approach based on multitask learning for cluster-
based aggregate forecasting, which is the task of predicting the
aggregated load of a set of meters taking as inputs cluster-level
aggregates of load profiles. As already mentioned, two notable
benefits of cluster-based forecasting are: (i) scalability to
large datasets with thousands of meters and (ii) reduced
volatility of the time series. The model proposed in [13]
can implicitly learn spatial relationships between clusters,
however, it does not make use of graph processing tools in
the forecasting architecture. To the best of our knowledge,
our approach is the first attempt to exploit the effectiveness
of graph neural networks in dealing with spatio-temporal data
for aggregate load forecasting by leveraging a total load time
series together with cluster-level load profiles. In this regard,
we further stress that in realistic settings not all components
that contribute to the total load are measured and, thus, taking
into account only information coming from available meters
is not enough.

III. PRELIMINARIES

A. Problem formulation

We model the multiple time series captured by the N smart
meters in the grid and the one corresponding to the total load
(measured upstream by the energy provider) as a Graph Time
Series and represent it as a sequence G of graph snapshots Gt

at discrete time intervals t, i.e., G = {Gt}t. Each graph Gt

is defined as a triplet Gt = (Xt, At, ut), where Xt ∈ RN is
a node attribute vector, such that Xt,i is the load measured
by the i-th node (meter) at t-th time step. At ∈ RN×N is
a weighted adjacency matrix defining relationships between
each pair of nodes (i, j). This matrix is assumed to be latent
and not known a priori. Finally, the global attribute ut ∈ R
corresponds to the total load at time t. Given this formulation,
the task of learning a predictor of the total load for the next
H time steps, with H being the forecasting horizon, given the
values of node and global attributes for the last T time steps
can be framed as learning a model

ŷt:t+H = f (Xt−T :t, ut−T :t; Θ) (1)

where Θ are the model parameters and ŷt:t+H are the pre-
dictions for the ground truth values of the global attribute for
the next H time steps, i.e., yt:t+H = ut:t+H . The shorthand
notation ab:c is used to compactly refer to the sequence of



values ab+1, . . . , ac, that is, the lower extreme is excluded,
while the upper one is included.

B. The Graph Network Framework

Next, we briefly review the Graph Network (GN) frame-
work [12] as it serves both as an introduction to a wide
range of Graph Neural Networks [33] and as a conceptual
framework for the proposed models. A GN is formalized as a
composition of several blocks. Each block is implemented by
a set of differentiable functions mapping a set of input nodes,
edges, and global attributes to their corresponding updated
representations. In particular, the block is defined by six
functions, three for updating node, edge and global attributes,
ϕv , ϕe and ϕu respectively, one propagation function from
nodes to edges, ρv→e and two additional propagation functions
from nodes and edges to global attributes, ρv→u and ρe→u.
Many GNNs can be modeled as an instance of this general
model. We refer to the original paper for more details. This
framework can be extended to Spatio-Temporal GNNs by
letting the inputs and outputs of the GN block have an
additional temporal dimension (or a memory state) on which
the ϕ and ρ functions can operate. In our context, the set of
vertex attributes V corresponds to the node attributes Xt:T ,
while we do not consider edge attributes.

C. Clustering

As previously mentioned, time series associated with smart
meters are not used directly but are first aggregated into
clusters. We adopt the technique proposed in [13] to compute
the cluster assignments: (1) we compute a N × N similarity
matrix between meters, (2) build a k-nearest neighbor graph
out of this matrix, and (3) perform spectral clustering on
the graph to compute cluster assignments. In particular, the
similarity between each pair of nodes i and j is computed as
the correntropy [34] on the weekly load profiles of the nodes:

simi,j =
1

Nweeks

Nweeks∑
w=1

1

2πσ
e
−
(

X
(w)
i

−X
(w)
j

2σ2

)
(2)

where X
(w)
i are load measurements corresponding to w-th

week for the i-th meter and σ is a hyperparameter controlling
the width of the kernel.

We indicate as D = {x1, . . . , xN} the original dataset with
xi being the time series recorded by the i-th smart meter. Then,
we define partitions Sk as the set of meters IDs assigned to the
k-th of K clusters produced by the aforementioned clustering
algorithm. Finally, we obtain the new dataset of cluster-level
aggregates D = {x′

1, . . . , x
′
K} as

x′
k =

∑
i∈Sk

xi. (3)

As already mentioned, cluster-level aggregates are used to train
the models and make predictions.

Note that while the clustering procedure has a cubic com-
putational cost, it only has to be performed once.

D. Exogenous variables

We consider exogenous variables consisting of time of the
day, day of the week, and whether the current day is a
national holiday or not and collectively denote them as uexg

t .
Each node-level and graph-level time series is conditioned on
these variables independently before any graph convolution.
To do so, we use a trainable conditional block that takes
the unconditioned time series xt−T :t (e.g., for one meter),
where T indicates the window length, and the exogenous
variables at the same time steps and outputs a C-dimensional
embedding zt−T :t. In particular, the conditional block is based
on [22] and works as follows: two gated TCNs [10] process
in parallel uexg

t−T :t and xt−T :t resulting in two C-dimensional
intermediate representations for each time step, these are then
further processed with 1 × 1 convolutional filters and finally
added together resulting in the conditioned input time series
zt−T :t. Residual connections between input and (intermediate)
output representations can be added to facilitate gradient flow
and prevent temporal smoothing of features. The result of this
sequence of operations is embedded node and global attributes
Zx,t−T :t and Zu,t−T :t, respectively, which are the actual inputs
given to predictors. Note that the weights of the conditional
blocks are learned end-to-end together with the predictor and
that these weights are shared among nodes.

IV. PROPOSED ARCHITECTURES

Since the proposed models share some of their components,
we start by describing those.

A. General Framework

Both the proposed spatio-temporal GNNs have an encoder-
decoder architecture where the encoder first extracts a C-
dimensional feature vector for both global attributes, Zenc

u ∈
RT×C , and nodes, Zenc

x ∈ RT×N×C which are then used
by the decoder as inputs to make the predictions. In par-
ticular, a global decoder is responsible for forecasting the
total load yt:t+H from Zenc

u , while a node decoder outputs
node-level predictions that are useful for defining auxiliary
training objectives. The encoder is a stack of L identical
layers, where each l-th layer can be framed as a GN block
implementing the ϕv , ρv→u and ϕu functions, taking as
input the residual node and global features extracted by the
previous layer, Z̃(l−1)

x and Z̃
(l−1)
u respectively, and computing

the updated representations Z
(l)
x and Z

(l)
u . These are added

back with the layer inputs through residual connections and
then fed in the next layers; we indicate the features after the
residual connection as Z̃(l)

x and Z̃
(l)
u . The final representations,

Zenc
x and Zenc

u , are instead obtained by WaveNet-style skip
connections coming from each one of the previous layers (e.g.,
see Fig. 2).

The decoder is implemented by exploiting the popular
softmax attention mechanism, akin to the one introduced
by the Transformer architecture [20]. In particular, the H-
dimensional intermediate features for the global decoder,



Zdec
u are computed as a weighted sum of features Zenc

u at each
time step as:

Zdec
u = W atnZenc

u (4)

W atn = Softmax

(
QWQ

(
KWK

)
√
Datn

)
(5)

where W atn ∈ RH×T are the attention weights (note that
H refers to the forecasting horizon) and WQ ∈ Rdexg×datn

and WK ∈ Rdexg×datn are trainable weights used to project
Q and K, respectively. Queries and keys are given by the
exogenous variables corresponding, respectively, to the future
H time steps and to the previous T time steps:

Qτ = uexg
τ τ = t+ 1, . . . , t+H (6)

Kτ = uexg
τ τ = t− T + 1, . . . , t (7)

Finally, the total load forecasts ŷt:t+H are computed by
feeding Zdec

u to a Feed-Forward Neural Network (FFNN),
i.e., a nonlinear readout, which computes predictions for
each time step independently by using shared parameters.
The node decoder is implemented analogously, with its own
encoder-decoder attention layer and FFNN processing each
node independently.

The Global Graph WaveNet and Global Temporal Graph
Attention Network, however, differ in how the ϕv , ρv→u

and ϕu of each encoder layer is implemented, in the next
subsections, we look at these modules.

B. Global Graph WaveNet

The l-th encoder layer of Global Graph WaveNet (GGWN)
extracts features coming from input node residuals Z̃

(l−1)
x

akin to Graph WaveNet [10]. First, inputs are processed
along the temporal dimension by a gated TCN [10], which
extracts intermediate hidden representations H

(l)
x , then these

are processed along the spatial axis by a graph convolutional
filter [11] using a learned adjacency matrix A(l) defining the
diffusion process between nodes and producing the updated
node features Z

(l)
x . Analytically, this corresponds to:

H(l)
x = tanh

(
W

(l)
T ,1 ∗T Z̃(l−1)

x

)
⊙ σ

(
W

(l)
T ,2 ∗T Z̃(l−1)

x

)
(8)

Z(l)
x =

K∑
k=1

A(l)kH(l)
x W

(l)
S (9)

with WT being the gated TCN weights, ∗T the temporal
convolution operator, σ the sigmoid function and WS being
the weights for the diffusion convolutional operator of order
K. Notably, differently from Graph WaveNet, here no fixed
adjacency matrix is used; more on this in the experimental sec-
tion. This sequence of operations implements the ϕv module
for GGWN, as shown in Fig. 2.

To exploit node features extracted in Z
(l)
x to improve the

global time series predictions, we implement the ρv→u module
as a learnable global pooling layer, collapsing the spatial
dimension to produce a global representation H

(l)
u ∈ RT×C .

This is achieved through a weighted sum of Z(l)
x ∈ RT×N×C

across the spatial dimension defined as:

H(u)
u =

N∑
i=1

W
(l)
gp,iZx, i

(l) (10)

W (l)
gp = Softmax

(
W (l)

)
(11)

where the pooling weights W (l) ∈ RN are trainable param-
eters for the l-th layer, allowing each layer to learn different
scores for the nodes when aggregating them.

Finally, the pooled node features are combined with the
global features computed by the previous layer, Z̃(l−1)

u , into
the final global features H

(l)
u,x by means of a simple concate-

nation over the channel dimension:

H(l)
u,x = Z̃(l−1)

u ∥H(l)
u (12)

and then fed into a gated TCN which acts as ϕu module and
computes updated global features Z

(l)
u .

Fig. 2. The Global Graph WaveNet model architecture. Each encoder layer
is a GN block where ϕv is implemented as a Graph WaveNet layer, ρv→u

is a trainable global pooling operator and ϕu is a simple gated TCN (GTC).

C. Global Temporal Graph Attention Network

The architecture of the Global Temporal Graph Attention
Network (GTGAN) differs from that of GGWN only for
the ϕv and ϕu modules in the encoder layers, which in
the case of GTGAN are implemented as a combination of
multiple attention mechanisms. In particular, GTGAN com-
putes messages exchanged in the propagation layer with a
spatio-temporal attention mechanism, where a multilayer per-
ceptron (MLP) computes attention scores by taking as input
flattened subsequences. The overall architecture is shown in
Fig. 3. The ϕv module learns input node representations along
the temporal dimension by using a gated TCN analogously to
GGWN. However, as already mentioned, it exploits a different
mechanism to propagate information spatially among nodes
based on message passing and attention. For the sake of clarity,
this sequence of operations is described here at the node level.



Fig. 3. The architecture of the Global Temporal Graph Attention Network.
Node features are updated through a gated-TCN and a message-passing
operation (ϕv), then pooled together using a weighted sum controlled by
a self-attention mechanism (ρv→u) and finally combined with the global
attribute and fed to another gated-TCN extracting the new global features
(ϕu).

For each couple of i-th and j-th nodes, the l-th layer computes
an attention weight vector α(l)

ij ∈ RT by feeding concatenated
node features through an MLP, denoted as MLPatn:

C
(l)
(i,j) = H

(l)
x,i∥H

(l)
x,j (13)

αij = σ
(
MLPatn

(
t-flatten

(
C

(l)
(i,j)

)))
, (14)

where H
(l)
x,i ∈ RT×C are the temporal features extracted by the

TCN for the i-th node, C
(l)
(i,j) are the concatenated features

of nodes i and j and σ is the sigmoid activation function.
In particular, the temporal dimension of the concatenated
features C

(l)
(i,j) is flattened before feeding them to the MLP

and recovered after the nonlinearity, that is, MLPatn is a
mapping RT ·2·C → RT . The aggregate message directed to
node i, denoted as M

(l)
i , is computed as a weighted sum of

the features of all nodes in the graph (self loops included) with
weights determined by the α

(l)
i,j coefficients and an additional

set of weights w
(l)
i,j ∈ R given by the node-wise softmax of

a learned weighted adjacency matrix A(l) (which increases
sparsity), such that:

M
(l)
i =

∑
i,j

w
(l)
i,jα

(l)
i,j ⊙H

(l)
x,i (15)

Note that the scalar w(l)
i,j captures static relationships between

nodes, while the vector α
(l)
i,j can learn different relationships

at different time steps. The idea of combining a static message
weighting mechanism with a dynamical one was inspired
by [35]. The representation for the i-th node is then updated

Fig. 4. Forward and backward activation paths for one encoder layer of
the proposed models. The gradient back-propagated from ϕu is stopped
before reaching ϕv . Gradients coming from successive layers are omitted
for simplicity.

by another MLP, denoted as MLPx:

Z
(l)
x,i = MLPx

(
H

(l)
x,i∥M

(l)
i

)
(16)

Regarding the ρv→u propagation function, global features
extracted from nodes, H(l)

u , are again obtained as a weighted
sum of updated node features Z

(l)
x , however, in the case

of GTGAN, weights are computed using an attention-based
approach:

w
(l)
i = σ

(
MLPgp(Z

(l)
x,i)
)

(17)

H(l)
u =

N∑
i=1

w
(l)
i Z

(l)
x,i (18)

where Z
(l)
x,i are the new node features for the i-th node, σ is

the sigmoid function, w(l)
i are the graph pooling weights and

MLPgp : RC → R is the MLP computing them. Similarly to
GGWN, H(l)

x are concatenated with global features computed
by the previous layer and fed into a gated TCN which extracts
the new Z

(l)
u representation.

D. Training and gradient flow

In addition to the main training objective, we also introduce
an auxiliary training objective for node-level representations
learned by the node decoder. In particular, we train each node
representation to predict the future total load. The reason
behind this additional objective is to compensate for the large
amount of input data that the proposed models receive during
each forward pass by providing an additional learning signal.
Overall, the training loss based on the mean absolute error and
including L2 regularization becomes the following:

L(Ŷ , Ŷ x, Y ) =
1

B

B∑
τ=1

(∣∣∣Ŷτ − yτ

∣∣∣+ γ
∣∣∣Ŷ x

τ − Y x
τ

∣∣∣)
+ γL2||Θ||2

Y x
τ,i = yτ

(19)

where B is the batch size, τ denotes sample indexes inside
a batch, Ŷτ and Ŷ x

τ are the global and node-level predictions



Fig. 5. The TCN baseline

made by the model, yτ is the ground truth total load for the
τ -th training sample, Θ are the model parameters, γ allows
for different weights w.r.t. the main and auxiliary task, and
γL2 is the L2 regularization weight.

In preliminary experiments, both models showed to be prone
to overfitting.We found that stopping the gradient flowing from
the graph-level objective to the node representations is an
empirically effective solution for this issue. In particular, we
stop the gradient flow from ϕu to ϕv , as shown in Fig. 4. As a
result, ϕv learns to extract features from nodes depending only
on the auxiliary training objective and not on the graph-level
task. The auxiliary task, however, is aligned with the total load
forecasting problem by construction.

V. EXPERIMENTS AND DISCUSSION

A. Baseline and Dataset

To assess the performance of the proposed models, we
compare them against a baseline consisting of a univariate
forecasting model with an architecture similar to GGWN and
GTGAN, but where each encoder layer implements only the
ϕu module, ignores all nodes’ data and has no node decoder.
We refer to this model as the TCN baseline, Fig. 5. This
effectively acts as a univariate time series predictor for the total
load, and provides a baseline suitable to determine whether
some gain in performance can be obtained by considering all
the additional information captured by smart meters.

We evaluate the proposed models against the TCN baseline
on the CER-E dataset [36], an openly available collection of
electric load profiles from both residential households and
Small and Medium Enterprises (SMEs) that are served by
the Electric Ireland company and gathered as part of the
Smart Metering Project sponsored by the Irish Commission
for Energy Regulation (CER). The CER-E dataset consists
of profiles for over 6000 smart meters: each profile contains
the electricity demand in 30 minutes intervals, measured
in kiloWatt-hour, from 14 July 2009 up to 31 December
2010. Previous works [30] have already shown how graph
representations can capture useful relationships within this
dataset. We build the total load time series by taking the
sum of the load profiles of all smart meters; once the total
load has been computed, we randomly remove a percentage

of profiles to simulate a setting with partial grid coverage (see
next subsections).

B. Experimental setup

We ran all experiments on an Intel(R) Xeon(R) CPU and on
Nvidia Titan GPUs. Apart from a few that are specific to the
two spatio-temporal GNNs, hyperparameters are mostly shared
across all 3 considered models. In particular, their values have
been chosen based either on published results or by tuning
shared hyperparameters starting from the baseline.

The historic time window T and horizon H are both set to
1 day, which corresponds to 48 time steps. The dataset is first
split into 3 windows of equal length, each corresponding to
roughly 6 months of data; then, each window is further split
into training, validation, and test subsets using a 70/10/20%
split. For the encoders, we use a stack of 8 layers, with
temporal convolutions with kernel size equal to 6, 16 output
channels and a dilation factor d(l) given by

d(l) = dl%dmod

base l = 0, ..., L− 1 (20)

with dbase = 2 and dmod = 3 to prevent d(l) from becoming
too large. With this configuration, features produced by the
fourth layer already have a receptive field encompassing the
whole input length. The decoder, instead, is configured to have
an encoder-decoder attentional layer using 16-dimensional
queries and keys to compute attention weights and a 3 layered
output FFNN with 64 hidden units per layer. Models are
trained with batches of 32 samples using the Adam optimizer
for 500 epochs with a Cosine Annealing learning rate sched-
uler that gradually reduces the learning rate η from its initial
value of 0.001 down to 0.0001 by the end of training. For all
models, we use a weight decay factor of 0.0001.

We aggregate load profiles of meters at the cluster level and
use those as nodes for GGWN and GTGAN: K = 25 clusters
are built by using the previously described clustering technique
with σ = 1 and Knn = 10 neighbors per node (smart meter)
are considered for creating the k-nearest-neighbors graph. In
particular, only 66% percent of the available meters are used
to build these aggregates, as previously discussed. A diffusion
convolutional operator of order 1 is employed for the GGWN
model, while 16-dimensional projections are used for both the
global pooling and the node attentional layer of GTGAN.

During training, the model is evaluated on the validation
set after each epoch. Once training terminates, we reload the
best-performing weights and evaluate the model on the test
set with respect to the following metrics: the Mean Absolute
Error (MAE), the Mean Absolute Percentage Error (MAPE),
the Mean Squared Error (MSE) and the average MAE of the
three best-performing sets of weights on the validation set
(MAE3).

C. Main results

In Tab. I we reported the main experimental results com-
paring the two proposed models against the TCN baseline
on the CER-E dataset with respect to the four performance
metrics used. For each model are reported the average errors



TABLE I
MAIN EXPERIMENTAL RESULTS, EACH VALUE IS THE AVERAGE ACROSS

15 RUNS WITH THE CORRESPONDING STANDARD DEVIATION.

Model MAE MAPE(%) MSE(2) MAE3

TCN 0.165±0.008 4.618±0.291 0.069±0.006 0.166±0.008

GGWN 0.158±0.004 4.361±0.134 0.065±0.003 0.160±0.004

GTGAN 0.160±0.005 4.393±0.167 0.066±0.003 0.161±0.005

TABLE II
ADDITIONAL EXPERIMENTS FOR THE GGWN MODEL.

Model MAE MAPE(%) MSE(2) MAE3

TCN 0.165±0.008 4.618±0.291 0.069±0.006 0.166±0.008

GGWN 0.158±0.004 4.361±0.134 0.065±0.003 0.160±0.004

GGWNadj 0.177±0.017 4.961±0.519 0.076±0.012 0.177±0.017

GGWNnograph 0.172±0.010 4.873±0.382 0.072±0.005 0.171±0.011

GGWNnoaux 0.170±0.012 4.709±0.432 0.075±0.008 0.170±0.011

GGWNnodes 0.179±0.010 5.028±0.316 0.076±0.006 0.180±0.009

across fifteen runs performed with different seeds and the cor-
responding standard deviations. For all metrics we used target
values in MegaWatt-hour (MWh), unless specified otherwise.
By looking at Tab. I, we can observe that both the GGWN
and GTGAN spatio-temporal models show an improvement
with respect to the TCN baseline, with error metrics that are
between 3% and 7% lower than the corresponding values for
the baseline. Overall, these results suggest that spatio-temporal
GNNs can learn to exploit latent relationships among cluster-
level aggregates from smart meters to improve the aggregate
load forecasting accuracy with respect to models that only use
the history of the total load.

D. Additional experiments and ablations

We carried out additional experiments and ablation studies
to investigate the impact of the various components of GGWN
and GTGAN. For these experiments, we used only 5 indepen-
dent runs to estimate performance.

Results for additional experiments with GGWN are re-
ported in Tab. II. GGWNadj denotes a modified version of
GGWN with a prior adjacency matrix A, obtained by taking
the k-nearest-neighbors w.r.t. the correntropy between nodes.
GGWNnograph is an ablation where no diffusion convolution
is present, and node features are only processed temporally.
One could argue that only the information propagation from
each node to the global time series is useful for our task, while
diffusion among the nodes themselves has little impact. How-
ever, the results suggest that propagating information graph
wise is actually beneficial. GGWNnoaux and GGWNnodes are
two variation of the auxiliary training objective. The first refers
to a GGWN model where only the main training objective is
used, while, in the second, node representations are trained to
predict node-level loads. In both these cases, the gradient is
allowed to flow from ϕu to ϕv , as doing otherwise would not

TABLE III
A COMPARISON OVER THE NUMBER OF CLUSTERS USED FOR GGWN.

Clusters MAE MAPE(%) MSE(2) MAE3

5 0.161±0.007 4.365±0.159 0.068±0.006 0.163±0.005

25 0.158±0.004 4.361±0.134 0.065±0.003 0.160±0.004

50 0.168±0.009 4.662±0.329 0.070±0.006 0.168±0.010

TABLE IV
GTGAN ABLATIONS REGARDING THE AGGREGATION OF INCOMING

MESSAGES INSIDE THE ϕv MODULE.

Model MAE MAPE(%) MSE(2) MAE3

TCN 0.165±0.008 4.618±0.291 0.069±0.006 0.166±0.008

GTGAN 0.160±0.005 4.393±0.167 0.066±0.003 0.161±0.005

GTGANstat 0.162±0.004 4.466±0.154 0.066±0.003 0.161±0.004

GTGANdyn 0.166±0.011 4.620±0.377 0.069±0.008 0.166±0.010

make sense. Results suggest that using an additional objective
is indeed beneficial and that our proposed auxiliary task is
superior to the more straightforward alternative.

A comparison of performance while varying the number
of considered clusters (nodes) is presented in Tab. III. From
one side, a lower number of clusters corresponds to smoother
signals, from the other, a higher number of clusters allows
access to finer grained information. Results show that a
balanced solution yields the best results.

Finally, we carry out an ablation study to investigate whether
learning both static and dynamic spatial relationships between
nodes is actually helpful. To this end, two versions of GTGAN
are compared against the proposed architecture: GTGANdyn
uses no trainable adjacency matrix to aggregate the incoming
messages from other nodes, thus combining them based only
on the dynamical attention coefficients, while GTGANstat,
conversely, uses only static weights. From results reported in
Tab. IV, we can see that removing either one of these two
components is likely to result in lower performance.

VI. CONCLUSIONS

In this work, we proposed a method for capturing sparse
spatio-temporal relationships between load profiles of smart
meters and the total load with the objective of improving the
accuracy of STLF. Results suggest that the additional relational
information is indeed helpful for accurate predictions, and that
spatio-temporal GNNs are an effective way to learn and exploit
such relationships. Indeed, a core challenge when following
the approach proposed here is extracting this relational infor-
mation from the raw data while ignoring noise and redun-
dancies in the inputs. Developing more advanced techniques
for doing so could allow using finer-grained resolutions and
further improve performance. In this regard, an interesting
direction for future work would request to investigate end-
to-end techniques for aggregating data from smart meters



instead of relying on pre-computed clusters. Finally, it is worth
mentioning the proposed architectures were designed to be
quite general, therefore it could be interesting to see if they
can bring improvements in tasks different from total load
forecasting.
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